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especially when these solutions are quite sensitive to the
inevitable fluctuations in applying techniques in the use of
surrogate models. In such cases, the problem of research
is how to find powerful solutions that are less sensitive to
disturbances from the characteristics of the technique used.

Abstract: In the real world, multi-objective problems
(MOPs) are relatively common in optimization in the areas
of design, planning, decision support, etc. In fact, problems
include two or many objectives, there is a class of problems
called expensive problems that are problems with complex
mathematical models, large computational costs, etc. They
can not be solved by normal techniques, they are usually to
be solved with techniques such as simulation, decomposing,
problem transformation. In particular, using a surrogate
model with Kriging, neural networks techniques in combination with an evolutionary algorithm is a subtle choice,
with many positive results, being studied and applied in
practice. However, the use of a surrogate model with Kriging,
neural networks combining selection strategy, sampling... can
reduce the robustness of the algorithms during the search.
This paper analyzes the issues affecting the robustness of
the multi-objective evolutionary algorithms (MOEAs) using
surrogate models and suggests the use of a guidance technique to increase the robustness of the algorithm, through
analysis, experiment and results are competitive and effective
to improve the quality of MOEAs using a surrogate model to
solve expensive problems.

In this paper, we analyzed the effects of the mechanism
using surrogate models in the multi-objective evolutionary
algorithms, focusing on techniques using Kriging, neural
network models, hypothesize and propose the use of automatic guidance techniques to create self-adaptive mechanisms for algorithms to improve the sustainability of the
solution, convergence quality and diversity of the solution
set, exploration and exploitation of the search process.
The remainder of the paper is organized as follows: A
brief summary of surrogate assisted multi-objective evolutionary algorithms is given in Section II and the discussion
of the robustness of MOEAs in Section III. Detail of
our proposed guidance techniques are shown in Section
IV. The experimental results are presented in Section V
to examine the effectiveness and efficiency of proposed
methods. Conclusion and future work are given in Section
VI.

Keywords: MOEA, robustness, surrogate, Kriging, FNN,
CSEA, K-RVEA

I. INTRODUCTION

II. SURROGATE ASSISTED MULTI-OBJECTIVE

In optimization studies including multi-objective optimization, the main focus is on finding global or Paretooptimized solutions that represent the best objective values.
In particular, algorithms using surrogate models, techniques
are applied to reduce the number of calculations of the
original objective function, increase the number of times
using a surrogate objective function based on predicting
progress of evolution. At that time, the user may not always
be interested in finding the so-called global best solutions,

EVOLUTIONARY ALGORITHMS

1. Surrogate models
Surrogate models are used to approximate in simulation
way to reduce the computational cost for expensive problems. The models are described as below:
−𝑥 ) is an original fitness function of a MOP,
If we call 𝑓 (→
−𝑥 ) is a meta function, which is indicated
then, we have 𝑓 0 (→
as follows:
1
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−𝑥 ) = 𝑓 (→
−𝑥 ) + 𝑒(→
−𝑥 )
𝑓 (→
0

using the results from repeated analyses carried out with
BOOM-UA (a specified analysis tool). The approximation
model is combined with the NSGA-II algorithm to minimize ground boom intensity while maintaining acceptable
levels of aerodynamic cruise performance.

(1)

−𝑥 ) is the approximated error. In this case,
function 𝑒(→
−𝑥 ) is not to be known, the values
the fitness function 𝑓 (→
(input or output) are cared. Based on the responses of the
simulator from a chosen dataset, a surrogate is constructed,
then the model generates easy representations that describe
the relations between preference information of input and
output variables. There are some approaches for the surrogate models, which are divided into some kinds such as:
the Radial Basis Function (RBF), the Polynomial Response
Surface (PRS), the Support Vector Machine (SVM), neural
network and the Kriging (KRG). The common concepts of
using surrogate models are: instead of using known fitness
functions always, to reduce the number of calculations, the
evaluations are suggested to use surrogate functions, which
are simpler. Therefore, without loss of generality, this paper
investigates the use of the original and surrogate functions
with Kriging model in the solving process of the MOEAs
for expensive problems.

In [6], by providing a Design of Experiments (DOE)
capability into the framework, the authors hybridized the
desirable characteristics of evolutionary algorithms (EAs)
and surrogate models such as RSM to obtain an efficient
optimization system. Within this context, the DOE samples a number of design candidates at which the analysis
code, the surrogate model is then constructed for the
computationally expensive problem. Different sampling and
DOE strategies can be used; Latin hypercube, RSM or
DACE/Kriging.
In [7], in the problems with two objective functions,
thermal resistance and pumping power have been selected
to assess the performance of the micro-channel heat sink.
The design variables related to the width of the microchannel at the top and bottom, depth of the micro-channel,
and width of fin, which contribute to objective functions,
have been identified and a three-level full factorial design
was selected to exploit the design space. The numerical
solutions obtained at these design points were utilized to
construct surrogate models Kriging and Radial Basis Neural
Network. A hybrid multi-objective evolutionary algorithm
coupled with surrogate models is applied to find out global
Pareto-optimal solutions.

In [1], the authors proposed a method named "Kriging",
which is a response surface method bases on spatial prediction techniques. This method minimizes the mean squared
error to build the spatial and temporal correlation among
the values of an attribute. In [2], the authors developed
a parametric regression model which design and analysis
of computer experiments, called DACE. The model is an
extension of Kriging approach for at least three dimensions
problems. The model is a combination of a known function
𝑓 (𝑥) and a Gaussian random process 𝑓 0 (𝑥) that is assumed
to have mean zero and co-variance, like as:
−𝑥 (𝑖) ), 𝑓 0 (→
−𝑥 ( 𝑗) )) = 𝐶𝑜𝑣( 𝑓 0 (→
−𝑥 (𝑖) ), 𝑓 0 (→
−𝑥 ( 𝑗) ))
𝐸 ( 𝑓 0 (→
(2)
→
− − (𝑖) →
= 𝜎 2 𝑅( 𝜃 , →
𝑥 , −𝑥 ( 𝑗) ),

In [8], the author deeply discussed on surrogate MOEAs
and indicated that: Kriging model appears to perform well
in most situations, however it is much more computationally expensive than the rest. It is obvious that a careful
consideration of RSM could lead to a situation where all
objectives in a multi-objective problem are modeled using
different methods, in order to maintain high quality and
reduce optimization costs.

−𝑥 ( 𝑗) is the correlation function with paramehere, →
ters 𝜃, 𝜎 is the process variance of the response and
→
− − (𝑖) →
𝑅( 𝜃 , →
𝑥 , −𝑥 ( 𝑗) ).

In [5] the KRG is used, the term Kriging points directly
to the origin of these prediction methods dating back to
the sixties, when the mining engineer Krige used Gaussian
Random Field Models (GRFMs) to predict the concentration of ore in gold and uranium mines.

With KRG model and popular MOEAs, there are some
works, recently [3–8], for details:
In [4] the authors built a procedure which uses Kriging approximations and NSGA-II algorithm to optimize
the aircraft design. The Kriging based genetic algorithm
procedure gives shapes which are optimized for both the
initial peak and perceived noise level of the signature along
with minimum drag. The design problem concerns three
objectives: the aircraft drag coefficient and the strength of
the ground boom signature (using both the initial pressure
rise and the perceived noise level) for each design point. In
the study, Kriging approximation models are constructed
from a large number of members of an initial population

In [9], authors proposed such a method, MOEA/DEGO, for dealing with expensive MOPs. The algorithm
decomposes an MOP into a number of single-objective
optimization sub-problems. At each iteration, a predictive
distribution model is built for each individual objective in
the MOP by using Fuzzy clustering and Gaussian stochastic
process modeling. Then, a predictive model for the objective of each sub-problem can be induced. MOEA/D is used
for maximizing the expected improvement metrics of all the
sub-problems and several test points are then selected for
2

Vol. 2021, No. 1, March

evaluation.
III. ROBUSTNESS OF MULTI-OBJECTIVE
EVOLUTIONARY ALGORITHMS

1. General issues
The concept of robust algorithm was introduced in [10],
there are two types of input for robustness system: control
factors and noise factors, in what, the control factors can
easily be controlled by decision maker and noise factors
are hard to control of are beyond the control of a decision
maker and they can be came from the environment. The
methods used for robust algorithm can be broadly classified into two major groups: methods relying on gradientbased optimization for single optimization, and stochastic
population-based methods for multi-objective optimization.
Both use iteration-based approaches to improve solutions.
In mathematical, two types of robust solutions are defined
as below:
−𝑠 ∗ is called robust
Definition 1 (Type I): A solution →

•

•

solution of type I, if it is the global feasible Pareto-optimal
solution to the following multi-objective minimization prob−𝑠 ) of
lem, in which it respect to a 𝛿 − 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑟 ℎ𝑜𝑜𝑑 𝛽 𝛿 (→
→
−
a solution 𝑠 in the global Pareto optimal set S:
−𝑠 ), 𝑓 𝑒 (→
−𝑠 ), . . . , 𝑓 𝑒 (→
−𝑠 ));
minimize( 𝑓 𝑒 (→
1

2

•

There are many researchers worked on the analyzing
robustness of multi-objective optimization. In [12], through
an introduction of a measurement of the robustness of
solutions in a MOEA, the authors also discussed on the
effectiveness of combining the two approaches, different
possibilities having been put forward and assessed by
studying various multi-objective benchmark problems. In
[13], the authors proposed a method to measure the multiobjective robustness of a design alternative using the sensitivity region concept and an approach using that measure to
obtain robust Pareto solutions of multi-objective optimization problems. In [14], the author introduced an approach
to compute solution paths for parameter-dependent multiobjective problems. The proposal combines techniques
from numerical path following and from multi-objective optimization and allows to treat different kinds of problems. In
[15], the authors focused on the (decision-maker’s attitude
to risk - DMAR) as a source of uncertainty and present
two new types of robustness in MOP. In the first type,
Dominance Robustness (DR), the robust Pareto solutions
are those which, if perturbed, would have a high chance
to move to another Pareto solution. In the second type,
preference robustness (PR), the robust Pareto solutions are
those that are close to each other in configuration space.
The authors proposed methods to quantify these robustness concepts, modify existing evolutionary multi-objective
optimization techniques to capture robustness against the
DMAR, and present test problems to examine both DR and

𝑘

−𝑠 ∈ 𝑆
subject to→
−𝑠 ) is defined as follows:
where 𝑓𝑖𝑒 (→
∫
1
−𝑦 )𝑑𝑦
−
𝑒 →
𝑓𝑖 (→
𝑓𝑖 ( 𝑠 ) =
−𝑠 )| →
−𝑦 ∈𝛽 (→
−𝑠 )
|𝛽 (→
𝛿

(3)

𝛿

−𝑠 )| denotes the volume of the neighborhood.
which |𝛽 𝛿 (→
−𝑠 ∗ is called a multiDefinition 2 (Type II): A solution →
objective robust solution of type II, if it is the global
feasible Pareto optimal solution to following multi-objective
minimization problem:
→
− −
−𝑠 ), 𝑓 (→
−
→
−
minimize 𝑓 (→
𝑠 ) = ( 𝑓1 (→
2 𝑠 ), . . . , 𝑓 𝑘 ( 𝑠 ));
−𝑠 ∈ 𝑆
subject to →
(4)
→
− −
→
− −
|| 𝑓 𝑝 (→
𝑠 ) − 𝑓 (→
𝑠 )||
and
≤𝜂
→
− −
|| 𝑓 (→
𝑠 )||
→
− −
where 𝑓 𝑝 (→
𝑠 ) is the perturbed objective vector and it can
be set, for example, as the worst function value in the
neighborhood. 𝜂 is predefined parameter, it is small real
value.
In [11], in a general review, the authors analysed the
depending on how robust the original global efficient front
is respect to above definition, they can be the following
four main scenarios:
•

front with respect to the main effective objective
functions. The entire set of original Pareto-optimal
solutions is robust and is the goal of the optimization
during the global efficient front constructed with the
mean effective objectives are somewhat worse than
that constructed with original ones.
A part off the original efficient front is no more robust:
this case, in such a problem, the task of a robust
algorithm would be to identify only that part of the
efficient front which is robust. In this case, the efficient
front corresponding to the main effective objectives
does not span over the entire original efficient region.
The complete original global efficient front is nonrobust; instead an original local efficient front is
robust: this case, the global efficient front of the
original problem is completely dominated by a local efficient front with respect to the mean effective
objectives, thereby meaning that the original global
Pareto-optimal solutions are not robust solutions and
are sensitive to local perturbation. This case we need
to find the robust efficient front for the problems.
A part of the original global efficient front is robust
together with a part of an original local efficient front.

The complete original efficient front is robust: this
case the original efficient front remains as an efficient
3
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1. K-RVEA algorithm

PR.

Base on RVEA [19], a reference vector based MOEA
for solving many-objective evolutionary problems (MaOPs),
the authors proposed Kriging-assisted reference vector
guided evolutionary algorithm (K-RVEA) [17]. In RVEA,
search process is guided by a set of predefined reference
vectors inspired from the direction vectors with the idea is
to partition the objective space into a number small subspaces using a set of reference vectors. An elitism selection
strategy is employed inside each subspace and using an
Angle-Penalized Distance (APD) to measure the distance
of the solutions to the ideal point and the closeness of the
solutions to the reference vectors. An illustration of using
reference vectors is shown in the Figure 1.

2. Surrogate assisted multi-objective evolutionary
algorithms issues
The method of using the surrogate model is a relatively
effective and delicate choice in solving expensive problems.
The techniques commonly used in the surrogate model
are RBF, PRS, SVM, neural network and the Kriging,...
combined with machine learning, deep learning, clustering,
statistics, forecasting. However, determining the frequency
of using the surrogate function to replace the original
function, how to choose a reference solutions,... will create
adaptive noises. These noises are treated as transformations
of the surrogate function instead of the original function.
This may cause a decrease in the optimal properties of
the algorithm. Therefore, the use of a surrogate model
can create a noisy environment for the search process of
MOEA. Based on formula (1), the interference using the
surrogate model can be defined as follows:
−𝑥 ) = 𝑓 (→
−𝑥 ) + 𝑒(→
−𝑥 )
𝐹𝑛𝑜𝑖𝑠𝑒 = 𝑓 0 (→

(5)

Here, 𝑒 is also a noise, which is a noisy function.
In the surrogate model, the difference between surrogate
function values and the original fitness function ones is
used to calculate the noise’s standard deviation and noise’s
distribution.
The research issue we need to solve is keeping the
robustness for the algorithm during the usage of the surrogate model. Focusing on the performance of the algorithm
through basic measurements such as GD, IGD [16], we
need to keep the minimized values all the time of searching.
This means we need to feasible front to be closed and
spread along the Pareto optimal front in every generation.

Figure 1. An example showing how to associate an individual with a
reference vector. In this example, 𝑓 0 is a translated objective vector, 𝑣1
and 𝑣2 are two unit reference vectors. 𝜃1 and 𝜃2 are the angles between
𝑓 0 and 𝑣1 , 𝑣2 , respectively. Since 𝜃2 < 𝜃1 , the individual denoted by 𝑓 0
is associated with reference vector 𝑣2 .

In K-RVEA, based on RVEA, the authors introduced new
algorithm which has three main phases: initialization, using
and update the surrogate.

IV. A GUIDANCE METHOD FOR SURROGATE ASSISTED
ALGORITHMS

1) Initialization: The algorithm uses the Latin hypercube sampling to generate an initial population. Two
archives 𝐴1 and 𝐴2 are filled with individuals which
are evaluated with the original expensive functions.
A Kriging model for each objective function is built
by individuals which is given by the archive 𝐴1 .
2) Using the surrogate: This phase, the K-RVEA uses
Kriging models instead of the original functions to
calculate objective function values. Kriging models
are used for fitness evaluations for a prefixed number
of generations without updating them.
3) Updating the surrogate: After an evolutionary
search using the Kriging models for a fixed number
of generations, the Kriging models will be updated.
The selection of individuals to be re-evaluated using

As hypothesized above, to reduce the noise of the environment, we need to maintain the population in the best
of convergence and diversity during the search. Recently,
many researchers discuss on the way of using the guidance
method to drive the evolutionary process for the balance of
exploitation and exploration of the process. It also maintains the convergence and diversity of the main population
(obtained solutions) during the search continuously.
To build up the technique, we focus on two recent
surrogate assisted multi-objective algorithms: K-RVEA [17]
(using Kriging model) and CSEA [18] (using Feedforward
Neural Networks - FNN). They are up to date surrogate
assisted multi-objective algorithms, we will work on the
algorithms with more investigation.
4
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fication criterion. Based on two types of solutions
in MOPs: dominated and non-dominated, a set of
reference solutions are chosen to construct the Pareto
dominance boundary, which will divide all solutions
into two different categories.
2) The selection of reference solution: To choose a
set of reference solutions to form the classification
boundary, a radial space division based selection
strategy. In this selection strategy, all solutions evaluated using the expensive fitness function are first
projected into a 2-dimensional radial space.

the original functions, which will also be used for
updating the surrogates, is essential for the performance of surrogate-assisted evolutionary algorithms
(SAEAs). The authors suggested to use information
from the underlying evolutionary algorithm, RVEA,
and uncertainty information from the Kriging models
for selecting individuals to be re-evaluated and then
for re-training the surrogate. The selected individuals
are then re-evaluated with the original functions and
these data samples are added to both archives 𝐴1 and
𝐴2 . The authors also use a reference vector based selection strategy to keep a fixed number of individuals
in the archive 𝐴1 , it will eliminate extra individuals
from 𝐴1 . By the way to assign reference vectors in
various clusters see Figure 2, then randomly select
one data point from each cluster and eliminate the
rest of the data. This technique helps the algorithm
to maintain a fixed number of diverse set of training
data in 𝐴1 .

Figure 3. Illustration of a 3-layer FNN used in the CSEA algorithm.

To manage the surrogate model, the authors design the
CSEA with four basic steps:
•

Figure 2. Clustering of active adaptive reference vectors 𝑉𝑎 into a
predefined number of clusters 𝑢.

•

2. CSEA algorithm
The authors in [18] proposed a classification based
surrogate-assisted multi-objective algorithm for expensive
many-objective optimization called CSEA. A classification
criterion is proposed in CSEA to divide solutions evaluated
using the expensive objective functions into two different
categories. Then a surrogate is employed for learning the
classification criterion to predict candidate solutions in
categories and use an selection strategy to select better
converged solutions for the evaluations. In CSEA, the
primary features are the classification criterion and the
surrogate management strategy.

•

•

1) Classification criterion: The authors introduced a
classification accuracy heavily depends on the classi5

Initialization: Initializing the parameters (𝐾: number
of reference solutions, 𝑔𝑚𝑎𝑥: number of solutions
evaluated by surrogate model) and structure of the
FNNs (which is one type of artificial neural networks
in which connections between the neurons do not form
a cycle). There are three main components of the FNN
needed to be initialized: the network structure, the
weights and the activation function.
Update: Updating the weights of the FNN with
the training data set. The authors used LevenbergMarquardt back-propagation method to update the
weights of the FNN.
Validation: The authors used an error on test data as
a measure to estimate the prediction uncertainty of the
FNN. The errors are calculated by the Cross validation.
Surrogate assisted selection: This step, some promising solutions are selected for the fitness evaluation.
The selection is based on the predicted performance
as well as the reliability. The selection used the errors
on test data to estimate the reliability of the prediction
of the FNN. A pair of errors (Test Error Rates of two
categories) forms a point which is located in a region
of the reliability configuration, the uncertainty of the
FNN. The space presents the relationship between the
uncertainty of the FNN and its test errors.
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TABLE I
GD VALUES OF K-RVEA AND M-K-RVEA ON DTLZS BENCHMARK SET
MOEAs

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

XX
XXX E1
𝑤𝑚𝑎𝑥
XX

2000

4000

6000

10
20
30
50
70
ADC

50.7441
41.9546
39.0192
42.5498
43.5096
46.6079

7.4836
10.0818
9.4198
10.4695
12.6410
4.7267

5.6692
10.9039
7.2260
6.7609
8.0107
3.3725

10
20
30
50
70
ADC

0.1032
0.1151
0.0999
0.1076
0.1165
0.1227

0.0023
0.0014
0.0015
0.0015
0.0014
0.0019

0.0014
0.0009
0.0010
0.0009
0.0010
0.0011

10
20
30
50
70
ADC

183.1624
171.6720
220.4797
194.0912
151.5813
183.1624

43.1944
65.1569
74.7820
85.5257
77.2795
69.5647

36.1737
57.1465
56.8731
83.2413
68.4175
54.4809

10
20
30
50
70
ADC

0.1739
0.1613
0.1634
0.1841
0.1564
0.1564

0.0148
0.0113
0.0108
0.0115
0.0129
0.0129

0.0093
0.0072
0.0077
0.0074
0.0085
0.0085

10
20
30
50
70
ADC

0.1407
0.1571
0.1207
0.1584
0.1368
0.1286

0.0068
0.0096
0.0111
0.0052
0.0101
0.0071

0.0057
0.0069
0.0082
0.0046
0.0072
0.0055

10
20
30
50
70
ADC

0.9746
0.9513
0.9965
0.9480
0.9599
1.0474

0.4591
0.4647
0.4503
0.5927
0.5421
0.4951

0.4409
0.4897
0.3943
0.5124
0.4830
0.5234

10
20
30
50
70
ADC

2.0241
2.6543
2.6896
2.3290
2.0943
2.0241

0.0026
0.0012
0.0009
0.0010
0.0007
0.0009

0.0012
0.0007
0.0005
0.0007
0.0005
0.0007

10
20
30
50
70
ADC

0.0548
0.0587
0.0706
0.0728
0.0635
0.0635

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

10
20
30
50
70
ADC

3.4231
6.3959
4.2762
3.9907
4.5920
3.7733

2.2998
2.5242
2.1689
1.5387
2.5457
2.5289

1.5890
2.3244
1.9599
1.1807
1.9841
2.2851

8000
DTLZ1
4.1103
3.7888
5.4170
5.9252
6.6715
3.3725
DTLZ2
0.0011
0.0007
0.0008
0.0006
0.0007
0.0008
DTLZ3
33.9130
47.8764
52.7536
70.2972
59.9071
48.0276
DTLZ4
0.0063
0.0054
0.0060
0.0057
0.0073
0.0073
DTLZ5
0.0054
0.0063
0.0068
0.0042
0.0065
0.0048
DTLZ6
0.3822
0.4926
0.4227
0.4898
0.4446
0.5070
DTLZ7
0.0008
0.0005
0.0004
0.0005
0.0005
0.0004
DTLZ8
0.0322
0.0327
0.0358
0.0303
0.0357
0.0310
DTLZ9
1.3484
2.1598
1.7168
0.9758
2.2016
2.1059

10000

12000

14000

16000

18000

20000

3.2282
3.7041
3.9909
5.5349
7.1815
3.3725

2.7263
3.7041
3.9062
4.6894
6.2105
3.3725

2.5096
4.0672
3.9777
4.7492
5.7701
3.3725

2.4711
4.0672
4.0149
4.3930
5.2643
3.3725

2.4463
4.0097
3.9320
4.1622
5.0035
3.3725

2.3877
4.0097
3.7725
4.0916
4.7697
3.3725

0.0009
0.0006
0.0006
0.0005
0.0006
0.0007

0.0008
0.0005
0.0005
0.0005
0.0005
0.0006

0.0008
0.0005
0.0005
0.0004
0.0005
0.0006

0.0007
0.0005
0.0004
0.0004
0.0004
0.0005

0.0007
0.0004
0.0004
0.0004
0.0004
0.0005

0.0006
0.0004
0.0004
0.0004
0.0004
0.0004

30.8676
47.3865
52.7041
59.2193
51.6176
47.8869

29.8677
42.2447
48.8366
50.7384
47.8923
43.2640

28.4940
40.1520
44.5964
50.3928
49.5671
42.0306

30.4472
38.8519
42.4959
49.8387
51.3997
40.3582

29.3890
36.7741
41.5517
48.0394
48.6738
39.2478

30.4415
36.5496
40.6848
44.5380
48.7996
42.3035

0.0051
0.0044
0.0051
0.0048
0.0063
0.0063

0.0043
0.0039
0.0044
0.0042
0.0055
0.0055

0.0038
0.0035
0.0038
0.0038
0.0050
0.0050

0.0034
0.0033
0.0035
0.0034
0.0047
0.0047

0.0031
0.0031
0.0033
0.0031
0.0045
0.0045

0.0029
0.0029
0.0031
0.0028
0.0042
0.0042

0.0050
0.0056
0.0063
0.0041
0.0062
0.0045

0.0046
0.0053
0.0058
0.0041
0.0056
0.0042

0.0042
0.0052
0.0056
0.0040
0.0055
0.0039

0.0042
0.0050
0.0054
0.0040
0.0052
0.0039

0.0042
0.0049
0.0051
0.0039
0.0050
0.0037

0.0041
0.0048
0.0051
0.0038
0.0049
0.0037

0.3919
0.4734
0.3993
0.4478
0.4565
0.4695

0.3913
0.4403
0.3845
0.4311
0.4716
0.4490

0.3306
0.4151
0.3798
0.4444
0.4370
0.4279

0.3261
0.3610
0.3657
0.4308
0.4339
0.4099

0.3428
0.3625
0.3867
0.4108
0.4248
0.3823

0.3140
0.3456
0.3529
0.3957
0.4184
0.3597

0.0006
0.0004
0.0003
0.0004
0.0004
0.0004

0.0005
0.0003
0.0003
0.0004
0.0003
0.0003

0.0005
0.0003
0.0003
0.0003
0.0003
0.0003

0.0004
0.0003
0.0002
0.0003
0.0003
0.0003

0.0004
0.0002
0.0002
0.0002
0.0002
0.0002

0.0003
0.0002
0.0002
2.0384
0.0002
0.0002

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

0.0322
0.0327
0.0358
0.0303
0.0357
0.0310

1.4657
1.9384
1.6040
2.3940
2.0792
2.0260

2.2714
1.9384
1.4022
2.1892
2.0511
2.0260

1.4092
2.3200
1.5312
1.8939
1.9588
1.8907

1.2228
1.5506
1.4316
1.8939
1.8728
1.8280

1.1880
1.6016
1.3738
1.8430
1.9472
1.2761

1.1553
2.1090
1.2709
1.7425
1.7881
1.1746

esises that surrogates classifying solutions into dominated
and non-dominated solutions are promising for solving
expensive many-objective optimization problems. CSEA is
an up to date surrogate assisted multi-objective algorithm,
so we build up our work on the algorithm with more
investigation.

In the CSEA algorithm, there are two loops. The main
loop represents the evolution using the original objective
function. In the second loop, the solutions are selected
through the classification of the surrogate model.
The experiments in [18] confirmed the author’s hypoth1 Evaluations
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TABLE II
IGD VALUES OF K-RVEA AND M-K-RVEA ON DTLZS BENCHMARK SET
MOEAs

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

K-RVEA

M-K-RVEA

XX

XXX

𝑤𝑚𝑎𝑥

E1

2000

4000

6000

XX

10
20
30
50
70
ADC

37.5017
69.2926
73.5400
75.3314
56.6293
30.8156

15.9551
12.2018
18.0276
21.8503
17.9351
9.9032

15.9551
9.0805
18.0276
21.8503
17.9351
9.9032

10
20
30
50
70
ADC

0.4863
0.4862
0.4720
0.5233
0.4848
0.5617

0.0523
0.0461
0.0467
0.0476
0.0502
0.0528

0.0417
0.0368
0.0382
0.0387
0.0427
0.0398

10
20
30
50
70
ADC

500.9795
608.2876
421.7119
533.7593
672.9475
500.9795

154.0806
195.9133
282.9219
229.4352
281.1927
235.2239

154.0806
185.9003
229.2645
225.6308
274.5212
204.4000

10
20
30
50
70
ADC

0.9201
0.9733
0.8311
0.8441
0.8792
0.8792

0.1337
0.0753
0.0745
0.0786
0.0833
0.0833

0.0794
0.0606
0.0626
0.0637
0.0662
0.0662

10
20
30
50
70
ADC

0.3699
0.3739
0.4081
0.3483
0.3860
0.4247

0.0395
0.0583
0.0722
0.0381
0.0494
0.0421

0.0397
0.0525
0.0597
0.0337
0.0426
0.0371

10
20
30
50
70
ADC

8.2380
8.4386
8.2757
8.2283
8.4906
8.4051

1.8545
2.2229
2.4312
2.7022
2.4451
2.9249

0.8540
1.3579
2.4304
2.5015
2.4451
1.8047

10
20
30
50
70
ADC

8.1067
7.4668
8.6059
8.8847
8.2937
8.1067

0.0611
0.0492
0.0514
0.0707
0.0725
0.0618

0.0397
0.0406
0.0424
0.0599
0.0598
0.0546

10
20
30
50
70
ADC

0.2309
0.2590
0.2190
0.2516
0.2397
0.2397

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

10
20
30
50
70
ADC

11.3847
11.1618
11.1510
11.2579
11.1964
11.2529

6.3491
6.3076
7.7752
7.9947
6.6274
6.5146

6.1299
6.2910
7.7752
7.9363
6.3928
6.4943

8000
DTLZ1
15.9551
6.0770
18.0276
21.8503
17.9351
9.9032
DTLZ2
0.0372
0.0325
0.0326
0.0340
0.0372
0.0354
DTLZ3
154.0806
185.9003
229.2645
225.6308
246.6838
204.4000
DTLZ4
0.0595
0.0543
0.0568
0.0577
0.0629
0.0629
DTLZ5
0.0384
0.0391
0.0496
0.0317
0.0412
0.0380
DTLZ6
0.8110
1.3532
1.8914
2.4640
2.4451
1.6488
DTLZ7
0.0332
0.0338
0.0380
0.0543
0.0559
0.0456
DTLZ8
0.2050
0.1599
0.1827
0.2357
0.1935
0.1790
DTLZ9
6.1299
6.2910
7.7563
7.9294
6.3837
6.4943

3. Noisy issues

10000

12000

14000

16000

18000

20000

8.6306
6.0770
18.0276
18.8011
15.7866
9.9032

8.6306
6.0770
18.0276
18.8011
15.7866
9.9032

8.6306
6.0770
18.0276
18.8011
11.9698
9.9032

6.4437
6.0770
18.0276
18.8011
11.9698
9.9032

6.4437
6.0770
18.0276
18.8011
11.9698
9.9032

6.4437
6.0770
18.0276
18.8011
11.9698
9.9032

0.0343
0.0297
0.0293
0.0306
0.0338
0.0335

0.0326
0.0287
0.0283
0.0295
0.0324
0.0320

0.0314
0.0281
0.0268
0.0285
0.0302
0.0305

0.0302
0.0273
0.0260
0.0276
0.0292
0.0295

0.0293
0.0265
0.0249
0.0272
0.0283
0.0287

0.0284
0.0259
0.0244
0.0267
0.0272
0.0278

154.0806
185.9003
229.2645
196.0629
246.6838
204.4000

154.0806
185.9003
222.9678
196.0629
246.6838
182.6566

154.0806
185.9003
132.3652
196.0629
183.5229
182.6566

154.0806
185.9003
132.3652
196.0629
183.5229
182.6566

154.0806
177.8553
132.3652
196.0629
183.5229
182.6566

154.0806
177.8553
132.3652
195.8602
183.5229
182.6566

0.0549
0.0503
0.0520
0.0541
0.0582
0.0582

0.0495
0.0465
0.0466
0.0512
0.0552
0.0552

0.0477
0.0447
0.0441
0.0474
0.0542
0.0542

0.0458
0.0418
0.0421
0.0442
0.0524
0.0524

0.0444
0.0408
0.0408
0.0420
0.0512
0.0512

0.0434
0.0396
0.0399
0.0413
0.0504
0.0504

0.0343
0.0371
0.0492
0.0307
0.0411
0.0373

0.0330
0.0357
0.0478
0.0367
0.0394
0.0345

0.0329
0.0355
0.0457
0.0364
0.0393
0.0338

0.0327
0.0347
0.0449
0.0364
0.0388
0.0336

0.0301
0.0345
0.0421
0.0364
0.0384
0.0333

0.0301
0.0344
0.0421
0.0363
0.0376
0.0333

0.8110
1.3532
1.7946
2.4640
2.1171
1.6488

0.8110
1.2986
1.7637
2.4640
2.0384
1.6488

0.8110
1.2986
1.6556
2.2781
2.0384
1.6488

0.8110
1.2557
1.6556
2.2781
2.0384
1.6334

0.7906
1.2557
1.6556
2.0575
2.0384
1.5731

0.7724
1.2557
1.6437
2.0575
2.0384
1.5731

0.0295
0.0317
0.0358
0.0469
0.0506
0.0433

0.0276
0.0296
0.0341
0.0440
0.0487
0.0411

0.0256
0.0280
0.0312
0.0420
0.0459
0.0359

0.0243
0.0268
0.0303
0.0407
0.0442
0.0343

0.0231
0.0256
0.0293
0.0398
0.0433
0.0320

0.0222
0.0246
0.0282
0.0477
0.0424
0.0312

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

0.2050
0.1599
0.1827
0.2357
0.1935
0.1790

5.6413
6.2910
7.7378
7.5453
6.3837
6.4943

5.3711
6.2910
7.7212
7.5453
6.3837
6.4943

4.9843
5.9713
7.7103
7.5453
6.3837
6.4943

4.9843
5.9713
7.7103
7.5453
6.3837
6.4943

4.9843
5.9713
7.7103
7.5453
6.3837
6.4697

4.9843
5.9066
7.7099
7.5453
6.3830
6.4697

ulation varies according to the general rule, that is: in the
first generations, the convergence quality of the algorithm
is poor, the calculation quite diverse due to the fact that
random generated solutions have not really evolved over
generations. After that, the solution quality gradually got
better, the diversity also gradually decreased and towards

In our work, we analysed the evolutionary process’s
behavior during the search with surrogate-assisted multiobjective evolutionary algorithms.
K-RVEA: For MOEA in general, according to the
searching process, the quality of the achieved solution pop7
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Figure 5. The behavior of K-RVEA on DTLZ1 (GD)
Figure 4. Demonstrate the main loop of evaluation using the original
objective function and sub-loop of the selected solutions from the surrogate
model.

the Pareto optimal front spread. The last generations of the
process with a specified number of generations, the quality
of the population converged was good because the process
over many generations. An algorithm are assessed well
if the diversity of the population is maintained when the
solutions spread evenly over the Pareto optimization front.
In many analyzes of the evolutionary trend of the process,
in order to ensure a quality balance between convergence
and diversity, it is necessary to guide the algorithm to keep
a balance between exploration and exploitation cascade
of evolution. Therefore, in the early stages, the ability to
converge and the end stage need to enhance the diversity
of the population. In K-RVEA, the authors use parameters
to determine whether the model update is fixed, which can
lack the algorithm’s adaptability, possibly making noises
for environment which is against the robustness of the
algorithm. We will test the K-RVEA algorithm on the class
of expensive problems, with different parameters to evaluate
the above comments.

Figure 6. The behavior of K-RVEA on DTLZ1 (IGD)

Figure 7. The behavior of K-RVEA on DTLZ6 (GD)

We used 𝑤 𝑚𝑎𝑥 , the number of generations before updating the Kriging model with values: 10, 20, 30, 50 and
70 with DTLZs problems [20] (DTLZs from 1 to 9) in
20000 evaluations. We reported the results on GD and
IGD, the popular metrics to measure the performance of
the algorithm. The results are shown in Tables I, II. Some
of the behaviors of the evolution process are reported in
Figures 5 to 10.
CSEA: The strategy to select reference solutions is an
important factor for the performance of the algorithm. The
space division based on a boundary that is formed from
the selected solutions. There is a key parameter for CSEA
which is 𝐾: number of reference solutions that are selected.
The role of 𝐾 is discussed on the proposal. When value of
K is small, the number of reference solutions of category
II solutions is small, the algorithm has better convergence
performance but is poor in terms of diversity. By contrast,
that has better diversity but is poorly converged with larger

Figure 8. The behavior of K-RVEA on DTLZ6 (IGD)

value of 𝐾. The choice of the number of reference solutions
provides a way of balancing the convergence and diversity
of the selected category II solutions.
The authors also empirically investigate the impact of
the number of reference solutions 𝐾 on the performance
8

Vol. 2021, No. 1, March

of the evolution, the quality of the current population, and
the computational characteristics of the problem.
Building the rate of using surrogate function and frequency of updating Kriging model flexibly, depending on
the quality of the population in the current generation, to
determine the quality of the solution, we use two defined
values at a time 𝑡, with the test problem j as follows:
𝑛 𝑁 𝐷 ∗ 𝑛𝑔𝑒𝑛
𝑄𝑡 =
𝐶𝑗
(6)
𝑞 𝑠𝑖𝑧𝑒 ∗ 𝑡 𝑠𝑖𝑧𝑒
In which, 𝑛 𝑁 𝐷 is the number of non-dominated solutions
in the main population, 𝑞 𝑠𝑖𝑧𝑒 is the size of the population,
current generation 𝑛𝑔𝑒𝑛 , 𝑡 𝑠𝑖𝑧𝑒 is the number of generations.
𝐶 𝑗 is the complexity of the problem, this is a parameter
dependent on the complexity of the test function, it depends
on the size of decision spaces, number of objectives and
number of calculations for objective functions, we suggest
to choose practical values 𝐶 𝑗 ∈ [0.8, 1], the default value
is 1. The constant 60 is used, which is the upper range
of 𝑤 𝑚𝑎𝑥 , it helps the control to get the maximized value,
50. Based on the 𝑄 𝑡 value, we will calculate the value of
𝑤 𝑚𝑎𝑥 ∈ 𝑅 (the rate of using surrogate function and the
frequency of updating the Kriging model) in the range [10,
50], a normalize function is defined to adjust valid 𝑤 𝑚𝑎𝑥
values.
𝑤 𝑚𝑎𝑥 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑄 𝑡 ∗ 60)
(7)

Figure 9. The behavior of K-RVEA on DTLZ9 (GD)

Figure 10. The behavior of K-RVEA on DTLZ9 (IGD)

of CSEA for solving problems with different numbers of
objectives. CSEA with different settings of parameter K is
tested on different benchmark sets. Through the results, the
best choice of 𝐾 is recorded to set for the algorithm. Then,
the parameter is fixed to six for all the benchmark sets, it
is known as a practical parameter value.

The modified version M-K-RVEA is described in Algorithm 1.
b) An adaptive number of reference solutions
Analyzing from the experimental results with CSEA, we
hypothesize that, in order to reduce the noise by keeping
balance the evolution between exploration and mining as
well as to maintain the convergence and diversity of the
population, the selection of a reference solution requires
adaptability. It depends on factors that we can identify with
the following influences:

Similar to analysis of the evolutionary process’s behavior
in K-RVEA, the convergence quality in the early stages and
the diversity of the population in the end stage need to be
enhanced. In CSEA, the authors use 𝐾 parameter to select
reference solutions to form the classification boundary,
a radial space division based on this selection strategy.
Because the value of 𝐾 is not adaptive, so it might lack
the algorithm’s adaptability, possibly making the noises
for environment which is against the robustness of the
algorithm.

•

4. Guidance techniques
a) An adaptive control
Based on the analysis from the above experimental results
with K-RVEA, for reducing the noise, the assumptions
about appropriate parameter adjustment during evolution
create an effective balance between convergence quality
and diversity of the population. Specifically, adjusting the
parameter on the number of generations before updating
the model according to the assessed factors and assuming
that the direct influence in SAEAs is: the processing time

•

9

The process of evolution: evolution takes place in the
process from the initial state of creation, the central
stage and the final stage, the quality of the main
population (number of non-dominated solutions) at
each stage are different. Therefore, the use of reference
solutions should be adjusted according to the quality
of the current population in terms of convergence,
diversity. In other words, at each time, it is necessary
to select the number of different reference solutions to
create a balance between exploration and exploitation,
convergence and diversity.
The sample problems are different, the quality of the
population in each stage has different development, so
at each specific time, based on the quality of the population to choose the appropriate number of reference

Research and Development on Information and Communication Technology

TABLE III
DTLZS PROBLEMS FOR EXPERIMENTS
Name
DTLZ1
DTLZ2
DTLZ3
DTLZ4
DTLZ5
DTLZ6
DTLZ7
DTLZ8
DTLZ9

•

Specific characteristics
The Pareto front is linear (Hyper-plane). There are (11 𝑘 − 1) local optimal fronts where 𝑘 is a user-specified parameter
For 𝑀 > 3, the Pareto optimal solutions lie inside the first quadrant of the unit sphere in a three-objective plot with 𝑓 𝑀 as one
of the axes
There are (3𝐾 − 1) local fronts that are parallel to the global Pareto front where 𝑘 is a user-specified parameter
The Pareto optimal solutions are non-uniformly distributed along the Pareto front
The front is a curve and the Pareto optimal solutions are non-uniformly distributed along the Pareto front
A more difficult version of the DTLZ5 problem: the non-linear distance function g makes it harder to convergence against the
pareto optimal curve
The Pareto front is formed by 2 𝑀−1 disjoint regions in the objective space
The Pareto front is a combination of a straight line and a hyper-plane. The straight line is the intersection of the first ( 𝑀 − 1)
constraints with 𝑓1 = 𝑓2 = · · · = 𝑓 𝑀−1 and the hyper-plane is represented by another constraint 𝑔 𝑀
The Pareto front is a curve with 𝑓1 = 𝑓2 = · · · = 𝑓 𝑀−1 . The solution density gets thinner towards the Pareto front

V. EXPERIMENTAL STUDIES

solutions. It also makes the algorithm highly adaptive
in maintaining the balanced convergence quality and
diversity of the population.
The difficulty of the problems is different, making
predictions about the difficulty of the problem, deciding on the reference solution from users is also
an important factor to guide the evolution flexibly in
maintaining a balance between exploration and mining.
This can both help the problem create leaps that can
overcome local points, and the combination of decision
makers and evolution.

1. Testing problems and parameter settings
In the experiments, we used the origin K-RVEA and the
modified version M-K-RVEA with the usage of the above
adaptive 𝑤 𝑚𝑎𝑥 , and the origin CSEA and the modified
version called M-CSEA with the usage of the above dynamic 𝐾. We also used some selected expensive problems
in DTLZs [20] benchmark set. In the benchmark set, we
have multiple kinds of expensive problems, which can be
described in Table III.
In our experiments, the parameters are: the distribution
index of crossover 𝑛𝑐 = 20 and the distribution index of
mutation 𝑛𝑚 = 20, the crossover probability 𝑝𝑐 = 1.0
and the mutation probability 𝑝 𝑚 = 1/𝑑, where 𝑑 is the
number of decision variables. Each case study, we run 30
independent times for analysing experimental results.

Based on the analysis from the above experimental
results, the assumptions about appropriate parameter adjustment during evolution is to create an effective balance
between convergence quality and diversity of the population. Specifically, adjusting the parameter on the number
of generations before updating the model according to the
assessed factors and assuming that the direct influence in
algorithms using a surrogate function is: the process time of
the process evolution, the quality of the current population
and the computational characteristics of the problem.

2. Performance metrics
Performance metrics are usually used to compare algorithms in order to form an understanding of which
algorithm is better and in what aspects. However, it is hard
to define a concise definition of algorithmic performance.
In general, when doing comparisons, a number of criteria
are employed [16]. Since each metric has both advantage
and disadvantage, we will look at all two popular criteria:
the generational distance (GD) and the inverse generational
distance (IGD).

Designing a dynamic selection strategy to select reference solutions to form the boundary for the classification,
we take into account the influence of the quality of the
solution population in the current generation. Similar to
the adaptive control technique for K-RVEA, to determine
the quality of the solution, we calculate 𝑄 𝑡 value by using
equation 6. Based on the 𝑄 𝑡 value, we will calculate the
value of 𝐾 ∈ 𝑅 (the number of reference solutions will
be selected to form the boundary) in the range [3, 9], a
normalize function is defined to adjust valid 𝐾 values. We
use constant 6 as a generated point to control the 𝐾 in the
above range.
𝐾 = 𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒(𝑄 𝑡 ∗ 6)
(8)

The GD measure is defined as the average distance
from a set of solutions, denoted P, found by evolution to
the global Pareto optimal set (POS) [21]. The first-norm
equation is defined as:
Í𝑛
𝑑𝑖
(9)
𝐺 𝐷 = 𝑖=1
𝑛
where 𝑑𝑖 is the Euclidean distance (in objective space) from
solution i to the nearest solution in the POS, and 𝑛 is
the size of 𝑃. This measure is considered for convergence

The modified version M-CSEA is described in Algorithm
2.
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Algorithm 1: M-K-RVEA
1
2

3
4

5

Algorithm 2: M-CSEA

Input:
The maximum number of expensive function
evaluations: 𝐹𝐸 𝑚𝑎𝑥 ; the number of individuals to
be re-evaluated and to be used for updating
Kriging models is 𝑢; the number of generations
before updating Kriging models: 𝑤 𝑚𝑎𝑥 .
Output:
Set of non-dominated solutions which are
evaluated from 𝐴2 set.
/* Initialization */
1) Initialize a new population of size 𝑁 𝐼 with Latin
hypercube sampling, set the number of function
evaluations 𝐹𝐸 = 0, initialize the counters: the
generation counter for using Kriging models 𝑤 = 1,
the number of updates 𝑡 𝑢 = 0. Set archives 𝐴1 and
𝐴2 to be empty, | 𝐴1 | = | 𝐴2 | = ∅
2) Evaluate the initial population with the original
objective functions and add them to 𝐴1 and 𝐴2 ,
update 𝐹𝐸 = 𝐹𝐸 + 𝑁 𝐼 , | 𝐴1 | = | 𝐴1 | + 𝑁 𝐼 and
| 𝐴2 | = | 𝐴2 | + 𝑁 𝐼
3) Using archive 𝐴1 to train a Kriging model for each
objective function.
4) while 𝐹𝐸 < 𝐹𝐸 𝑚𝑎𝑥
/* Using Kriging models */
5) Calculate 𝑄 𝑡 by equation 6 then re-calculate 𝑤 𝑚𝑎𝑥
by equation 7
6) while 𝑤 ≤ 𝑤 𝑚𝑎𝑥
7) Run RVEA steps
•
•
•

•
•

Generate offspring population
Combine parent and offspring populations
Select parents from the population combined for
the next generation.
Update reference vectors
Update 𝑤 = 𝑤 + 1

1
2

3
4
5

Input:
Population size: N; the number of reference
solutions: K; the number of hidden neurons: H;
the maximum number of fitness evaluations (FEs):
𝑡 𝑚𝑎𝑥 ; the maximum number of surrogate
predictions before being updated: 𝑔𝑚𝑎𝑥
Ouput:
Set of non-dominated solutions from population P.
/* Initialization */
1) Initialize 𝑃 with 11𝑑 − 1 solutions using Latin
hypercube sampling method.
2) Set 𝑡 = 11𝑑 − 1 with number of decision variables 𝑑.
3) Initialize the neural network with 𝐻 hidden neurons
with 𝑚 is the number of objectives
4) Copy individuals from P to the archive Arc.
5) while 𝑡 ≤ 𝑡 𝑚𝑎𝑥
6) Calculate 𝑄 𝑡 by equation 6 then re-calculate 𝐾 by
equation 8
7) Get 𝐾 reference individuals from P to population
𝑃𝑅
/* Updating, validating the surrogate model */
8) Classifying the combination of 𝑃 𝑅 and 𝐴𝑟𝑐 into
two categories 𝐶 (𝐶1 and 𝐶2 ) by 𝐶𝑙𝑎𝑠𝑠𝑖 𝑓 𝑦()
procedure is presented in [18]
9) Rate each solutions in 𝐶2 and store in 𝑟𝑟
10) Calculate 𝑡𝑟 = 𝑚𝑖𝑛{𝑟𝑟, 1 − 𝑟𝑟 }
11) Partitioning the combination of 𝐴𝑟𝑐 and 𝐶 into
𝐷 𝑡𝑟 𝑎𝑖𝑛 and 𝐷 𝑡𝑒𝑠𝑡 with 𝐷𝑎𝑡𝑎𝑃𝑎𝑟𝑡𝑖𝑡𝑖𝑜𝑛() procedure
in [18]
12) Training neural network 𝑛𝑒𝑡 by 𝑇𝑟𝑎𝑖𝑛() procedure
[18] with 𝐷 𝑡𝑟 𝑎𝑖𝑛 and 𝑇
13) Validation 𝑛𝑒𝑡 with 𝐷 𝑡𝑒𝑠𝑡 into [ 𝑝 1 , 𝑝 2 ]
/* Using the surrogate model */
14) Using a surrogate-assisted selection strategy (with
𝑆 𝐴𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛(𝑃, 𝑃 𝑅 , 𝑝 1 , 𝑝 2 , 𝑔𝑚𝑎𝑥 , 𝑡𝑟) procedure in
[18]) to Q population
15) Combine the archive 𝐴𝑟𝑐 and 𝑄 to 𝐴𝑟𝑐
16) Using a radial projection based selection (with
Ð
𝑅𝑎𝑑𝑖𝑎𝑙𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛(𝑃 𝑄, 𝑁) procedure in [18]) to
select 𝑁 individuals to P.
17) Set 𝑡 = 𝑡 + |𝑄|
18) end while

8) end while
/* Updating Kriging models */
9) Select 𝑢 individuals according to either the amount
of uncertainty or the value of angle penalized
distance (APD) [17] and re-evaluate them with the
original objective functions and update
𝐹𝐸 = 𝐹𝐸 + 𝑢. Add these individuals to two archives
𝐴1 , 𝐴2 and update | 𝐴1 | = | 𝐴1 | + 𝑢 and
| 𝐴2 | = | 𝐴2 | + 𝑢
10) Remove | 𝐴1| − 𝑁 𝐼 individuals from 𝐴1 with
specified concept of managing training data archive
[17], update 𝑤 = 1 and 𝑡𝑢 = 𝑡 𝑢 + 1 and go to step 3. aspect of performance. Therefore, it could happen that the
set of solutions is very close to the Pareto optimal front
11) end while
(POF), but it does not cover the entire of the POF.

The measure IGD takes into account both convergence
and spread to all parts of the POS. The first-norm equation
11
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for IGD is as follows:
Í𝑁
𝐼𝐺 𝐷 =

𝑖=1

𝑑𝑖

(10)

𝑁
where 𝑑𝑖 is the Euclidean distance (in objective space) from
solution i in the POS to the nearest solution in 𝑃, and 𝑁
is the size of the POS. In order to get a good value for
IGD (ideally zero), 𝑃 needs to cover all parts of the POS.
However, this method only focuses on the solution that is
closest to the solution in the POS indicating that a solution
in 𝑃 might not take part in this calculation.

Figure 12. The behavior of M-K-RVEA and K-RVEA on DTLZ1 (IGD)

3. Results and Analysis
a) M-K-RVEA
In order to analyze the performance of M-K-RVEA, with
maximum of 20000 evaluations in 30 independent runs,
we reported the results of GD, IGD measurement in rows
ADC on Tables I, II. We also reported and compared the
behaviors of K-RVEA (with the default 𝑤 𝑚𝑎𝑥 is 30) and
M-K-RVEA.
Figure 13. The behavior of M-K-RVEA and K-RVEA on DTLZ4 (GD)

Analyzing and comparing the results, we can found
that M-K-RVEA with adaptive parameter control can get
more balance of convergence and diversity for obtained
population. In details, in the early stages, it gets better
in 6 problems on GD and 6 problems on IGD. During
the generations (the later stages), M-K-RVEA gets equal
or better on 5 problems, one is the same. It is also better in
6 problems on IGD. In the last stages, M-K-RVEA is gets
better in 7 problems on GD and 5 problems in IGD. In other
problems, K-RVEA gets the same results with M-K-RVEA
or a bit better than M-K-RVEA.

Figure 14. The behavior of M-K-RVEA and K-RVEA on DTLZ4 (IGD)

Figure 11. The behavior of M-K-RVEA and K-RVEA on DTLZ1 (GD)
Figure 15. The behavior of M-K-RVEA and K-RVEA on DTLZ5 (GD)

In general, through the experimental results, it is proposed to use adaptive parameter control that has an effective effect to implement the optimal target optimization
algorithm using general surrogate functions, algorithms
based on Kriging model in particular. The obvious meaning
of using the response parameter is to assess the quality
of the population at the time of determining whether

to update the Kriging model or not? The results using
adaptive parameter control demonstrate the hypothesis of
the impact of the time process, the current convergence
quality of the population, and the characteristics of the
problem on maintaining the equilibrium of convergence
12
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of CSEA (with the default 𝐾 is 6) and M-CSEA, some of
screenshots are shown in Figures: 19 to 26.

Figure 16. The behavior of M-K-RVEA and K-RVEA on DTLZ5 (IGD)

Figure 19. The behavior of M-CSEA and CSEA on DTLZ1 (GD)

Figure 17. The behavior of M-K-RVEA and K-RVEA on DTLZ8 (GD)

Figure 20. The behavior of M-CSEA and CSEA on DTLZ1 (IGD)

Figure 18. The behavior of M-K-RVEA and K-RVEA on DTLZ8 (IGD)

quality and diversity of the population, through ensuring
a balance between the exploration and exploitation process
of evolution. The effectiveness of parameter selection in the
current stages also depends on the quality and effectiveness
of the previous stage, proving that a timely adjustment to
maintain a balance between exploration and exploitation is
needed to set. However, from the results of some problems,
K-RVEA has a better quality, although not large, it also
gives us issues that need to be adequately posed such as:
stability, sustainability, random factors course, etc. These
factors influence the choice of parameters appropriately, or
guide evolution to better efficiency, it will reduce noises to
improve the robustness of the algorithm.

Figure 21. The behavior of M-CSEA and CSEA on DTLZ3(GD)

Figure 22. The behavior of M-CSEA and CSEA on DTLZ3 (IGD)

b) M-CSEA
The results for the experiments are shown in Tables IV, V. We also reported and compared the behaviors

Analysing the results, with maximum of 10000 evaluations in 30 independent runs, in comparing we can found
13
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TABLE IV
GD VALUES OF CSEA AND M-CSEA ON DTLZS BENCHMARK SET

hhhh Evaluations
hhh
MOEAs
h

1000

2000

3000

4000

CSEA
M-CSEA

38.304222
34.55195154

0.249517037
7.293731419

0.093476884
1.659906579

CSEA
M-CSEA

0.111937965
0.10952606

0.003129364
0.003268781

0.001690321
0.001166987

CSEA
M-CSEA

183.1624496
189.4951725

55.90315143
47.64296364

19.85598041
25.87443973

CSEA
M-CSEA

0.16005859
0.14623881

0.009324148
0.00786399

0.00158179
0.002191418

CSEA
M-CSEA

0.143045187
0.129459625

0.009094896
0.005469629

0.002914526
0.002643803

CSEA
M-CSEA

0.937372419
0.982408347

0.490257754
0.392787218

3.61595E-06
0.103280342

CSEA
M-CSEA

2.115699646
2.631468079

0.037620821
0.051293186

0.002642258
0.008160607

CSEA
M-CSEA

0.058641647
0.052658985

0.017278221
0.015295372

0.017278221
0.015295372

5000

DTLZ1
0.067478989
0.049841399
0.593031306
0.253315597
DTLZ2
0.001120471
0.00073779
0.000817451
0.000578712
DTLZ3
14.28060864
11.19028972
9.138374728
6.40377985
DTLZ4
0.000911676
0.00062676
0.001288786
0.000863088
DTLZ5
0.001666095
0.000700365
0.001694055
0.000970129
DTLZ6
1.61995E-06
1.18903E-06
0.001726882
0.000270277
DTLZ7
0.001528894
0.000967458
0.00309386
0.001154022
DTLZ8
0.017278221
0.017278221
0.015295372
0.015295372

6000

7000

8000

9000

10000

0.039018872
0.093995118

0.037277541
0.049742977

0.036718244
0.045665123

0.038506013
0.007362405

0.023741603
0.004428484

0.000533606
0.000431733

0.000432797
0.00034105

0.000362262
0.000305797

0.000307509
0.00026639

0.000255133
0.000231731

8.806444816
3.355073622

6.527776933
3.030661077

5.115575763
1.628800101

3.579570234
0.748851809

2.017174022
0.575976429

0.00050403
0.000676222

0.00043422
0.00057595

0.000366466
0.000471852

0.000306355
0.000425611

0.000280448
0.00039424

0.00038713
0.000418626

0.000316341
0.000343096

0.000294842
0.000282539

0.000244925
0.000252634

0.000211265
0.000134312

9.76567E-07
0.000137908

8.60556E-07
1.72537E-05

7.69527E-07
1.31121E-05

7.12257E-07
7.19235E-06

6.60703E-07
5.97902E-06

0.000684218
0.000798814

0.000527802
0.000458733

0.000431631
0.000350707

0.000384352
0.000289746

0.000343302
0.000250762

0.017278221
0.015295372

0.017278221
0.015295372

0.017278221
0.015295372

0.017278221
0.015295372

0.017278221
0.015295372

TABLE V
IGD VALUES OF CSEA AND M-CSEA ON DTLZS BENCHMARK SET

hhh Evaluations
hhhh
MOEAs
h

1000

2000

3000

4000

CSEA
M-CSEA

55.70363999
67.37843306

0.984059887
0.963184028

0.535546843
0.503859492

CSEA
M-CSEA

0.477951349
0.445656061

0.110380642
0.105494378

0.074753971
0.077526559

CSEA
M-CSEA

500.9795407
445.3088212

137.0799636
81.03428807

97.40436478
48.27255007

CSEA
M-CSEA

0.920569575
0.867610961

0.177499921
0.167420331

0.083470208
0.074209237

CSEA
M-CSEA

0.479076784
0.424670314

0.049762862
0.03700648

0.019695687
0.01817932

CSEA
M-CSEA

8.52857946
8.547355148

1.487209415
1.926878075

0.158712128
0.117556984

CSEA
M-CSEA

7.993415905
8.948192414

0.391054762
1.211191478

0.108179002
0.068162702

CSEA
M-CSEA

0.24116755
0.245041877

0.136231997
0.111925885

0.136231997
0.111925885

5000

DTLZ1
0.422683497
0.319925917
0.390551114
0.29077677
DTLZ2
0.065342481
0.057251695
0.069578473
0.064227686
DTLZ3
74.77410613
51.0949479
34.01990624
19.12160089
DTLZ4
0.065663179
0.061877807
0.05987287
0.052081465
DTLZ5
0.012999939
0.008494638
0.013216065
0.009003176
DTLZ6
0.018593501
0.009388897
0.015819266
0.00962453
DTLZ7
0.076912183
0.059149384
0.050790774
0.042785891
DTLZ8
0.136231997
0.136231997
0.111925885
0.111925885

K-RVEA (seconds)
6,864
9,845
15,621
17,432
11,230
19,901
28,823
118,080
34,750

M-K-RVEA (seconds)
6,087
9,694
13,851
14,360
10,375
19,866
26,667
105,529
33,969

7000

8000

9000

10000

0.307731215
0.249641266

0.304742746
0.238247688

0.303695285
0.230690889

0.257744343
0.083235634

0.079166362
0.055616082

0.052646793
0.059277889

0.050160575
0.056366055

0.047509835
0.055084377

0.045705387
0.054108945

0.043639601
0.051323836

32.67368451
9.809608997

24.24581574
8.919420738

15.80437507
3.96288272

10.63840422
3.06367452

9.87021718
2.820373235

0.058606665
0.048150374

0.053952637
0.044544918

0.051886509
0.041799879

0.048899923
0.039348027

0.047121413
0.037201222

0.006550633
0.007227901

0.005835436
0.006568781

0.005027044
0.006156097

0.004493137
0.005924713

0.004167442
0.004950872

0.007934719
0.006568246

0.006343882
0.004810618

0.005608391
0.003727698

0.005024294
0.003479865

0.004639098
0.003282058

0.047771425
0.038499199

0.041651639
0.035339474

0.037564026
0.032621292

0.033012235
0.031239453

0.031701786
0.030098333

0.136231997
0.111925885

0.136231997
0.111925885

0.136231997
0.111925885

0.136231997
0.111925885

0.136231997
0.111925885

TABLE VII
PERFORMANCE TIME FOR CSEA AND M-CSEA

TABLE VI
PERFORMANCE TIME FOR K-RVEA AND M-K-RVEA
Problems
DTLZ1
DTLZ2
DTLZ3
DTLZ4
DTLZ5
DTLZ6
DTLZ7
DTLZ8
DTLZ9

6000

Faster (%)
11.32
1.53
11.33
17.62
7.61
0.18
7.48
10.63
2.25

Problems
DTLZ1
DTLZ2
DTLZ3
DTLZ4
DTLZ5
DTLZ6
DTLZ7
DTLZ8

K-RVEA (seconds)
3,952
5,067
12,340
12,53
7,864
13,468
16,446
80,781

M-K-RVEA (seconds)
2,824
5,009
11,337
9,781
6,339
13,166
15,323
77,554

Faster (%)
28.54
1.14
8.13
21.96
19.39
2.24
6.83
3.99

DTLZ3, DTLZ6, DTLZ7, DTLZ8 on GD. It is also better
in DTLZ1, DTLZ3, DTLZ4, DTLZ6, DTLZ7, DTLZ8 on
IGD. In the last stages (completed 10000 evaluations), MCSEA is gets better in DTLZ1, DTLZ2, DTLZ3, DTLZ5,
DTLZ6, DTLZ7, DTLZ8 on GD and DTLZ1, DTLZ2,
DTLZ3, DTLZ6, DTLZ7, DTLZ8 on IGD. In other problems, CSEA gets a bit better than M-CSEA.

that, M-CSEA with dynamic selection strategy can get more
balance of convergence and diversity for obtained population. In details, in the early stages (since 4000 evaluations),
it gets better in DTLZ1, DTLZ2, DTLZ3, DTLZ6, DTLZ8
problems on GD and DTLZ1, DTLZ3, DTLZ4, DTLZ6,
DTLZ7, DTLZ8 problems on IGD. During the generations
(since 7000 evaluations), M-CSEA gets better in DTLZ2,

Besides, in terms of performance time, on the test
14
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From the mechanism of applying the guidance method in
M-K-RVEA and M-CSEA we can found that, M-K-RVEA
with adaptive guidance mechanism, in the early stages,
the number of using the origin function increases because
of the need to increase convergence, however, when the
evolution time is long enough, the training dataset or the
external archive is good quality, the frequency of which
is mainly used by the surrogate function. On the other
hand, the original function is complex, the cost is much
larger than the surrogate function, so with a reasonable
range of variation in the proposed paper, the overall calculation time will be significantly reduced. This depends on
the complexity of the original problem. The M-K-RVEA
example greatly reduces time in DTLZ1, DTLZ3, DTLZ4
and DTLZ8 problems.

Figure 23. The behavior of M-CSEA and CSEA on DTLZ4 (GD)

With the M-CSEA, with an adaptive guidance mechanism in determining the number of samples for model
training, in the first phase, it is necessary to use a lot
of data from the population to train the model, however
with the evolution time is long enough, the number of
samples needed is reduced, the search process will be faster,
due to the reduced number of samples used. M-CSEA is
faster on DTLZ1, DTLZ4, DTLZ5 problems. Here, the
different perfomance efficiency between M-K-RVEA and
M-CSEA shows that in addition to the impact assessment
raised factors, there are other influencing factors from the
techniques used in search, selection, crossover and mutation
of each algorithm.

Figure 24. The behavior of M-CSEA and CSEA on DTLZ4 (IGD)

Overall assessment, in addition to a significant improvement in the convergence quality and diversity of the
obtained solutions as well as maintaining a balance between
exploitation and exploration of the evolutionary process, the
proposed guidance method also helps to reduce the computation time of surrogate assisted multi-objective algorithms,
especially suitable for solving expensive problems.

Figure 25. The behavior of M-CSEA and CSEA on DTLZ8 (GD)

In general, through the experimental results, it is proposed to use new selection strategy with adaptive number
of reference solutions, which has an effect to implement
the optimal target optimization algorithm using general
surrogate functions, selection of reference solutions for
sampling in machine learning in the FNNs. The obvious
meaning of using the response parameter is to assess
the quality of the population to determine how many
reference solutions are needed for forming the boundary
of the classification. The results using dynamic selection
strategy by the 𝐾 parameter demonstrate the hypothesis of
the impact of the time process, the current convergence
quality of the population, and the characteristics of the
problem on maintaining the equilibrium of convergence
and diversity quality of the population, through ensuring
a balance between the exploration and exploitation process

Figure 26. The behavior of M-CSEA and CSEA on DTLZ8 (IGD)

environment, HP ProLiant DL380 with CPU: 2xIntel Xeon
Silver 4110 Processer 11M cache 2.10GHz, RAM: 4x31GB
PC4-21300, HDD: 4x1TB 7200 rpm SATA 6Gb/s, runtime recognition result between K-RVEA and M-K-RVEA;
CSEA and M-CSEA are shown in Table VI and VII.
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of algorithms using surrogate models, creating effective
algorithms that are comprehensive, capable of applying to
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The focus of study is on the effects of noisy environments
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The proposed algorithms for association rule mining are
divided into two phases:

Abstract: In 1993, Agrawal et al. proposed the first algorithm for mining traditional frequent itemset on binary
transactional database with unweighted items - This algorithm
is essential in finding hindden relationships among items in
your data. Until 1998, with the development of various types
of transactional database - some researchers have proposed a
frequent itemsets mining algorithms on transactional database
with weighted items (the importance/meaning/value of items
is different) - It provides more pieces of knowledge than
traditional frequent itemsets mining. In this article, the authors present a survey of frequent itemsets mining algorithms
on transactional database with weighted items over the past
twenty years. This research helps researchers to choose the
right technical solution when it comes to scale up in big data
mining. Finally, the authors give their recommendations and
directions for their future research.

Phase 1: Find all itemsets that satisfy the minimum
support threshold minsup. This phase takes a lot of time
to process.
Phase 2: Generate association rules in turn from itemsets
that satisfy minsup in phase 1 and these association rules
must satisfy minimum confidence threshold minconf.
Agrawal has proposed the Apriori algorithm [2] - Frequent Itemsets (FI) mining, an algorithm that scans the data
many times and has an exponential complexity. To improve
the time in frequent itemsets mining, many researchers have
proposed an efficient frequent itemsets mining algorithm
based on the storage structures that reduce the search
space such as SE-Tree [8], Prefix-Tree [4], IT-Tree [6], FPTree [3], etc. However, in practice, generating the frequent
itemsets is time consuming and has a very large number of
itemsets. Therefore, some researchers have proposed mining
the Closed Frequent Itemsets (CFI) with fewer frequent
itemsets such as A-Close [5], Charm [6], etc. Meanwhile,
some other scientists also proposed mining the Maximal
Frequent Itemsets (MFI) such as Pincer-Search [7], MaxMiner [8], etc. In some practical applications, to apply FI,
CFI and MFI costs a lot of computation as well as a large
number of frequent itemsets. Bayardo proposed mining
the Maximum Length Frequent Itemsets (LFI) which is
a subset of the frequent itemsets FI and contains only
frequent itemsets of maximum length like the DepthProject
[9], MAXLEN-FI [10], etc.

Keywords: Data mining, frequent itemsets, weighted items

I. INTRODUCTION
Association rule mining is an important technique in data
mining. The goal of mining is to discover relationships
between data values in a dataset. The first model of
association rule mining is the binary model, which is also
known as the fundamental model, was proposed in 1993
by Agrawal et al. [1] to analyse data transaction, detect
relationships between items sold in supermarkets. From
there, they can have a reasonable investment and business
plan, and organize the sales counter to have revenue in the
most profitable trading sessions. In addition, this knowledge
can be applied to predict the number of upcoming bestselling items and customer shopping trends. Synthesizing
this knowledge to plan operations, production and business
in a more convenient way will reduce the time for statistics,
market research, etc.

In the last years of the 20th century, along with the development of diverse transaction data and inheritance from
Agrawal’s traditional frequent itemsets mining; Ramkumart
et al. have proposed the WIS algorithm [11] that mines
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the frequent itemsets with weighted items (the importance
/ significance level of the items is different) containing
more knowledge than the traditional frequent itemsets mining (without weighted of items). Besides, Cai et al. also
proposed MINWAL algorithm [12] to solve the above
problem. After that, many authors researched and proposed
algorithms [13-21] to solve this problem. However, all
algorithms approach and solve in the direction of satisfying
the “downward closure property”. In 2011, Huai et al.
proposed the WHIUA algorithm [22] which, following the
Apriori approach and “not satisfy the downward closure
property”, significantly increases the search space - this
is a big challenge for researchers of data mining. In the
next decade, a number of algorithms were proposed such
as IWFP [23], PWA [27], WAC [30], etc. but most of them
still solve the problem in the direction of satisfying the
“downward closure property” and the algorithm are similar
to traditional frequent itemsets mining. Therefore, it has
motivated the authors to research and summarize a number
of algorithms for mining frequent itemsets on weighted
transaction data proposed in the period 1998 to present.

TABLE I
TRANSACTION DATABASES CLASSIFICATION

Binary (traditional)

∀𝑤 𝑗 = 1, ∀𝑞 𝑗 = 1 (1 ≤ 𝑗 ≤ 𝑚)

Uncertain (Fuzzy)

∀𝑤 𝑗 , 𝑞 𝑗 ∈ [0, 1] (1 ≤ 𝑗 ≤ 𝑚)

Unweighted quantity and item

∀𝑤 𝑗 = 1, ∀𝑞 𝑗 ≥ 0 (1 ≤ 𝑗 ≤ 𝑚)

Weighted quantity and item

∀𝑤 𝑗 ∈ [0, 1], ∀𝑞 𝑗 ≥ 0 (1 ≤ 𝑗 ≤ 𝑚)

Weighted item*

∀𝑤 𝑗 ∈ [0, 1], ∀𝑞 𝑗 = 1 (1 ≤ 𝑗 ≤ 𝑚)

Definition 3: The support of the association rule 𝑋 →
𝑌 , denoted sup(𝑋 → 𝑌 )-the ratio between the number of
transactions in D containing {𝑋 ∪ 𝑌 } and 𝑛 transactions.
sup(𝑋 → 𝑌 ) = sup(𝑋 ∪ 𝑌 )

(2)

Definition 4: Confidence of association rule 𝑋 → 𝑌 ,
denoted con 𝑓 (𝑋 → 𝑌 ) - the ratio between the number
of transactions containing {𝑋 ∪ 𝑌 } and the number of
transactions containing 𝑋 in D.
conf (𝑋 → 𝑌 ) =

sup(𝑋 ∪ 𝑌 )
sup(𝑋)

(3)

When we say that the confidence of a rule is 95%, it
means that 95% of the transactions that contain the antecedent 𝑋 also contain the consequent 𝑌 - “the conditional
probability that the event 𝑌 occurs is 95%”, with the condition “event X occurs”. The confidence of the association
rule represents the correlation between the events 𝑋 and
Y. The confidence is used to measure the significance of
the rule. Usually in tasks, users are only interested in highl
confidence association rules.

II. THE BASIC CONCEPTS
1. Mining association rules
Let 𝐼 = {𝑖1 , 𝑖2 , . . . , 𝑖 𝑚 } be a set of 𝑚 properties, each property is called an item. The set 𝑊 =
{𝑤 1 , 𝑤 2 , . . . , 𝑤 𝑚 } , ∀𝑤 𝑗 ≥ 0 is the weight (significance/importance) of each item. The set of items 𝑋 =
{𝑖1 , 𝑖2 , . . . , 𝑖 𝑘 } ∀𝑖 𝑗 ∈ 𝐼 (1 ≤ 𝑗 ≤ 𝑘) is called itemset,
itemset with 𝑘 items is called 𝑘 -itemset. D is transaction database, including 𝑛 distinct records called set
of
𝑡𝑘 =
 transaction 𝑇 = {𝑡 1 , 𝑡 2,..., 𝑡 𝑛 , each transaction

𝑞 1𝑖 𝑘1 , 𝑞 2𝑖 𝑘2 , . . . , 𝑞 𝑚 𝑖 𝑘𝑚 , 𝑖 𝑘 𝑗 ∈ 𝐼 1 ≤ 𝑘 𝑗 ≤ 𝑚 and 𝑞 𝑗 ≥ 0
is the quantity/probability of item 𝑖 𝑘 𝑗 in transaction 𝑡 𝑘 .
Definition 1: Let 𝑋, 𝑌 ⊆ 𝐼 with 𝑋 ∩ 𝑌 = ∅, the association rule is a implication of the form 𝑋 → 𝑌 , satisfying
two given thresholds (minsup - minimum support; minconf
- minimum confidence), where 𝑋 is called the antecedent
and Y is the consequent.

Pseudocode 1: Association Rules Mining
Input: Transaction database D, minsup, minconf
Output: Association Rules
1.
2.
3.
4.
5.
6.
7.
8.
9.

𝐹 𝐼 = {∅} //frequent itemset − Phase 1
For each 𝑍 ∈ 𝑃 ≥1 (𝐼) do
If sup(𝑍) ≥ minsup then
𝐹𝐼 = 𝐹𝐼 ∪ 𝑍
𝐴𝑅 = {∅} //Association Rules − Phase 2
For each 𝑓 𝑖 ∈ 𝐹 𝐼 do
If con 𝑓 (𝑋 → { 𝑓 𝑖 \ 𝑋 }) ≥ minconf then
𝐴𝑅 = 𝐴𝑅 ∪ (𝑋 → { 𝑓 𝑖 \ 𝑋 })
Return AR

(𝑃 ≥1 (𝐼) : all powerset of 𝐼 have at least one item)

Definition 2: The support of itemset 𝑋 ⊆ 𝐼, denoted
sup(𝑋)− the ratio between the number of transactions in
D containing 𝑋 and 𝑛 transactions.
|{𝑡 ∈ 𝐷 | 𝑋 ⊆ 𝑡}|
𝑛

Feature description

(*) In this article, the authors only focus on surveying the research
related to the frequent itemsets on transaction database with weighted
items.

In Part II, the article presents the basic concepts of association rule mining, frequent itemsets, Apriori algorithm
and common data structures. In Part III, we summarizes
some algorithms for mining frequent itemsets on transaction
database with weighted items over the years. Discussion and
recommendations are presented in Part IV; Conclusions and
development directions are presented in Part V.

sup(𝑋) =

Data type

Algorithm 1 is divided into 2 phases
Phase 1: (Lines 1 to 4) this is the phase to find all itemset
that satisfy the minsup threshold;

(1)
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Phase 2: (Lines 5 to 8) generate association rules from
itemset that satisfy minsup in phase 1 and these association
rules must satisfy minconf (association rule 𝑋 → { 𝑓 𝑖 \ 𝑋 }
has the antecedent 𝑋 and the consequent 𝑌 = { 𝑓 𝑖 \ 𝑋 }
satisfying 𝑋 ∩ 𝑌 = ∅).

TABLE II
ESTIMATING THE GENERATION SPACE OF COMBINATIONS AND
THE NUMBER OF ASSOCIATION RULES GENERATED FROM
M-ITEMSET
m
𝑃1
𝑃2
𝑃2 /𝑃1

Analyze space search algorithm 1:
Phase 1: transaction database D has |𝐼 | = 𝑚, all itemset
generated from I have at least one item - 𝑃 ≥1 (𝐼), we have
a space of combinations between items generated from
𝑚 items of 2𝑚 − 1, this is search space in phase 1 for
identifying itemsets that satisfy the minsup threshold.

𝑙

𝐶𝑙𝑚 𝐶𝑟𝑚−𝑙

30
230 − 1
− 231 + 1
191 × 103

330

40
240 − 1
− 241 + 1
11 × 106

340

50
250 − 1
− 251 + 1
637 × 106

350

Table II, shows that the ratio between the space generated
in Phase 2 and Phase 1 is very large when the number of
items are increased, that is Phase 2 has a very large space
compared to Phase 1.
Definition 5: Let 𝑋 ⊆ 𝐼, 𝑋 is called the frequent Denoted
FI is the set of the frequent itemsets.
Definition 6: Let 𝑋 ⊆ 𝐼, 𝑋 is called the Closed frequent
itemset − if 𝑋 is a frequent itemset and there is no parent
set of the same support. Denoted CFI is the set of closed
frequent item sets.
Definition 7: Let 𝑋 ⊆ 𝐼, 𝑋 is called the maximal
frequent itemset - if 𝑋 is a frequent itemset and there is no
parent set of frequent itemsets. Denoted MFI is the set of
the maximal frequent itemsets.

(4)

𝑟

In addition, when it is necessary to mine the association
rules with the largest number of items, the researchers also
propose mining the frequent itemset of maximum length which is a subset of the maximal frequent itemset and has
the maximum length (LFI ⊆ MFI ⊆ CFI ⊆ FI).

Applying Newton’s triangle, equation (4) is rewritten as
follows:
𝑚−𝑙
𝑚 ∑︁
∑︁
𝐶𝑙𝑚 𝐶𝑟𝑚−𝑙 = 3𝑚 − 2𝑚+1 + 1
(5)
𝑙

20
220 − 1
− 221 + 1
3.325

320

𝑃2 : the number of association rules generated from 𝑚 
itemset 3𝑚 − 2𝑚+1 + 1 in Phase 2.

Phase 2: after determining the set of combinations or
itemsets satisfying minsup, this phase generates association
rules from the itemsets in turn. Suppose, for itemset 𝑋 with
𝑚 items, 𝑙 (1 ≤ 𝑙 ≤ 𝑚 ) and 𝑟 (1 ≤ 𝑟 ≤ 𝑚 −𝑙) are the number
of items in the precondition and the conclusion. Then, we
have 𝐶𝑙𝑚 number of ways to choose the antecedent with
𝑙 items over 𝑚 items from itemsets 𝑋 and 𝐶𝑟𝑚−𝑙 number
of ways to choose the consequent with 𝑟 items on (𝑚 − 𝑙)
items left from itemset 𝑋:
𝑚−𝑙
𝑚 ∑︁
∑︁

10
210 − 1
− 211 + 1
57

310

𝑟

Most of the proposed association rule mining algorithms
focus on the improvement technique in phase 1 (determination of itemsets satisfying minsup). All these algorithms
assume that phase 1 takes the most time in the whole
association rule mining process. However, according to
the above analysis, phase 2 is more complex and has a
large generation space; or in the other words, in algorithm 1, every phase is necessary to improve and enhance
calculating performance. For example, we have itemset
𝑋 = {𝐴, 𝐵, 𝐶}, 𝑚 = 3, the total number of association rules
generated from itemset 𝑋 as calculated by equation (5) is


𝐶13 × 𝐶22 + 𝐶12 + 𝐶23 × 𝐶11 = 3 × (1 + 2) + 3 × (1) = 12,
that means for itemset 𝑋 have 3 items, it is necessary
to consider whether the 12 association rules satisfy the
minconf threshold or not. Similarly, if itemset 𝑋 has 4 items
(𝑚 = 4), then we need to consider 50 association rules that
satisfy minconf. In addition, the above analysis also clearly
shows that the search space in both phases does not depend
on the number of transactions of the dataset 𝐷 but only on
the number of items of the dataset mining.

Definition 8: Let 𝑋 ∈ FI, 𝑋 is called the frequent itemset
of maximum length - if ∀𝑌 ∈ FI then |𝑋 | ≥ |𝑌 |, that means,
the number items of itemset 𝑋 greater than or equal the
number items of any frequent itemsets contained in FI.
Denoted LFI is the set of the maximum length frequent
itemsets.
Some properties of frequent itemsets: these are the fundamental properties used for reducing the search space these properties are called the Downward Closure Property
(DCP), which is also known as Apriori properties.
Property 1: ∀𝑋 ⊆ 𝑌 : sup(𝑋) ≥ sup(𝑌 );
Property 2: ∀𝑋 ⊆ 𝑌 , sup(𝑌 ) ≥ minsup : sup(𝑋) ≥ minsup;
Property 3: ∀𝑋 ⊂ 𝑌 , sup(𝑋) < minsup : sup(𝑌 ) < minsup.
2. Apriori algorithm
The algorithm proposed by Agrawal in 1994 [2], is
considered historic in the association rule mining, because it
is far beyond the reach of familiar algorithms. Apriori is the
foundational algorithm for finding frequent itemsets using
candidate generation methods. The algorithm is characterized by Breadth-First Search using the Apriori property:

𝑃1 : the space for generating combinations (2𝑚 − 1) in
Phase 1;
20
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any infrequent (𝑘 − 1)-itemset cannot be a sub-itemset of
the frequent 𝑘-itemsets.
Pseudocode 2: Frequent Itemset Mining
Input: Transaction database D, minsup
Output: Frequent Itemsets
1. Generate candidate 𝐶 𝑘+1 from frequent 𝑘-itemset;
2. Scan data - calculate support of candidates;
3. Add the candidates to the (𝑘 + 1)-itemset list.
Advantage: The algorithm is based on a fairly simple
comment that any sub-itemset of frequent itemsets are also
frequent itemsets (property 2). Therefore, in the process of
finding the candidate itemset, the algorithm only needs to
use the candidate itemset that appeared in the previous step,
not all of the candidate itemsets (up to that point). So, the
memory is significantly released.

Figure 1. Lattice

Advantages: simple, ensure mining in full the frequent
itemsets.
Disadvantages: takes a lot of memory during mining.

Disadvantage: The algorithm has to scan the data
(max +1) times with max being the length of the longest
frequent itemset. The Apriori algorithm reduces the space
based on the Apriori property. However, when the number
of frequent itemsets generated is large, the fact that the max
is large or the minsup is small will result in generating a
lot of candidate itemsets and having to traverse the data
many times, the algorithm has a high cost. In practice, 2100
candidates (in the worst case) need to be generated to find
the frequent itemset of size 100.

b) Set Enumeration Tree (SE-Tree)
In 1998, Bayardo proposed the Max-Miner algorithm [8]
based on an enumeration tree (over 2,000 citations) to mine
the maximal frequent itemsets.

From the above disadvantages, many researchers have
proposed algorithms to increase the performance of generating frequent itemsets based on the organization of data
storage and corresponding effective search strategies.
3. The common data structure on mining the
traditional frequent itemsets

Figure 2. Set Enumeration Tree (SE-Tree)

In addition to some algorithms with Apriori approach,
we present a survey of common data structures used by
many authors for storing the search space in the mining
of frequent itemset and search strategies along with storage space. Search strategies on tree structure: Depth First
Search - DFS, Breadth First Search - BFS or a combination
of both.

Search strategy: DFS.
Advantages: simple, ensure mining in full the frequent
itemsets.
Disadvantages: unbalance in the mining process (depending on the frequency of the item).
c) Prefix-Tree
In 2002, Liu proposed the OpportuneProject algorithm
[4] based on the Prefix-Tree structure (nearly 300 citations)
to quickly mining the frequent itemset. Similar to an SETree, the contents of the archive are shortened through
prefixes.

a) Lattice
This is a data structure that is used a lot in the proposed
algorithms. Transaction database 𝐷 have |𝐼 | = 𝑚, all itemset
(powerset) are generated from I - 𝑃(𝐼), we have the space
of combinations between items generated from 𝑚 items is
2𝑚 , this is the full search space. In 1999, Pasquier proposed
the A-Close algorithm [5] based on the Lattice structure to
mining the closed frequent itemset (nearly 2,100 citations).
Search strategy: combining both dimensions (Top-Down
and Bottom-Up).

d) IT-Tree (Itemset Tidset Tree)
In 1999, Zaki proposed the Charm algorithm [6] along
with an IT-Tree (Itemset Tidset Tree) structure like a list tree
structure and a combination of storing transaction identifier
of itemset (nearly 1,600 citations).
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so there are still many limitations similar to Prefix-Tree unbalanced tree.

III. SURVEY OF FREQUENT ITEMSETS MINING
ON TRANSACTIONAL DATABASE WITH
WEIGHTED ITEMS
1. Algorithm grouping
Figure 3. Prefix-Tree

In practice, the properties in the data are not equal.
There are some properties that are emphasized, we say
those properties have a higher importance level than others.
Over the past 20 years, this has always been a very
interesting research and many proposalsed have been made
(by researchers) to solve this problem. In this survey, the
authors categorize as well as group the research works
of domestic/foreign researchers based on the method of
calculating the measures related to the weights of the
itemset.

Figure 4. IT-Tree

a) Some foreign research work
Group 1: In 1998, G. D. Ramkumar et al. proposed the
WIS algorithm [11].

Search strategy: DFS.
Advantages: simple, ensure mining in full the frequent
itemsets.
Disadvantages: unbalance during mining and memory intensive storage.

Description WIS algorithm (1998)
Apriori property
Satisfy the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 ∈ [0, 1]
Approach
Apriori
Association rule
Weighted Í
binary
𝑖 𝑗 ∈𝑡𝑘 𝑤 𝑗
Transaction weight 𝑡𝑤 (𝑡 𝑘 ) =
Í |𝑡 𝑘 |
𝑡 ∈𝑡 (𝑋) 𝑡𝑤 (𝑡 𝑘 )
Weighted support
𝑤𝑠(𝑋) = Í𝑘
𝑡𝑘 ∈𝑇 𝑡𝑤 (𝑡 𝑘 )

e) FP-Tree (Frequent Pattern Tree)

In 2003, Feng Tao et al. proposed the WARM algorithm [13]. The proposed algorithm inherits the calculation
method of G. D. Ramkumar and extends the unbound
weighted itemset belong to [0, 1]. To speed up the computation, Feng Tao uses the Lattice structure, which is a
structure widely used in mining data without weights.

Figure 5. FP-Tree

Description WARM algorithm (2003)
Apriori property
Satisfy the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 (unbound ∈ [0, 1])
Approach
Lattice
Association rule
Weighted Í
binary
𝑖 𝑗 ∈𝑡𝑘 𝑤 𝑗
Transaction weight 𝑡𝑤 (𝑡 𝑘 ) =
Í |𝑡 𝑘 |
𝑡 ∈𝑡 (𝑋) 𝑡𝑤 (𝑡 𝑘 )
Weighted support
𝑤𝑠(𝑋) = Í𝑘
𝑡𝑘 ∈𝑇 𝑡𝑤 (𝑡 𝑘 )

In 2000, Jiawei Han et al. proposed the FP-Tree structure
[3] (nearly 9,000 citations) and the FP-Growth algorithm
for mining frequent itemsets. This is an extended tree from
Prefix-Tree, with an additional header table that stores
items, frequencies and links to nodes in the tree. From
that, the FP-Tree structures have been used and improved
by many researchers.

Group 2: In 1998, Chun Hing Cai et al. proposed
the MINWAL(O) and MINWAL(W) algorithm [12].

Although the FP-Tree structure is more reduced than
the above ones’, FP-Tree is an extension from Prefix-Tree,
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Description MINWAL algorithm (1998)
Apriori property
Satisfy the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 ∈ [0, 1]
Approach
Apriori-like
Association rule
Weighted binary
1 © ∑︁ ª
Weighted itemset 𝑤(𝑋) =
𝑤 𝑗®

|𝑋 | 𝑖 ∈𝑋
¬
«𝑗
Weighted support 𝑤𝑠(𝑋) = 𝑤(𝑋) × sup(𝑋)

Group 5: In 2015, Xuyang Wei et al. proposed the
IWFPM algorithm [34]. In order to implement effective
pruning strategies and satisfy the downward closure
property, the author proposed the upper bound weights of
the transactions as well as the itemset.
Description IWFPM algorithm (2015)
Apriori property
NOT Satisfying the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 ∈ [0, 1]
Approach
Apriori
Association rule
Weighted binary
Î
𝑖 ∈𝑋 𝑤 ( 𝑖 𝑗 )
Weighted itemset 𝑤(𝑋) = Í 𝑗 𝑤 𝑖
( 𝑗)
𝑖 𝑗 ∈𝑋
Î
𝑖 ∈𝑋 𝑤 ( 𝑖 𝑗 )
Weighted support 𝑤 sup(𝑋) = sup(𝑋) × Í 𝑗 𝑤 𝑖
( 𝑗)
𝑖 𝑗 ∈𝑋

In 2005, Unil Yun et al. proposed the WFIM algorithm
to inherit the calculation method from Chun Hing Cai.
From 2005 to now, Unil Yun’s team has more than
20 research works related to weighted association rule
mining. However, these works are all based on the WFIM
algorithm [14].

In addition, there has been a lot of research related to the
mining of weighted association rules in recent years - these
algorithms, mostly using the above calculation methods (5
groups) belong with data structures and appropriate pruning
strategy or adding constraints.

Description WFIM algorithm (2005)
Apriori property
Satisfy the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 (unbound 𝜖 [0, 1])
Approach
FP-Tree (2005), Prefix-Tree (2012)
Association rule
Weighted binary
1 © ∑︁ ª
Weighted itemset 𝑤(𝑋) =
𝑤 𝑗®

|𝑋 | 𝑖 ∈𝑋
«𝑗
¬
Weighted support 𝑤𝑠(𝑋) = 𝑤(𝑋) × sup(𝑋)

2. Some domestic research work

Group 3: In 2011, Zi-guo Huai et al. proposed the
WHIUA algorithm [22]. Although nearly a decade has
passed, Zi-guo Huai’s work has only two citations. According to the author’s survey, this is a challenging approach
in mining association rule with weighted - the WHIUA
algorithm approaches in the direction of NOT satisfying the
downward closure property, leading to a very large search
space and is not suitable for common pruning strategies.

Through a survey of the domestic research on mining the
weighted frequent itemset of items, there is a prominent
research group of Le Hoai Bac and Vo Dinh Bay. From
2009 to now, the above research group has had related
works which are summarized as the following table:
Description WIT-FWIs algorithm (2010)
Apriori property
Satisfy the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 ∈ [0, 1]
Approach
IT-Tree (2010, 2013, 2017), DBV (2016),
Prefix-Tree (2016, 2018, 2020, 2021)
Association rule
Weighted Í
binary
𝑖 𝑗 ∈𝑡𝑘 𝑤 𝑗
Transaction weight 𝑡𝑤 (𝑡 𝑘 ) =
Í |𝑡 𝑘 |
𝑡 ∈𝑡 (𝑋) 𝑡𝑤 (𝑡 𝑘 )
Weighted support
𝑤𝑠(𝑋) = Í𝑘
𝑡𝑘 ∈𝑇 𝑡𝑤 (𝑡 𝑘 )

Description WHIUA algorithm (2011)
Apriori property
NOT Satisfying the downward closure property
Weighted items
Weight of each item 𝑤 𝑗 ∈ [0, 1]
Approach
Apriori combines hash table
Association rule
Weighted binary

Weighted itemset 𝑤(𝑋) = Max𝑖 𝑗 ∈𝑋 𝑤 𝑖 𝑗
Weighted support 𝑤 sup(𝑋) = 𝑤(𝑋) × sup(𝑋)

The research team uses the method to calculate weighted
based on group 1 (G.D.Ramkumar, 1998) and use data
structures with the appropriate pruning strategies to increase mining efficiency.

Group 4: In 2013, Guo-Cheng Lan et al. proposed
the PWA algorithm [27]. In order to implement effective
pruning strategies and satisfy the downward closure
property, the author proposed the upper bound weights of
the transactions as well as the itemset.

In addition, the domestic research groups are interested
in research in the mining data number or high-interested
samples and there are not many works related to the
research problem. Therefore, the authors only focus on
surveying the prominent group above.

Description WFIM algorithm PWA (2013)
NOT Satisfying the downward closure property
Weight of each item 𝑤 𝑗 ∈ [0, 1]
Apriori-like
Weighted binary
1 © ∑︁ ª
Weighted itemset
𝑤(𝑋) =
𝑤 𝑗®

|𝑋 | 𝑖 ∈𝑋
𝑗
«∑︁
¬
Weighted support
𝑤𝑠(𝑋) =
𝑤(𝑋)
𝑋 ∈𝑡𝑘 ,𝑡𝑘 ⊂𝑇 𝐷𝐵
 
Transaction-weight upper- twub (𝑡 𝑘 ) = Max𝑤 𝑤 𝑖 𝑗
𝑖 𝑗 ∈𝑡𝑤
bounds
∑︁
Weighted frequent upper- wsub (𝑋) =
twub (𝑡 𝑘 )
𝑋 ∈𝑡𝑘 ,𝑡𝑘 ⊂𝑇 𝐷𝐵
bound itemset
Apriori property
Weighted items
Approach
Association rule

3. Some algoritms for mining the frequent itemsets
with weighted items
Synthesizing some of the frequent itemsets mining works
in transaction database with weighted items by time and
classified in 5 groups.
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Table III, presents the timeline of some frequent itemsets mining algorithm on the transaction database with
weighted items from 1998 to present, including information
fields: top author’s name, algorithm’s name, satisfy Apriori
property, with the data structure approach, the number of
citations of the work [11-50] (Cai [11] to Bui [50]), the
year of publication and the group of algorithms.

TABLE IV
RATIO OF ALGORITHMS IN THE SYNTHESIZE USING THE
COMMON DATA STRUCTURES FOR MINING FI WITH WEIGHTED
ITEMS
Approach
Apriori
Lattice
SE-Tree
Prefix-Tree
IT-Tree
FP-Tree
Total (%)

TABLE III
SYNTHESIZING 40 FREQUENT ITEMSETS MINING WORKS WITH
WEIGHTED ITEMS [11-50] (MARCH 2021)
First author
Ramkumar
Cai
Tao
Yun
Geng
Ahmed
Le
Jeong
Pears
Wang
Yun
Huai
Ahmed
Yun
Vo
Vo
Lan
Yun
Mohan
Yun
Nguyen
Lan
Wei
Lee
Nguyen
Yun
Qin
Yun
Lee
Lin
Vo
Bui
Kiran
Zhao
Klangwisan
Cengiz
Dewan
Yue
Vo
Bui

Algortithms
MINWAL[11]
WIS[12]
WARM[13]
WFIM[14]
GTCWFP[15]
IWFP[16]
WIT-FWI[17]
DWFPM[18]
EWGen[19]
DWCI[20]
WAF[21]
WHIUA[22]
IWFP[23]
MWFIM[24]
WITFWIs[25]
FWCIs[26]
PWA[27]
MCWP[28]
FWIDIFF[29]
WAC[30]
SWITD[31]
PWAI[32]
IWFPM[33]
AWMFPs[34]
IWSFWIs[35]
IM_WMFI [36]
WidTMWFIM[37]
WFPmax[38]
FWI[39]
RWFIMEMine[40]
WIT-FWCIDiff[41]
NFWI[42]
WFRIM[43]
SWFP[44]
WFRIMIWS[45]
Pre/PostWAR M[46]
CPTDW[47]
ENSFWI[48]
TFWIN+[49]
NFWCI[50]

DCP
X
X
X
X
X
X
X
X
X
X
X
×
X
X
X
X
×
X
X
X
X
×
×
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X
X

Approach
Apriori
Apriori
Lattice
FP-Tree
FP-Tree
FP-Tree
IT-Tree
FP-Tree
Apriori-like
FP-Tree
FP-Tree
Apriori + Hash
FP-Tree
lattice
IT-Tree
IT-Tree
Apriori-like
FP-Tree
IT-Tree
FP-Tree
IT-Tree
Apriori-like
FP-Tree
FP-Tree
IT-Tree + BDV
FP-Tree
IT-Tree
FP-Tree
Prefix-Tree
SE-Tree
IT-Tree
Prefix-Tree
FP-Tree
FP-Tree
FP-Tree
Lattice
Prefix-Tree
Prefix-Tree
Prefix-Tree
Prefix-Tree

Cite
645
84
487
72
4
21
10
6
6
1
53
5
64
46
123
13
9
32
1
20
4
5
5
15
9
58
13
17
9
12
4
5

4

Yr
1998
1998
2003
2005
2008
2008
2010
2010
2010
2011
2011
2011
2012
2012
2013
2013
2013
2013
2014
2014
2015
2015
2015
2016
2016
2016
2016
2016
2017
2017
2017
2017
2017
2018
2018
2019
2019
2019
2020
2021

Ratio of algorithm numbers in the synthesize by group (%)
1
2
3
4
5
2.50
5.00
2.50
5.50
7.50
2.50
12.50
2.50
20.00
2.50
35.00
2.50
45.00
45.00
2.50
5.50
2.50

Total (%)
15.00
7.50
2.50
15.00
20.00
40.00
100.00

a) Apriori property
In frequent itemsets mining on unweighted transaction
data of items, this is the fundamental property for reducing the search space for the itemsets satisfying the
user-specified frequency threshold minsup. However, the
observations in Table III show that 90.00% (corresponding
to 36 works in groups 1 and 2) algorithms use satisfying
Apriori property in the process of pruning and reducing the
space generated frequent itemset on transaction databases
with weighted items; only 10.00% (corresponding to 4
works in groups 3, 4 and 5) of algorithms solve the problem
of mining frequent itemsets in transaction databases with
weighted items that does NOT satisfy the Apriori property
(the downward closure property) - this is a big challenge
in mining frequent itemsets because the search space is
very large. This requires researchers to come up with the
storage techniques as well as the strategies to reduce the
search space.
In addition, the algorithms in groups 3, 4 and 5 approach
in the direction of NOT satisfying the Apriori property
(only 04/40 works) together with the proposed algorithm
base the Apriori algorithm.

Group
2
1
1
2
2
2
1
2
2
1
2
3
2
2
1
1
4
2
1
2
1
4
5
2
1
2
1
2
1
2
1
1
2
2
2
1+2
2
1
1
1

2. The method to calculate the weighted itemset

(X: satisfy Apriori property; ×: not satisfy Apriori property)

In this section, the authors discuss the measures to
calculate the 5 groups of algorithms above: transaction
weight, weighted itemset, weighted support, transactionweight upper-bound , weighted frequent upper-bound itemset and support of interest in algorithms.

IV. DISCUSSION AND RECOMMENDATION
1. Data structure

TABLE V
DESCRIPTION OF THE MEASURES IN THE CALCULATION
METHOD OF THE ALGORITHM GROUP

The authors have investigated 40 works on the frequent
itemset mining on transaction database with weighted items
[11-50]. Some algorithms follow Apriori approach, while
others use the common data structures. The below table
is a statistics of algorithms using data structures by each
group. Table IV, shows the most used FP-Tree data structure
(40.00%), followed by IT-Tree data structure (20.00%) and
approach Apriori (15.00%) - this is the basic approach to
mining frequent itemsets with weighted items. In addition,
the above table also shows that the researches also focus
on groups 1 and 2 (90.00%).

The measures including the
calculation method of each group of algorithms
Transaction weight
Weighted itemset
Weighted support
Support
Transaction-weight upper-bound
Weighted frequent upper-bound itemset

1
X
X

Algorithm group
2
3
4
5
X
X
X

X
X
X

X
X

X
X
X

X
X

Table V, shows the weights frequently calculated in all
5 groups of algorithms - this is the basic measure for
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− Second, it is necessary to choose a method to calculate
the appropriate measures - the importance is that the measures represent the weighted role/meaning of each items,
as well as the frequency of occurrence of the itemsets and
especially the metrics to use that must be suitable when
changing to unweighted one (or the weight of items is equal
to 1);

evaluating whether itemsets are frequent or not. Only group
1 considers transaction weight; group 4 proposes adding the
transaction-weight upper-bound and the weighted frequent
upper-bound itemset; The itemset weights are calculated
in groups 2-4. In addition, the frequent itemsets are the
support of groups 2,3 and 5 - this is an important measure
to show the frquency of frequent itemsets appearance in
transaction database. In groups 1 and 4, the support itemsets
are not used - the frequent itemsets mined from these 2
groups are difficult to assess as frequent or not.

− Third, according to the recommendations above - the
authors propose to correct the calculation formula for group
5, specifically adding |𝑋 | in weighting itemset;

The weight itemset is calculated in groups 2-4: in groups
2 and 4, this measure is averaged according to the weight
of items in itemsets - losing the significance of the weights
of items in data transactions; In group 3, this measure is
calculated according to dominance - that is, the weighted
of itemset is largest weight of the items in the itemset
(representing the significance of weight or the important
of items in the transaction database).

Description IWFPM algorithm (2015)

Î
𝑖 𝑗 ∈𝑋 𝑤 𝑖 𝑗

Weighted itemset
𝑤 (𝑋) = |𝑋 | × Í
𝑖 𝑗 ∈𝑋 𝑤 𝑖 𝑗
Weighted support
𝑤 sup(𝑋) = sup(𝑋) × 𝑤 (𝑋)

− Fourth, researchers need to focus on proposing a
frequent itemsets mining algorithm on transaction database
with weighted items following the approach that does NOT
satisfy the Apriori property - this is really a big challenge
in this type of problem. Currently, the proposed research
works only approach the Apriori algorithm and have no
effective algorithm to solve this problem;

In 2013, Lan et al. proposed PWA algorithm [27] the first algorithm in group 4: adding a measure of the
transaction-weight upper-bound and the weighted frequent
upper-bound itemsets to help prune the search space faster.

In addition, the authors also found that the approach
in mining frequent itemsets on transaction database with
weighted items is also based on the aggregated data structures used in traditional frequent itemsets mining. Then, the
efficient algorithms in traditional mining frequent itemsets
can be used for group 1 and 2 (satisfy Apriori property)
and only need to calculate more measures related to the
weights of items.

In group 5, Wei et al. proposed IWFPM algorithm [34].
The algorithm for calculating the itemset weight is equal
to the ratio between the product of the weighted items and
sum of the weighted items in itemset - with this measure,
the authors have not yet explained the meaning/role of the
weights in the work.
In addition, basing on the method of calculating the measures of the 5 groups of algorithms, the authors have the following comments: from group 1 to 4, when changing to the
traditional form of mining frequent itemset (the weighted
items are the same) then the measures are corresponding
- the weighted frequent becomes frequent; especially for
group 5, the uncorrelated weighted frequent is the frequent
when applied to the unweighted data transactions of items.

V. CONCLUSIONS AND FUTHER
DEVELOPMENTS

In the above section, the authors presented and discussed
the frequent itemsets mining works on the weighted data
transactions of items, which is surveyed from data structure,
the search space pruning/reducing strategy and the method
to calculate the relevant metrics in the mining process, the
authors have the following recommendations:

In this article, the authors present an overview of common data structures used in mining frequent itemsets on
the binary transaction database and a summary of some
algorithms for mining frequent itemsets on transaction
database weighted items in the direction of data structure
analysis, search strategy on generate space, and method of
calculating the related measures in researches over the past
twenty years. The authors also give recommendations, and
help researchers in data mining have enough knowledge
when choosing an appropriate technical solution for the
problem of mining frequent itemset on transaction database
with weighted items.

− First, the algorithms for mining frequent itemsets on
transaction database with weighted items, the experiment
evaluation needed to be further compared with the traditional efficeint frequent itemsets mining algortihms (that
means assign the weight of items to equal 1) to show that
the proposed algorithm is really efficient;

From the summary and recommendations on some common frequent itemsets mining algorithms on transaction
data with weighted items presented in Parts II and IV: In
future, the authors will expand the research on some data
structures and algorithms in order to mine frequent itemsets
on large transaction database with weighted items, as well

3. Recommendations
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as parallelize the proposed algorithm in order to quickly
mine the frequent itemsets on multi-core processors, the
distributed computing systems such as Hadoopp, Spark, etc.
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Transform (DWT) and cryptographic techniques VSS. The
experimental results with that proposal have demonstrated
that the above combination has enhanced the imperceptibility after embedding the watermark, as well as the
stability of the watermark against some common digital
transformations. However, that solution still has some limitations such as needing the original image in the process of
extracting copyright information, which is known as nonblind watermarking.

Abstract: This paper proposes a new watermarking method
for digital image by composing the DWT-QIM based embedding with visual secret sharing (VSS) method. Firstly, the
watermark image is separated into n shares by using the kout-of-n method, also called (k,n) visual secret sharing. One
of the s is embeded into the original image for copyright
protection. The other (n-1) shares are registered with Vietnam
Copyright Department. When a dispute happens, the verifier
can extract the watermark information from the watermarked
image, then, decode it with (k-1) shares chosen from (n-1)
shares to retrieve the copyright information. Our experimental
results show that our proposed method works efficiently on
protecting the copyright of digital images.

Inheriting the results from previous studies, we continue
to propose an improved watermarking method, with the
combination of DWT-QIM and VSS. The difference in
this algorithm is that the embedding and extraction of
watermarks will be conducted in a smarter way, closer to
the actual application through the use of quantization index
modulation (QIM) to adjust image quality and persistence
of copyright information.

Keywords: Image watermarking, copyright protection, digital
content, visual secret sharing - VSS, (𝑘, 𝑛) sharing method.

I. INTRODUCTION
1. Overview

Normally, for a digital watermarking method to be effective, it needs to be hidden and robust against common image
manipulations such as compression, filtering, rotation, scaling, collusion attacks, and so on. Many other digital signal
processing operations also need to be guaranteed. Current
digital image watermarking techniques can be classified
into two groups: spatial domain watermarking techniques
and frequency domain watermarking techniques [14]. Compared to the spatial domain watermarking technique, the
frequency domain watermarking technique proves more
effective in achieving the hiddenness and robustness requirements of the digital watermarking algorithm.

The industrial revolution 4.0 has changed people’s perception, as well as the way people approach and communicate with each other on the Internet. The advent of software
and new devices such as digital cameras, high-quality
scanners, printers, digital audio recorders, etc. has allowed
the vast consumer world to create, process and enjoy multimedia data. Along with the development of social networks,
the Internet has become a "virtual society" where information exchange takes place in all fields such as politics,
military, national defense, economy, and commercial. It is in
such an open and comfortable environment that issues such
as piracy, information misrepresentation, and unauthorized
access to digital multimedia arise. Therefore, a solution to
protect digital products, preserve information, and protect
copyright for digital products is urgently required. Among
the current solutions, digital watermarking is one that is
being researched because of its effectiveness and suitability
for copyright protection of multimedia products.
In our recent proposal [23], we mentioned a watermarking method based on a combination of Discrete Wavelet

Commonly used frequency domain transforms include
DWT, Discrete Consine Transform (DCT) and Discrete
Fourier Transform (DFT). The proposed sustainable watermarking techniques on the frequency domain of the image
have attracted attention in recent years because of their
feasibility and effectiveness in copyright protection applications such as watermarking techniques on frequency domain
DCT[1-3], frequency domain DWT [4-7], and frequency
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domain DFT [8-9]. Frequency domain watermarking solutions have shown advantages in creating sustainable watermarking solutions, suitable for digital product copyright
protection applications. Frequency domain watermarking
techniques are often chosen to suit products affected by
techniques such as compression, which will be applied
to the DCT frequency domain watermarking solution foto
improve the image quality. However, DWT is used in digital
image watermarking more often because of its spatial
localization and multi-resolution characteristics. Its solution
is similar to the theoretical model of the human visual
system (HVS). Better performance improvements in DWTbased digital image watermark algorithms can be achieved
in many ways to suit different digital product objects such
as digital music, digital movies, and digital images.
To balance the improvement of digital image quality
after watermark embedding and the stability of watermark
information, research on extended frequency domains such
as 𝑞-DCT [10], 𝑞-DWT [11], or 𝑞-SVD [12] is also
proposed to balance these two goals. However, adjusting the
parameter value 𝑞 to satisfy the condition of balancing both
criteria is difficult to achieve. The authors had to evaluate
the image quality after embedding and the durability of
the watermark to choose the most appropriate value for
the parameter q. Although the computational complexity
of these proposals still needs improvement, it opens up a
new frequency domain research direction applied in digital
watermarking proposals.
Another technique to protect digital image copyright
is zero watermarking technique, in which the watermark
information will not be directly embedded in the digital
image, but the stable features of the digital image will
be extracted for encoding with copyright information to
generate information registered with the Copyright Office[13]. However, zero watermarking depends heavily on
the properties and characteristics of the digital image. For
images with large “complexity”, the extracted feature will
be resistant to image attacks.
In this paper, we focus our research on embedding and
extracting watermark algorithms based on QIM combined
with VSS to improve the inequalities. Our proposed method
can recognize and enhance the stability of the watermark
after it is extracted, and at the same time ensure that the
watermark can be sufficiently resistant to normal image
transformations.

copyright information, after being embedded in digital
products, requires resistance to image attacks to verify ownership when a dispute occurs. Our paper proposes an idea
to combine visual secret sharing (VSS) with watermarking
techniques to improve the stability of watermarks after
being hidden in digital images. The use of an intuitive
encryption system combined with scrambled encryption
has helped our proposal improve the security of copyright
information, creating reliability for users when participating
in the solution.
3. Roadmap
In this paper, we organize the content as follows: The
knowledge related to our proposed method is presented
in Section II. The architecture and detailed description
of the proposed model are presented in Section III. The
experimental and evaluation results are presented in Section
IV. Section V presents conclusions and future research
proposals.
II. RELATED WORKS
The watermarking method is based on the DWT, which
has been widely used in digital signal processing applications. The method in [23] effectively utilizes the property
of discrete wavelet transform to improve the robustness of
watermark information. However, when extracting watermarks from hidden images, it is necessary to have the same
initial data as the original image. In fact, we are not always
qualified to collect such data. Therefore, in this paper,
we propose a better solution for the DWT transformation,
which is to use QIM.
Visual Secret Sharing, is an encryption technique in
which visual information (images, text, etc.) is encrypted
so that decryption can be performed based on the human
visual system. In this section, we briefly introduce these two
techniques and outline their relevance to the implementation
of watermarking on digital images.
1. Visual secret sharing - VSS
The overview of VSS can be shown in Figure 1. VSS may
share confidential information to protect the confidentiality
of copyright information [15].
The idea of secret sharing was proposed by Adi Shamir
[16] and G.Blakley [18] in 1979. Four years later, another
method of secret sharing was proposed by Asmuth. and
Bloom [19] in 1983. Accordingly, Shamir’s scheme is based
on polynomial interpolation, Blakley’s scheme is based on
hyperplane geometry, and Asmuth and Bloom’s scheme is
based on the Chinese remainder theorem.

2. Our contribution
We summarize the problem to be solved in the proposal
of the new digital watermarking technique as follows:
Most watermarking application solutions are used to
protect digital product and copyright verification. However,
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Figure 3. String value at position 𝑝𝑖 𝑥 (𝑤, ℎ)
Figure 1. The human visual system functions as an OR-operator

In particular, the secret sharing scheme of Adi Shamir is
considered the most potential in the field of image copyright
protection. The basis of this proposal is to divide the image
into secret shares (also known as Shares or Shadows). Each
of these shares is treated as a random image generated from
the original image. To reconstruct the original image, we
simply combine these shares together as shown in Figure
2.

Figure 4. Sample shares created with 𝑘 = 6 and 𝑛 = 10

string is composed of (𝑛 − 𝑘 + 1) value “1” and (𝑘 − 1) the
value “0”. For a secret image distributed with the scheme
(𝑘, 𝑛), the number of random strings (𝑛𝑠) is calculated by
the convolution (𝑘 − 1) of the 𝑛 part death.

In this paper, we use the (𝑘, 𝑛) secret sharing scheme
based on random sequence (Random Sequence) [20]. In
the schema (𝑘, 𝑛), suppose we have a set 𝑃 consisting of
𝑛 elements, a secret image 𝑆 (Secret Image) encrypted in
these 𝑛 elements. For each element in set 𝑃, we get a secret
share. For any k secret share fragment (with 2 < 𝑘 < 𝑛)
stacked, the secret image 𝑆 will be reconstructed.

When viewed from the side with the secret shares
stacked, the string value at 𝑝𝑖𝑥(𝑤, ℎ) (with 𝑝𝑖𝑥(𝑤, ℎ) on the
original image having the value "1") is made up of (𝑛−𝑘 +1)
value “1” and (𝑘 − 1) value “0” as visually described in
Figure 3. The result after scattering the watermark with
𝑘 = 6 and 𝑛 = 10 is shown in Figure 4.

The secret sharing scheme (𝑘, 𝑛) is based on a random
sequence, which is a secret image scattering technique using
randomly arranged strings of [0,1] values. Where, a random

2. Discrete wavelet transform - DWT
The DWT on the digital image [17, 21-23] is shown in
Figure 5. When first two-dimensional DWT transform on
image I, the image I will be analyzed into frequency domains LL (Low-Low), LH (Low-High), HL (High-Low) and
HH (High-High). These frequency domains will be used to
embed watermark information based on the purpose of data
hiding, invisible watermarking, or visible watermarking.
Normally, the DWT frequency transform domain is used
to embed copyright information, after the reverse transformation of IDWT (Inverse DWT), the copyright information
will be distributed over the entire image surface, creating
a persistence for copyright information hidden in images.
Thus, from 4 subimages (LL, HL, LH, HH) shown in Figure
5, through the IDWT inverse transformation, we receive
image 𝐼.
In this paper, we apply the DWT frequency transformation to obtain the frequency domain of pixels. After that,

Figure 2. Adi Shamir’s Secret Sharing Scheme
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Figure 5. Discrete wavelet transform on digital image

we proceed to embed the distributed watermark information
on the DWT frequency region to ensure the stability of the
embedding method.
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3. DWT based watermarking methods
Recently, studies on frequency domain watermarking
techniques are being widely proposed with the aim of
overcoming the limitations of traditional frequency domain
watermarking methods. Research in this field has thought
of a solution that is to combine multiple watermarking
methods.

Cục bản
Copyright
Department
quyền
tác giả

Ảnh thuỷ image
vân
Watermarked

In a study by Nawaf Hazim Barnouti, Zaid Saeb Sabri
and Khandoun L. Hameed [25], the authors proposed a
watermarking method based on the combination of two
transformations - DWT and DCT. In the paper, the authors
have shown that the combination of two transformations,
DWT and DCT, has brought a watermarking method that
has the advantages of both transformations and has improved the performance compared to the simple methods.
However, the implementation process of the authors has
converted the original image from color image to gray
image. This reduces the practicality of the proposal. Also,
it has not been proven that this method can improve the
robustness of the watermark against conventional image
attacks.

Figure 6. Watermark embedding algorithm combined with VSS

III. PROPOSED QIM WATERMARKING ALGORITHM
COMBINED WITH VSS
In this section, we present a combination that is considered to be smarter and more practical with the combination
of DWT-QIM and VSS. QIM combined with watermark
scheme on DWT frequency domain is not a new idea, but
in our paper, watermarking combined with QIM on DWT
frequency domain will be applied to embedding distributed
watermark using VSS to form a schema with the properties
of zero watermark to overcome the limitations mentioned
in section I.2.2. With this combination, we have overcome
the limitations of the proposed method of watermarking
combined with traditional DWT and VSS.

Our most recent proposal [23] also proposed a watermarking method that combines DWT transformation and
Visual Secret Sharing. That study also evaluated the effect
of the above combination through two properties "Unrecognizability" and "Sustainability". The output helps to ensure
the stability of the watermark against common attacks, and
at the same time, it is undetectable to the human eye after
the watermark is embedded into the digital image. However,
we realize that the above watermarking method is still not
perfect, specifically, we still need to use the original data
when extracting the watermark. This also reduces the level
of applicability of the method.

1. Watermark embedding algorithm combined with
VSS
The input data of the embedding process includes: 01
cover image and 01 binary image to make the copyright watermark. The watermarked image is processed with scramble and visual cryptographic techniques to disperse the
scrambled watermark image into different shares. Therefore, each share will not display any information. One share
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will be selected to embed in the cover image, and the
remaining shares will be sent to a 3rd party in charge
of copyright protection. After the watermark embedding
process, we obtain the watermarked image. The watermark
embedding process is visually described in Figure 6. The
watermark embedding process is carried out according to
the following steps:

Watermarked
image
Ảnh thủy vân
Logo bản image
quyền
Watermark

Unscramble

Step 1: Input: Cover image, copyright logo.

DWT

Step 2: Scramble the copyright logo image by randomly
shuffling the pixel positions with the key being an array
containing (𝑤𝑖𝑑𝑡ℎ ∗ ℎ𝑒𝑖𝑔ℎ𝑡) zero values duplicates. The
elements of this array are the result of randomly shuffling
the numbers from 1 to (𝑤𝑖𝑑𝑡ℎ ∗ ℎ𝑒𝑖𝑔ℎ𝑡), where 𝑤𝑖𝑑𝑡ℎ and
ℎ𝑒𝑖𝑔ℎ𝑡 are width and height height of watermarked image,
respectively.

LL1

Visual
secret
Mã hoá
trực sharing
quan
(k,n) – VSS

QIM

...
share-1

Step 3: Distribute the scrambled logo using visual cryptography using the (𝑘, 𝑛) secret sharing scheme and select
a secret share to be watermarked.

share-1

Step 4: Perform a DWT-1-level transformation on any
color (RGB) channel of the containing image to obtain 4
subbands (LL1 - LH1 - HL1 - HH1).

(k - 1)
shares

Verification
Kiểm định

Cục bản
Copyright
quyền
tác giả
Department

Step 5: Choose one subband (Here, we choose LL band)
and embed watermark with logic based on the method in
the paper [24]:
(
𝑆𝑖 𝑗 − (𝑆𝑖 𝑗 𝑚𝑜𝑑 𝑄) + 0.75 ∗ 𝑄, if 𝑊 (𝑖, 𝑗) = “1”
𝑆𝑖∗𝑗 =
𝑆𝑖 𝑗 − (𝑆𝑖 𝑗 𝑚𝑜𝑑 𝑄) + 0.25 ∗ 𝑄, if 𝑊 (𝑖, 𝑗) = “0”
(1)

Figure 7. Watermark extraction algorithm combined with VSS

DWT coefficients are mostly concentrated in the sub-band
LL [27, 28]. On the other hand, we use QIM embedding
algorithm, so the effect of image quality is minimized after
embedding information.

Given:
- 𝑆𝑖 𝑗 is the value at (𝑖, 𝑗) on the sub-band of the original
image.
- 𝑆𝑖∗𝑗 is the value at the corresponding position on the
image after embedding the watermark.

2. Watermark extraction algorithm combined with
VSS

- 𝑄 is the quantization step.

The input data for the watermark extraction process is the
watermarked image, the output of the watermark extraction
process is the original watermark image (the logo before
being distributed). The watermark extraction process is
described in Figure 7.

After embedding the 𝑊 (𝑖, 𝑗) information, the value of
𝑆𝑖 𝑗 will be shifted around the origin of 𝑆𝑖 𝑗 based on the
quantum step value 𝑄. The quality of the image after
embedding the information will depend on the magnitude
of the quantum step value 𝑄. At the same time, the stability
of the watermark will also be affected by the quantum step
value 𝑄.

The watermark extraction process is carried out according to the following steps:
Step 1: Input: The watermarked image

Step 6: Perform Inverse DWT transformation (IDWT) to
get image after embedding watermark.

Step 2: Perform a discrete wavelet transformation on the
watermarked color channel and select subband LL1.

We use the LL subband because after performing the
DWT transform, the values of the DWT coefficients carrying the "energy" of the whole image are concentrated
mainly in the LL subband. The selection of LL sub-band
for information embedding will affect the quality of the
image after embedding, but the value domain used for
embedding will be richer because the values of non-zero

Step 3: Extract the watermark according to the following
equation:
If (𝑆𝑖∗𝑗 𝑚𝑜𝑑 Q) > Q/2 then 𝑊 ∗ (𝑖, 𝑗) = ”1”,
If (𝑆𝑖∗𝑗 𝑚𝑜𝑑 Q) < Q/2 then 𝑊 ∗ (𝑖, 𝑗) = ”0”,
where:
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Figure 8. Watermark embedding using only DWT-QIM

Figure 9. Watermark extraction using only DWT-QIM

- 𝑆𝑖∗𝑗 is the value at position (𝑖, 𝑗) on the watermarked
subband.

The process of watermark extraction using only DWTQIM is described in Figure 9. The process of watermark
extraction is done in the same way as in III.2, but steps
4 and 5 are omitted to recover the watermark image after
extraction.

- 𝑊 ∗ (𝑖, 𝑗) is the value at (𝑖, 𝑗) of the extracted watermark.
- 𝑄 is the quantization step.
Step 4: Combine the watermark extracted in Step 3 with
another (𝑘 − 1) shared secret fragments to reproduce the
logo.

IV. EXPERIMENTAL RESULTS AND EVALUATION

Step 5: Perform unscramble recovery to obtain the complete copyright logo by re-positioning the pixels according
to the key generated during the watermark embedding
process.

1. Evaluation measure
We conduct experiments and compare the results of two
methods: the embedding/watermarking method combining
DWT-QIM with VSS and the embedding/watermarking
method using only DWT-QIM to compare the effectiveness
of our method.

3. Watermarking/embedding algorithm using only
DWT-QIM
To compare the effectiveness of the proposed solution, we perform a traditional DWT domain watermarking
method (called DWT-QIM solution) to evaluate and determine the highlights and feasibility of the method.
a. Watermarking embedding process:
The process of embedding the watermark using only
DWT-QIM is described in Figure 8. The process of embedding the watermark is done in the same way as in III.1,
but steps 2 and 3 are omitted.

Figure 10. Lena image

b. Watermark extraction process:
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We evaluate the results of the experiments through two
properties: "Unrecognizability" represented by the peak
signal/noise ratio - PSNR (Peak Signal to Noise Raito)
measured in decibel with formula (2) and "Stability" of the
watermark after extraction, represented by the value NC
(Normalization Correlation) calculated by the formula (4).
𝑀 𝐴𝑋 (𝐼)
,
𝑃𝑆𝑁 𝑅 = 20 log10 √
𝑀𝑆𝐸

(2)

Original image

where, 𝑀 𝐴𝑋 (𝐼) = 255 and the value of MSE is calculated
by formula (3):
𝑀𝑆𝐸 =

𝑝 𝑞
1 ∑︁ ∑︁
(𝐼 (𝑖, 𝑗) − 𝐼 𝑤 (𝑖, 𝑗)) 2 ,
𝑝 × 𝑞 𝑖=1 𝑗=1

Watermarked image

Figure 12. Experimental Lena image when embedding watermark by
DWT-QIM method combined with VSS

(3)

where 𝐼 (𝑖, 𝑗), 𝐼 𝑤 (𝑖, 𝑗) is the pixel value of the original and
watermarked image at position (𝑖, 𝑗). The value 𝑝 × 𝑞 is
the size of the image.

Registed watermark

For PSNR, the higher the value of the PSNR, the more
"unrecognizability" is guaranteed. If the value of PSNR
≥ is 35dB, the human eye cannot distinguish between the
original image and the image that has been watermarked.
Í 𝑀1 Í 𝑀2
0
𝑖=1
𝑗=1 𝑊 (𝑖, 𝑗).𝑊 (𝑖, 𝑗)
, (4)
𝑁𝐶 = √︃Í Í
√︃Í Í
𝑀1
𝑀2
𝑀1
𝑀2
2
0 (𝑖, 𝑗) 2
,
𝑊
(𝑖,
𝑗)
,
𝑊
𝑖=1
𝑗=1
𝑖=1
𝑗=1

Extracted watermark

Figure 13. Extraction and reconstruction results of watermark by DWTQIM method combined with VSS.

the copyright logo (Figure 11). We use Haar algorithm for
DWT transformation. The parameters used for VSS in the
test are 𝑘 = 4 and 𝑛 = 10.

where, 𝑀1 × 𝑀2 is the size of the logo, 𝑊 (𝑖, 𝑗), 𝑊 0 (𝑖, 𝑗)
is the value of the elements of the original logo and the
restored logo. The cross-correlation coefficient normalizes
NC and has a value between 0 and 1. The closer the value
of NC is to 1, the better the stability of the watermarking
solution. However, NC greater than or equal to 0.75 is an
acceptable threshold.

3. Results of watermarking with combined VSS and
without combined VSS
a. Experimental results with DWT-QIM method combined
with VSS (Proposed Method)
Figure 12 shows the result after watermark embedding
using the proposed method.

2. Experimental environment

Figure 13 shows the results of watermark extraction using
the proposed method.

We have built a program to simulate embedding and
extracting watermarks using MATLAB R2013a (8.1.0.604)
- 64bit. The program is installed on Laptop with system
parameters such as: Windows 10 Pro operating system,
Intel(R) Core(TM) processor i5-8625U CPU @ 1.60GHz
1.80GHz, 8GB RAM.

b. Experimental results using only DWT-QIM method

In this paper, we choose Lena image (Figure 10) as the
image to be protected by copyright and a binary image as

Original image
Figure 11. Watermark logo

Watermarked image

Figure 14. Watermark embedding results in DWT-QIM method
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Extracted watermark

Registed watermark

Figure 15.
method

Pepper, Couple, Mandrill and Parrots with size 512 × 512
and choose 01 binary logo size 64 × 64 to be our copyright
logo. Simultaneously, the experiment was conducted with
both methods: the proposed method (DWT-QIM-VSS) and
the conventional watermarking method (DWT-QIM) on the
Blue channel of the test image to compare the rating results.
The results are shown in Figure 16 and Table II.
With the obtained results, we find that using the proposed
watermarking method gives better 𝑃𝑆𝑁 𝑅 results than using
the conventional method.

Watermark extraction results when using only DWT-QIM

Figure 14 shows the results after embedding the watermark when using only the DWT-QIM method (not combining with VSS).

6. Robustness evaluation
As mentioned above, the value 𝑁𝐶 represents the stability of the watermark after it is extracted. In this section, we
conduct tests and comparisons with watermarked images
using both methods: using only DWT-QIM based on the
idea of [25, 26] and DWT-QIM watermarking method
combines VSS (recommended method) in the condition of
being unaffected and affected by common attacks. Next,
we extract the watermark and calculate the NC value to
evaluate the sustainability of the watermark under the above
conditions.

Figure 15 shows the results of watermark extraction when
using only DWT-QIM method (not combining with VSS).
4. Determine the value of 𝑄 in QIM
In our proposal, the value of 𝑄 (Quantization step) plays
a decisive role in the two criteria evaluating the efficiency
of the algorithm, namely, the "unrecognizability" of the
image after watermark embedding is represented by the
ratio 𝑃𝑆𝑁 𝑅, and the "sustainability" of the watermark after
it is extracted is expressed by the value 𝑁𝐶. The smaller 𝑄
is, the larger 𝑃𝑆𝑁 𝑅 is and the smaller 𝑁𝐶 is. This means
the smaller 𝑄 is, the greater the imperceptibility and the
lower the stability of the watermark is.

a. Watermark extraction results when not affected by
attack spells
The results of watermark extraction on the dataset of
05 images: Lena, Pepper, Couple, Mandrill, Parrots, in the
unattacked condition when using 2 different watermarking
methods to embed the watermark are shown in Figure 17
and Table III. From the results of this experiment, we can
see that the proposed method has better results even when
the watermarked image has not been attacked by any image
attacks.

As stated at the beginning of Section IV, each of the
above values has its standard threshold. With a PSNR of
35dB and a NC of 0.75. Therefore, to balance between
the above two values when embedding and extracting
watermarks, we have tested on different 𝑄 values to give
the most reasonable value. The values of 𝑃𝑆𝑁 𝑅 and 𝑁𝐶
with different 𝑄 are shown in Table I.

b. Watermark extraction results under the influence of
normal attacks

TABLE I
𝑃𝑆 𝑁 𝑅 AND 𝑁 𝐶 VALUE WITH DIFFERENT 𝑄
Quantization step (𝑄)
5
10
15
20
25
30

𝑁𝐶
0.75
1
1
1
1
1

Figure 18 and Table IV show the visual results as well
as concrete data when extracting watermark from container
image using different methods for watermark embedding
under conditions affected by normal attacks. The reason
our proposed solution has a better result than the DWTQIM algorithm is because of the following reasons: In the

𝑃𝑆 𝑁 𝑅 (dB)
48.09
42.72
39.02
36.57
34.59
32.97

Accordingly, we decided to choose the quantization step
𝑄 = 20 for our proposal because there the values of 𝑃𝑆𝑁 𝑅
and 𝑁𝐶 are closest to the standard level.

TABLE II
PSNR IN THE TRADITIONAL WATERMARK METHOD AND THE
PROPOSED METHOD
Image
Lena
Pepper
Couple
Mandrill
Parrots

5. Image quality evaluation
To evaluate the image quality after watermarking of the
proposed method, we use a dataset of 05 images: Lena,
35

PSNR (DWT-QIM)
36.3811
36.3224
36.2893
36.3538
36.5033

PSNR (DWT-QIM & VSS)
36.5217
36.4191
36.6512
36.5417
36.7141
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Figure 16. Test results of 2 watermarking methods with a dataset of 05 images

with the Copyright Office, when extracting information a
watermark fragment from the watermark image is attacked
and restored with (𝑘 − 1) fragment taken from (𝑛 − 1)
piece stored by Copyright Office will recover watermark
information close to original watermark. Thereby proving
the copyright even though the watermarked image has
been attacked to change the image. This point is the
difference of the proposed algorithm combining encryption
and watermarking to secure watermark information and
strengthen its stability against some common attacks. Thus,
the experimental results show that the proposed solution is
effective in copyright protection on digital images.

TABLE III
NC VALUES IN UNATTACKED CONDITION
Image
Lena
Pepper
Couple
Mandrill
Parrots

NC (DWT-QIM)
0.997711
1
0.999852
0.999718
0.995578

NC (DWT-QIM & VSS)
1
1
0.999481
1
0.999574

TABLE IV
VALUE OF NC WHEN THE WATERMARKED IMAGE IS AFFECTED
BY ATTACKS
Type of attacks
Gaussian noise
(0.01)
Poisson noise
Salt & Peper (0.02)
JPEG (QF = 50)
Histogram
Equalization
Median filter (3 × 3)
Laplacian
Sharpening
Blur (3 × 3)

NC (DWT-QIM)
0.27106

NC (DWT-QIM &
VSS)
0.75892

0.262291
0.977128
0.309221
0.394625

0.756114
0.983195
0.787013
0.786501

0.833469
0.26666

0.842374
0.777764

0.272942

0.760467

c. Proving DWTT-QIM-VSS is more sustainable than
DWT-QIM
To prove the stability of the proposed solution, DWTQIM-VSS, with the method using only DWT-QIM, we
assume that the watermark images of both methods are
attacked by any image attack. Then, the DWT-QIM method
extracts the watermark image 𝑊 0, the DWT-QIM method &
VSS extracts the watermark image 𝑆10 , with 𝑆1 , 𝑆2 , · · · , 𝑆 𝑛
is 𝑛 shared fragment generated in VSS algorithm in II.1 and
𝑆10 is watermark extracted from hacked image of watermark
𝑆1 . Without loss of generality, we assume that the change
of 𝑊 0 relative to 𝑊 and the change of 𝑆10 relative to 𝑆1 are
the same. Use VSS to recover watermark 𝑊 00 according to
the following formula:

DWT-QIM solution combining VSS, we disperse the original watermark into 𝑛. fragment and use only 1 fragment
to embed information like DWT-QIM solution. However,
because the remaining (𝑛 − 1) fragment is used to register
36
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Figure 17. Result of watermark extraction in unattacked condition

From that and (5), (7), (8) deduce:
00

𝑊 =

𝑆10

𝑂𝑅 𝑆2 𝑂𝑅...𝑂𝑅 𝑆 𝑛 ,

(5)

𝑊 00 (𝑖, 𝑗) = 1, ∀(𝑖, 𝑗) ∈ 𝑍1 (false fixed on 𝑍1 )

We need to prove 𝑁𝐶 (𝑊, 𝑊 00) > 𝑁𝐶 (𝑊, 𝑊 0).

𝑊 00 (𝑖, 𝑗) = 0, ∀(𝑖, 𝑗) ∈ 𝑍0 , 𝑌0

Proof: Assume the same variation for 𝑊 0 and 𝑆10 , ie:

𝑊 00 (𝑖, 𝑗) = 1, ∀(𝑖, 𝑗) ∈ 𝑌1 (cannot be corrected on 𝑍0 )

Assume the same variation for 𝑊 0 and 𝑆10 , ie:
𝑇 𝑆(𝑊, 𝑊 0) = 𝑇 𝑆(𝑆1 , 𝑆10 ) = 𝑃 > 0,

Contrast this with (7), we get:
1
𝑃
(10)
2
Combine this formula with (6), and get:
1
𝑇 𝑆(𝑊, 𝑊 00) = 𝑇 𝑆(𝑊, 𝑊 0)
(11)
2
Thus, the error of 𝑊 00 is halved compared to 𝑊 0.
Now if we put: 𝑇 = 𝑆 𝑝(𝑍1 ), 𝑞 = 𝑆 𝑝(𝑋0 ) = 𝑆 𝑝(𝑋1 ) =
𝑆 𝑝(𝑌0 ), it’s easy to see:
Above 𝑍1 : 𝑊 and 𝑊 00 both have 𝑇 pixels equal to “1”;
𝑊 0 only (𝑇 − 𝑞) pixels equals “1”.
Above 𝑍0 : 𝑊 has 𝑆 𝑝(𝑍0 ) pixels equal to “0”; 𝑊 0 and
𝑊 00 have 𝑆 𝑝(𝑍0 ) − 𝑞 pixels equal to “0”.
From there it is easy to calculate:
𝑇
𝑁𝐶 (𝑊, 𝑊 00) = √ √
𝑇 𝑇 +𝑞
(12)
𝑇 −𝑞
0
𝑁𝐶 (𝑊, 𝑊 ) = √ √
𝑇 𝑇
𝑇 𝑆(𝑊, 𝑊 00) = 𝑆 𝑝(𝑌0 ) =

(6)

where, 𝑇 𝑆(𝑊, 𝑊 0) is the sum of the errors between 𝑊 and
𝑊 0, and 𝑇 𝑆(𝑆1 , 𝑆10 ) is the sum of the errors between 𝑆1 and
𝑆10 .
Set
𝑍0 = {(𝑖, 𝑗)|𝑊 (𝑖, 𝑗) = 0}, 𝑍1 = {(𝑖, 𝑗)|𝑊 (𝑖, 𝑗) = “1”} (7)
Then, according to the properties of VSS, we have:
𝑆1 (𝑖, 𝑗) = 0, ∀(𝑖, 𝑗) ∈ 𝑍0

(8)

Assume the error is evenly divided by 𝑍0 and 𝑍1 . That
means if the notation 𝑋0 is the set of errors over 𝑍0 , 𝑋1 is
the set of errors over 𝑍1 of 𝑊 0 and 𝑌0 is the set of errors
over 𝑍0 , 𝑌1 is the error set on 𝑍1 of 𝑆10 , then:
1
𝑃,
(9)
2
where 𝑆 𝑝(𝑈) is the number of elements of the set 𝑈.
𝑆 𝑝(𝑋0 ) = 𝑆 𝑝(𝑋1 ) = 𝑆 𝑝(𝑌0 ) = 𝑆 𝑝(𝑌1 ) =

Thus, to prove that 𝑁𝐶 (𝑊, 𝑊 00) > 𝑁𝐶 (𝑊, 𝑊 0), it is
necessary to show:
𝑇
𝑇 −𝑞
> √
(13)
√
𝑇 +𝑞
𝑇

According to the properties of VSS (assuming 2 ≤ 𝑘 <
𝑛):
∀(𝑖, 𝑗) ∈ 𝑍0 =⇒ 𝑆𝑡 (𝑖, 𝑗) = 0, 𝑡 = 2, ..., 𝑛
∀(𝑖, 𝑗) ∈ 𝑍1 =⇒ 𝑆2 (𝑖, 𝑗) 𝑂𝑅 ... 𝑂𝑅 𝑆 𝑛 (𝑖, 𝑗) = 1, 𝑡 = 2, ..., 𝑛
37

This is equivalent to:
√︁
√
𝑇 𝑇 > (𝑇 − 𝑞) 𝑇 + 𝑞

Research and Development on Information and Communication Technology

Original image

Our method

DWT-QIM
method

Registed watermark

Salt&Pepper

Salt&Pepper

Figure 18. Watermark extraction results under many attacks

Case 1: Right k, wrong scramble key

Case 2: Wrong k, right scramble key

Case 3: Wrong k, wrong scramble key

Case 4: Right k, right scramble key

images containing Lena watermark to once again evaluate
the effectiveness of the algorithm. The results show that
the proposed method of watermarking using DWT-QIM
in combination with VSS can ensure the stability of the
watermark against common attacks.
7. Security evaluation
In this paper, to enhance the security of the copyright
logo, in addition to the visual cryptographic technique
(VSS), we also use the scramble technique on the copyright
logo before distributing it into 𝑛 shared secret fragments.
We use Arnold Transform [29] and shuffle key = 10
to shuffle the logo image before scattering using VSS.
Thus, to restore the copyright logo, it is necessary to have
02 elements, namely: “Minimal share 𝑘 value to restore
copyright logo” and “key scramble” to recover scramble.

Figure 19. Copyright logo is reproduced in different cases

Square both sides:
𝑇 2𝑇 > (𝑇 − 𝑞) 2 (𝑇 + 𝑞) = (𝑇 2 − 𝑞 2 ) (𝑇 − 𝑞)

TABLE V
NC VALUES FOR EACH KEY

This is obviously true, so the proof is complete.

Test case
Right 𝑘, wrong scramble key
Wrong 𝑘, right scramble key
Wrong both 𝑘 và scramble key
Right both 𝑘 và scramble key

Thus, with the condition that it is not affected by normal
attacks, the value of 𝑁𝐶 between the original watermark
and the extracted watermark when using both methods
is relatively similar. It is difficult to conclude that our
proposed watermarking method is more stable than the
method using only DWT-QIM in this condition. Therefore,
we conduct experiments with conventional image attacks on

NC
0.263433
0.777567
0.055129
1

In this section, we evaluate the security of the algorithm
against copyright information in the cases shown in Figure
19 and Table V.
38

Vol. 2021, No. 1, March

Thus, through tests in each specific case, we have shown
that the algorithm we propose can completely secure the
information of the copyright logo.
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V. CONCLUSION
Our paper proposes a digital image copyright protection
solution based on the method of combining digital watermarking with visual cryptography to create a more sustainable and effective method in the digital image protection
and digital product copyright.
From the results obtained through various tests with
both the algorithm when using DWT-QIM in combination
with VSS (recommended method) and using only DWTQIM, we found that when using only DWT-QIM, the image
quality after watermark embedding is worse than that of the
proposed method. However, with tests under the influence
of attacks, using the proposed method will ensure more
robustness of the watermark than the traditional method of
using only DWT-QIM.
Thus, in this paper, we have shown that: with the application of visual cryptographic techniques to disperse watermarks, and at the same time combine the watermarking
algorithm based on the discrete wavelet transform DWT
using DWT. quantization index (QIM), has contributed to
improving the imperceptibility as well as the stability of the
watermark against conventional attacks.
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- Proposing to use Cascade mask R-CNN HRNetv2pW40
deep learning network for table detection and table classification, an improvement over using W=32. Achieve up
to 98.74% accuracy for the table detection task with the
Hydrometeorology set.
- Proposing a total solution to recognize the table structure, using techniques to extract the structure of simple
tables. Use templates to handle complex structured tables
encountered in practice.
The solution has achieved high accuracy for the task
of detecting and classifying tables based on deep learning
techniques and image processing on the Hydrometeorology
dataset.

Abstract: Detecting and identifying the table structure is
an important issue in document digitization. Although there
have been many great strides based on current deep learning
techniques, table structure identification is still a difficult
and arduous problem, especially when solving the problem
of digitizing text in practice. The paper proposes a solution
to digitize table documents based on the Cascade R-CNN
HRNet network to detect, classify tables and integrate image
processing algorithms to improve table data identification
results. The proposed algorithm proved effective on real data
- the hydrometeorological station record book contains tables
including simple and complex structures tables with over 98%
accuracy.
Keywords: Document structure analysis, table detection, detect
the table structure, hydrometeorology.

II. RELATED WORK
I. INTRODUCTION

In 1997, P.Pyreddy and, W.B.Croft [1] first proposed a
table detection method based on character alignment, holes
and spaces.
Naganjaneyulu et al. [2] in 2016 proposed a model for
table detection using two Hough algorithms for line detection and Harris for corner detection. The author applied
it on many different types of documents and achieved an
accuracy of up to 89%. This method fails with tables with
uneven spatial delineation and table formatting.
Dhiran et al. [3] proposed a method to detect and extract
table information from document images, using OCR for
preprocessing, enhancement and contour noise removal.
The author uses 1200 document images which are divided
into 3 categories: type with line, type with line with column
whitespace and type with only white space. This method
achieves an accuracy of up to 88.7%. However, this method
does not work well with documents that are divided into
multiple columns.
Gilani et al. [4], propose a method with two modules of
image transformation and table detection. In the article, the
author proposes to use the Abbey Cloud OCR SDK and
tesseract OCR to display the comparison results.

Currently, digital transformation is one of the development goals of each country. The digital transformation
brings great benefits to management, economic and social
development. In particular, the use of digital documents
instead of traditional documents is being rapidly developed.
Digitizing tables in documents makes a lot of sense because tables often contain a lot of important and useful
information. There are two main tasks of table digitization:
table detection and table understanding. Table detection is
to identify the table container, assign an identifier, and
distinguish it from the text areas in the document. Table
structure identification is to identify cells, rows, columns,
and hierarchical relationships between cells.
This paper proposes a method to identify the table
structure for the real-world problem - digitizing several
types of hydrogeological records. The model is classified
into tabular forms: old technical books before 2000, new
technical books since 2000 and normal tables. In particular,
the table usually has a simple structure, the technical book
table has a complex structure.
The article’s contributions include:
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Shafait et al. [5], propose an approach to detect tables
from heterogeneous documents with different table layouts.
Suggest your approach to document analysis via tab-stop.
Huynh-Van et al. [6], proposed a three-step combined
method to detect tablespaces: 1) Zone classification, 2)
Table detection based on intersection of vertical and horizontal lines and 3) define a table made up of parallel lines
only. The authors use data set UW-III for the experiment
to obtain the results. Achieve precision (82%) and recall
(80%).

such as Alexnet, VGGNet, GoogleNet, ResNet are usually
followed by Lenet-5’s rule of reducing the spatial size
of feature maps, connecting convolutions from degrees
high resolution to low resolution in a sequence and using these low resolution representations for classification.
Meanwhile, high-resolution representations are needed for
tasks such as semantic segmentation, human action computation, and object detection. Jingdong Wang et al. proposed that HRNet (High-Resolution Net) [12] is capable of
maintaining high resolution representations throughout the
processing. The HRNetV2p instance is made up of a feature
tower from HRNetV2 representatives used for the object
detection task and evaluated against the COCO dataset.

Kleber et al. [7], proposed a method to match the sample
table structure using a linked graph for handwritten/printed
historical documents. Table matching is performed by detecting the maximum group in the association graph, which
represents the matching of the sample and document of
interest line information.

These methods, which mostly deal with photos of construction documents for competitions, have not yet processed and proven the method’s effectiveness with realworld data. Second, the data is usually of a historical
or modern type only. While the data to be digitized in
practice can include both. The article focuses on proposing
algorithms to recognize table structure on actual data from
hydrometeorological stations. This data has a high difficulty
because it contains many different table structures, besides
there are both old and new documents, so the image quality
is much different.

Along with the development of deep learning techniques.
In 2017, Schreiber et al. [8] proposed a deep learning-based
approach for table detection and table structure recognition
in documents or images. The author uses Faster R-CNN
network for table discovery task and FCN network for
table structure recognition task (specifically, table row and
column recognition). This method is tested on the ICDAR
2013 dataset consisting of 67 documents with 238 pages,
with the F1 measure reaching 96.77% for the table detection
task and 91.44% for the table structure recognition task.

III. PROPOSED METHODS

Devashish Prasad et al. [9] in 2020 proposed an endto-end deep learning model CascadeTabNet used to detect
and recognize the table structure. The article’s tests are
on the data sets ICDAR 2013, ICDAR 2019, Tablebank
[10]. With the F1 measure achieved 90.1% for the ICDAR
2019 dataset, 94.33% for the Tablebank dataset for the table
discovery task, 23.2% for the ICDAR 2019 dataset branch
B2 (modern tables) for the identification table structure
task.

In this paper, we propose an algorithm intergrating deep
learning and traditional to solve the real problem - digitizing
tables of hydrometeorological documents. Towards this
goal, the main strategy of the paper includes:
- Based on state-of-the-art CNN architecture for table
segmentation and detection.
- Tranfer learning for Hydrometeorological data to improve performance.
- Use the template table to better identify the table
structure in the document.

In object detection, a certain IoU (Intersection over
Union) threshold is used to determine positive and negative.
Usually will be trained with a low IoU threshold eg 0.5,
this causes the model to always generate a lot of noise in
the detection. However, if the IoU threshold is increased,
the detector performance decreases. The underlying cause
for this phenomenon is over-fitting in the training process,
due to an exponential decline with positive samples as the
IoU threshold is increased. The multi-stage object detection
architecture, Cascade R-CNN proposed by Zhaowei Cai et
al. in 2017 [11] aims to solve these problems. Cascade RCNN uses several stages (usually 3), each stage resampling,
thereby changing the distribution of the input hypothesis.
Cascade R-CNN has relatively high accuracy with test
benchmark data.

With the collected initial data, we divide the Hydrometeorology data into the following 3 types of tables: table_skt1_old, table_skt1_new, table_normal. The
table_skt1_old is the old table of the meteorological observation book from 1969 to 1985. The table_skt1_new is
the table of the basic meteorological observation book from
2000s. Table_normal is the remaining table, both old and
new, including specific tables for each type of documents.
We propose a solution to recognize the table structure as
shown in Figure 1. Accordingly, the original document image is included in the Cascade mask RCNN HRNetv2pW40
model to detect the tables in the document. In addition, the
model also classifies the table into 3 types, corresponding
to 3 output branches: Table_normal, Table_skt1_old and

Most of the networks developed used for classification
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Table_skt_old

Image

Cascade mask R-CNN
HRNetv2pW40

Matching
table

Table_skt_new

Table
structure
Table_normal

Image post-processing

Figure 1: The proposed pipeline for identifying the table structure in the Hydrometeorology documents.

Table_skt1_new. Tables in the table_normal branch would
be processed by traditional image processing methods to
recognize the cell areas in the table and the relationship
between them. Besides, the proposed method applies alignment techniques and template tables to identify the structure
of the table for table_skt1_new and table_skt1_old.

two predictions: predicting the bounding box and classifying. We indicate “B” as the bounding boxes predicted
by the “head”. “C” is the classification prediction of the
object. “Mask Head” predicts the mask of the object and
“S” denotes the output segment. At the inference step, the
object detected by “Bbox Head” is supplemented with the
segment mask performed by “Mask Head”.

1. The proposed table detection model

The model bases on the MMdetection library [13]. We
use the default cascade mask configuration of rcnn hrnetv2p
w32 20e for our model during the experiment and analysis.

In this paper, the prososed method intergrates Cascade
mask R-CNN and HRNetV2pW40. Cascade mask R-CNN
is very similar to Cascade R-CNN, this model extends the
ability to segment objects by adding a segmentation branch
as done with Mask RCNN.

2. Transfer learning
For table detection task, we use iterative transformation
learning technique. First, we use the general data containing
many different tables, like table with border, table without
border, table lacking border. After training, we re-adjust
with the hydrographic materials of the table, in order to
create a model that can infer well with this special the data
set.
Figure 4 illustrates the transformation process for problem release table accountants.

Figure 2: Illustration of using Cascade Mask model R-CNN HRNetV2pW40 for table detection in Hydrometeorological documents

First, we use a model that has been trained with generic
data. We only perform the task of detecting tables, all tables
in the document will be annotated as a class (table class).

As shown in Figure 2, HR_NetV2p_W40 model extracts
feature map of input image I. The Region Proposal Network
(RPN) predicts the original proposed features from the
feature maps. “Bbox Head” takes RoI features as input and
makes predictions for each RoI. Each “Bbox Head” makes

Second, we refine the model trained in the first step.
With data obtained from documents of hydrometeorological
centers of Vietnam. In this step, we classify the table into 3
types: table_skt_1_old, table_skt_1_new, table_normal. Ta43
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(b) Table skt_1_new

(a) Table skt_1_old

Figure 3: Table data labeled table_skt_1_new and table_skt_1_old

3. Analyze table structure based on sample table
For some types of tables with complex structure, historical documents, it is very difficult to automatically
recognize the table structure. For special data with known
information about some tables, several techniques can be
used to identify the structure of the table as shown in Figure
5. First, after the table is detected in the document with the
model in the previous figure, the tables table_skt_1_old
and table_skt_1_new are truncated from the table container.
Second, we use ORB (Binary Robust Independent Elementary Features) technique to extract features of the image,
then use RANSAC algorithm to match key points in two
images, find the identity matrix and transform the input
image according to the identity matrix. We get the output
image with a high match to the sample image. Third, we
define the table template as xml. Enclose box coordinates
around table cells and show their relationship. The cells
are then OCR to detect the filled text in the defined table
structure.

Figure 4: Two stage transfer learning for the Hydrometeorological table
detection

ble_skt_1_old are old technical books, historical documents
(since 1969) and complex structure.
Table_skt_1_new are new, complex tables. Table_normal
are simple structured tables that can be processed by
traditional or deep learning methods.

IV. RESULTS AND ANALYSIS
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[Input Image]

[Output]

Extract Keypoints

RANSAC Algorithm

Input:
- Image Input
- Image Template

Output:
Image is aligned

- ORB
- RANSAC
Figure 5: Identifying table structure based on sample table

(a) Table has a simple structure

(b) The table has a complex structure like table_skt1_new

Figure 6: Some tables are labeled table_normal

1. Dataset Preparation

[14], Marmot [15] and Github [16]. The dataset has been
labeled and provided by Devashish Prasad [9]. The dataset
is ultilized for table detection task, table classification and
no-table regions. This general dataset includes a total of

We experiment on 3 data sets: - The general dataset:
The dataset is aggregated from three databases ICDAR19
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Research and Development on Information and Communication Technology
TABLE I: COMPARISON OF TABLE FINDING RESULTS ON GENERAL DATA.
(data compiled from three databases ICDAR19 [15], Marmot [15] and Github [16])
IoU

Model

Wags

0.6

0.7

0.8

0.9

Cascade mask RCNN HRNetv2pW32 [9]

0.9604

0.9606

0.9658

0.9696

0.9641

Cascade mask RCNN HRNetv2pW40

0.9667

0.9669

0.9674

0.9693

0.9675

TABLE II: COMPARISON TABLE FINDING RESULTS ON DATA SET TABLEBANK.
Word

Model

Latex

Word+Latex

P

R

F1

P

R

F1

P

R

F1

X101(Word) [17]

0.9352

0.9398

0.9375

0.9905

0.5851

0.7356

0.9579

0.7474

0.8397

X152(Word) [17]

0.9418

0.9415

0.9416

0.9912

0.6882

0.8124

0.9641

0.8041

0.8769

X101(Latex) [17]

0.8453

0.9335

0.8872

0.9819

0.9799

0.9809

0.9159

0.9587

0.9368

X152(Latex) [17]

0.8476

0.9264

0.8853

0.9816

0.9814

0.9815

0.9173

0.9562

0.9364

X101(Word+Latex) [17]

0.9178

0.9363

0.9270

0.9827

0.9784

0.9806

0.9526

0.9592

0.9559

X152(Word+Latex) [17]

0.9229

0.9266

0.9247

0.9837

0.9752

0.9795

0.9557

0.9530

0.9543

The proposed method (Word -3000 sample)

0.9563

0.9514

0.9538

0.9276

0.9826

0.9543

0.9365

0.9687

0.9523

The proposed method (Latex - 2000 sample)

0.9112

0.8698

0.8900

0.9845

0.9842

0.9844

0.9646

0.9466

0.9556

The proposed method (All 4000 sample)

0.9286

0.9211

0.9248

0.9749

0.9797

0.9773

0.9620

0.9588

0.9604

TABLE III: TABLE FINDING RESULTS AFTER FINETURNING MODEL AND DATA ON KTTV DATA.
IoU

Model
Cascade mask RCNN HRNetv2pW40
+ small data is dilation
Cascade mask RCNN HRNetv2pW40
fineturning general dataset
Cascade mask RCNN HRNetv2pW40
fineturning general dataset + dilation

Wags

0.6

0.7

0.8

0.9

0.9784

0.9855

0.9855

0.9855

0.9837

0.9723

0.9774

0.9794

0.9803

0.9773

0.9865

0.9865

0.9883

0.9883

0.9874

TABLE IV: RESULTS OF CLASSIFICATION OF TYPES OF HYDROLOGICAL TABLES.
Table type name

Correct identification number

Amount to be identified

Probability

Table_normal

115

115

1.0

Table_sk1_old

233

233

1.0

Table_sk1_new

190

190

1.0

In Figure 3 (a) the skt1_old tables are the old tables of
the meteorological observation books dating from 1969 to
1985. The pictures are often of poor quality, due to old
books, faded ink, and bad paper. Figure 3 (b) skt_1_new
are the tables of the basic meteorological observation books
from 2000 onwards. These document images are relatively
good, but the table structure is very complicated, the
vertical lines are short, not aligned from the end to the
end, so it is difficult to identify the links from the table
cells automatically. These two types of tables have complex
structures.

1934 photos, the documents in the photos are new, have
good image quality, and are available in 2 languages:
English and Chinese.
- Tablebank dataset [10]: Tablebank . . . to evaluate the
quality of the table detector. Tablebank is a relatively large
data set of 278582 images divided into 2 main types, Latex
and Word.
- Hydro-meteorological data: The first collected hydrometeorological data set includes 780 high-resolution
scanned images (360dbi), equivalent to the image width of
6 inches. Data is taken from 13 different types of technical
books related to meteorology, for example: basic meteorological observation book, soil temperature monitoring
book. The data is divided and labeled into 3 types of tables
table_skt1_old, table_skt_1_new , table_normal.

Figure 6 is a description of the table_normal table type.
Figure 6-a The table_nomal table has a simple structure,
these tables can be identified by the traditional methods of
row and column identification, or using learning deep[14],
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(a) Detect table table_nomal

(b) Detect table table_stk1_new
(c) Detect table table_stk1_old

Figure 7: Some results of the hydrometeorological data set table detection.

Figure 6-b is a type of table with a complex structure that
is highly similar to table_skt1_new. However, because the
amount of data we currently have is too small to classify
this table as a separate type, we have included it with the
table_normal table type. In addition, this is also used to
test the robustness of the model’s classifier. In total, our
data includes 780 images, in which table_normal has 243
images, table_skt1_old has 300 images, table_skt1_new has
237 images. We will rely on this data set to evaluate the
quality of the model.

a) Experimental results on the general data set
From the results of Table I, it is found that the Cascade
mask R-CNN model HRNetv2pW40 has higher accuracy.
This can be explained by the fact that we use more
feature widths. Therefore, the Cascade mask R-CNN HRNetv2pW40 model will be selected to be used to conduct
further evaluation tests. Table I compares the results between the models, based on the F1 score. The proposed
model achieves higher results than the Cascade mask RCNN
HRNetv2pW32 model in most IoU indexes with an average
accuracy of 96.75%.

2. Results and analysis

b) Experimental results on the TableBank data set

We conduct model testing on the data sets presented
in section IV.2.a. Compare some CNN network models,
and the capabilities of our proposed model. We also tested
some post-processing techniques related to output table
alignment. Our experiments are performed on Google Colaboratory platform with P100 PCIE GPU with 16GB GPU
memory, Intel(R) Xeon(R) CPU @2.30GHz and 12.72 GB
Ram.

Second, we evaluate the table detection quality of the
model on the Tablebank dataset. The results show that the
model achieves the best results of 96.44% with the F1
score, with both Latex and Word data. While, we only use
4000 samples for training instead of using 260582 training
samples of original setting. The test set uses the split ratio
of the Tablebank dataset (5719 for latex, 2281 words, 8000
samples for both)

For each dataset, we use 60% for training set, 40% for
testing set. Specifically with the general dataset, we use
1160 images for the training set, 774 images for the test set;
With the KTTV dataset, we use 486 images for the training
set, 294 images for the test set. First, we use common data
to evaluate the panel detection of two models Cascade mask
R-CNN HRNetv2pW32 (CascadeTabNet [9]) and Cascade
mask R-CNN HRNetv2pW40 (W represents feature width).

c) Experimental results on hydrometeorological data set
Third, we test the Cascade mask R-CNN HRNetv2pW40
model with hydrometeorological data, combined with the
use of dilation enhancement technique. Here, we did not
use the smudge technique to enhance the image as old
hydrometeorological images are of poorer quality than the
original modern images used in [9], the use of smudge
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(b)
(a)

Figure 8: Some error table detection results.

will cause the image to lose the features. required to
detect the table. We use Cascade mask model RCNN
HRNetv2pW40 with data divided into 3 types of tables.
From the experimental results in Table III, we see that the
model gives relatively good panel detection results. After
fine-tuning the model and data, the table detection results
increased by about 2% compared to applying Cascade mask
RCNN HRNetv2pW40 only, averaging 98.74%.

case, table 1 is divided into 2 tables vertically, because the
columns in the table are far apart and the horizontal line is
broken between the two columns.
On the KTTV dataset, the results suggest the postprocessing step of image alignment, using the sample
table and ORB (Binary Robust Independent Elementary
Features) and RANSAC algorithms to identify the structure
of the table, conducting experiments on the skt_new table.
The red and blue lines in Figure 9-a represent the area
of interest as a result of the template table alignment
and definition. The dark red and purple lines in Figure
9-a represent a match between the table of interest and
the sample table. Thereby we see the cells in the table
are clearly identified. Next with the cells that have been
previously marked based on the sample table. Will proceed
to split the cells and perform OCR and save the results to
the excel file. Figure 9-b is the result of the table extracted
to the excel file, we see that the table structure recognition
is very good. However, the handwriting recognition part is
not good, achieving an accuracy of 65%, it is necessary to

Table IV presents the results of table classification of
phytosanitary datasets performed with threshold IoU = 0.8.
The probability of table classification is 100%. Some results
of the panel detection are shown in Figure 7. Figure 7-a, b,
c illustrates the blue highlighted detection panel area and
the label of the detected panel type of the corresponding
table_sk1_new, table_normal and table_skt1_old.
Some of the error cases in table detection are mentioned
in Figure 8. Figure 8-a is a case of missing table part
recognition, a table is split into 5 sub-tables caused by the
rows in this table being far apart. The model is interpreted
as separate tables. Figure 8-b is an error identification
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Figure 9: Illustration of using sample table to identify cells of interest.

have another study to handle this handwriting.

[2] G. V. S. S. K. R. Naganjaneyulu, N. V. Sathwik, and A. Narasimhadhan, “A multi clue heuristic based algorithm for table detection,” in
2016 IEEE Region 10 Conference (TENCON), 2016, pp. 1246–1249.
[3] T. Dhiran and R. Sharma, “Table detection and extraction from image document,” International Journal of Computer & Organization
Trends, vol. 3, no. 7, pp. 275–278, 2013.
[4] A. Gilani, S. R. Qasim, I. Malik, and F. Shafait, “Table detection
using deep learning,” IEEE, 09 2017.
[5] F. Shafait and R. Smith, “Table detection in heterogeneous
documents,” in Proceedings of the 9th IAPR International Workshop
on Document Analysis Systems, ser. DAS ’10. New York, NY,
USA: Association for Computing Machinery, 2010, p. 65–72.
[Online]. Available: https://doi.org/10.1145/1815330.1815339
[6] T. Huynh-Van, K. Nguyen-An, T. L. B. Khanh, H.-J. Yang, T. A.
Tran, and S.-H. Kim, “Learning to detect tables in document
images using line and text information,” in Proceedings of the
2nd International Conference on Machine Learning and Soft
Computing, ser. ICMLSC ’18. New York, NY, USA: Association
for Computing Machinery, 2018, p. 151–155. [Online]. Available:
https://doi.org/10.1145/3184066.3184091
[7] F. Kleber, M. Diem, H. Dejean, J.-L. Meunier, and E. Lang, “Matching table structures of historical register books using association
graphs,” in 2018 16th International Conference on Frontiers in
Handwriting Recognition (ICFHR), 2018, pp. 217–222.
[8] S. Schreiber, S. Agne, I. Wolf, A. Dengel, and S. Ahmed, “Deepdesrt:
Deep learning for detection and structure recognition of tables in
document images,” in 2017 14th IAPR International Conference on
Document Analysis and Recognition (ICDAR), vol. 01, 2017, pp.
1162–1167.

V. CONCLUSION
This paper proposes an overall method based on the
Cascade mask R-CNN HRNetw40 model to detect table
objects, combining ORB and RANSAC techniques to digitize table documents. The results show that the proposed
algorithm is capable of detecting and classifying document
tables very well. The table detection results reached 98.74%
on the F1 score and recognized different types of tables
with a very high accuracy rate on the three test data
sets. The results obtained in the study show the feasibility
of applying deep learning techniques in the process of
digitizing documents, especially tabular documents.
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