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Multiconstraint prediction is a research hotspot and diﬃculty in the Internet of Things. Aiming at the main problems existing in the
process of multiconstraint fuzzy prediction, this paper studies the related key technologies and methods and proposes an improved
multiconstraint fuzzy prediction analysis algorithm in the application of Internet of Things. This paper introduces the
multiconstraint attribute analysis, multiconstraint attribute normalization processing, multiconstraint attribute weight
processing, multiconstraint attribute prediction analysis granularity setting, etc. and systematically calculates the ambiguity of
multiconstraint attributes and realizes the multiconstraint fuzzy prediction analysis algorithm. Finally, combined with relevant
cases, the algorithm is compared with the existing research results, which shows the eﬀectiveness and feasibility of the algorithm
in the Internet of Things.

1. Introduction
The Internet of Things (IOT) refers to the real-time collection of any object or process that needs monitoring, connection and interaction, and the collection of various required
information such as sound, light, heat, electricity, mechanics,
chemistry, biology, and location through various devices and
technologies such as information sensors, radio frequency
identiﬁcation technology, global positioning system, infrared
sensors, and laser scanners. Through all kinds of possible network access, the ubiquitous connection between things and
people can be realized and the intelligent perception, identiﬁcation and management of goods and processes can be realized. The Internet of Things is an information carrier based
on the Internet and traditional telecommunication network.
It enables all ordinary physical objects that can be independently addressed to form an interconnected network [1].
The Internet of Things (IOT) is the “Internet connected
with everything.” It is an extension and expansion network
based on the Internet. It combines various information sensing devices with the network to form a huge network, realizing the interconnection of people, machines, and things at
any time and any place [2].

The Internet of Things is an important part of the new
generation of information technology. The IT industry is also
called pan Internet, which means that things are connected
and everything is connected. Thus, “the Internet of Things
is the Internet of Things.” This has two meanings: ﬁrst, the
core and foundation of the Internet of Things is still the
Internet, which is an extended network based on the Internet,
and second, its client extends to any item to exchange information and communicate with each other. Therefore, the
deﬁnition of the Internet of Things is a kind of network that
connects any article with the Internet according to the agreed
protocol through information sensing devices such as RFID,
infrared sensors, global positioning system, and laser scanner
for information exchange and communication, so as to realize the intelligent identiﬁcation, positioning, tracking, monitoring, and management of articles [3].
Constrained optimization, namely, constrained optimization problem, is a branch of optimization problem. It is to ﬁnd
a group of parameter values under a series of constraints, so
that the target value of a function or a group of functions
can reach the optimal value. The constraints can be either
equality constraints or inequality constraints. The key to ﬁnd
this group of parameter values is to meet the constraints and
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target values to achieve the optimal value. The methods for
solving constrained problems can be divided into traditional
methods and evolutionary algorithms.
The basic idea of traditional methods, such as the Newton method and gradient method, is to transform a dynamic
object to a static object and multiobjective into a single-object
one, from point and face search. The traditional methods
have the following problems: (1) the traditional gradientbased optimization methods (such as the feasible direction
method and constrained variable scale method) usually seek
a feasible and descending direction ﬁrst, then search the linear in this direction, and repeat the steps above to get the
optimal solution of the problem. However, the optimal solution is often local optimal. (2) For many practical constrained
optimization problems, on the one hand, because the objective function is often complex, it is not only the problem with
high dimension but also the existence of several small points
in the optimization surface, which makes the traditional
gradient-based algorithm diﬃcult to work. On the other
hand, the objective function is often discontinuous or diﬀerentiable in practical problems. Some problems have no analytic expression, so traditional algorithms ﬁnd it diﬃcult to
solve these problems. And (3) because of the existence of
constraints, the feasible search space of decision variables is
irregular (such as nonconvex and unconnected), which
increases the diﬃculty of searching the optimal solution,
and sometimes, it is diﬃcult to ﬁnd the feasible solution.
The evolutionary algorithm is an intelligent global optimization method, which requires very low properties of the
function itself, often only requires that the objective function
value can be calculated, and does not require it to have continuity, diﬀerentiability, and other analytical properties. At the
same time, it is based on the population evolution algorithm,
so it can use the evolutionary algorithm to solve constrained
optimization problems. The key of using the evolutionary
algorithm to solve the constrained optimization problem is
how to deal with constraints eﬀectively, that is, how to balance
the search between feasible and infeasible regions.
Common evolutionary algorithms for solving constrained optimization problems include the penalty function
method, genetic algorithm, evolutionary strategy, evolutionary programming, and ant colony algorithm and particle
swarm optimization.
In general, whether the evolutionary algorithm can converge to the global optimal solution is independent of the initial population, while the traditional optimization method
depends on the initial solution. The evolutionary algorithm
has the ability of global search, but many traditional optimization methods often fall into local optimum. The evolutionary algorithm has a wide range of applications and can
eﬀectively solve diﬀerent types of problems, while traditional
optimization methods can only solve a certain type of
problems.
The shortcomings are as follows: (1) the parameters of
the evolutionary algorithm, such as population size, evolutionary algebra, recombination probability, and mutation
probability, often need to be set according to experience
and are related to the problem to a certain extent and (2)
the convergence problem of the evolutionary algorithm, the
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convergence judgment of the evolutionary algorithm in solving practical problems, is the lack of theoretical guidance.
Multiconstraint problem is a diﬃcult problem in the process of system engineering analysis. In many engineering ﬁelds,
it is necessary to optimize the design and analysis of multiconstraint problems, especially complex system engineering [1, 2].
What is more complicated is that the development of complex
systems is largely unknown due to the existence of multiple
constraints. Therefore, it is very diﬃcult to predict the development of complex systems scientiﬁcally, accurately, and reliably
[3, 4], especially when the constraint information is fuzzy and
uncertain. How to accurately capture information and make
eﬀective prediction, so as to provide good support for the
design, maintenance, and repair service of the complex system,
will have very important engineering application signiﬁcance.
At present, the research of fuzzy system prediction has
analyzed some existing research results, especially literature
[5, 6], based on the Grey Theory and neural network [7–9],
vector machine, extension theory of genetic algorithm
[10–12], etc., which has good engineering application eﬀect.
Due to the uncertainty of fuzzy information, how to measure fuzzy information eﬀectively and make more detailed
and accurate information prediction still need further
research. Therefore, based on the fuzzy system theory
[13, 14], this paper analyzes the multiconstraint fuzzy prediction problem and proposes an improved multiconstraint
fuzzy prediction analysis algorithm and model [15–19].

2. The Basic Theory
2.1. Multiconstraint Fuzzy Prediction Analysis Attribute Set.
The content of multiple constraints has many meanings. First
of all, in the process of design, analysis, and optimization of
the complex system, the design objective is restricted by
many factors. In order to get the ideal design result, we must
deal with the relationship between design constraints and
design objectives. Second, for complex systems, there are
contradictions or incompatibilities among various types of
design behaviors, design requirements, or design objectives.
To deal with these contradictions or incompatibility, we must
deal with the relationship between the factors involved. The
third is the correlation between design attributes of complex
systems. This association can be implicit or explicit, but it has
an impact on the performance of complex systems. Therefore, in order to deal with the design problems better, we
can extract the features and attributes of multiconstraints
and form a multiconstraint fuzzy prediction analysis set, so
that it can better predict and analyze the design objectives.
Assuming that the extracted multiconstraint attributes are
marked with the number Q, then, the multiconstraint fuzzy
prediction analysis set S is expressed as follows:


S = S1 , S2 ,⋯,Sk ,⋯,SQ−1 , SQ :

ð1Þ

2.2. The Fuzzy Distance. In order to describe the proximity
between the predicted analysis target and the fuzzy set S,
the fuzzy system theory gives the concept of the fuzzy distance. Suppose that the fuzzy value of the constraint attribute
k of the prediction analysis target corresponding to the fuzzy
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set S is denoted as vk = ½vk ðaÞ, vk ðbÞ. The fuzzy interval of
the fuzzy set S about the constraint attribute is denoted as
vSk = ½vSk ðaÞ, vSk ðbÞ. Then, the fuzzy distance between the
two is denoted as
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

 
 
vS ðaÞ − vk ðaÞP + vS ðbÞ − vk ðbÞP
P
k
k
Dk =
:
2

Dk =

k

k

2

:

ð3Þ

It is called the Hamming distance. For P = 2, it can be
expressed as follows:

Dk =

s
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
 S
 

v ðaÞ − vk ðaÞ2 + vS ðbÞ − vk ðbÞ2
k

k

2

:

Multiconstraint fuzzy
prediction analysis problem

Fuzzy attribute extraction

Objects to be predicted for
analysis

Multiconstraint fuzzy
prediction analysis set

Predict and analyz
attribute quantity valuese

Predictive analysis attribute
weight acquisition model

Normalized treatment

Predict and analyze
attribute weights

Fuzzy distance calculation
model

Predictive analysis attribute
normalization processing
model

Fuzzy distance acquisition

Normalized predictive
analysis attribute values

Fuzzy approximation
model

Granularity setting of fuzzy
prediction analysis

Fuzzy proximity

Classical domain division
of prediction analysis target

Reference target classical
domain acquisition

Predictive analytics
attribute classical domain

The predictive value
interval of the predictive
analysis object

ð2Þ

In particular, for P = 1, it can be expressed as follows:
 

 S
v ðaÞ − vk ðaÞ + vS ðbÞ − vk ðbÞ

Multiconstraint fuzzy
prediction analysis problem

ð4Þ

It is called the Euclidean distance.

3. Multiconstraint Fuzzy Prediction Analysis
Algorithm and Model
3.1. The Normalization of Multiple-Constraint Attributes.
Diﬀerent predictive analytics indicators may have diﬀerent
dimensions. In order to make the results of the predictive
analysis more reliable, all predictive and analytical indicators
need to have a uniﬁed measurement standard. Since it is a
fuzzy prediction analysis, for the generality of the discussion,
it is assumed that the attribute values of the prediction analysis are all fuzzy intervals, that is, the initial magnitude of the
prediction analysis target with respect to the prediction analysis index k is vk = ½vk ðaÞ, vk ðbÞ and the normalized value is
uk = ½uk ðaÞ, uk ðbÞ. The threshold value of the predictive
Θ
Θ
analysis indicator k is vΘ
k = ½vk ðaÞ, vk ðbÞ, so the normalized
formula of the cost-type predictive analysis indicator k can be
expressed as follows:

No

Is it
reasonable?

uk = ½uk ðaÞ, uk ðbÞ,
uk ðaÞ =

vΘ
k ðbÞ − v k ðbÞ
,
Θ
vk ðbÞ − vΘ
k ðaÞ

Yes

ð5Þ

v Θ ðb Þ − v k ða Þ
:
uk ðbÞ = Θk
v k ðb Þ − v Θ
k ða Þ

Figure 1: Implementation ﬂow of the multiconstraint fuzzy
prediction analysis.

The normalized formula of beneﬁt prediction and analysis indicators k can be expressed as follows:
u k = ½ u k ð a Þ, u k ð b Þ  ,
uk ðaÞ ==

v k ða Þ − v Θ
k ðaÞ
,
Θ
v k ðb Þ − v Θ
k ða Þ

uk ðbÞ =

v k ðb Þ − v Θ
k ða Þ
:
Θ
b
−
v
vΘ
ð
Þ
k
k ða Þ

End

ð6Þ

3.2. Weight Handling of Multiple-Constraint Attributes. The
multiconstraint attribute weights can be obtained by various
methods, such as the AHP method, entropy weight method,
comprehensive evaluation method, neural network method,
and gray correlation method. AHP method has the advantages of simplicity, practicality, and reliable results. Therefore, this paper takes the AHP method as an example to
illustrate the weight processing process of multiconstraint
attributes. The process implementation is as follows [11]:
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Table 1: The data comparison with reference [5].

1
2
3
Prediction object
Weight

Property 1

Classical ﬁeld
Property 2

Property 3

0–0.070
0.070–0.180
0.130–0.340
0.247
0.300

0.135–0.195
0.080–0.270
0.200–0.260
0.216
0.400

0.120–0.180
0.110–0.200
0.340–0.400
0.309
0.300

Table 2: The result of the fuzzy distance comparison with
reference [5].

1
2
3

Property 1

Classical ﬁeld
Property 2

Property 3

0.215
0.134
0.106

0.059
0.103
0.033

0.162
0.160
0.068

(1) The ﬁrst is forming a multiconstraint predictive analysis attribute set
(2) Expert judgement is carried out using a 1–9 ratio
scale to obtain a judgment matrix A
2

a11

6
6 a21
 
A = aij nxn = 6
6
6⋯
4

a12
a22
⋯

⋯

⋯

⋯

⋯

3

7
⋯ ⋯7
7
7
⋯ ⋯7
5
⋯ ann

aij
a j = 〠
n
i=1 ∑i=1 aij

n

!

ðAW Þi
j=1 nW i

ð8Þ

ð9Þ

(5) Perform a consistency check on the evaluation matrix
A
λ −n
,
CI = max
n−1
CI
:
CR =
RI

/

Table 3: The result of the fuzzy approximation comparison with
reference [5].

1
2
3

Property 1

Classical ﬁeld
Property 2

Property 3

Weighted fuzzy
approximation

0.785
0.866
0.894

0.942
0.897
0.967

0.838
0.840
0.932

0.864
0.870
0.937

formed. Otherwise, the evaluation matrix needs to
be reset
(6) Weight acquisition
a j
n
∑ j=1 a j

ð11Þ

ð7Þ

(4) The maximum eigenvalue acquisition is performed
on the evaluation matrix A
λmax = 〠

0.070–0.150
0.150–0.230
0.230–0.300

wj =

(3) Normalize the evaluation matrix A
n

Target range

ð10Þ

If CR ≤ 0:1, it indicates that the evaluation matrix A
has good consistency and the next step can be per-

3.3. Multiconstraint Attribute Predictive Analysis Granularity
Setting. The granularity setting of multiconstraint attribute
predictive analysis is to set the interval division of the
quantitative value of the multiconstraint fuzzy predictive
analysis attribute set. The granularity should be selected
appropriately, neither too large nor too small, and should
be analyzed and selected according to the actual situation
of the prediction analysis target. If the selected granularity
is too small, the attribute set of multiconstraint fuzzy prediction analysis is divided too ﬁne. In extreme cases, each
data item is a reference target, which may lead to the failure to predict the target object. If the selected granularity
is too large, the division of the multiconstraint fuzzy prediction analysis attribute set is too thick, which will lead
to a too wide range of reference target and too wide range
of prediction results, so that the target object cannot be
accurately predicted.
3.4. Classical Domain Generation of Multiconstraint
Properties. On the basis of setting the granularity of multiconstraint attribute prediction analysis, assuming that it is
divided into H classical domains, the quantitative value interval of the reference target of the corresponding classical
domain on the attribute set of fuzzy prediction analysis can
be obtained Z h = ½Z h ðaÞ, Z h ðbÞ.
According to the magnitude of the interval Z h = ½Z h ðaÞ,
Z h ðbÞ, the reference objects corresponding to the historical
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Table 4: Comparison and analysis data with literature [11].

1
2
3
Object to be predicted
The weight

Property 1

Classical ﬁeld
Property 2
Property 3

Property 4

0.069–0.158
0.083–0.181
0.187–0.327
0.195
0.154

0.085–0.327
0.172–0.265
0.256–0.284
0.202
0.477

0.077–0.162
0.106–0.216
0.209–0.301
0.183
0.081

records contained therein are determined. Assuming that the
number of reference objects is N, the classical ﬁeld Ωhk of the
reference target h formed for these reference objects is
h
i
Ωhk = Ωhk ðaÞ, Ωhk ðbÞ ,

Ωhk ðbÞ ≥



max uk =

1≤i≤N

uik ðaÞ, uik ðbÞ

ð12Þ

:

Ωhk ðaÞ < min uik ðaÞ,
1≤i≤N

ð13Þ

max uik ðbÞ:

1≤i≤N

3.5. Multiconstraint Attribute Fuzzy Proximity Calculation.
Assume that prediction target on the forecasting analysis
index k value for uk = ½uk ðaÞ, uk ðbÞ, according to the fuzzy
distance calculation formula given above, the fuzzy distance
Dhk between the prediction and analysis target k, and the reference target h can be obtained.

Dhk =

2

:

ð14Þ

When the magnitude of the predictive analysis target
with respect to the predictive analysis index k is an exact
value, that is, uk = uk ðaÞ = uk ðbÞ, it is described as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

 
 
Ωhk ðaÞ − uk P + Ωhk ðbÞ − uk P
P
Dhk =
:
2

ð15Þ

The greater the fuzzy distance Dhk , the more distant the
two are, and the smaller the fuzzy distance Dhk is, the closer
they are. Therefore, the fuzzy proximity Φhk is introduced
Φhk = 1 − Dhk :

ð17Þ

3.6. Implementation of Multiconstrained Fuzzy Prediction
Analysis. The larger the integrated weighted fuzzy proximity
Φhk is, the closer the predicted analysis target is to the reference object, and vice versa, the farther away the predicted
analysis target is from the reference object. Therefore, based
on the comprehensive weighted fuzzy proximity Φhk , the predicted analysis target can be obtained according to the size of
the integrated weighted fuzzy proximity Φhk and the corresponding domain value range Z h = ½Z h ðaÞ, Z h ðbÞ of the corresponding reference target h. Then, the fuzzy predictive
value Z ∗ of the prediction analysis target must satisfy the following equation.
Z ∗ ∈ Z h = ½Z h ðaÞ, Z h ðbÞ:

sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ

 
 
Ωhk ðaÞ − uk ðaÞP + Ωhk ðbÞ − uk ðbÞP
P

/

k=1

In general, in order to ensure the reliability and accuracy
of the prediction results, take the following values, even if the
range is a little bit wider.

Ωhk ðbÞ >

0.080–0.180
0.180–0.280
0.280–0.400

Assuming that the weight of each predictive analysis
attribute is taken into account, the comprehensive weighted
fuzzy approximation Φhk is
K 


Φh = 〠 wk ∗ 1 − Dhk :


Ωhk ðaÞ ≤ min uk = uik ðaÞ, uik ðbÞ ,
1≤i≤N

0.146–0.196
0.127–0.275
0.292–0.332
0.227
0.288

Target range

ð16Þ

ð18Þ

Thus, the realization process of the multiconstraint fuzzy
prediction analysis algorithm can be shown in Figure 1.

4. Comparative Analysis
In order to verify the eﬀectiveness and feasibility of the proposed multiconstraint fuzzy prediction analysis algorithm,
the Euclidean distance calculation formula is used for analysis. At the same time, the implementation process of the algorithm and model proposed in this paper is explained.
Compared with the data in literature [5], the initial comparison data is shown in Table 1.
According to the calculation formulas of the fuzzy distance and fuzzy proximity, the corresponding calculation
results can be obtained, as shown in Tables 2 and 3,
respectively.
It can be seen that the predicted result target interval of
this algorithm should be 0.937. This is consistent with the
results of literature [5]. However, it should be pointed out
that the predicted object is closer to the target interval 1 for
attribute 1 and closer to the target interval 2 for attribute 2.
For attribute 3, the diﬀerence is not obvious, but because
attribute 2 accounts for a large proportion, the diﬀerence
should not be obvious, which is consistent with the calculation results.
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Table 5: Comparison of the fuzzy distance calculation results with
literature [11].
Property 1
1
2
3

Classical ﬁeld
Property 2
Property 3

0.093
0.080
0.094

0.121
0.049
0.069

0.061
0.078
0.087

Property 4
0.076
0.059
0.085

Table 6: Calculation results of fuzzy proximity compared with
literature [11].
Property
1
1
2
3

0.907
0.920
0.906

Classical ﬁeld
Property Property
2
3
0.879
0.951
0.931

0.939
0.922
0.913

Property
4
0.924
0.941
0.915

Weighted fuzzy
approximation
0.903
0.939
0.920

Similarly, the same processing method was used for comparative analysis with literature [11] and the calculation
results were shown in Tables 4, 5, and 6.
According to the fuzzy distance and fuzzy proximity
calculation formula in the paper, corresponding calculation
results can be obtained, as shown in Tables 2 and 3,
respectively.
According to the data in the table, the target interval of
the prediction results of this algorithm should be 0.939 corresponding to the target interval, that is, 0.180–0.280, which is
consistent with the result of reference [11].

5. Conclusion
Due to the existence of fuzzy information, the prediction and
analysis of complex systems under multiple constraints
become very complex. Therefore, the study of multiconstraint fuzzy prediction analysis method has important engineering value. An improved multiconstraint fuzzy prediction
analysis algorithm is proposed. The algorithm focuses on the
establishment of the attribute constraint set, standardization,
weight and prediction analysis of the granularity set, generation of the classical domain, calculation of fuzzy distance and
fuzzy closeness, constraint fuzzy prediction analysis, and
implementation of the algorithm and model. At the same
time, in order to verify the eﬀectiveness and feasibility of
the proposed algorithm, this paper compares and analyzes
the proposed algorithm and related algorithms. The results
are consistent, which provides a new solution and method
support for multiconstraint fuzzy prediction analysis.
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