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   Abstract—Safety  assessment  is  one  of  important  aspects  in
health  management.  In  safety  assessment  for  practical  systems,
three problems exist: lack of observation information, high system
complexity  and  environment  interference.  Belief  rule  base  with
attribute  reliability  (BRB-r)  is  an  expert  system  that  provides  a
useful way for dealing with these three problems. In BRB-r, once
the input information is unreliable, the reliability of belief rule is
influenced,  which  further  influences  the  accuracy  of  its  output
belief  degree.  On  the  other  hand,  when  many  system
characteristics  exist,  the  belief  rule  combination  will  explode  in
BRB-r,  and  the  BRB-r  based  safety  assessment  model  becomes
too complicated to be applied. Thus, in this paper, to balance the
complexity  and  accuracy  of  the  safety  assessment  model,  a  new
safety  assessment  model  based on BRB-r  with  considering belief
rule  reliability  is  developed  for  the  first  time.  In  the  developed
model,  a  new  calculation  method  of  the  belief  rule  reliability  is
proposed  with  considering  both  attribute  reliability  and  global
ignorance.  Moreover,  to  reduce  the  influence  of  uncertainty  of
expert knowledge, an optimization model for the developed safety
assessment  model  is  constructed.  A  case  study  of  safety
assessment  of  liquefied  natural  gas  (LNG)  storage  tank  is
conducted  to  illustrate  the  effectiveness  of  the  new  developed
model.
    Index Terms—Belief  rule  base  (BRB),  belief  rule  reduction,
reliability, safety assessment, structure adjustment.
  

I.  Introduction

W ITH the  increasing  complexity  of  practical  system,  the
difficulty  of  health  management  increases.  Safety

assessment is one of important means to ensure the reliability
of system and it is applied to prevent failure [1]–[4].

The  safety  assessment  model  applies  multi-source
observation  information  to  estimate  the  safety  state  of

complex system [5], [6]. In the safety assessment for complex
system, many excellent works have been conducted [7]–[11].
For example, Ahmadi et al. [8] developed a safety assessment
model  based  on  data-driven  model  and  a  theorem  of  safety
assessment is proposed, Syd Ali et al. [9] constructed a safety
assessment  framework  based  on  fault  tree  analysis  for
automatic  teller  machine  (ATM)  system,  Zhou et  al. [10]
proposed  a  hidden  behavior  prediction  model  for  complex
system based on belief rule base (BRB).

In  safety  assessment  for  practical  systems,  three  problems
exist.  Firstly,  due  to  the  high  cost  of  complex  system,  large
amounts  of  observation  data  cannot  be  gathered,  especially
fault  data  [12],  [13].  Moreover,  a  complex  system  contains
many subsystems and each subsystem is interrelated.  Experts
can provide some knowledge about the complex system [14].
However,  the  expert  knowledge  is  not  enough  to  build
accurate  safety  assessment  model  and  the  accuracy  of  the
knowledge-based  safety  assessment  is  limited  in  practical
system [12]. Thirdly, influenced by disturbance in engineering
practice,  the  gathered  system  information  may  not  be  fully
reliable  and  noise  exists  in  the  information  [15].  When  the
unreliable system information is used in the safety assessment
model,  its  modeling  accuracy  is  decreased.  The  above  three
problems  in  practical  systems  pose  challenges  for  safety
assessment.  Hence,  the  gathered  unreliable  observation  data
and  the  expert  knowledge  should  both  be  applied.  The  BRB
model  is  developed  based  on  fuzzy  theory,  Dempster-Shafer
theory and IF-THEN rule, which can handle uncertain, vague
and  incomplete  information  [14],  [16]–[18].  Then,  the  BRB
model with attribute reliability (BRB-r) is proposed and it is a
more  general  BRB  model,  where  the  attribute  reliability  is
further considered [15]. In the BRB-r model, the environment
noise is addressed by attribute reliability. So, in this way, the
BRB-r model provides an excellent framework to address the
above three problems. Thus, in this paper, a safety assessment
model is constructed based on BRB-r.

In the BRB-r model, the belief rule is constructed based on
attributes by experts [19], [20]. When the unreliable attributes
are  used  in  the  BRB-r  model,  the  reliability  of  belief  rule  is
decreased  and  its  output  reliability  is  influenced.  Moreover,
due  to  the  complex  environment  and  the  limitation  of  the
experts themselves, the expert knowledge applied in the belief
rule  may  not  be  fully  reliable.  Consequently,  influenced  by
these  two  factors,  the  belief  rule  in  the  constructed  model  is
unreliable and the reliability of its output is also decreased. In
BRB-r,  the  belief  rules  are  combined  by  the  evidential
reasoning (ER) algorithm to generate safety state of  practical
system [21], [22]. It should be noted that in existing works of
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BRB-r,  only  the  influence  of  unreliable  attribute  has  been
considered in the reliability of belief rule [15].  The influence
of  unreliable  expert  knowledge  cannot  be  addressed.  On  the
other  hand,  the  BRB-r  model  is  an  expert  system  that
complexity is determined by the amount of belief rule. When
the number of belief rules of BRB-r is too small, its modeling
ability  for  complex  system  is  influenced.  On  the  contrary,
once the number of belief rules is too large, the BRB-r model
complexity  increases  and  the  constructed  safety  assessment
model  cannot  be  trained  by  the  small  amount  of  observation
data  [23]–[25].  Thus,  for  safety  assessment  of  complex
system, some belief rules in BRB-r should be reduced and its
structure  should  be  adaptively  adjusted  according  to  the
practical system. In existing studies of BRB, some researches
have been conducted to optimize the model structure based on
the effectiveness of the belief rule [19], and these methods are
essentially data-driven structural  adjustment method. In these
methods,  the  reliability  of  attribute  and  expert  knowledge  is
assumed to be fully reliable. Once the input characteristics and
expert  knowledge  are  unreliable,  the  belief  rule  is  unreliable
and  its  effectiveness  has  no  meaning,  and  the  assessment
accuracy is decreased. Thus, to improve the accuracy of safety
assessment  model  and  reduce  the  model  complexity
adaptively,  the  unreliable  belief  rule  should  be  reduced
according  to  the  influence  of  complex  working  environment.
To  solve  the  above  two  problems  in  safety  assessment  for
complex  system,  a  new  safety  assessment  model  based  on
BRB-r is developed in this paper, where a calculation method
for  the  belief  rule  reliability  is  proposed.  The  belief  rule  in
BRB-r  is  constructed  based  on  the  IF-THEN  rule  [26]–[28].
Its  structure  is  determined  by  experts  and  the  unreliable
attributes  are  used  as  inputs.  The  reliability  of  attributes  and
expert  knowledge  both  influence  the  reliability  of  the  belief
rule.  Once  the  expert  knowledge  is  unreliable  and  uncertain,
the  constructed  belief  rule  is  unreasonable  that  influences  its
discriminate ability for safety states. The output framework of
belief  rule  in  BRB-r  consists  of  singleton  propositions  and
universal  set.  The  residual  belief  degree  assigned  to  the
universal set is the global ignorance that is an important way
to address uncertainty. The greater the global ignorance is, the
less the belief rule will recognize the output state and the less
effect a rule has on the model output. The global ignorance is
determined  by  the  uncertainty  of  attributes  and  the  way  the
belief rule is constructed [20], [29]. So, in this way, the global
ignorance represents the influence of uncertainty of attributes
and the expert knowledge applied to construct the belief rule.
It  should  be  noted  that  the  influence  of  expert  knowledge
comes  from its  uncertainty  and  unreliability.  The  uncertainty
and  unreliability  denote  two  different  aspects  of  the  expert
knowledge. The reliability of expert knowledge is its objective
aspect  determined  by  the  ability  of  experts  while  the
uncertainty  of  expert  knowledge  is  its  subjective  aspect
determined  by  the  personal  judgement  of  experts.  Moreover,
uncertainty exists in the natural language of the experts that is
influenced  by  the  interference  factors  such  as  the  working
environment  and  the  mood  of  the  experts.  Therefore,  the
uncertainty and unreliability of expert knowledge should both

be handled in the constructed safety assessment model. Based
on  the  above  analysis,  in  this  paper,  a  calculation  method  of
the  belief  rule  reliability  is  proposed  with  considering  both
attribute  reliability  and  global  ignorance  for  the  first  time.
Then,  the  belief  rule  reliability  is  applied  to  adjust  the
structure  of  the  developed model.  The reduction threshold of
belief  rule  reliability  is  determined  according  to  the
requirement of the practical system. It should be noted that the
reduction  threshold  of  the  belief  rule  reliability  should
consider  both  the  model  complexity  and  modeling  accuracy.
In this  paper,  the reduction threshold of  belief  rule reliability
is  determined  by  experts.  To  deal  with  the  influence  of
uncertainty  expert  knowledge,  a  new  optimization  model  is
constructed  based  on  the  projection  covariance  matrix
adaption evolution strategy (P-CMA-ES) algorithm [15], [30].
In  the  optimization  model,  the  belief  rule  is  adaptively
reduced based on its reliability while the model parameters are
trained. It  should be noted that the parameters in the reduced
belief rule are no longer used as training parameters. That is to
say,  after  the  training  part,  the  number  of  parameters  in  the
safety  assessment  model  will  be  reduced,  and  its  modelling
accuracy can be guaranteed.

The  reminder  of  this  paper  is  organized  as  follows.  In
Section II, the problems in the safety assessment for complex
system  are  formulated  and  then  a  new  safety  assessment
model based on BRB-r is developed. The calculation method
of  belief  rule  reliability  is  proposed  in  Section  III  with
considering  both  attribute  reliability  and  global  ignorance.
Then,  in  Section  IV,  the  inference  process  of  the  developed
model  is  presented.  A  case  study  is  conducted  in  Section  V.
This paper is concluded in Section VI.  

II.  Problem Formulation

In  safety  assessment,  the  amount  and  reliability  of  system
observation  information  will  directly  affect  the  estimation
accuracy  of  the  safety  assessment  model.  In  this  section,  the
problems  in  safety  assessment  for  practical  system  are
formulated and then a new safety assessment model based on
BRB-r is developed.  

A.  Problem Formulation of Safety Assessment
There  are  three  problems  in  safety  assessment  that  can  be

concluded as follows.
Problem  1: In  engineering  practice,  limited  by  the

monitoring costs  and monitoring methods,  a  large number  of
high-value  observation  data  cannot  be  gathered.  In  addition,
for practical system, although some expert knowledge can be
provided,  the  experts  cannot  construct  its  accurate
mathematical  model.  Thus,  the  first  problem  in  safety
assessment  for  practical  system  is  how  to  aggregate  the
gathered  multi-source  information  to  construct  the  following
safety assessment model [31], [32].
 

S (t) = Ξ(x1(t), x2(t), . . . , xM(t),E,R) (1)
S (t)

x1(t), x2(t), . . . , xM(t) M E
R

where  is  the  estimated  safety  state  of  practical  system.
 are the  characteristics.  is the vector

of  model  parameters  and  denotes  the  expert  knowledge
applied in the constructed model.

FENG et al.: A NEW SAFETY ASSESSMENT METHOD BASED ON BRB-r 1775 



Problem  2: In  engineering  practice,  complex  environment
interference factors influence the reliability of the observation
information  and  further  influence  the  estimation  accuracy  of
the  safety  assessment  model.  Moreover,  when  the  safety
assessment  model  is  too  complicated,  the  update  time  of
model  structure  and  parameters  is  long,  and  its  modeling
timeliness is limited, and a lot of system information is needed
to construct  an accurate  safety assessment  model.  Then,  how
to  adjust  the  safety  assessment  model  with  considering  both
model accuracy and complexity is the second problem.

Problem  3: For  practical  system,  experts  cannot  provide
accurate information to construct the safety assessment model,
and  uncertainty  exists  in  the  expert  knowledge.  So,  in  this
way,  the  initial  safety  assessment  model  may  not  be  able  to
accurately  assess  the  safety  state  of  the  practical  system.
Moreover, the unreliable gathered information also influences
the  model  accuracy.  Therefore,  how  to  adjust  the  model
structure and train the model parameters simultaneously is the
third problem that needs to be solved.  

B.  Construction of the New Safety Assessment Model
To solve the above three problems in engineering practice, a

new BRB-r based safety assessment model is proposed in this
subsection.

In  the  new  safety  assessment  model,  there  are  multiple
belief rules and the kth rule is profiled as [15]
 

Rk : If x1 is Ak
1∧ x2 is Ak

2∧ · · ·∧ xM is Ak
M ,

Then y is
{(

D1,β1,k
)
, . . . ,

(
DN ,βN,k

)
,
(
D,βD,k

)}(
N∑

n=1
βn,k +βD,k ≤ 1

)
with rule weight θk, attribute weight δ1, δ2, . . . , δM ,
attribute reliability r1, . . . ,rM , rule weight Rk
k ∈ {1,2, . . . ,L} (2)

x1, x2, . . . , xM M
Ak

1,A
k
2, . . . ,A

k
M M

k
D1,D2, . . . ,DN

β1,k,β2,k, . . . ,βN,k
θk k δ1, δ2, . . . , δM

M r1,r2, . . . ,rM
L

Rk
k

where  are  the  characteristics  of  the  practical
system.  denote  the  reference  points  of  the
th  belief  rule  of  the  system  characteristics  and  they  are

determined  by  experts.  are  the  safety  state
levels  and  are  their  corresponding  belief
degree.  is the weight of the th belief rule.  are
the weight of the  characteristics and  represent
their  radiabilities.  is  the  number  of  the  belief  rule  in  the
constructed  safety  assessment  model  based  on  BRB-r. 
denotes the reliability of the th belief rule and it is calculated
based  on  the  characteristic  reliability  and  global  ignorance.
The  belief  rule  reliability  can  quantitatively  measure  the
influence  of  unreliable  characteristics  and  unreliable  expert
knowledge.  The  modeling  process  of  the  developed  safety
assessment model is shown in Fig. 1.  

III.  Calculation Method of Belief Rule Reliability

The  reliability  of  belief  rule  in  BRB-r  represents  the
influence  degree  of  the  unreliable  attributes  and  unreliable
expert  knowledge to the belief  rule.  In the constructed safety
assessment  model,  the  belief  rule  reliability  is  applied  as  the
key  characteristic  for  model  reduction.  Thus,  in  this  section,
with  considering  both  attribute  reliability  and  expert
knowledge  reliability,  a  calculation  method  of  belief  rule

reliability is proposed.
In the BRB-r based safety assessment model, the reliability

of belief rule consists of two parts: the attribute reliability and
the expert  knowledge reliability.  The reliability  of  belief  rule
is represented by
 

Rk = Ψ(Rk
expert,Rattribute) (3)

Rk
expert Rattribute

Ψ

where  and  are  the  radiabilities  of  expert
knowledge  and  attributes,  respectively.  is  the  nonlinear
function that is used to calculate the belief rule reliability.

The  authors  in  [15]  proposed  a  calculation  method  of
attribute reliability based on the statistical  method, where the
disturbance  factors  are  assumed  to  be  static  and  the  attribute
reliability  is  a  constant.  In  this  paper,  assume  that  the
disturbance factors are static. Hence, the attribute reliability is
calculated by
 

ri =
T − yi

T
, i = 1,2, . . . ,M (4)

T yi

(x̄i−τσi ≤ xi ≤ x̄i+τσi) τ

yi, j = 1, j = 1,2, . . . ,T
yi, j = 0

∑T
j=1 yi, j = yi

where  is  the  number  of  observation  data.  represents  the
sum of  unreliable  observation  data  that  can  be  eliminated  by
the  fluctuation  range .  is  the
adjustment coefficient of the fluctuation range and represents
the requirement of the complex system. When the observation
data is reliable and little noise exists, the observation data can
represent  the  system  information  and ;
otherwise, . Then, .

In  the  output  of  belief  degree,  the  global  ignorance  is  the
residual  belief  degree  that  cannot  be  distinguished  which
safety state should be assigned. It is generated because of the
influence of expert knowledge and attribute. When the expert
knowledge  is  unreliable,  the  ability  of  the  constructed  belief
rule  to  discriminate  the  safety  states  of  complex  system  is
decreased. In other words, limited by the ability of experts, the
recognition  ability  of  the  constructed  belief  rule  is
constrained.  Thus,  the  global  ignorance  in  the  output  of  the
belief  rule  can  be  used  to  calculate  the  reliability  of  expert
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Fig. 1.     The  safety  assessment  model  with  both  considering  model
complexity and accuracy.
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knowledge  [15],  [33].  Then,  the  reliability  of  belief  rule  can
be calculated by
 

Rk = r1r2 · · ·rM

(
1− βD,k

κ

)
(5)

r1,r2, . . . ,rM
(1−βD,k/κ)

k Rk
expert κ

βD,k

where  are  the  comprehensive  radiabilities  of
attributes.  is the reliability of expert knowledge in
the th  belief  rule ,  and  is  the  scale  factor  that
represents  the  influence  ratio  of  attribute  uncertainty  and
unreliability  expert  knowledge.  As  shown  in  the  above
formula, once the global ignorance  is 0, the unreliability
expert knowledge does not influences the belief rule reliability
and the reliability of  the belief  rule is  only influenced by the
reliability of attributes.

Remark  1: There  is  need  to  explain  the  effectiveness  of
attribute  uncertainty,  attribute  reliability,  expert  knowledge
uncertainty  and  expert  knowledge  reliability.  In  the  BRB-r
based  safety  assessment  model,  the  uncertainty  in  attribute
exists in qualitative knowledge, such as natural language, and
it  is  mainly  caused  by  incomplete  information,  inconsistent
source,  inaccurate  expression.  For  the  attribute  reliability,  it
represents  the  influence  of  the  disturbance  factors,  such  as
environment  noise,  and  it  is  the  objective  aspect  of  the
characteristic.  The  uncertainty  of  expert  knowledge  is  the
incompleteness, approximation and randomness in the natural
language,  and  it  may  be  influenced  by  the  environment  and
other factors. In the BRB-r based safety assessment model, the
uncertainty  of  expert  knowledge  can  be  addressed  by  the
optimization  model  based  on  the  gathered  observation  data.
The  reliability  of  expert  knowledge  represents  the  expert’s
own ability and has nothing to do with external factors.  

IV.  The Safety Assessment Model Based on BRB-r

In  this  section,  a  new  safety  assessment  model  based  on
BRB-r with considering belief rule reliability is developed. In
the  new  safety  assessment  model,  its  structure  is  adaptively
adjusted  based  on  the  belief  rule  reliability  while  its
estimation accuracy is the optimization goal.  So, in this way,
the model complexity and accuracy can be both considered. In
this  section,  the  modeling  process  of  the  constructed  safety
assessment model based on BRB-r is presented in Section IV-
A, and then an optimization model is constructed based on the
P-CMA-ES  algorithm  in  Section  IV-B.  In  Section  IV-C,  the
modeling process of the developed model for complex system
is presented.  

A.  Inference Process of the New Safety Assessment Model
The  reliability  of  belief  rule  is  determined  by  the  attribute

reliability  and  the  expert  knowledge  reliability,  and  its
calculation method is shown in Section III. Influenced by the
unreliability  belief  rule,  the  accuracy  of  the  estimated  safety
state generated by the ER algorithm is decreased. In addition,
the  BRB-r  model  is  an  expert  system  that  complexity  is
determined by the number of belief rules. Thus, the unreliable
belief  rule  should  be  eliminated.  In  general,  in  the  BRB-r
based safety assessment model, the unreliable belief rule will
not  only  affect  the  accuracy  of  the  model  output,  but  also
increase the complexity of the model. Thus, the structure and

accuracy of the BRB-r based safety assessment model should
both  be  considered  and  the  inference  process  is  presented  in
this section.

When the observation data is available, due to the different
formats  of  observation  data  for  different  characteristics,  the
observation  data  of  characteristics  cannot  be  aggregated
directly. Thus, the observation data should be converted into a
uniform format by the following formula [34], [35].
 

α
j
i =



xi(k+1)− x∗i
xi(k+1)− xik

, j = k, if xik ≤ x∗i ≤ xi(k+1)

x∗i − xik

xi(k+1)− xik
, j = k+1

0, j = 1,2, . . . , L, j , k,k+1

(6)

xi(k+1) xik i
(k+1) k

x∗i i L

where  and  are  the  reference  values  of  the th
characteristic  in  the th  and  the th  belief  rule,
respectively.  denotes the input of the th characteristic.  is
the numbers of the belief rules in the constructed model.

Based  on  the  frame  of  the  belief  rule  as  shown  in  (2),  the
total  matching  degree  of  the  multiple  characteristics  can  be
obtained by the following formulas.
 

αk =

M∏
i=1

(αi
k)Ci (7)

 

Ci =
δi

1+δi− ri
, i = 1,2, . . . ,M (8)

 

δi =
δi

max
i=1,...,M

{δi}
(9)

αk M
k Ci

i δi
i

0 ≤ δ̄i ≤ 1

where  is the matching degree of the  input characteristics
to  the th  belief  rule.  denotes  the  new  weight  with
considering  the  weight  and  reliability  of  the th  attribute. 
represents  the  relative  weight  of  the th  attribute  [15].  Note
that .

Once  the  observation  information  of  system is  available,  it
will  activate  the  belief  rules  in  the  safety  assessment  model
and the activation weights can be calculated by
 

wk =
θkαk
L∑

l=1
θlαl

, k = 1, . . . ,L (10)

wk k

θk k
L

where  is the activation weight of the th belief rule, which
is  determined  by  the  input  of  system  characteristics.  The
activation  weight  represents  the  effectiveness  of  the  model
inputs to the belief rule.  denotes the weight of the th belief
rule and  is the number of the belief rule in the BRB-r model.

When  the  belief  rule  is  unreliable,  the  estimated  output  is
influenced  and  it  increases  the  complexity  of  the  safety
assessment  model.  Thus,  these  belief  rules  should  be
eliminated  according  to  the  practical  system.  To  adaptively
adjust  the  structure  of  safety  assessment  model  in  the
optimization  model,  the  belief  rule  is  reduced  based  on  its
reliability by
 

θk =
{0, Rk ≤ Rthreshold
θk, Rk > Rthreshold

(11)
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Rthreshold

wk = 0

where  is  the  reduction  threshold  of  the  belief  rule,
and  it  can  be  determined  by  experts  according  to  the  model
complexity  and accuracy requirement.  Once  the  reliability  of
belief  rule  cannot  meet  the  requirement,  the  effectiveness  of
the  belief  rule  is  set  to  0  and .  So,  in  this  way,  the
structure  of  the  constructed  safety  assessment  model  can  be
adjusted.

Then,  after  the  activation  weights  of  the  belief  rules  are
calculated, they can be combined by the ER algorithm and its
analytic algorithm is shown as
 

βn=

µ

 L′∏
k=1

(wkβn,k +1−wk
N∑

j=1
β j,k)−

L′∏
k=1

(1−wk
N∑

j=1
β j,k)


1−µ

[
L′∏

k=1
(1−wk)

] (12)

 

µ =

 N∑
n=1

L′∏
k=1

(wkβn,k +1−wk

N∑
j=1

β j,k)

−(N −1)
L′∏

k=1

(1−wk

N∑
j=1

β j,k)


−1

(13)

βn n∑N
n=1 βn+βD = 1 βD

βD

L′

where  is the belief degree of the th safety state generated
by  the  developed  safety  assessment  model.  Note  that

.  is  the  residual  belief  degree  unassigned
to  any  safety  state,  and  it  is  influenced  by  the  uncertainty  of
expert  knowledge  and  unreliable  expert  knowledge.  In  the
new  safety  assessment  model,  is  used  to  calculate  the
belief  rule  reliability.  is  the  number  of  the  belief  rule  that
satisfies the reliability requirement.

After  the  belief  degree  of  each  safety  state  has  been
obtained,  the  final  safety  state  of  complex  system  can  be
calculated by
 

S (x∗i ) =
N∑

i=1

u(Di)βi (14)

u(Di) i Di

S (x∗i )

where  is  the  utility  of  the th  safety  level ,  which  is
determined  by  experts  according  to  the  safety  state  of  the
practical system.  denotes the final estimated safety state
of the complex system.

Rthreshold

S (x∗i )

Remark 2: In the inference process of the developed safety
assessment  model,  the  attribute  reliability  and  the  residual
belief  degree  are  used  to  calculate  the  belief  rule  reliability.
Once  the  belief  rule  reliability  is  lower  than  the  threshold

, the weight of the belief rule is set to 0 and it will not
influence  the  final  output  of  the  safety  assessment  model

.  

B.  Optimization Model for the New Safety Assessment Model
The initial safety assessment model is constructed based on

the  expert  knowledge.  Due  to  the  complexity  of  practical
system,  the  experts  cannot  provide  accurate  system
information  and  uncertainty  exists  in  the  expert  knowledge.
Moreover,  limited  by  the  ability  of  experts,  the  expert
knowledge  may  not  be  fully  reliable.  So,  in  this  way,  the
safety assessment model constructed by the expert knowledge
cannot estimate the safety state of complex system accurately.

Thus,  the  gathered  observation  data  should  be  applied  to
adaptively adjust the structure and parameters according to the
practical system, and an optimization model for the new safety
assessment model is developed in this subsection.

In  the  BRB-r  based  safety  assessment  model,  the
optimization  parameters  consist  of  attribute  weights,  belief
rule weights and belief degree in output of belief rules. There
are  two  parts  in  the  optimization  model:  the  structure
adjustment  and  parameter  optimization.  For  the  structure
adjustment of the safety assessment model, once the reliability
of belief rule cannot meet the requirement, its weight is set to
0 and its output belief degree is not trained in the optimization
model.  In  addition,  the  BRB-r  model  is  an  expert  system
whose  parameters  must  have  physical  meaning.  Therefore,  it
parameters  should  be  trained  in  constraints.  Based  on  the
original  physical  meaning,  the  constraints  of  optimization
parameters can be listed as
 

0 ≤ θk ≤ 1 (15)
 

0 ≤ βn,k ≤ 1, n = 1, . . . ,N, k = 1, . . . ,L (16)
 

N∑
n=1

βn,k +βD,k ≤ 1 (17)

 

0 ≤ δi ≤ 1, i = 1, . . . ,M. (18)
The mean square error (MSE) between the estimated safety

state and actual safety state can represent the accuracy of the
safety  assessment  model,  and  it  can  be  calculated  by  the
following formula [30].
 

MS E(θk,βn,k, δi)=
1
T

T∑
t=1

(outputestimated−outputactual)2 (19)

outputactual

outputestimated

where  is  the  actual  safety  state  of  the  complex
system,  which  is  determined  by  experts  according  to  the
system  mechanism.  denotes  the  estimation
output  of  the safety assessment model  and it  is  calculated by
(14).

The optimization goal is to minimize the error between the
actual  safety  state  and  the  estimated  safety  state  by  the
constructed  model.  Hence,  the  optimization  model  of  the
safety state assessment model can be profiled as
 

min MSE(θk,βn,k, δi)
s.t. (15)− (18) . (20)

Remark  3: In  the  optimization  model,  the  parameters  need
to be trained and the model structure is adjusted adaptively by
the reliability of belief rule simultaneously. It should be noted
that when the belief rule reliability is lower than the threshold,
the  rule  weight  is  set  to  0  and  its  output  belief  degree  is  not
trained in the training part. That is to say, the belief rule does
not  work  in  the  constructed  safety  assessment  model.  So,  in
this way, the model structure can be adjusted according to the
practical system, and the constructed safety assessment model
can address the influence of the unreliable characteristics and
the  unreliable  expert  knowledge.  Thus,  by  the  optimization
process,  the  accuracy  of  the  optimization  model  can  be
improved while its model complexity is decreased.  
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C.  Modeling Process of the New Safety Assessment Model
The modeling  process  of  the  new safety  assessment  model

can be concluded by the following steps.
Step  1: Construct  the  safety  assessment  model  based  on

BRB-r.  Note  that  the  structure  and  parameters  of  the  initial
safety assessment model are both determined by experts.

Step  2: Calculate  the  reliability  of  characteristics  based  on
the  calculation  method  presented  in  Section  III,  and  the
reliability  reduction  threshold  of  belief  rule  is  determined  by
experts.

Step  3: Reduce  the  belief  rule  based  on  the  attribute
reliability  and  global  ignorance  in  belief  rule  output.  At  the
same  time,  the  parameters  in  the  residual  belief  rules  are
optimized by the training data.

Step  4: Test  the  optimized  safety  assessment  model  by  the
testing data.  Note  that  in  the testing part,  the  structure  of  the
safety  assessment  model  is  not  needed  to  be  adjusted
adaptively while its parameters of the safety assessment model
are not changed.  

V.  Case Study

To  illustrate  the  effectiveness  of  the  developed  model,  a
case  study  of  safety  assessment  for  liquefied  natural  gas
(LNG) storage tank in Hainan province, China, is conducted.  

A.   Problem  Formulation  in  Safety  Assessment  Model  for  LNG
Storage Tank

In  this  section,  the  LNG  storage  tank  in  Hainan  province,
China,  is  selected  as  the  experimental  object.  The  LNG  is
applied  as  one  of  the  important  energy  sources  that  is
increasingly  used  in  China.  In  Hainan  province,  two  storage
tanks  have  been  built  by  reclaiming  land  from  the  sea  as
shown  in Fig. 2.  In  this  way,  the  foundation  of  the  storage
tank  is  unstable,  and  influenced  by  the  excessive  pressure  of
the  storage  tank,  uneven  settlement  may  occur  in  the  LNG
storage tank. Once the storage tank is unevenly settled, it will
cause cracks in the storage tank, which will further lead to the
LNG  leakage  and  safety  accidents.  Thus,  it  is  necessary  to
estimate the safety state accurately [10], [36].
 

LNG storage tank

South China Sea
Foundation by reclamation

Pipeline

 
Fig. 2.     LNG storage tank in Hainan province, China.
 

In the safety assessment of the LNG storage tank, due to its
high cost, a large number of experiments cannot be conducted.
Therefore,  the  number  of  observation  data  that  can  be
gathered  is  small,  and  an  accurate  safety  assessment  model

based  on  the  quantitative  data  cannot  be  established.
Moreover,  due  to  the  influence  of  the  disturbance  factors  in
practical environment, noise exists in the gathered observation
information, and its reliability is decreased. On the other hand,
the  LNG  storage  tank  is  a  typical  complex  system,  where
many subsystems exist and they are related to each other. The
experts  cannot  provide  accurate  information  for  the  storage
tank  and  an  analytical  model  cannot  be  obtained.  So,  it  is
necessary to aggregate the expert knowledge and the gathered
observation data to construct the safety assessment model for
the  LNG  storage  tank,  and  the  unreliability  of  the  gathered
information  needs  to  be  solved.  When  the  expert  knowledge
and  the  characteristics  are  unreliable,  the  reliability  of  the
belief rule is influenced, which further influences the accuracy
of  the  safety  assessment  model.  In  addition,  the  number  of
belief rule determines the complexity of the safety assessment
model. Consequently, to improve the estimation accuracy and
decrease the model complexity, in the training part, the belief
rule  in  the  rule  base  should  be  adjusted  by  its  reliability
adaptively according to the actual working environment of the
LNG  storage  tank.  Thus,  in  the  experiment,  a  new  safety
assessment  model  for  the  LNG  storage  tank  is  constructed
based on the developed model in this paper.

In the experiment, 12 monitoring points are installed in the
storage tank, and 42 sets of observation data are gathered from
2012  to  2019.  Based  on  the  analysis  of  the  structure  and
location  of  the  storage  tank,  the  first  monitoring  point  (FP)
and the seventh monitoring point (SP) are selected by experts
as two attributes of the BRB-r model. The observation data of
these  two attributes  are  shown in Fig. 3.  It  can  be  seen  from
Fig. 3 that the LNG storage tank’s settlement is irregular over
time  and  has  a  large  change  range.  Based  on  the  building
deformation  measurement  specifications  (JGJ8-2007),  the
greater  the  gap  between  the  two  monitoring  points  is,  the
lower the safety state of the LNG storage tank is.  Hence, the
actual  safety  state  of  the  LNG storage  tank  is  determined  by
experts  at  each  monitoring  point.  It  should  be  noted  that  the
actual  safety  state  of  the  LNG  storage  tank  should  also
consider its location.
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Fig. 3.     The observation data of FP and SP.
 

Remark 4: In engineering practice, there are several factors
that lead to the LNG storage tank failure, such as the uneven

FENG et al.: A NEW SAFETY ASSESSMENT METHOD BASED ON BRB-r 1779 



settlement, uneven filling of the insulation material, the failure
of the vacuum and the residual gas inside the tank, etc. Based
on  the  investigation  in  Hainan  LNG  Company,  the  uneven
settlement should be paid more attention to in the face of other
failure  factors  by  the  construction  mode  of  the  storage  tank.
So,  in  this  paper,  the  uneven  settlement  is  selected  as  the
major concern and assume that the other aspects of the storage
tank are normal.  

B.   Construction  of  the  Adaptive  Safety  Assessment  Model  for
LNG Storage Tank

To  solve  the  above  analyzed  problems  and  improve  the
safety  assessment  accuracy for  the  LNG storage  tank,  in  this
subsection,  an  adaptive  safety  assessment  model  is
constructed based on the developed model.

In  the  constructed  safety  assessment  model,  the  first
monitoring  point  and  the  seventh  monitoring  point  are
selected  as  two  attributes,  represented  by FP and SP,
respectively.  The  safety  state  of  the  LNG  storage  tank  is
divided into three levels: the high safety state (H), the medium
safety state (M) and the low safety state (L). Based on (2), the
belief rule in the BRB-r based safety assessment model can be
profiled as
 

Rk : If FP is Ak
1∧S P is Ak

2

Then y is
{(

H,β1,k
)
,
(
M,β2,k

)
,
(
L,β3,k

)
,
(
D,βD,k

)} 3∑
n=1

βn,k +βD,k ≤ 1


with rule weights θk, attribute weights δ1, δ2,
attribute reliabilities r1,r2, rule weights Rk

k ∈ {1,2, . . . ,L} (21)
y

k
Rk θk

where  is the estimated safety state of the LNG storage tank.
In  the  training  process,  once  the  reliability  of  the th  belief
rule  does  not  satisfy the requirement,  its  rule  weight  is
set to 0 and it has no effect in the safety assessment model.

The  reference  point  indicates  the  degree  of  division  of  the
characteristics.  It  should  be  noted  that  the  number  of  the
reference  points  determines  the  complexity  and  accuracy  of
the  safety  assessment  model.  Thus,  in  this  experiment,  five
reference  points  of FP and SP are  selected:  low (L),  slightly
low (SL),  medium (M),  slightly  high  (SH),  high  (H).  For  the
reference values of FP and SP, they should be determined by
experts  in  accordance  with  the  three  principles  of  uniform
distribution,  covering  the  variation  range  of  two
characteristics  and  focusing  on  the  data-intensive  area.  Thus,
combined  with  the  characteristics  of  the  storage  tank  under
different working states, the reference values of FP and SP are
given by experts as shown in Tables I and II. Moreover, three
reference  points  are  selected  for  safety  state  and  their
reference values are shown in Table III.

Based on the reference value of both attributes and (21), the
parameters in the initial safety assessment model can be given
by  experts.  As  shown  in Table IV,  all  the  belief  rules  are
assumed  to  be  fully  important  and  two  characteristics  are
assumed to be fully important. In the initial safety assessment
model,  the  expert  knowledge  is  assumed  to  be  fully  reliable
and the global ignorance of each belief rule is set to 0.  

C.   Training  and  Testing  of  the  Constructed  Safety  Assessment
Model

In the initial safety assessment model, due to the uncertainty
of  expert  knowledge,  its  estimation  accuracy  is  influenced.
Moreover,  as  shown in Table IV,  there  are  25  belief  rules  in
the  safety  assessment  model  and  127  parameters  exist.
However, in the experiment, only 42 sets of observation data
have been gathered, which cannot adequately train the model
parameters.  On the other hand, due to the disturbance factors
in  actual  working  environment  and  the  limitation  of  the
expert’s  own  capabilities,  the  characteristics  and  the  expert
knowledge are not fully reliable. As profiled in (21), once the
characteristics  and  the  expert  knowledge  are  unreliable,  the
reliability  of  the  belief  rule  in  the  assessment  model  is
influenced. These unreliable belief rules not only influence the
accuracy of the safety assessment model but also increase the
model  complexity.  Thus,  these  unreliable  belief  rules  should
be eliminated. Based on the optimization model developed in
Section  IV-B,  in  the  training  process,  the  structure  of  the
safety assessment model is  adjusted while the parameters are
optimized.

Rk = 0.3
In  this  section,  the  reduction  threshold  of  the  reliability  of

belief  rule  is  determined  by  experts  and ,  it  is
determined  by  experts  according  to  the  estimation  accuracy
and  model  complexity.  On  the  basis  of  the  training  data  and
the constructed optimization model, the safety assessment can
be  optimized  as  shown  in Table V.  The  estimated  output  of
the new safety assessment model is shown in Fig. 4. As shown
in Fig. 4, the developed model can estimate the safety state of

 

TABLE I 

Reference Point and Value of FP

Reference point Reference value

L 0

SL 0.3

M 0.6

SH 1.2

H 2.11
 

 

TABLE II 

Reference Point and Value of SP

Reference point Reference value

L 0.09

SL 0.4

M 1.2

SH 2

H 2.41
 

 

TABLE III 

Reference Point and Value of Three Safety States

Safety state Reference value

L 1

M 2

H 3
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the  LNG  storage  tank  accurately,  and  the  MSE  of  the
developed  safety  assessment  model  is  0.0509.  There  are  22
belief  rules  and  112  parameters  in  the  optimized  safety
assessment  model.  The  number  of  the  parameters  of  the
optimized model reduces 11.8% and the number of belief rule
reduces  12% compared  with  the  initial  safety  assessment
model.  Although  some  observation  points  cannot  be

accurately  assessed,  the  error  does  not  exceed  half  of  the
actual  safety  state  of  the  LNG  storage  tank,  which  can  still
provide  a  reference  for  decision-making  in  engineering
practice.

The complexity of the developed safety assessment model is
determined  by  the  number  of  the  belief  rules,  and  there  is  a
direct  relationship  between  the  reduction  threshold  of  belief
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Fig. 4.     Estimated safety state of the developed model.
 

 

TABLE IV 

Initial BRB-r Based Safety Assessment Model

No.
Attribute Rule

weight {H,M,L, {H,M}, {H,L}, {M,L}, {H,M,L}}
Output belief degree

FP SP

1 L L 1 {1 0 0 0}

2 L SL 1 {0.9 0.1 0 0}

3 L M 1 {0.7 0.3 0 0}

4 L SH 1 {0.5 0.5 0 0}

5 L H 1 {0.5 0.5 0 0}

6 SL L 1 {0.2 0.8 0 0}

7 SL SL 1 {0.1 0.9 0 0}

8 SL M 1 {0.5 0.5 0 0}

9 SL SH 1 {0.2 0.8 0 0}

10 SL H 1 {0.1 0.9 0 0}

11 M L 1 {0 1 0 0}

12 M SL 1 {0 0.9 0.1 0}

13 M M 1 {0 0.8 0.2 0}

14 M SH 1 {0 0.5 0.5 0}

15 M H 1 {0 0.2 0.7 0}

16 SH L 1 {0 1 0 0}

17 SH SL 1 {0 0.5 0.5 0}

18 SH M 1 {0 0.3 0.7 0}

19 SH SH 1 {0 0.2 0.8 0}

20 SH H 1 {0 0.1 0.9 0}

21 H L 1 {0 0.3 0.7 0}

22 H SL 1 {0 0.2 0.8 0}

23 H M 1 {0 0.1 0.9 0}

24 H SH 1 {0 0.1 0.9 0}

25 H H 1 {0 0 1 0}
 

 

TABLE V 

Optimized BRB-r Based Safety Assessment Model

No.
Attribute Rule

weight {H,M,L, {H,M}, {H,L}, {M,L}, {H,M,L}}
Output belief degree

FP SP

1 L L 0.6792 {0.3267 0.1277 0.1488 0.3969}

2 L SL 0.2672 {0.4600 0.0382 0.1310 0.3708}

3 L M 0.6099 {0.0979 0.2200 0.6135 0.0686}

4 L SH 0.1572 {0.3114 0.2925 0.3182 0.0779}

5 L H 0.6280 {0.2479 0.0467 0.5485 0.1569}

6 SL L 0 {0.4070 0.0407 0.0425 0.5098}

7 SL SL 0.5805 {0.1755 0.3174 0.0698 0.4372}

8 SL M 0.9829 {0.0000 0.0131 0.9880 0.0000}

9 SL SH 0.3186 {0.2246 0.4498 0.1602 0.1655}

10 SL H 0.5312 {0.2241 0.1974 0.4025 0.1761}

11 M L 0.2150 {0.1612 0.1533 0.2776 0.4079}

12 M SL 0.4915 {0.5326 0.0849 0.2440 0.1385}

13 M M 0.2721 {0.7948 0.1040 0.0860 0.0152}

14 M SH 0.2157 {0.3002 0.5897 0.0330 0.0771}

15 M H 0.5420 {0.3245 0.2748 0.0622 0.3386}

16 SH L 0.8264 {0.0016 0.0070 0.9849 0.0065}

17 SH SL 0.5121 {0.1705 0.2266 0.4417 0.1611}

18 SH M 0.9638 {0.5322 0.1770 0.0000 0.2914}

19 SH SH 0 {0.2095 0.1678 0.1081 0.5146}

20 SH H 0.4693 {0.2906 0.3559 0.0772 0.2763}

21 H L 0 {0.1282 0.2807 0.2784 0.3127}

22 H SL 0.6335 {0.0624 0.0663 0.8694 0.0019}

23 H M 0.8630 {0.0000 0.0099 0.9967 0.0000}

24 H SH 0 {0.0913 0.0140 0.3373 0.5574}

25 H H 0.6703 {0.3938 0.3549 0.0122 0.2391}
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Rk > 0.3

rule  reliability  and  the  complexity  of  the  safety  assessment
model.  As  shown  in Fig. 5,  when  the  reduction  threshold  of
the belief rule reliability changes from 0.1 to 1, the amount of
belief  rule  gradually  decreases.  The  experiment  is  conducted
for  40  times.  When ,  the  number  of  belief  rules
quickly decreases, and once the reduction threshold is greater
than 0.6,  the number of  belief  rules  becomes 0.  On the other
hand,  as  the  reduction  threshold  of  the  belief  rule  reliability
changes,  the  accuracy  of  the  safety  assessment  model  also
changes.  As  shown  in Figs. 6 and 7,  when  the  reduction
threshold  of  belief  rule  reliability  changes  from 0.1  to  1,  the

Rk > 0.6

Rk = 0.3
Rk

MSE  and  error  of  the  constructed  safety  assessment  model
first decrease and then increase, and when , the model
MSE  and  error  between  actual  safety  state  and  estimated
output  become  infinite.  That  is  to  say,  as  the  reduction
threshold  increases  from 0.1  to  1,  the  estimation  accuracy  of
the  developed  model  first  increases  and  then  decreases,  and
the best  accuracy of  the safety assessment  model  is .
Moreover,  as  the  reduction  threshold  increases,  the
distribution  range  of  MSE first  decreases  and  then  increases.
Thus,  the  robustness  of  the  safety  assessment  model  first
increases  and  then  decreases.  Consequently,  in  this  way,  we
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Fig. 5.     Relationship between reduction threshold of belief rule reliability and number of belief rule.
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Fig. 6.     Relationship between MSE of the developed model and reduction threshold of belief rule reliability.
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Fig. 7.     Relationship between error of the developed model and reduction threshold of belief rule reliability.
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0 < Rk < 0.6

can obtain a  conclusion that  the reduction threshold of  belief
rule  reliability  can  influence  the  complexity  and  accuracy  of
the developed safety assessment model. For practical systems,
the reduction threshold of the belief rule reliability cannot be
greater than 0.5, and . Thus, the optimal reduction
threshold  of  the  belief  rule  reliability  for  the  constructed
safety assessment model of the LNG storage tank is 0.3.  

D.  Comparative Studies
To  illustrate  the  effectiveness  of  the  developed  safety

assessment  model  in  this  paper,  comparative  studies  are
conducted in this subsection.

First, the safety assessment model developed in this paper is
constructed  based  on  BRB-r  while  its  structure  is  adjusted
according to the belief rule reliability. In the safety assessment
model  based  on  the  traditional  BRB-r  model,  its  structure  is
not  changed  and  only  the  model  parameters  are  trained.
Compared  with  the  traditional  BRB-r  model,  the  complexity
of  the  proposed  safety  assessment  model  in  this  paper
decreases.  Moreover,  the  BRB-r  model  is  one  of  the  expert
systems, where the observation data and expert knowledge are
aggregated  simultaneously.  For  the  LNG  storage  tank,  there
are only 42 monitoring data,  which is  a  typical  small  sample
problem,  and  it  is  also  a  complex  system.  Consequently,  in
this subsection, comparative studies with the traditional BRB-
r  model,  BP  neural  network  and  fuzzy  inference  method  are
conducted.

The MSEs of the developed safety assessment model in this
paper,  the  safety  assessment  models  developed  by  the
traditional BRB-r model, the BP neural network and the fuzzy
inference  method  are  shown  in Table VI.  The  MSE  of  the
fuzzy inference method is 0.1160, where the initial rule base is
determined by experts and the inputs are the observation data
of  the  two  characteristics  of  the  LNG  storage  tank  [12].
Moreover,  the  MSE  of  the  BP  neural  network  is 0.0837,
where  the  training  data  and  the  testing  data  are  same  as  the
developed  model  in  this  paper,  and  the  number  of  iterations
and  learning  rate  are  set  to  500  and  0.1,  respectively.
Therefore,  compared  with  the  BP  neural  network  and  the
fuzzy  inference  method,  the  new  developed  safety  model
based on BRB-r can aggregate the observation data and expert
knowledge, and its estimation accuracy is improved by 56.1%
and  39.1%,  respectively.  The  MSE  of  the  safety  assessment
model based on traditional BRB-r is 0.0722, where the model
structure  is  not  changed.  Assume  that  the  expert  knowledge
applied in the two BRB-r models is  same. That is  to say, the
reliability of expert knowledge in the two models is same that
can be handled by the new developed model. Compared with
the  traditional  BRB-r  model,  the  accuracy  of  the  proposed
model  improves  29.5%.  Moreover,  compared  with  the  safety
assessment model developed in this paper, there are 25 belief
rules  and  127  parameters  in  the  safety  assessment  model
developed by the traditional BRB-r model. The complexity of
the  new  proposed  model  is  decreased  and  its  accuracy  is
higher  than  that  of  the  traditional  BRB-r  model.  Thus,  the
developed  model  can  handle  the  unreliable  observation  data
and  the  unreliable  expert  knowledge  better,  which  is  more
suitable for modeling practical systems.  

VI.  Conclusion

In  this  paper,  a  new  safety  assessment  model  with  model
structure  adaptive  adjustment  is  developed  to  solve  three
problems  in  engineering  practice:  lack  of  observation  data,
high system complexity and environment interference factors.
To deal with the influence of the unreliable belief rule to the
model accuracy and complexity, a new calculation method of
belief  rule  reliability  is  proposed,  where  the  reliability  of
system characteristics and the reliability of expert knowledge
are  both  considered.  In  the  optimization  model  of  the
developed  safety  assessment  model,  its  structure  is  adjusted
adaptively  while  the  model  parameters  are  optimized.  In  this
way, the new belief rule base with attribute reliability (BRB-r)
based  safety  assessment  model  can  be  adjusted  according  to
the practical system.

There  are  three  innovations  in  this  paper.  Firstly,  for
practical  system,  to  solve  the  lack  of  observation  data,  high
complexity  of  system  and  complex  environment  interference
factors,  a  new  safety  assessment  model  based  on  BRB-r  is
developed. Secondly, limited by the ability of the experts and
influenced by the unreliable observation data, the belief rules
in  the  constructed  safety  assessment  model  may  not  be  fully
reliable.  These  unreliable  belief  rules  cannot  estimate  the
safety state of complex system, but increase the complexity of
the  safety  assessment  model.  Therefore,  a  new  calculation
method  of  belief  rule  is  developed  to  reduce  the  model
structure.  Lastly,  to  consider  both  the  model  accuracy  and
complexity,  an  optimization  model  is  constructed  to
adaptively  adjust  the  model  structure  based  on  belief  rule
reliability and optimize the model parameters.

In  the  case  study  for  the  LNG  storage  tank  in  Hainan
province, China, only the uneven settlement is considered and
we  assume  that  the  storage  tank  is  not  affected  by  other
factors,  such  as  uneven  filling  of  the  insulation  material.  In
practical  system,  these  failure  causes  should  be  considered
simultaneously. Moreover, in this paper, the developed BRB-r
based  safety  assessment  model  is  a  general  method.  Some
specific problems in other areas,  such as traffic control,  need
to  be  further  studied  and  the  BRB-r  based  safety  assessment
model should also be adjusted according to the subject. These
challenges need to be solved in future works.
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