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1. INTRODUCTION

Slope landslides occur when sliding forces are greater than anti-
sliding forces. It causes disasters, such as destroying railway and
road traffic, damaging farmland and forests, destroying factories
and mines, even drowning villages, which threaten people’s lives
and property. Normally, methods such as lidar technology [1],
grating sensor technology [2], rainfall monitoring [3], groundwa-
ter level monitoring [4], are adopted to achieve early warning of
slope landslides. However, these methods forecast landslides only
by monitoring displacements and cracks [5], whereas the occur-
rence of the displacements and cracks does not necessarily cause
landslides. Therefore, it is difficult for such methods to achieve
accurate predictions.

Nevertheless, sliding forces are capable of reflecting the current
state of the sliding body accurately. And the stability of slopes can
be judged intuitively by measuring the sliding forces [6]. Thus, pre-
dicting the sliding forces is of great significance for early warning
of disasters, so as to keep people’s lives and property from damage.
Moreover, research on predicting sliding forces is drawing more and
more attention. Specifically, He et al. [7] developed a sliding force
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Slope sliding force can be measured by an anchor cable sensor with the negative Poisson’s ratio (NPR) property. It is capable
of reflecting the stability of the slope intuitively. Thus, predicting the variation trend of the sliding force is able to achieve early
warning for landslide disaster, thereby avoiding losses to the lives and property of the people. In this paper, due to the uncertain
variation of the sliding force, a belief rule-based (BRB) sliding force prediction model is established to describe the nonlinear
and uncertain relationship between the history/current sliding force and the future sliding force. In this model, the activated
belief rules are fused by adopting the evidence reasoning (ER) algorithm. And based on the fused results, the sliding force at a
future time can be predicted accurately. Moreover, considering the variation of the sliding force on different slopes or different
monitoring points in the same slope, a parameter transfer strategy of BRB model together with a corresponding online update
method are proposed to achieve the adaptive design of the BRB prediction model. Finally, the effectiveness of the proposed sliding
force prediction methods has been verified by experiments on the sub-section of the China West-East Gas Pipeline Project.
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monitoring system based on a giant negative Poisson’s ratio (NPR)
anchor cable. In the system, a complex mechanical system is con-
structed by inserting a special artificial mechanical system into an
unmeasured natural mechanical system [8, 9]. Bai et al. [10] used
BP neural network to predict the slope stability of open-pit mine,
and meanwhile pointed out that BP neural network is prone to fall
into the local minimum. Li et al. [11] established a deformation
and displacement prediction model of open-pit mine slope based
on SVM, but the sensitivity of model parameters has not been fur-
ther studied. Wang et al. [12] constructed a GM model-based on
the Kalman filter to predict the deformation of highway slopes, but
due to the complexity and mutability of highway slope deforma-
tion, the prediction accuracy was deficient. Sun et al. [13] proposed
a monitoring and warning method of landslides in Pingzhuang
West open-pit coal mine. The proposed method adopts the sliding
remote monitoring and warning system which integrated the func-
tion of landslide reinforcement, detection, and warning, thereby
realizing the whole process of slide force perception, transmission,
analysis, monitoring, and warning. Tao et al. [14] adopt the plane
polar projection method to analyze the landslide mechanism and
use FLAC3D to build an NPR numerical analysis model which is
used to make an early warning. However, the method cannot accu-
rately grasp the magnitude of the sliding force at any time, and can-
not be used for different slope migration and conversion.
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At present, various sliding force monitoring and forecasting tech-
nologies have been successfully applied on 381 sites of 16 provinces
across China, which involve slope monitoring on ancient land-
slides, high and steep loess natural slopes, urban construction
slopes, open-pit coal mining, metal mining, highway project, and
the West-East Gas Pipeline Project. Meanwhile, short-term and
imminent warnings are able to be delivered after nearly ten years of
sliding force monitoring and forecasting practice [15]. To be spe-
cific, early warning messages are successfully sent in all ten land-
slides, by which more than a hundred people’s lives and hundreds
of millions of property losses are saved [16]. However, by analyz-
ing a large amount of engineering monitoring cases, it unveils that
the existing sliding force prediction and early warning technologies
may still be inadequate because of some inevitable problems:

o Due to the variation of regional climatic conditions and the
disturbance of surroundings, sliding force monitoring is
commonly affected by various uncertainty factors, thus the
variation trend of sliding force may be unstable;

o As the sliding areas of each monitoring slope, the installation
sites of NPR anchor cable and the construction conditions are
various, the sliding force together with its features (e.g.,
changing range, dynamic change trend, etc.) which are
collected at diverse monitoring points are different as well.

Overall, the above problems introduce difficulties constructing a
universal slope sliding force prediction model, and also bring cer-
tain challenges to the further promotion of sliding force monitoring
and early warning technology.

A belief rule-based (BRB) inferential methodology aims to describe
uncertain data and knowledge. And it is capable of establishing
complex nonlinear relationships between input and output vari-
ables [17-20]. Moreover, experts can construct belief rules and
determine parameters based on their knowledge. Meanwhile, they
are able to adjust model parameters by designing an optimization
method based on historical data [21-23]. Obviously, the BRB infer-
ential methodology integrates the advantages of data modeling and
knowledge modeling, and has been applied perfectly in the field
such as system performance prediction, safety assessment, fault
diagnosis, and system identification [24, 25]. Moreover, the NPR
anchor-based sliding force monitoring system holds the merit that
the unmeasurable sliding force can be calculated from the measured
data of the artificial mechanical.

In this paper, based on the above advantages, we propose a slid-
ing force prediction model based on BRB inferential method-
ology. And sliding force monitoring on the sub-section of the
West-East Gas Pipeline Project in China is taken as an example
to verify the proposed method. Specifically, regarding the uncer-
tainty problem of sliding force variation, an original BRB predic-
tion model is constructed based on historical samples to describe
the uncertainty and nonlinear relationship between input and out-
put variables. For the self-adaptive adjustment of BRB models at
different monitoring points, model parameter transfer and online
optimization method are given to transplant the prediction model
of the old monitoring point to the new monitoring point, so that
the prediction of the sliding force at the new monitoring point is
acquired accurately.

The structure of the paper is arranged as follows. The Section 2
describes the mathematical description of the sliding force predic-
tion problem. By analyzing the sliding force monitoring data of
the West-East Gas Pipeline Project, the input and output of the
BRB model are determined. The Section 3 gives the construction
method of BRB prediction model based on historical sliding force
data. Section 4 illustrates transferring and online update of the BRB
model. Section 5 demonstrates the process of initial BRB modeling,
model transfer, and online update based on slope data of the West—
East Gas Pipeline Project, which proves the effectiveness of the pro-
posed method.

2. MATHEMATICAL DESCRIPTION OF THE
SLIDING FORCE PREDICTION PROBLEM

2.1. Case Study of Sliding Force Monitoring

In this paper, the DD258 sub-section of the West-East Gas Pipeline
Project is taken as an example and its slope topographic map is
shown in Figure 1. In this case, sliding forces are collected from
the NPR anchor cable sensors which are installed in the monitor-
ing points, as shown in Figure 2. And the sliding forces are sampled
every At seconds for totally T'(T >> 0) times with sampling time
setast = 1,2, ..., T. For example, the sliding force at monitoring
point No.1 is collected every At = 3h and 8 times a day from Jan-
uary to April 2008. And the variation trend of the sliding force at
monitoring point No.I is shown in Figure 3. Seen from the figure,
the curve can be divided into three sections, which are horizon-
tal, ascending, and plunge. To be specific, Section AB is horizon-
tal with small values and slow variations, which indicates that the
slope is very stable. Sections BC, DE, and FG are ascending stages
with increasing values but downward trends, with points C, E, and
G as local peaks. Sections CD, EF, and GH are the stage of a sud-
den drop with sliding force values reaching the peak and decreasing
sharply, which indicates that the structure of the landslide body at
the monitoring point has changed. According to the experience of
engineering applications, landslides usually occur 4 to 8 hours after
the sudden drop stage.

Therefore, some conclusions can be drawn. Firstly, it is not neces-
sary to predict Section AB as its values are relatively stable. Sec-
ondly, it is hard to predict Sections CD, EE, GH, due to their high
uncertainty and variation. Thus, the mid-to-long-term prediction
of sliding force in ascending Section BC is the primary concern.
Therefore, by analyzing the variation trend of Section BC, an infer-
ence model is established to predict the variation of sliding force
in the future, which is beneficial to make early warning for plunge
phenomenon, so as to prepare protection measures in advance and
further minimize the damage of casualties and property.

2.2. Mathematical Description of Sliding
Force Prediction

In this paper, the sliding force of Section BC is set as F, =
{f’ Mt=12,..., T}. Then the mathematical expression of the
sliding force prediction problem is shown in Eq. (1), where y (¢ + 1)
is the prediction of the sliding force at time t+7 in the future, f’ (¢) is
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Figure 1

The slope topographic map of the DD258
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Figure 3 The variation trend of the sliding force at the
monitoring point No. 1.

Table 1 The list of variables and parameters of the belief rule-based

sub-section of the West-East Gas Pipeline Project.

Figure 2  Sliding force monitoring points No.I and No.2 on
the slope.

the current observation at time t, f' (t — 1), f (t —2), ..., f' (t — M)
is M historical observations. And y is a constructed prediction
model representing the relationship between observations and pre-
dictions in the future. In the model, the current observation at time
t together with M historical observations are adopted to predict
future sliding force at time ¢t + n. As the time-varying trend of
the sliding force is uncertain, it is difficult to construct the func-
tion y with a specific slope dynamics analytical model in real-
ity. However, by obtaining a certain number of historical data,
the prediction model can be constructed by data and knowledge-
based methods. Certainly, the inputs of the model can also be some
other variables relative to f' (t),f (t —1),f' (t—2),....f (t — M)
which are determined according to the real variation trend of f” (f)
case-by-case.

yt+nm) =y (f@).f (=1, ..f'(t— M) (1)

(BRB) prediction model.

Variables Explanation

A, The reference value of the i-th input variable

V; The reference value of the predicted sliding
force y (t + n)

B The belief degree of V; in the k-th rule

0y The relative importance of the k-th rule

6; The relative importance of the input attribute
fi®

L The number of rules

] The number of clusters of the output vectors

I The number of clusters of the i-th input
variable

my The time label of the minimum distance
sample vector

W The activated weight of the k-th rule

ak The matching degree of the i-th input
variable and the reference value A, ; €
Aiy, A, ... Ay inthe k-thrule

D,; The interval width of the reference value of the
i-th input variable

o, and o, Reduction factor

y;and yy, Enlargement factor

Hi.and @, Relative position ratio

3. THE BRB PREDICTION MODEL BASED
ON HISTORICAL SLIDING FORCE

In the proposed model, BRB model is established to describe the
nonlinear relationship between the historical/current sliding force
and the future sliding force. In BRB model, the activated belief rules
are fused by the evidence reasoning (ER) algorithm. Finally, the
future sliding force can be calculated from the fused results. To
better understand the model, the list of the variables is shown in
Table 1.



968 J. Feng et al. / International Journal of Computational Intelligence Systems 14(1) 965-977

3.1. The BRB-Based Sliding Force
Prediction Model

The BRB system is an extension of the traditional IF-THEN rule
expert system. It is capable of modeling and inferring incom-
plete, fuzzy, and uncertain data. And constructing belief rules is
a key part of establishing a BRB system [26]. In a belief rule,
each antecedent attribute has its corresponding reference value,
and each consequent attribute corresponds to a belief distribu-
tion. As shown in the Eq. (2), the k-th rule is taken as an
example, where 0, (k = 1,2, ...,K) and K is the number of belief
rules, 6,(i=1,2,...,I) and I is the number of the antecedent
attribute. Table 2 lists the physical interpretation of input and output
variables and their related parameters in a BRB model.

Ry @ /(D is Ay Afy(D)is Ay A Afi(D) i Ay

. )

Then y(t + n) is {(Vl’ﬁk,l) (Ve Bia) s (V) ﬂkJ)}
Based on the above interpretation, the construction of the BRB slid-
ing force prediction model and its inference process can be divided
into the following steps:

(i) Confirm the input and output variables together with their
reference values A; and V.

(ii) Form the antecedent attributes of total L, X L, X ... X L; rules
by traversing every input reference value, and confirm the
belief distribution of output reference value of each conse-
quent attribute.

(iif) The input variable is adopted to activate rules of the BRB,
and ER algorithm is adopted to fuse the belief distribution of
the consequent attributes of the activated rules, from which
y(t+ n) can be calculated.

In the following sections, a detailed analysis and introduction of the
above steps are given.

3.2. Obtaining Input and Output Reference
Values of BRB Based on Historical Data

Taking the case of monitoring point No.1 shown in Figure 3 as an
example, the sliding force in Section BC is used as historical data to
confirm the input and output variables together with their reference
values in the BRB model, respectively. According to the variation
trend of the data in Section BC, the input variables are selected as
in Eq. (3).

h®O=f®
L@ =f®—-f(t-1) 3)
HO=(O-ft-2)/2

Concretely, compared with the sliding force observations obtained
in single time f" (), f’ (t — 1), f’ (t — 2), the relative changes f, (f)
and f; (f) are able to depict the subtle changes of the sliding
force observations in adjacent time. Moreover, f, (£), f, (), f; (t)
and y(t+ n) in historical data are formed as a sample set F, =
{(fl ®.LM) .0, y+ n)) |[t=3,4,..., T}, where the predic-
tion y (¢ + n) is equal to the true value f; (¢ + n) at the moment. And

Table 2 The physical interpretation of input and output variables
of a belief rule-based (BRB) model.

The BRB System

The Physical Interpretation
of Variables and Parameters

Antecedent attribute

Reference value set A; =
{Ayll=1,...Lzi=1,...I}

The number of reference
values of antecedent attributes
L.

i

The antecedent of the k-th
rule, k=1,....K

The consequent
of the k-th rule

{(ViBa) soees (Vi Biy) )

Number of conclude
attributes J

Rule weight 6, € [0, 1]

Attribute weight §; € [0, 1]

Input variable f() =
TRORSNACY

The reference value of the i-th
input variable A,

L; is the number of parameter
values of the i-th input
variable

Reference values of f(¢)
inthe k-thrule A, =
(Api>Azs -2 Arp) s Agi € A

i

v (] =1,...,]) is the refer-
ence value of the prediction
of sliding force y (t + n), f ; is
the belief degree of V;

] is the number of output
variable parameter values

The relative importance of the
k-th rule

The relative importance of

input attribute f; ()

F, can be broken up into four subsets: X, = {f1 ®|t=3,4,..., T},
X, = {A®lt=34,....,Th X = {fOIt=34,....,T, Y =
{yt+n)t=34,.. T}

To avoid the randomness and subjectivity of the initial param-
eters of the model caused by the reference value given by the
expert experience, K-means is adopted to cluster the subsets into
K groups so that the selected reference value is in line with the
change of the samples, thus, a better fusion calculation can be
obtained. Specifically, K-means clustering is implemented on the
subsets X; (i = 1, 2, 3), with the cluster centers set as

A={A A ALt
with Ai,l < Ai,2 <..< Ai,i, < Aiil+1 < Aii,+2’
A,y =min {f;(0}, A1, = max, {f;())}

here I, (ii > 1) is the number of cluster centers of the i-th input
variable. The input reference values can be obtained as A; =
{Ai,17Ai,2""’Ai,L,}’ where i = 1,2,3, L; = L; + 2. Similarly, K-
means is implemented on the set Y and the output reference values
can be obtained as V = {Vl, Vi ots V]}, J = J + 2, where J is the
number of cluster centers of the output variable.

3.3. Constructing BRB Based on
Historical Data

After the input and output reference values are confirmed, the belief
rules L;XL,x...xLare constructed to form a BRB. Then f;, the
belief degree of the consequent attribute in each rule, needs to be
confirmed. Here, F; = {(fl ®.L®).f (t)) |t=3,4,..., T} is set
as the historical data of the input variables, and f ; can be obtained
by matching the data and the reference value of the antecedent
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attribute in F;. To be specific, firstly, Euclidean distance between
the data in F; and the reference values of the k-th rule which are
marked as (A1, Ag,, Ag3) can be calculated by Eq. (4), where Ay, k
is the minimum distance, my, m;, € {3,4,..., T} is the time label
of the data with the minimum distance, specifically, it is the corre-
sponding historical samples to the minimum distance.

After matching with (Ak,l’Ak,z’Ak,3) in each rule, the most sim-
ilar historical data samples of all rules can be obtained with the
corresponding time label § = {ml, My, ..., mK}, then the his-
torical data samples of the corresponding output variable Y/ =
{y’ (m+n)|m, € {3,4,..., T}} can be obtained. Finally, by cal-
culating the matching degree of y’ (m; + n) and the reference value
of the consequent attribute in the k-th rule by Eq. (5), the corre-
sponding f ;,j = 1,2, ..., ] can be obtained.

ﬁ _ Vj+1_}",(mk+”) ﬂ o y’(mk+n)—Vj
ki Via=v; PR -

ﬁk,1=1§ﬂk,j=0 G#D
ﬁk,]=1§ﬂk,j=0 G#D

Vi <y (my+n) < Vi
y' (mk + n) <V,
y' (mk + n) >V

(5)

3.4. Obtaining Predicted Sliding Force
Based on ER Algorithm

In the constructed BRB, the activated weight w; of the input vari-
ables (fl ®.L®.f (t)) regards to the k-th rule can be obtained
from Eq. (6).

3 — K
Wy = ‘9kH (aik)éi/ZakH ("‘ik)gi (6)
i=1

k=1 i=1

Here, 0, is the weight of the k-th rule, and the attribute weight is
shown in Eq. (7).

5_1' =6,/ 1%{% {51'} @)

aik is the matching degree of the i-th input variable f; (f) and the
reference values A, ; € {Ai,l,Ai,z, ""Ai,L,} in the k-th rule, which
can be calculated from Eq. (5) by replacing V; with A, ;, y’ (mk +n)
with f; (£).

After the activated rule weights have been fixed, ER algorithm is
adopted to fuse the belief distribution of consequent attribute with a
different activated degree, so as to obtain the corresponding output

of the input (f, (1), (). f; (), as shown in Eq. (8).

(V) li=1.2.07) ®)

where §;, which can be calculated by Egs. (9) and (10), is the belief
degree of the output reference value V.

K J K J
n lH <Wkﬂk,j +1—w Z ﬁk,j) - H (1 - Wy Z ﬂk,j)]
= k=1 =

k=1 j=

| TT0-)

k=1

ﬂj:

)

M-

K Ji K J -1
1 (Wkﬂk,j I ﬂkJ.> _0-1] (1 . ﬂk,jﬂ
i=1 k=1 j=1

1 k=1 J
(10)

n
Finally, the predicted sliding force y (t + n) is obtained by a weight
average operator as shown in Eq. (11).

-
I

J
yt+m= Vp (11)
j=1

4. BRB MODEL TRANSFER AND ONLINE
UPDATE STRATEGY

In this paper, the BRB sliding force prediction model at monitoring
point No.I is denoted as BRB,,. It aims to use BRB, to predict slid-
ing force on other slopes or adjacent monitoring points with similar
geological conditions. As shown in Figure 2, monitoring point No.2
is adjacent to monitoring point No.I and the BRB sliding force pre-
diction model at monitoring point No.2 is represented as BRB, with
the sliding force curve shown in Figure 4. By comparing Section
BC in Figure 3 and Section B'C’ in Figure 4, it can be concluded
that although the monitoring points No.I and No.2 belong to the
same slope, the trends of their sliding force are different when the
sign of landslide occurs. To be specific, (1) The benchmarks of slid-
ing force at point No.I and No.2 under a steady-state in Section
AB and A'B’ are different, with the point No.1 is 278.5 kN and the
point No.2 is 376.5 kN; (2) The duration and trend of Section BC
and B'C’ are different, with the point No.I rises to the maximum
value of 588.95 kN after 486 hours, and point No.2 rises to the maxi-
mum value of 963 kN after 738 hours; (3) The sliding force variation
ranges of Section BC and B'C’ are different. The variation ranges of
monitoring point No.I and monitoring point No.2 are 310.4 kN and
586.5 kN, respectively. In short, apart from the fact that the slid-
ing force obtained at two different NPR sensor monitoring points
has experienced a similar ascent process in Section BC, the other
specific change characteristics are different. Therefore, BRB, can-
not be directly used to predict the sliding force at point No.2. It is
necessary to adjust the parameters of the model BRB, (parameter
transfer) based on the data in the initial stage at point No.2 (the
data observed around monitoring time B’ in Figure 4). And then
Sequential linear programming (SLP) online optimization is imple-
mented on data acquired online so as to make BRB, gradually adapt
to the prediction of sliding force in Section B'C’ at the point No.2.
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Figure4 The variation trend of the sliding force at the
monitoring point No.2.

4.1. Parameter Transfer of BRB Sliding
Force Prediction Model for New
Monitoring Point

The transferring of input and output reference values in the BRB
model is actually to transplant the change law of the reference value
in BRB, to BRB,,. Thus, the position law of the reference value in
BRB, is calculated, and then the reference values can be transferred
after the abnormal variation of the sliding force at point No.2 is
detected. The details are shown in the following three steps:

Step 1: Calculate the relative position ratio of the input and out-
put reference values in BRB,,.

Firstly, the interval width of the input and output reference values
in BRB, can be obtained from Eq. (12), where D, ; is the interval
width of the i-th input reference value, D, 4 is the interval width of
the output reference values.

D=4, —ADuy =V, =V, (12)

Secondly, the relative position ratio y; . and @, can be calculated
from Eq. (13), where y; . is the relative position ratio of the clus-
tering center A, (t =2,3,...,L; + 1) of the input variable and the
interval width D, ;. @, is the relative position ratio of the clustering
center V, (A =2,3,...J+ 1) of the output variable and the interval
width D, .

Hir = (Ai,r - Ai,l) /Dain @y = (V/l - V1) /Dys (13)
Step 2: Determine the minimum and maximum of the input and
output reference values in BRB,,.

Specifically, the input and output of BRB, are denoted as
flh ®, fzb o, f3b (¢) and yb (t + n), respectively. Obviously, the range
of these variables needs to be determined in order to construct
BRB,,. Seen from Figure 4, sliding force shows a significant increase
at B’. And its value, which can be determined by the overrun
detection method, is set as the minimum reference value of flb @)
and y* (t + n), and meanwhile marked as A b , and Vl’ respectively.
Then, two sliding force values after point B’ are collected to acquire

the initial values of be (t) and f;’ (t) by Eq. (3), which are marked as

b b
1v, andIV31,

off2 ® andf3 () can be acquired by Eq. (14), where o, and o, are
reduction factor which can be determined by experts so as to make
f2 (t) and f3 (#) no small than A b \and A, b . Next, the maximum
value of the input and output can be obtalned as shown in Eq. (15).

respectively. Further, the minimum reference value

Al =0 IV A = 0,IV) (14)
boo_ _ b
Al,Li = An’A =11V,
, , (15)
Al = nIVELVE =V

Step 3: Determine other input and output reference values in
BRB,,.

Step 1 actually describes the distribution or relationship of the input
and output reference values in their respective variation ranges in
BRB,. After the variation range of flb ®, fzb ®, f3b () and y* (t + n)
are fixed in step 2, the interval width D, ; and D, , of the input and
output reference values in BRB,, can be obtained by Eq. (12). Then,
the distribution of BRB, can be transferred to BRB,, to obtain other
reference values by Eq. (16). Obviously, after transferring operation,
the number of input and output reference values in BRB;, and BRB,
are same, the number of rules is same as well, and the belief distri-
bution of the consequent attribute in each rule in both models are
set as the same.

Al =Dy + ALV

i1’ _Db,4(p/1+ Vlb (16)

4.2, SLP-based Online Optimization of
Belief Parameters of the Consequent
Attribute of Belief Rule

The obtained BRB;, model is a relatively rough model, because ﬂkz,
which is the belief degree of the consequent attribute, is directed
copied from BRB,. Thus, it cannot accurately describe the situa-
tion that the output changes with the input. Essentially, BRB, model
adopts the current input flb 0, fzh ®, f3b () at time ¢ to predict the
sliding force of future f? (t + n) at time ¢+ n, with the predicted slid-
ing force setas y* (t + n). Obviously, optimization aims to minimize
the difference between fb (t+ n) and yb (t + n), thus the objective
function based on minimum mean squared error is set as shown in
Eq. (17).

minp &(P)

&p) = 2‘;:1 égi’(q) - @)’ (17

where P = {ﬁkl}(t)lk =1,2,..K"j=12,...]
which needs to be optimized, and it consists of the belief degrees of
the consequent attribute of the activated rule in BRB, at time ¢. K
stands for the number of the activated rules at time ¢, which must
satisfy the constrains shown in Eq. (18).

} is a parameter set

0<pIO<LY BLO=1 (1)
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And the Q historical data samples of the monitoring
point No.2 which are obtained online can be adopted to
do optimization. For example, if n = 2, the historical
data  samples  (f;°(t—-3).5°t=3).¢=3).L(¢-D),
(fht—4.£t=4).£) (t =4, (t - 2)) which are obtained at
time f — 1 and ¢ — 2 can be used to optimize ﬁkZ(t) at time t with

Q=2

SLP is adopted to solve online optimization problems. To be spe-
cific, the optimal belief degrees obtained at time ¢ will be used as
the initial values of the belief degrees at time ¢ + 1. And the online
optimization process is achieved iteratively in a similar fashion. The
basic principle of SLP is that the first-order Taylor series expansion
of the nonlinear function is adopted so as to approximately con-
vert the nonlinear problem to a series of linear programming prob-
lems. And SLP can simply construct the first-order Taylor expan-
sion of the linear approximation model through analytical methods
or finite difference methods, so as to avoid the calculation of com-
plex higher order derivatives [27]. To be specific, the iterative opti-
mization process based on SLP includes the following four steps:

Step 1: Calculate the first-order partial derivative of the nonlin-
ear optimization objective function.

Based on the parameter optimization model in Eq. (17), the first-
order partial derivative of the objective function £(P) is calculated,
and the linear transformation as shown in Eq. (19) is implemented,
where P, represents a given initial point. Then, the nonlinear opti-
mization problem min, £(P) is transformed into a linear program-
ming problem min, &’ (P,) P.

EP)m & (Py) +¢&' (Py) (P Py) (19)

Step 2: Determine the moving limits of the optimized parame-
ters.

The selection of moving limits directly affects the effectiveness of
the SLP optimization algorithm. Specifically, large moving limits
will reduce accuracy, while small moving limits lead to the incre-
ment of the number of iterations and calculation thereby extending
of the program running time. Here, the upper bound of the param-
eters to be optimized is shown in Eq. (20). Normally, the moving
limits are set less than or equal to 10% of this upper bound, which
is less than or equal to 0.1.

UB(ﬂkZ)=1,k=1,2,...,Kh,j=1,2,...,] (20)

Step 3: Use linear programming to obtain local optimal value.

A search space is established by setting the initial points and mov-
inglimits. And alinear programming method, e.g., an interior point
method, is used to complete the search process [28, 29]. Specifi-
cally, if the intersection of the search space and the linearized feasi-
ble solution space is empty, the search space needs to be expanded
by increasing the moving limits. If there is an intersection, the opti-
mal solution of the linear programming problem will be searched
in intersection [30]. Next, take the obtained optimal solution as a
new initial point, re-linearize the original nonlinear optimization
objective function, and iteratively execute the entire process until
the given stopping criterion is achieved.

Step 4: Stop criterion.

When 1) the moving limits of all parameters are reduced to a sig-
nificantly small value, or 2) the value of the parameters or the value
of the objective function does not change significantly during two
iterations, the SLP iteration process should be stopped.

5. EXPERIMENTS AND ANALYSIS OF
SLIDING FORCE PREDICTION

5.1. Construct BRB, Based on Historical
Data of Monitoring Point No.1

BRB, is constructed by the sliding force of the rising stage (Section
BC) at the monitoring point No.! in Figure 3. Concretely, the sam-
pling time corresponding to B is 3 oclock on February 22, 2008 and
the sliding force increases from a relatively stable 278.5 kN to 294.08
kN at this point, where kN is an international unit for measuring the
size of the force. The sampling time corresponding to C is 9 oclock
on March 15, 2008, the sliding force drops from the largest 588.95
kN to 296.02 kN at this point, which indicates that the structure of
the slope body has changed at this moment. All in all, it takes 486
hours from the abnormal increase of the sliding force at B to the
change of the slope body structure at C, and 178 sets of measure-
ment data are collected.

5.1.1. Determine input and output reference values
in BRB,

Regarding to the 178 sets of data, a dataset
{(h®.L®.f®O.yt+2)[t=3,4,...,181} can be con-
structed from Eq. (3). And n = 2 is taken as an example to
introduce the entire modeling process, that is, the constructed BRB
model can be two sampling cycles (6 hours) in advance to obtain
the predicted value y(t+ 2) of f(t+ 2). Then, contained by the
limitation of the computer hardware, K = 4 is chosen to cluster
the variables, which can not only have enough reference values,
but also reduce the complexity of the experiment. And there are
6 reference values of input variables f, (1), f, (), f; (f) and output
variable y (¢ + 2) respectively, which are described by fuzzy seman-
tic values as: very small VS, positive small PS, median PM, positive
large PL, medium large ML, very large VL. The reference values of
the input and output variables are shown in Table 3.

5.1.2. Obtain belief rules in BRB,

Based on the reference values provided in Table 3, BRB, can be con-
structed, and the k-th rule is expressed as Eq. (21), where A, ;, A,
and A ;, respectively, stand for any of the corresponding reference
values in Table 3.

R o If (f; (DisAgy) A (L1 isA,) A (f3(D)is Ags)
Then y(t +2)is { (V1. 8c1) » (Vs Brz) s oo s (Voo Brs) } »

6
ZH Bj=1ke{1,2,...,216}
(21)
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Table 3 The reference value (semantic value) of input and output variables in BRB,.

Input variable Semantic value A, ,(VS) A, ,(PS) A, 3(PM) A, 4(PL) A, 5(ML) A,6(VL)
f1(® Reference 2950855 3203768 3826278  460.0012  549.9463  585.5067
value
Input variable Semantic value A, (VS) A, ,(PS) A, 5(PM) A, 4(PL) A, 5(ML) A, 6(VL)
1) Reference -0.2140 0.7225 1.5206 3.0613 3.4339 10.4008
value
Input variable Semanticvalue A, (VS) Az ,(PS) Az 3(PM) A; 4(PL) As5(ML) A 4(VL)
f3(®) Reference 0.0000 0.7209 1.5265 3.0571 3.4091 6.8430
value
Output variable Semantic value V,(VS) V,(PS) V5 (PM) V4(PL) V(ML) Ve(VL)
y(t+2) Reference 295.8567 321.8439 385.7263 466.7651 559.0389 587.9533
value
Table4 Part of rules in BRB,,
L The Consequent Belief Distribution
k The Combination of
Antecedent Reference Values B b, B3 B, Bs Bs
1 VS A VSA VS 0.9209 0.0791 0 0 0 0
2 VSAVSAPS 0.9407 0.0593 0 0 0 0
3 VS A VS A PM 0.9407 0.0593 0 0 0 0
4 VSAVSAPL 0.9407 0.0593 0 0 0 0
5 VSAVSAML 0.9407 0.0593 0 0 0 0
96 VSAPLAVL 0 0 0.9724 0.0276 0 0
97 VSAMLAVS 0 0 0.9599 0.0401 0 0
98 VS A ML A PS 0 0.0285 0.9715 0 0 0
99 PM A ML A PM 0 0.0285 0.9715 0 0 0
137 PLAMLAML 0 0 0.013 0.987 0 0
138 PLAMLAVL 0 0 0.013 0.987 0 0
139 PLAVLAVS 0 0 0 0.9446 0.0554 0
140 PL A VL APS 0 0 0 0.9446 0.0554 0
212 VLAVLAPS 0 0 0 0 0 1
213 VLA VLAPM 0 0 0 0 0 1
214 VLA VL A PL 0 0 0 0 0.192 0.808
215 VLAVLAML 0 0 0 0 0.192 0.808
216 VLAVLAVL 0 0 0 0 0.192 0.808

And the weight of the rule 6, and the attribute weight 6, are both
set as 1, which means that 216 rules have equal belief degree and
the input variables have the same importance in determining the
output variables. By matching the historical input variable with the
reference vector in the k-th rule according to Eq. (4) in Section 3.3,
the most similar historical data samples are found, so as to calcu-
late the belief degrees of the consequent attribute in the k-th rule
Bi1» -+ Brs by Eq. (5). Table 4 lists part of rules of BRB,.

5.1.3. Obtain predicted sliding force based on ER
algorithm

After the input variables (fl ®.L®.f (t)) are obtained online, Eq.
(6) is adopted to calculate the activated rule weights. Then the ER
algorithm, as shown in Egs. (10) and (11), is adopted to obtain the
fused belief distribution as shown in Eq. (9). Finally, the predicted
value y (t + 2) can be acquired by weighting the output reference
value.

Take data samples (f, (). f, (t) . f; (1)) = (295.5996,0.5141, 1.0283)
obtained at t+ = 4 as an example, it illustrates how to obtain the
prediction y (t + 2) by fusion reasoning. Calculating from Eq. (5),
the matching degree of f; (f) = 295.5996 with the reference values
VS and PS in Table 3 are 0.9797 and 0.0203, the matching degree of
f, () = 0.5141 with the reference values VS and PS are 0.2225 and
0.7775, the matching degree of f; (f) = 1.0283 with PS and PM are
0.6184 and 0.3816, and the matching degree with the other reference
values are 0.

According to the reference value activated by each variable, there
are 8 activated rules R,, R;, Ry, Ry, Ryg, Ry9, Ryy, Rys. And Eq. (6)
is adopted to calculate the corresponding activated weights such as
w, = 0.1348, w; = 0.0832, wy = 0.471, wy = 0.2906, w,g = 0.0028,
Wi = 0.0017, w,, = 0.0098, w,; = 0.006. The fused belief dis-
tribution obtained by ER algorithm is {(V, 0.9491), (V,, 0.0509),
(V3,0),(V4,0),(Vs,0), (Vs,0)}. And the predicted value y (t + 2) =
297.1794, whose corresponding true value is f, (t 4+ 2) = 297.3987,
can be achieved by weight sum of the belief degree of the reference
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Figure 6 The sliding force prediction of all samples in BRB,.

values. Obviously, it can be seen that the model provides accurate
prediction results.

For all the remaining input variables, the corresponding predicted
output values can be obtained through the above-reasoning pro-
cess. As shown in Figure 5, the actual data and the predicted val-
ues at t = 18, 43,110, 172 are given, respectively. And the predicted
values of all data samples are given in Figure 6. Finally, the mean
absolute percentage error (MAPE) of all samples equals to 0.008. To
conclude, the established BRB, based on historical data can accu-
rately predict the sliding force at time t 4 2.

5.2. Model Transfer from BRB, to BRB,,

Seen from Figure 4, the sliding force at the monitoring point No.2
was observed from 0:00 on January 1, 2008, and real-time over-
run detection was performed. When the increase of sliding force
between two samplings exceeds 10 kN, the model transfer which
is illustrated in Section 4.1 is implemented from BRB, to BRB,,.
For example, at sampling time B in Figure 4 (6:00 on February 11,

2008), the sliding force increased from 376.5 kN to 398.3655 kN,
thus the change amount is over 10 kN. At this moment, the model
transfer needs to be implemented.

5.2.1. Parameter transfer of BRB, model

Firstly, the interval width of the reference values in BRB, is calcu-
lated by Eq. (12). To be specific, the interval width of the input ref-
erence values is D, ; = 289.4212,D,,, = 10.6148, D, ; = 6.843 and
the interval width of the output reference value is D, ; = 292.0786.
Then the relative position ratio of the number of clustering cen-
ters of input and output variables in BRB, can be calculated by
Eq. (13), which are u,, = 0.0874, p; ; = 0.3025, y1;, = 0.5698,
ps = 0.8806, hy, = 0.0882, j,; = 0.1634, u,, = 0.3086,
fos = 03437, py, = 0.1054, py; = 0.2231, p;, = 0.4468,
fy.5 = 0.4982, @, = 0.089, ¢ = 0.3077, @, = 0.5851, @5 = 0.8908.

Set the time at B as t = 1 with flh (1) = 398.3655, then the
minimum value of the input reference values flb (t) and the out-
put reference value y” (t + n) in the BRB, model are set as Afl =
VY = 398.3655. By continuing to sampling, £’ (2) = 399.0595
and flb (3) = 399.4065 can be obtained, and the initial value of
fL(3) = 0.347 and £} (3) = 0.5205 can be obtained from Eq.
(3), with IVZZ?1 = 0.347, IV;”l = 0.5205. The reduction factors
0, = —3 and 0, = —1 are determined by experts, and the mini-
mum reference value of the two input variables A;”l = —1.041 and
AS{’I = —0.5205 can be calculated from Eq. (14). And the maximum
reference values A’ = 995.9137, A} = 17.35, A, = 10.4102,
V6b = 995.9137 can be calculated from Eq. (15), with the experts
determined enlargement factorsaresetas y; = 2.5,7, = 50,7; = 20
and y, = 2.5. Finally, the interval width of the input and out-
put reference values in BRB,, can be obtained by D, ; = 597.5482,
D,, = 18.391, D,; = 10.9307 and D,, = 597.5482 from Eq.
(12), and the other reference values of input and output variables
in BRBare calculated by Eq. (16). And all model parameters after
transferring are shown in Table 5.

5.2.2. Online iterative optimization of belief degree
parameters in BRB, based on SLP

The initial BRB, model can be generated by the parameter transfer
described in Section 5.2.1. In the initial BRB, model, the number
of rules and the belief distribution of the consequent attributes in
each rule are consistent with BRB,, as shown in Table 4, except that
the reference value of antecedent attributes are replaced with BRB,
as shown in Table 5. In this experiment, BRB;, model makes predic-
tion of two steps in advance (n = 2), thus at time ¢ = 3,4, 5 there
are no historical data samples can be used for online optimization
in BRB,, then the output is determined by the initial BRB,,. Table 6
shows the predicted values y (¢ + n) and its corresponding true val-
ues f¥ (t + n) of the three time. It can be seen that the predicted
results are close to the true values, which indicates that the BRB,
obtained after the parameter transfer is able to predict the sliding
force at monitoring point No.2.

In order to increase the prediction accuracy of BRB, at subse-
quent times, when at t+ = 7, historical data samples (flb @,
L@ .ff@.fL6) = (401.4882,2.0817,1.2143,403.9196) at
t = 4 are selected to optimize the belief parameters of the
initial BRB;, by the method which is described in Section 4.2.
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Table 5 Reference value (semantic value) of input and output variables in BRB,,.

Input variable Semanticvalue A% (VS) A% ,(PS) AP ,(PM) Ab ,(PL) Ab (ML) A" (VL)
f1(®) Reference 398.3655  450.5825  579.1081  738.8556  924.5593  995.9137
value
Input variable Semanticvalue A%, (VS)  AY,,(PS)  A’,5(PM) A% ,(PL)  AY (ML) A% (VL)
() Reference -1.0410 1.9696 3.3524 6.0217 6.6673 17.3500
value
Input variable Semanticvalue A% (VS)  AY,,(PS)  A’;5(PM) A% ,(PL) A (ML) A% 4(VL)
f3(0) Reference —0.5205 1.6721 2.9590 5.4038 5.9660 10.4102
value
Output variable Semantic value V2, (VS) V?,(PS) VP, (PM) Vv*,(PL) Vs (ML) V? (VL)
y(t+2) Reference 3983655  451.5314 5822250  748.0180  930.6586 9959137
value
Table 6 Input variables and output variables at three moments in BRB,,.
t @ £ o Y t+m  ft+n)
3 399.4065 0.347 0.5205 402.1133 402.182
4 401.4882 2.0817 1.2143 404.0322  403.9196
5 402.182 0.6938 1.3877 403.5488  404.6097
Table 7 The optimized rule at t = 7 in BRB,*(7).
L The Consequent Belief Distribution
k The Combination of
Antecedent Reference Values b b b b b b
ﬁl ﬁz ﬂ} ﬂ4 ﬂS ﬂ6
1 VSAVSAVS 0.9209 0.0791 2.5le-15  8.83e-16 5.13¢-16 4.26e-16
2 VSAVSAPS 0.9407 0.0593 3.26e-15 1.15¢-15 6.67¢-16 5.79%-16
7 VSAPSAVS 0.9209 0.0791 8.28¢-16  291e-16 1.69-16 1.47¢e-16
8 VS APSAPS 0.9407 0.0593 1.17e-15 4.1e-16 2.37e-16 2.06e-16
37 PSAVSAVS 0.0044 0.9956 1.7e-14 1.69¢-14 1.09¢-14 9.79%-15
38 PSAVSAPS 0.0142 0.9858 5.0e-14 2.31e-14 1.43e-14 1.27e-14
43 PSAPSAVS 0.0241 0.9759 1.62¢-14  8.38e-15 5.47e-15 4.86e-15
44 PS A PSAPS 0.0241 0.0759 2.0e-14 1.04e-14 6.81e-15 6.05e-15

Specifically, when (flb 4), fzb “), f3b (4)) are imported into the ini-
tial BRB;, model, 8 rules will be activated which are R;, R,, R;,
R, R;;, Ryg, Ry5, Ry, then the belief degrees need to be optimized
isP(t=4) = {ﬁkf}|k =1,2,7,8,37,38,43,44;j = 1,2, ... ,6}. Set
the rule weight and attribute weight as 1, the minimum interval
increment as 4e-05, the optimization stop error as le-06, respec-
tively. And, then the objective function shown in Eq. (16) and the
SLP online optimization steps shown in Section 4.2 are adopted to
optimize the belief degrees of the activated rules. At this time, in
order to reduce the duration of the iterative optimization, only one
historical sample is used to optimize the parameters, so Q = 1
in Eq. (16). Table 7 demonstrates the results of local optimization,
with the optimized BRB denoted as BRB (7), and the superscript
“0” stands for “optimization.” Then, the predicted value of inputting
(L @ .1} @).f} @) into BRBY (7) is * (7) = 406.2815.

When t = 8, there is the initial BRB BRB,, (8) = BRB) (7). And
the SLP online optimization steps are repeated based on the histor-
ical data samples 0‘1” (5), fzb 5), f;’ 5), flb (7)) to obtain the opti-
mized BRB) (8) before t = 9, and further obtain the predicted
value y* (8) = 405.3485. Similarly, at time ¢, optimization before

prediction forms the entire iterative optimization and inference
prediction process. Table 8 shows the BRB at the time of prediction
termination at C’ (t = 247) in Figure 4. Comparing with the initial
BRB at t = 1 shown in Table 4, it unveils that the belief degrees
of all consequent attributes have been updated. Figure 7 shows the
true and predicted values obtained after dynamic optimization and
inference at t = 17, 64, 206, 242, respectively. And the compari-
son of the predicted value of iteratively optimized BRB,°, the initial
BRB, obtained without optimization and true values of all samples
are shown in Figure 8. Finally, the mean absolute percentage error
of the former is MAPE = 0.0061 and the mean absolute percentage
error of the latter is MAPE = 0.0108. It can be seen that the iter-
ative optimization process significantly improves the overall accu-
racy of prediction. Obviously, seen from the figure, the early rise of
the sliding force is relatively smooth (t = 1 ~ 80), and the predic-
tion of the sliding force iterative optimization is accurate. But, when
the rise goes steeper (f = 119 ~ 131), a certain deviation will occur
because the change laws of input and output have changed obvi-
ously. When the model parameters are continuously updated itera-
tively, the transferred new BRB will be more suitable for the change
law of the real data.



J. Feng et al. / International Journal of Computational Intelligence Systems 14(1) 965-977

Table 8 The optimized belief rule base.

975

The Combination of

The Consequent Belief Distribution

k Antecedent Reference Values ﬁlb ﬁlb ﬁ1b ﬁlb ‘Blb ﬁlb
1 VSAVSAVS 0.9863 7.29e-13 9.4%¢-13 1.88e-12 4.57e-07 0.0133
2 VSA VSAPS 0.9835 1.27e-13 2.83e-13 1.41e-12 1.14e-07 0.0165
3 VSAVSAPM 0.9455 0.0392 5.77e-10 1.14e-08 0.0076 0.0076
4 VSAVSAPL 0.9407 0.0593 0 0 0 0
5 VSAVSAML 0.9407 0.0593 0 0 0 0
96 VSAPLAVL 0.0365 0.0108 0.861 0.0306 0.0306 0.0306
97 VSAMLAVS 0 0 0.9599 0.0401 0 0
98 VS A ML A PS 0 0.0285 0.9715 0 0 0
9 PM A ML A PM 0.0685 0.0277 0.837 0.0223 0.0223 0.0223
134 PL A ML A MS 0 0 0.013 0.987 0 0
135 PLAMLAPM 0.0487 0.0196 0.0136 0.9008 0.0086 0.0086
136 PLAMLAPL 0.0264 0.0264 0.0191 0.8577 0.0423 0.0282
137 PLAMLAML 0.0112 0.0112 0.0112 0.8316 0.0781 0.0567
212 VLAVLAPS 0 0 0 0 0 1
213 VL A VL A PM 0 0 0 0 0 1
214 VLAVLAPL 0.0017 0.0017 9.52e-10 291e-11 0.1403 0.8563
215 VLA VLAML 0.0017 0.0017 1.36e-10 8.02e-12 0.0953 0.9012
216 VLAVLAVL 0.0051 0.0051 7.96e-10 2.68e-08 0.1369 0.8529
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Figure 8 The comparison of prediction in initial BRB, and

Figure 7 The sliding force prediction at part of time in BRB,°.

5.3. Expansion Test Experiment and
Analysis

In order to verify the effectiveness of the proposed model transfer
and parameter online optimization methods, linear disturbances
and sinusoidal function disturbances are implemented on the slid-
ing force data at monitoring point No.2, which changes the over-
all or local variation trends of the sliding force. As shown in the
Figure 9, the upper picture shows the case of adding linear distur-
bance which increases the sliding force changing rate and expands
the sliding force range. And the under picture demonstrates the sit-
uation of adding nonlinear disturbance which makes the local trend
of the sliding force more uncertain. Model transfer and parameter
optimization are implemented based on BRB,, so that a new BRB

the iterative optimization BRB,°.

is generated for sliding force prediction. The simulation results in
Figure 9 prove that the proposed method has good robustness, and
relatively accurate prediction results are given in both cases.

6. SUMMARY

To tackle the uncertain problem which is caused by variation of slid-
ing force, a method of slope sliding force prediction based on BRB
inferential methodology is proposed in the paper to achieve accu-
rate prediction of different slope sliding force measurement points.
The main contributions of this paper are demonstrated as follows:
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Figure9  The predictions of adding different
disturbances to the sliding force at monitoring
point No.2.

(1) BRB prediction model based on historical data is established.
A BRB prediction model is constructed so as to describe the
nonlinear mapping relationship between input (history, cur-
rent sliding force) and output (future sliding force). ER algo-
rithm is adopted to fuse the belief rules which are activated by
input. Based on the fused results, the prediction of the sliding
force can be calculated.

(2) A parameter transfer of the BRB sliding force prediction
model for new monitoring points is proposed. Based on his-
torical data, the BRB and the relative position ratio of the
input and output reference values are determined. By trans-
ference and transformation of the determined values, the BRB
and the input and output reference values of the sliding force
prediction model at new monitoring points can be obtained.

(3) Local iteration optimization of model parameters strategy is
adopted. For the adaptive adjustment of BRB models at dif-
ferent monitoring points, SLP is used to iteratively optimize
and update the parameters activated in the BRB model after
transference, so as to improve the prediction accuracy of the
model.

In addition, there are still some worthy problems for further discus-
sion and research:

(1)  As the factors which influencing the slope stability are com-
plicated, such as groundwater, fracture, ground stress, and

directly obtaining the data by NPR anchor cable has some lim-
itations, the prediction and stability analysis of slope sliding
with a variety of uncertain information needs further study.

(2) In this paper, the measurement samples of the NPR anchor
cable are complete. However, the measurement data is incom-
plete in reality. In future studies, it is worth further discussing
and extending this aspect.

(3) When the sliding force is abrupt, the internal structure of
the slope changes, and the prediction model cannot be used.
How to solve the abrupt sliding force prediction needs further
study.
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