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ABSTRACT In most studies of dam’s displacement prediction based on monitoring data, emphasis was given
on improving the prediction accuracy, while the model stability was merely considered. This study proposed
a numerical-statistical combined model which aims to improve the model stability. The displacement was
modelled within three modules: recoverable displacement (i.e., displacement induced by the external load
including the water pressure and temperature), non-recoverable displacement (i.e., displacement due to
the inherent variations of the materials such as the creep and fatigue of the concrete), and measurement
errors (i.e., instrument error and human error). To reduce the random errors and increase the model
stability, we used the numerical simulation to constrain the coefficients of explanatory variables for the
recoverable displacement. The non-recoverable displacement was estimated by empirical equations, and
the measurement errors were given by Gaussian distributions. The randomness of coefficients in the model
among all monitoring points are constrained further by random coefficient model. We adopted the root mean
square error (RMSE) at varying time and the change ratio of the coefficients (CRC) to evaluate the model
stability. Results indicated that the proposed model not only has better prediction accuracy but also has better
model stability compared with the statistical model and coordinates-included statistical model proposed in
previous studies.

INDEX TERMS Displacement prediction, dam, combined model, model stability, numerical simulation,
statistical model.

I. INTRODUCTION

In most early studies of dam’s displacement prediction based
on monitoring data, researchers used statistical models to
estimate the future displacement from the past monitoring
data, in which the displacement was quantified by three
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influencing factors, i.e., hydrostatic pressure, temperature,
and ageing [1]-[4]. With the development of computational
technologies, machine learning methods were introduced to
the field, and more and more complicate influencing factors
were taken into consideration. Such methods include the arti-
ficial neural network method [S]-[8], support vector machine
method [9], [10], extreme learning machine method [11],
and etc.
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Both statistical models and machine learning methods have
shown very high prediction precisions. However, the model
stability was rarely discussed, which is equally as important
as the prediction precision, especially when a long-term pre-
diction is involved [12]-[14]. Many unquantifiable factors
such as the construction quality of pouring and material
properties such as compression strength, elastic modulus,
and Poisson ratio may induce uncertainties in predicting the
displacement. These factors depend on the spatial positions
of the monitoring points on the dam.

In order to enhance the model stability, recent studies have
integrated the spatial correlations of the monitoring points
into the statistical models, by classifying the monitoring data
at different monitoring points into several groups [15], [16].
In the statistical models with monitoring data being classified,
the spatial correlations were quantified by groups, whereas
the correlations between monitoring points in one group
were lacking. To reflect the overall spatial correlations, one
method is to integrate the coordinates of monitoring points
into the statistical models as explanatory variables [17]. The
coordinates-included statistical model considered the spatial
correlations between each monitoring point; however, the
accuracy of the model was usually reduced due to the increas-
ing number of explanatory variables and model complexity.
Taking a simple power function as an example, the number of
explanatory variables of the function that includes the coor-
dinates (x, y, ) is increased by 43 times compared with that
without coordinates. As the number of variables increases, the
coordinates-included model exhibits an increasing possibility
of autocorrelations between variables, which would weaken
the prediction accuracy. The objective of the present study
is to enhance the stability of the prediction model without
increase the number of variables like coordinates-included
statistical models.

In this study, we proposed a numerical-statistical combined
model, which modelled the displacement via three modules:
the recoverable displacement, non-recoverable displacement
and measurement errors. The recoverable displacement is
the most critical module, and it represents the displacement
induced by the external loads including the water pressure
and temperature. This component was quantified by numeri-
cal simulation [18]-[20] with reduced explanatory variables.
The non-recoverable displacement includes the displacement
resulting from the inherent variations of the materials such as
the creep and fatigue of the concrete, and it was provided with
an empirical formula. The measurement errors (i.e., instru-
ment error and human error) were estimated with Gaussian
distributions. To constrain the explanatory variables of the
proposed model further, a statistical model called random
coefficient model [21]-[23] were used to obtain the coeffi-
cients. To evaluate the proposed model, we first quantified
the model’s prediction accuracy for data of six different pre-
diction periods varied from one month to six months. We then
quantified the model stability with an indicator named change
ratio of coefficient (CRC), which estimates the fluctuation of
the coefficients of the explanatory variables.
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This article was organized as follows. Section II presented
how the proposed model was developed. We first introduced
the statistical model and the coordinates-included statistical
model, and then developed the statistical-numerical com-
bined model. Section III exhibited the engineering project
and the dataset. Section IV discussed the results including
the prediction accuracy and the model stability. Concluding
remarks completed the paper in Section V.

Il. MODEL DEVELOPMENT

A. COORDINATES-INCLUDED STATISTICAL MODEL

Dam’s displacement depends on many external and internal
factors, such as the external load, the material properties of
the dam body and the dam foundation, and the quality of
the construction. Researchers developed statistical models to
quantify the influence of these factors on dam’s displace-
ment. In most statistical models, the calculation of dam’s
displacement § were divided into three modules: hydraulic
components 8y, temperature components d7, and ageing
components Jg.

8=0m+3r+358 (D

The displacement § of a single monitoring point was writ-
ten as:

365
+c10 +calnd  (2)

n ms . .
: 2mit 2mit
§ =ap+ E a;H' + E (blisin% + bycosl)
i=1 i=1

where ag is a constant term which represents the initial con-
ditions; H is the upstream water level; n is a coefficient with
n=3 for gravity dams and n=4 for arch dams; ¢ counts time
from the starting date of the selected dataset; 6 = ﬁ; a;, b;,
¢; are unknown coefficients.

To consider the spatial correlations among all monitoring
points, the coordinates of monitoring point were included as
variables in the statistical model (see Figure 1). Then, the
displacement § becomes:

§=fH,T,0,x,y,2)
=filH,x,y, 2+ LT, x,y,2) +0,x,9,2)  (3)
with H the upstream water level, T’ the temperature, 6 = ][m,
t the time, and x, y, z the coordinates of the monitoring points.

fitH,x,y,2),/(T,x,y,2),and f3(0, x, y, z) are related to 8,
dr, and &y, respectively (see Equation(1)).

fiH, x,y,2) = filf(H),f(x,y,2)]
34) 3

=fIY_aH', > amx'y"2'l 4
i=1

1,m,n=0
where f(H) is the hydrostatic pressure component at one
monitoring point as expressed in Equation 2. f1(x, y, z) repre-
sents the displacement field induced by the water load, and it
can be expressed with a multivariate power function:
34 3
AH X3, =Y" > AugmH x'y"" )

k=11,m,n=0
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FIGURE 1. (a) Photograph of a gravity dam, (b) sketch of the gravity dam, (c) flowchart of the statistical

model and the coordinates-included statistical model.

The displacement field induced by the temperature com-
ponent fo(T, x, y, z) exhibits:

LT, x,y,2) = L), fx,y,2)]

13 :
2mjt 2wkt
= Z Z Bjkimnsin——cos xty"7"
e 365 “*° 365

(6)

The displacement field induced by the ageing component
fx,y, 2)is:

f£0,x,y,2)

B fx,y, 2)]
3

Z C/’klmnejlnekxlymzn
1,m,n=0

G=0k=1

or j=1k=0) (7)

Then, the coordinates-included statistical model can be
expressed as:

34 3
s = Z Z AklmnHkxlymZn
k=11,m,n=0
! & . 2mjt 2wkt
+ Z Z Bjklmnsm%cos%x y'z
Jj-k=01,m,n=0
3
+ D CumtIno*x'y"z" ®)
1,m,n=0
Known the spatial coordinates (x, y, z) and displacement
8(H,T,0,x,y, z) of each monitoring point, we can fit the A;,
B;, C; with the monitoring data using a stepwise regression
method.

B. NUMERICAL-STATISTICAL COMBINED MODEL

With the coordinates (x,y, z) integrated into the statistical
model, the numbers of independent variables are increased.
The increasing variables may lead to an auto-correlation
problem. The proposed numerical-statistical combined model
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FIGURE 2. Framework of the proposed numerical-statistical combined
model.

aims to increase the model stability without increase the
number of independent variables. In contrast to previous
studies which divided the displacement into water pressure
component, temperature component, and ageing component,
we model the displacement within three modules: recover-
able displacement §; ., non-recoverable displacement §; ,,—,
and measurement errors ;. (see Figure 2). The recover-
able displacement is estimated by integrating the numerical
simulation into the statistical model, the non-recoverable
displacement is evaluated with an empirical equation, and
the measurement errors is assumed to follow a Gaussian
distribution.

1) RECOVERABLE DISPLACEMENT

The module of the recoverable displacement §; , represents
the dam’s displacement induced by the external loads includ-
ing the water pressure 6;y and temperature 8;7. 8;y and &1
are regarded as linear elastic and satisfies small deformation
assumption, they hence can be expressed by the equilib-
rium equation (9), geometric equation (10), and constitutive
equation (11).

Ojj.j +fi=0 )
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gj = 7 ij + i) (10)
1+ n

where 0, € are the stress tensor and strain tensor, respectively;
u is the theoretical displacement field; f is the volume force
and §;; is the Kronecker symbol, §;; = 0 when i # j and
3jj =1wheni=j.

The S?H at different water levels and S?T at different tem-
peratures can be solved with Equation (9) to (11) using a
finite element method. The relation between the designed and
simulated displacement field §;; and 83{ are:

0
S = =Sy = i3y (12)
where i is the serial number of monitoring points, E? is the
designed elastic modulus, Ej. is the actual elastic modulus,
and ¢; is the ratio of the designed elastic modulus E? to the
actual elastic modulus Ej..

Similarly, the relation between the actual linear expansion
;7 and the designed linear expansion S?T can be expressed as
St = & - S?T, in which &; is the ratio of the designed linear
expansion to the actual linear expansion. The displacement of
the recoverable module exhibits:

Siv =i 80y + &80 (13)

S?H and SIQT are provided by the numerical simulation, ¢; and
&; represent the fluctuations of the actual elastic modulus and
the actual linear expansion coefficients at indicated position.

2) NON-RECOVERABLE DISPLACEMENT

The non-recoverable displacement field §; ,—, represents the
displacement that results from the inherent variations of the
materials such as plasticity, creep, fatigue of concrete, and
etc. The physical mechanism of these influencing factors are
unclear until now. Here, we use the linear function and the
logarithmic function to characterize the divergence trend and
the convergence trend of §; ,—,, respectively. The expression
of §; ,—, is exhibited as:

L M

Sinr =y, Y (dinb + doimlnd)x/z" (14)
i=0 m=0

where x is the horizontal coordinate and z is the vertical coor-
dinate, 6 is the time, dy;,, and dy;, are pending coefficients.

3) MEASUREMENT ERRORS

The measurement errors §; , include the instrument errors and
the human errors. The measurement errors of the displace-
ment data at a monitoring point can be regarded as satisfying
a Gaussian distribution N (0, o). The probability distribution
function of §; . is:

2

L) (15)

1
fGie) = —=exp(—=7-

Var
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FIGURE 3. Flowchart of the proposed numerical-statistical combined
model.

K
Oy = g Britrit + Wit
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FIGURE 4. Sketch of the random coefficient model.

4) SOLVING THE MODEL

As presented in Section [I-B1 to II-B3, the displacement field
can be exhibited as:

81' = 3i,r + 8i,n—r + 6i,€
L M
=GOy &S+ Y Y (dim + damIn®)x}Z + u;
i=0 m=0
(16)

Figure 3 illustrates the flowchart of the proposed
numerical-statistical combined model.

With known spatial coordinates of the monitoring points,
the geometric characteristics at each monitoring point can be
determined from the numerical simulation. The advantage of
the numerical method is that only two variables (¢; and ;) are
left in the module of recoverable displacement.

We use the random coefficient model to solve the
numerical-statistical combined model, which assumes the
regression coefficients are random variables and obey a Gaus-
sian distribution (See Figure 4).

By introducing the random effects, the correlation between
individual observations are taken into account, and the degree
of freedom of the model are reduced. Then, Equation 16 can
be exhibited as:

K K
S =Y Buair + i = Y (B + vidawi +u  (17)
k=1 k=1
where §;; is a two-dimensional data panel of the displace-
ments containing temporal and spatial information; ay;; is
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FIGURE 5. Photo of the selected dam.

a two-dimensional data panel of explanatory variables; ¢ is
time; i is the dam’s cross-section index; k is the explanatory
variables index and u is a random term. The pending coeffi-
cient Bi; includes By and y;, with B = (By,---, Bx) the
common mean coefficient vector, and y = (y1;, -, yki)
the derivation from the individual data to the common mean
value. According to the central limit theorem, Sj; approxi-
mately obeys an asymptotic Gaussian distribution.

Ill. DATASETS

In the present study, we used the monitoring displacement
data of the concrete arch dam at the Jinping-I hydropower
station, which is one of the highest concrete arch dam in
the world (see Figure 5). The elevations of the crest and
foundation of the dam are 1885m and 1580 m, respectively.
The normal impounded water level and the level of dead water
are 1880m and 1800m, respectively.

For the dataset, we selected the radial displacement mon-
itoring data of 23 monitoring points distributed in six plumb
lines (5#, 9#, 11#, 13#, 16# and 19#) from July 1, 2015
to December 31, 2018. Figure 6 shows the distribution
of the monitoring points. Displacement to the downstream
direction counts for positive, and the displacement to the
upstream direction counts for negative. The displacement
data were recorded once a day. After eliminated the miss-
data, we obtained 914 validated data in total. The dataset was
divided into two parts: data from July 1, 2015 to June 30, 2018
were selected as training dataset, whereas data from July 1,
2018 to December 31, 2018 were selected as testing dataset.

Figure 7 shows the time variation of the upstream water
level and the monitoring data of the selected monitoring
points.

IV. RESULTS AND DISCUSSIONS

A. RESULTS OF THE PROPOSED MODEL

We analysed the module of the recoverable displacement in
ABAQUS. We firstly established a three-dimensional finite
element model for the selected dam, which consists of the
dam body, dam pedestal, and the surrounded mountain.
The dam body contained 38537 elements and 31941 nodes.
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FIGURE 7. Time variation of the upstream water level and monitoring
data of the monitoring points at different plumb lines: (a) 5#, (b) 9#,
(c) 11#, (d) 13#, (e) 164, () 194.

The model was constrained in the normal direction for all
lateral boundaries, and was fixed in all directions for the
bottom boundary (see Figure 8). The parameters of the
material properties used the designed value (see Table 1).
The density, Young’s modulus and Possion ratio were used
to calculate the hydrostatic pressure-induced displacement,
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FIGURE 8. The finite element model of the selected dam: (a) the overall
structure, (b) the dam body and dam pedestal, (c) the dam body and the
surrounded mountain.

TABLE 1. The settings of material properties in the finite element model.

Density Young’s Possion  Expansion coefficient
[kg/m®]  modulus[GPa]  ratio [/] [1/°cl
Concrete 2400 30 0.2 107°
Rock 2400 20 0.2 0

(a) (b)

Displacement [m] Displacement [m]

(©) (d)

FIGURE 9. The simulated radial displacement at different upstream water
levels: (a) 1700 m, (b) 1780 m, (c) 1860 m, (d) 1880 m.

and the expansion coefficient was used to calculate the
temperature-induced displacement. We simplified the dam
body as concrete, and the dam pedestal and foundation as
rock.

As the upstream water level varied between 1700 m
to 1880 m in the real world, we simulated the dam’s displace-
ment at six different upstream water levels (see Figure 9).
Results showed that the displacement field was approxi-
mately horizontal symmetry, with the displacement at the
midline larger than at the border areas.

Similarly, as the temperature in the real world varied
from 4 °C to 24 °C, we selected 4°C, 8°C, 12°C, 16°C, 20°C
and 24°C as the boundary conditions of the downstream dam
surface and the dam crest. The boundary conditions of the
upstream dam surface were set to 3°C, 4°C, 5°C, 8°C, 11°C
and 14°C, which are the average temperatures of the water
body in the above six configurations. Figure 10 exhibits the
displacement field with the temperature of the upstream dam
surface varied systematically from 4°C to 24°C. The dam’s
crest deforms toward downstream at low temperature and
toward upstream at high temperature.
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FIGURE 10. The simulated radial displacement at different upstream dam
surface temperatures: (a) 4°C, (b) 12°C, (c) 20°C, (d) 24°C.

TABLE 2. The coordinates of the selected monitoring points.

Monitoring point X [m] Z [m]

1P11-1 996.99 1601
PL11-2 997.37 1830
PL11-3 996.94 1778
PL11-4 996.02 1730
PL11-5 996.46 1664.25
PL13-3 1029.84 1778
PL13-4 1029.58 1730
PL13-5 1029.42  1664.25
1P16-1 1112.39 1601
PL16-2 1111.76 1830
PL16-3 1112.34 1778
PL16-4 1113.13 1730
PL16-5 1112.7 1664.25
PL19-2 1170.83 1830
PL19-3 1169.89 1778
PL19-4 1169.34 1730
PL19-5 1168.19  1664.25
PL5-2 874.64 1830
PL5-3 880.35 1778
PL5-4 882.56 173
PL9-3 936.98 1778
PL9-4 943.41 1730
PL9-5 942.3 1664.25

With the numerical simulations of the configurations at dif-
ferent water level and temperature, we obtained the regression
relationship between H and 8101 (e, 8% = Z?:o a;H"), and
the relation between 7 and 69 (i.e., 87 = Zz‘zzo b;T"). Table 2
exhibits the coordinates of all the selected monitoring points.

With the random coefficient model, the coefficients of the
explanatory variables in Equation 16 can be obtained, which
are exhibited in Table 3.

B. PREDICTION ACCURACY
In order to evaluate the proposed model, we calculated the
coefficients of determination R? of the training data and the
root of mean square error RMSE of the testing dataset:
nS—8:)2
g = LG b (18)
Do (8 —8)

Z’L] (S, - Ei)2
== 7

n

RMSE = (19)
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TABLE 3. The coefficients of independent variables of the proposed
model at each monitoring point.

Monitoring point & i di do cons
IP11-1 0.725 0.07 0519 0.545 6.341
PL11-2 17.177 2264  4.966 -6.59 -50.628
PL11-3 5329 1.025 546  -10325  -8.998
PL11-4 1276 0211 4.077  -7.827 5.821
PL11-5 0.509  0.074  0.705 0.481 10.835
PL13-3 2346 0431 5509 -11.418  -15.66
PL13-4 11.305 1.072 3978 -8.64 -1.222
PL13-5 2415 0417 2192 -5.099 21.365
IP16-1 0.715 0.07 1.345  -0.958 10.262
PL16-2 1.085 0384 7427 -10.773  -2.392
PL16-3 0.58 0.142  7.164 -10.844 7.853
PL16-4 0421  0.078 6.255  -9.138 18.43
PL16-5 0.346  0.051 2.804 -3.764 19.894
PL19-2 1.644 0362 5.168  -2.856 -2.595
PL19-3 0.622  0.187 4755  -3.286 12.438
PL19-4 0.188  0.037 2.895 -2.975 15.93
PL19-5 0.054 0.01  2.008 -0.937 11.984
PL5-2 0.399  0.109 4.131 -4.092 -2.787
PL5-3 0.352 0.09 3476  -4.636 5.904
PL5-4 0314 0.097 1.166 0.29 8.8
PL9-3 0903 0245 5.183 -12.304  11.002
PL9-4 0236 0.052 3.027 -7.092 11.862
PL9-5 0.095 0018 0.23 -0.488 6.586

where §; is the average of the monitoring data and 7 is the
number of displacement data.

As shown in Table 4, we compared the coefficient of deter-
mination R? of the proposed model with the statistical model
(S model) and coordinates-included statistical model(C-S
model). The coefficients of the explanatory variables in the S
model and C-S model are shown in Appendix (Table 6 and 7).
The number of variables of a single monitoring points of the
S model, C-S model, and the proposed model were 9, 160,
and 5, respectively. For the displacement prediction of single
monitoring point, the number of variables of the C-S model
was more than those of the S model and the proposed model.
Here, to establish model for all monitoring points, the number
of variables were 207, 160 and 115 for the S model, C-S
model, and the proposed model, respectively. For the whole
dataset, S model had the most numerous variables (207) and
thus had the best fitting results but also a larger possibility
of having the over-fitting problem. The R? of the C-S model
was slightly smaller than those of all monitoring points in
S model and the proposed model. Overall, the coefficient of
determination R? of all these three models exceeded 0.95 for
the prediction of all the monitoring points, which means all
these models performed well in fitting the training data.

Figure 11 (a) presents the RMSE of three models for
each monitoring point, the average RMSE of all monitoring
points were 0.315, 1.679 and 0.270 for the S model, the
C-S model, and the proposed model, respectively. For the
whole 23 monitoring points, S model had the lowest RMSE
in 8 monitoring points, the proposed model had the lowest
RMSE in 15 monitoring points. Since more than half of the
variables in the C-S model were fairly small (almost close
to zero), the number of effective variables is the smallest.
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TABLE 4. The coefficient of determination R2 of the coordinates-included
statistical model (C-S model) and the statistical model (S model).

Monitoring point C-Smodel S model the proposed model
IP11-1 0.9951 0.9939
PL11-2 0.9834 0.9851
PL11-3 0.9956 0.9911
PL11-4 0.9942 0.9939
PL11-5 0.9939 0.9943
PL13-3 0.9868 0.9854
PL13-4 0.9954 0.9943
PL13-5 0.9854 0.9845
1P16-1 0.9947 0.9935
PL16-2 0.9949 0.9942
PL16-3 0.9848 0.9849
PL16-4 0.9718 0.9947 0.9944
PL16-5 0.994 0.9954
PL19-2 0.9909 0.9872
PL19-3 0.9881 0.9885
PL19-4 0.9908 0.9905
PL19-5 0.9871 0.9851
PL5-2 0.9966 0.9943
PL5-3 0.9853 0.9864
PL5-4 0.9954 0.9964
PL9-3 0.9948 0.9933
PL9-4 0.9928 0.9936
PL9-5 0.9978 0.9929

Therefore, C-S model performed the worst of three models in
fitting and predicting displacement. The prediction accuracy
of the proposed model was as good as S model, because it
considered the deterministic relation between the variables
and the dam’s displacement using the numerical simulation.

Further, to evaluate the prediction accuracy at different
time period, we calculated the RMSE from one to six months
for the testing dataset. Figure 11 (b) exhibits the average
RMSE of 23 monitoring points, which varied from 1.67 to
1.97 for the C-S model, from 0.36 to 0.93 for the S model,
and from 0.21 to 0.35 for the proposed numerical-statistical
combined model. For all these three models, the average
RMSE of all monitoring points kept increasing with the pre-
diction period last longer. When the prediction time rose from
five months to six months, the RMSE increased intensely.
Compared with the other two models, the S model had a more
obvious increase of RMSE, especially at the sixth month,
the increase rate was 52.4 % (increased from 0.61 for five
months’ prediction time to 0.93 for six months). The average
RMSE of the C-S model for all predicting period was the
highest but its increment was smaller than the S model.
To conclude, the prediction accuracy of all these three models
decline when the predicting time lasts longer. By comparing
the RMSE and its increments for the prediction time varied
from one month to six months, we noticed that the pro-
posed model had the most steady prediction accuracy. This is
because the proposed model limits the variables with random
coefficient model.

C. MODEL STABILITY
Here, we select change ratio of coefficient (CRC) as the
indicator to evaluate the model stability, which represents the
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—&—C-S model —2—the proposed model

(a) | ——S model
m

RMSE
&~

| mS model ®@C-Smodel Othe proposed model

3 4
Months for predicting

FIGURE 11. The RMSE of the S model, the C-S model and the proposed
model (a) at different monitoring point and (b) with different prediction
time.

sensitivity of the coefficients of the model to the varied inputs.
The expression of CRC is exhibited as:

CRC — |Coefini — Coef’| 20)

|Coefinil

where CRC denotes the change ratio of coefficient, Coef;y;
and Coef’ are the coefficients calculated with the initial
inputs and varied inputs, respectively. A larger CRC signifies
that the coefficients calculated with varied inputs have greater
fluctuation, thus a more unstable model.

We adopted the varied training datasets and varied mea-
surement errors (8;.) to obtain the CRC in this section.
To calculate CRC of varied training datasets, we defined a
comparison scheme and used the coefficients calculated with
the whole training dataset as a control group. We then reduced
5% and 10% of the training dataset, receptively, and obtained
the differences of the coefficients calculated with these three
datasets. Similarly, CRC of varied §; , was obtained by the
coefficients calculated with the initial 6; . and varied §;
according to Equation 20. Here, we set §;, fluctuated in
the ranges of [-10%, 10%], [-20%, 20%], [-30%, 30%],
[-40%, 40%] and [-50%, 50%], respectively as varied inputs.

1) VARIED TRAINING DATASETS

Figure 12, Figure 13 and Figure 14 exhibit the CRCs¢, and
CRC1p% of the S model, the C-S model and the proposed
model (CRCsq, and CRCp9 denotes the CRC with 5% and
10% reduced training datasets, respectively). In Figure12, 20
monitoring points had a higher average CRC of all coeffi-
cients (a;, i=1,2,3,4; b;, i=1,2; ¢;, i=1,2 and constant term)
with the 10% reduced training dataset than with the 5%
reduced training dataset. The average CRCsq, of PL19-5
(3.677) was maximum, and the fluctuations of the coeffi-
cients of PL9-4 (0.571), PL11-5 (0.917), PL16-4 (0.596) and
PL19-4 (0.521) were relatively more obvious. When the train-
ing dataset was reduced by 10%, the coefficients of PL9-4,
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a a as a b1 by c1 ¢y cons
1

[P11-1 -0:004 1 1 0024 0004 1 0.035 0016 0.002 5
PL11-2 -0.009 1 1 10088 1 011 021 0013
PL11-3 -0.015 0.014 0.014 0.013 0023 1 0.1 0.085 0.008
PL11-4 - 0.04 0.038 0.037 0.036 0.04 0.1 0.11 0.089 0.008
PLI1-5- 1 1 1 1 042 16 1 1 (02 4
PL13-3 -0.044 0032 1 0027 0.02 1 007 1 0023

PL13-4-0.032 0.03 0.03 0.029 0.032 0.084 0.07 0.055 0.007

@ PL13-5-0.025 0.024 0.024 0.023 0.028 0.047 0.052 0.041 0.005
S IP16-1-0.028 0.027 0.026 0.026 0.035 0.049 0.055 0.044 0.007
2 PL16-2 -0.012 0.012 0.011 0.011 0.032 1 0.075 0.07 0.011 3
o0 PL16-3 - 0.037 0.035 0.035 0.034 0.054 0.085 0.084 0.085 0.012
-2 PL16-4- | 1 1 1026 1 0011 0.059 0.038
S PL16-5-0.005 1 1 1 0058 1 0.09 012 0.007
‘g PL19-2-0.004 1 0001 0 0022 0.043 0.078 0.14 0.01 -2
S PL19-3-0005 1 (00020005 0.13 (0068 019 086 002
PL19-4 -0.008 1 1 I 013 1 017 038 0011
PL19-5- 1 053 1 026 1 0011
PL5-2 - 0.046 0.044 0.043 0.041 0.056 0.041 0.15 0.16 0.015
PL5-3 - 0.18 0.8 0.7 017 0.17 1 018 021 002 -1
PL5-4- 029 1 1019 012 0061 037 1 011
PL9-3 -0.013 0.012 0.011 0.011 0037 1 0.1 0.08 0.008
PL9-4 -0.001 1 1 1 0034 01 1 1 0.004
PL9-5 -0.009 1 1 0.036 0.014 0.026 0.11 0.12 0.004 Lo
Coefficients
(@
ay a; as as by by c1 ¢y cons
IP11-1 0008 | I 00530011 1 008 0.0380.005 5
PL11-2 -0.014 1 1 1 011 1 018 035 0.021
PL11-3 -0.011 0.01 0.009 0.009 0.023 1 0.099 0.078 0.007
PL11-4 - 0.18 0.18 0.7 0.17 0.049 1 0.12 0.068 0.012
PL11-5- 1 1097 094 011 1 0.6 0.083 0.027 4
PL13-3- | 1 1012 002 1 0092 1 0012
PL13-4 -0.046 0.044 0.043 0.042 0.037 0.16 0.044 0.039 0.004
@ PL13-5 -0.041 0.039 0.038 0.037 0.035 0.11 0.019 0.022 0.002
.S [P16-1 - 0.05 0.048 0.047 0.046 0.053 0.17 0.023 0.003 0.004
2 PL16-2 - 0.02 0.019 0.018 0.018 0.034 1  0.08 0.075 0.011 3
&0 PL16-3 -0.038 0.036 0.036 0.035 0.05 0.038 0.099 0.096 0.015
§ PL16-4 - 1 1 1 1 025 1 0.056 0018 0.033
£ PL16-5-0008 1 1 1 0075 1 017 02 0012
2 PL19-2 -0.003 1 0.001 0.002 0.005 0.3 0.2 032 0.024 -2
§ PL19-3 -0.004 1 0.004 0.007 0.062 0.51 039 16 0.04
PL19-4 -0.015 1 1 1 0016 1 037 076 0.03
PL19-5- 1 1 056 04 014 1 053 1 0069
PL5-2 -0.034 0.033 0.031 0.03 0.049 0.034 0.2 02 002
PL5-3 -0.026 0.025 0.025 0.024 0.066 0.29 023 023 0.029 -1
PL5-4 - 033 1 1 02 00% 0.14 053 1 015
PL9-3 -0.038 0.036 0.035 0.035 0.045 1 0.14 0.11 0.011
PL9-4 -HERU | 1 1 1.5 19 1 1019
PL9-5 -0.025 1 1 0.069 0.001 048 1 10048 -0
Coefficients
(b)

FIGURE 12. The change ratio of coefficient CRC of the S model with
(a) 5% and (b) 10% reduced training dataset.

PL9-5, PL11-5, PL16-4, PL19-4 and PL19-5 had the most
obvious fluctuations whose CRCog were above 0.5.

In Figur 13, the CRCsq, of A1y, A2iy and By, (1=0,1,2,3;
n=0,1,2,3) and CRC09 of A1jn, A2in, Botin, Bioim and By,
(1=0,1,2,3; n=0,1,2,3) were relatively large. As more than
half coefficients were not used in the C-S model, the CRC of
these coefficients were considered as 0. However, in the C-S
model, the maximum CRCs5q and CRC1g9 were 67 and 55,
which were 18.26 and 59.98 times as much as the maximum
CRC in the S model. In this case, the coefficients in the C-S
model were quite sensitive when the training dataset varies,
and thus the model was unstable.

In the proposed model, the maximum average CRCsg,
was 0.146 at the monitoring point PL19-5, and the average
CRCsq, of the monitoring points PL9-5, PL13-4, PL19-3 and
PL19-4 exceeded 0.05. The CRC of over 80% monitoring
points (19 of 23) had a trend of increase with the reduced
training datasets, in which CRCjgg, of PL11-5 and PL19-5
exceeded 0.2. Compared with the S model and the C-S model,
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N — 5 g e o PLI1-2- 0002 | 003 0.006
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S U 0 0 g s e 0 0 0 PL11-5- 0001 0009 0083 0.002
o . 5 5 g = g g : PLI3-3- 0001 002 0079 0048 | 0011 0.150
0 0 0 0 3= 0 0 0 0 .
— g g g 3 : : 2 3 PL13-4 - 0.001 0.027 0.081 0.047 0.1
Boom 1| g : g " 5 g 5 PL13-5- 0001 0015 0.04 0022 | 0002
—_— 4 0 0 0 0 4 0 o 0 0
— 1= 1 1 1 0 1= 0
Bml“l - : s ; 5 i ’;4 : IP16-1 - 0003 0059 0053 = 0093 | 0002 0.125
I 0 0 0 ., I i i ., £ PL16-2- 0001 | 0016 0041 0036 0055
f— 1= 1 0 1 1 1= 1 0 1 1 —
Biom T L f 3 : ! 1 l é; PL16-3- 0 0.002 0.006 0.005 0.002
—_— 4= 1 0 0 0 \_
— o i on | _— T 1 5 £ PL16-4- 0001 002 0033 0028 | 0.005 -0.100
Biim *] 0 o I 10 0 . o | =
_ w0 X °‘2‘Z,i° B i Z L | "g PL16-5- 0002 0048 0067 0062 | 0.004
— = 1 1 1 1= 1 1 1 1
Comn 210 0 0 0 o 0 ! ! = PL192- O 0011 0017 004 0016
= T 5 3 + SR g o PL19-3- 0005 0062 | 0.091 0.017 -0.075
Ciom 7 0 0 1 -0 0 1 0
20 0 0 0 0 0 0 0 PL19-4 - 0.005 [ 0.1 0011
— 4= 1 0 0 0 ‘o I © 0 1 “o
Coefficients Coefficients PL19-5- 0011 0.2 0.36 0.011
@ ® PL5-2- 0001 0013 0045 005 0031 -0.050
FIGURE 13. The CRC of the C-S model with (a) 5% and (b) 10% reduced PL5-3 - 0001 0015 003 0034 0.01
training dataset. PL5-4 - 0002 002 0066 0.004
-0.025
PL9-3 - 0002 002 0075 0039 0019
TABLE 5. Maximum CRC of different measurement errors inputs of S PLO-4 g Y 01 a1
model, C-S model and the proposed model. PL9-5- 0002 0025 [EOB 0:12 X
I [ 0.000
Coefficients
S model C-Smodel  the proposed model (@
[—10%, 10%)] 15.3235 15.8318 0.0436
[—20%,20%] 1035521  119.3915 0.1019 & i d d;  cons
[—30%, 30%)] 415.7012 117.9608 0.1267 ! ! ! ! ! - 0.200
[—40%,40%] 4469219  329.9919 0.1483 IP11-1 - OO I I B
[—50%,50%]  448.5635 285.4802 0.2361 PL11-2- 0.003  0.035 02 0.19 0.006
3- 0002 | 0001 0051 0027 | 0002
PL11-3 0.175
PL11-4 - 0006  0.031 0.1 0.029
o PL11-5- 0005 @ 0032 0.7 0.007
the proposed model was more stable when the training dataset . e
N : : : : - 0.150

changes. From Figure 12 and 14, it is noted that the monitor-
ing points around the dam foundation (i.e., PL19-5, PL19-4 - o

and PL9-5) had a more significant influence by varying the Ple.l- ool [ooss XD 0004 0125
training dataset.

PL13-4- 0001 0027 0073 0043 0.1

‘g PL16-2 - 0.001 0.016 0.035 0.031 0.051

g PL16-3 - 0.004 0.015 0.061 0.046 0.017
2) VARIED MEASUREMENT ERRORS %D PL16-4 - 0007 o048 00T 0086 | 0012 - 0.100
Table 5 represents the maximum CRC of the three models, ‘é PL16-5- 0009 = 003 [WEOSEARENOEEN 0.008
in which, the maximum CRC of S model, C-S model and = PL19-2- 0003 | 0002 002 0041 0007
proposed model increased from 15.3235 to 448.5635, from PL19-3- 0017 | 0l -0.075
15.8318 to 285.4802 and from 0.0436 to 0.2361, respectively. PLI9-4- 0018
The coefficients in the proposed model fluctuated much less PL19-5- 0033 [EUEH
in response to the varied §; , compared with the other two PL5-2- 0002 0017 0069 = 0084  0.043 -0.050
models. PL5-3- 0004 0027 = 0093 0082 0021

In Figure 15, the average CRC of S model, C-S model PL5-4 - SRR 0034 0.008

and the proposed model varied from 0.1898 to 3.8137, from PL9-3 -SR] 004 O 0.045 ©0.023
0.8939 to 4.9890 and from 0.0085 to 0.0209, respectively. PL9-4 - 0009 0.064 013
In general, the coefficients of all three models fluctuated pro-s - oms oo [RKCIEER oo - 0.000
more obviously with the measurement errors inputs varied in Coefficients
a wider range. The coefficients in S model and C-S model (b)

were sensitive to the varlgtlon of measure_:ment errors inputs, FIGURE 14. The CRC of the proposed model with (a) 5% and
on average, a change that is nearly three times as much as the (b) 10% reduced training dataset.
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TABLE 6. The coefficients of explanatory variables in the statistical model.

Monitoring point al az as as by b c1 c2 cons (ag)
IP11-1 0.026 0 0 0 0.174 0 0.028  0.226 -0.416
1P16-1 0.03 0 0 0 0.157 0 0.163  -0.306 -0.893
PL11-2 -51.644 031 -0.001 0 4513 0 0953  -4.839 -11.696
PL11-3 -57.881  0.346  -0.001 0 3377 -0386 0961 -4.875 -10.683
PL11-4 -39.268 0235  -0.001 0 2,134  -043 0.654  -3.185 -7.809
PL11-5 -0.368 0.001 0 0 0.787 0 0.078 0 -1.85
PL13-3 -74.279  0.444  -0.001 0 3.665 -0.6 1.174  -6.24 -9.665
PL13-4 -58.525 0.35 -0.001 0 2496 -0.706 0.875 -4.698 -7.208
PL13-5 -36.054 0.215  -0.001 0 1.304 -0.494 0.503  -2.657 -3.347
PL16-2 -61.298  0.365 -0.001 0 3.112 0 1.317  -5.585 -8.053
PL16-3 -62.583 0373 -0.001 0 2478 -0.521 1224  -4.99 -1.07
PL16-4 -48.815  0.291  -0.001 0 1.565 -0.56 1.023  -3.884 -5.405
PL16-5 0.109 0 0 0 0.461 0 0.355 -1.092 -3.258
PL19-2 1.553 0 0 0 1.328 0.388  0.585 -1.258 -4.286
PL19-3 1.496 0 0 0 0.637 0.208 0411 -0.357 -3.556
PL19-4 0.089 0 0 0 0.293 0 0.283  -0.473 -2.813
PL19-5 0 0.002 0 0 0.093 0 0.174 0 -1.055
PL5-2 -33.587  0.201  -0.001 0 1.96 0.573  0.639 -2.449 -5.389
PL5-3 -29.775  0.178 0 0 1.066  0.137 0515 -1.953 -3.653
PL5-4 0.018 0 0 0 0.398 0.15 0.127 0 -0.483
PL9-3 -49.935  0.299 -0.001 0 2.056 0 0.752  -3.799 -8.17
PL9-4 0.174 0 0 0 0473  0.285 0 0 -6.069
PL9-5 0.037 0 0 0 0214 -0031 0024 -0087  -0.587

dam’s displacement via three modules: the recoverable dis-
51| ® Smodel * .

o CSmodel placement, the non-recoverable displacement, and the mea-
£ & the proposed model surement error. Numerical simulation was used to construct
g 41 . the coefficients of the explanatory variables in the module of
g . ¢ recoverable displacement. The randomness of the coefficients
3 5 A4 of the explanatory variables was constrained with a random
= . coefficient model.
=} . . .

g . We used the monitoring displacement data of a concrete
%27 arch dam at the Jinping-I hydropower station to validate the
5 proposed model. The coefficients of determination R? of the
§°1- . proposed model were above 0.9 for the training dataset of
<°C>’ all monitoring points. Compared with the statistical model
z s . (S model) and the coordinates-introduced statistical model

01 M M (C-S model), the proposed model had a better prediction

[-20%,20%]  [-30%, 30%]  [-40%, 40%]  [-50%, 50%]

Range of variation

[-10%, 10%]

FIGURE 15. The average CRC of S model, C-S model and the proposed
model with different varied measurement errors series.

initial inputs. Whereas the coefficients of the proposed model
had little variation toward varied measurement errors inputs.

V. CONCLUSION

In the domain of dam’s displacement prediction based on
monitoring data, most previous studies gave emphasis on
improving the prediction accuracy and paid less atten-
tion on the model stability. In this study, we proposed a
numerical-statistical combined model to enhance the model
stability. The proposed model considered the spatial correla-
tions of different monitoring points and the randomness of
the coefficients of explanatory variables. We quantified the

VOLUME 8, 2020

ability: the smallest increase of RMSE with the increase of the
prediction time. In addition, the proposed model had the best
stability: the average change ratio of coefficient when reduce
5% and 10% of the training dataset (CRCsq, and CRC1o9)
were the lowest compared with the S model and the C-S
model, and the lowest CRC in response to five different varied
3., series. With the better model stability, the proposed model
is more suitable for the long-term displacement prediction of
large dams.

ABBREVIATIONS
The following abbreviations are used in this manuscript:

S model

Statistical model

C-Smodel Coordinates-introduced statistical model
RMSE Root Mean Squared Error

CRC change ratio of the coefficient

R? Coefficient of determination
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TABLE 7. The coefficients of the explanatory variables in the coordinates-included statistical model.

Alln(l =0,1,2,3;n = 0»17273)

A2ln(l =0,1,2,3;n =0, 1,273)

24.448 1.096 -4.587 -4.067 -1.432 2.926 -6.713 -
-1.432 2.926 -6.713 - -0.001 - -0.003 -
-3.472 - - - -0.001 0.004 -0.006 -
A 43.576 - - - - - - -
kin A3n(1=0,1,2,3;n=0,1,2,3) Ayn(1=0,1,2,3;n=0,1,2,3)
- - - - - 0 0
- - - - - 0 - -
- - 0 - - 0 - 0
0 0 0 - 0 0 0 0
Booin(1=0,1,2,3;n=0,1,2,3) Bo1n(1=0,1,2,3;n=0,1,2,3)
- - - - -187.453 490.826  -1226.969 -
- - - - - - -220.975 -
- - - - -69.102 - - -
B. - - - - -1720.687 - - -
Fkin Bioin(=0,1,2,3;n=10,1,2,3) B11n((=0,1,2,3;n=10,1,2,3)
2590.05 - 13439.857  2276.397 - 1165.04 -3916.481 -
- - 2167.973 - - - - -1557.888
- - - - -2932.152 - -1169.806 1373.378
31275.161 - - - -9.824 - - -
COlln(l =0,1,2,3;n=0,1,2, 3) Cloln(l =0,1,2,3;n=0,1,2, 3)
-0.313 -2.265 -1.316 -0.593 - 0.055 - -
Cikin - - - - - - -0.008 -
-9.824 - - - 0.154 - - -
APPENDIX [11] F. Kang, J. Liu, J. Li, and S. Li, “Concrete dam deformation prediction
COEFFICIENTS RESULTS OF THE S MODEL AND THE C-S model for health monitoring based on extreme learning machine,” Struct.
Control Health Monitor., vol. 24, no. 10, p. 1997, Oct. 2017.
MODEL [12] F. Salazar, R. Moran, M. A. Toledo, and E. Onate, ‘“Data-based models

Tables 6-7 show the coefficients of explanatory variables in
the statistical model and the coordinates-introduced statistical
model, respectively.
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