
 

 
 

 
Abstract — It is well known that dams have 

strong interactions with environmental, hydraulic 
and other factors, such as air and water 
temperature, water level, pore pressure, rock 
deformability, etc. Each of them has significant 
influence on the structural behavior of the dam. In 
order to describe and predict structural behavior of 
dams during long periods of usage, over the last 
decades a number of deterministic, statistical and 
hybrid mathematical models have been developed. 
Statistical models have been applied to dam safety 
monitoring to find out the contribution of the 
external loads to the dam displacement. Despite 
the fact that more advanced methods exist, the 
Multiple Linear Regression (MLR) method is the 
most commonly used. Regardless the simplicity of 
the formulation, the computation of the derived 
variables with large data series is often 
computationally very intensive. This paper 
presents a parallel algorithm for averaging large 
time series used as input data for MLR. The 
solution is based on R statistical environment, with 
two distinct implementations. The first one uses 
Rmpi package, while the other one uses Multicore 
package. The speedup comparison between two 
implementations is given, showing similar 
performance, close to ideal. 

 
Index Terms — parallel computing, dam, 

modeling, linear regression, monitoring  

 

1. INTRODUCTION 

 
ams have strong interactions with 
environmental, hydraulic and geomechanical 

factors, such as air and water temperature, water 
level, pore pressure, rock deformability, etc. each 
of which influences the structural behavior of the 
dam [1]. In order to describe and predict 
structural behavior of dams, over the last 
decades a number of deterministic, statistical and 
hybrid mathematical models have been 
developed. 

For a long time now, statistical models have 
been applied to dam safety monitoring to find out 
the contribution of external loads to dam 
displacement [2]. A number of statistical models 
based on multiple linear regression (MLR) and 
their advanced forms such as hierarchical 
regression, stepwise multiple regression, robust 
regression, ridge regression, and partial least  

 
 

 
squares regression have been shown more or 
less successful in dam modeling [3]. The 
advantages of the statistical models consist in 
simplicity of formulation, execution speed and the 
availability of any kind of correlation between 
independent, derived and responses variables. 
On the opposite, deterministic models require 
complex differential equations solving, for which 
closed form solutions may be difficult or 
impossible to obtain [4]. 

While deterministic models based on finite 
differences or finite element methods are known 
for their high demand for computational 
resources, statistical models can also be highly 
computationally expensive, especially when they 
are based on the large series of measurements. 
Since all the measurements are performed by 
various automatic sensors placed on multiple 
locations within a dam itself or its immediate 
surroundings, with sampling period of every few 
minutes, the time series rapidly grow. On the 
other side, the raw measurements taken from the 
sensors are not always sufficient to construct 
high-quality MLR model. For instance, the 
temperature and precipitation data must be 
averaged in order to be of any benefit for the 
model. Immediate values of such variables make 
no sense on long multi-annual series. In a 
number of use cases, the delay operator should 
be performed as well, in order to statistically 
cover the effect of i.e. slow water transfer through 
the porous media. 

While MLR is usually quite fast to perform on 
modern computers, deriving averaged and 
delayed series can be really slow. For instance, 
in case that time series consist of 5000 rows, 
averaging for the period of 30 days backwards 
takes more than a minute on 2.4GHz CPU. The 
main reason for the poor performance is that the 
averaging algorithm implies lookup table search 
for each single value. It is impossible to perform 
simple search based on index, since a number of 
rows is missing due to temporary malfunction of 
the corresponding sensors. In order to solve this 
issue, we took the path of performance 
improvement using parallelization techniques. In 
R statistical programming environment [5] which 
the entire system is based on, multiple library 
choices exist, for both explicit and implicit 
approach to parallelization. The package Rmpi is 
chosen to represent explicit, while multicore 
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package is chosen to represent implicit approach. 
Rmpi package is a universal choice due to the 
possibility to run on the distributed architecture 
such as multi-node cluster, but requires more 
dependencies (i.e. appropriate MPI 
implementation should be installed). 

 

2. METHODS 

 

2.1 Statistical modeling 

MLR is a method used to model linear 
relationship between a dependent variable 
(predictant) and one or more independent 
variables (predictors). The general form of MLR 
can be written as follows: 

�� = �� + �� ⋅ ��� + �� ⋅ ��� + ⋯ + �� ⋅ ��� + ⋯+ ��, 

� = 1,2, … , �  (1) 

where yi is a response variable, xji are predictors 
(j=1,2,...,k), k is the number of significant 
predictors, the index i shows the sample number, 
and εi’s are independent and normally distributed 
random variables with zero mean and variance 
σ

2
. In majority of the applications of linear 

regression models, the functional forms of 
predictors (basis functions) are not clear in 
advance and are dependent on the nature of the 
modeled phenomenon [6]. Coefficients β0,..., βk 
are unknown parameters of the model, estimated 
for a given set of data using the least square 
method, which minimizes the sum of squared 
error (SSE): 

��� = ∑ ��
��

��� = ∑ (�� − �� − ∑ �� ⋅ ���
�
��� )��

��� , (2) 

by taking derivatives of SSE with respect to b’s 
and setting them equal to zero. In Eq. (2), b’s are 
the estimated values of the model parameters. 

Developed system for MLR modeling of the 
dam behavior is designed to be user friendly. The 
whole modeling process can be performed from 
the GUI, as shown in Fig. 1. On the other side, as 
already mentioned, the GUI part is only a front-
end for the background engine written as a set of 
routines in R programming language. Throughout 
the entire preprocessing and modeling phases, 
the R session thread is present in the 
background, acting as a state machine. Modeling 
process starts with data input, then the user 
defines the regressors, and performs MLR 
algorithm in iterative manner. The application 
also has a capability to propose which regressors 
should be omitted in the next iteration, based on 
each regressor coefficient values and ANOVA [7], 
[8]. Characteristic dialog for defining average and 
delay regressors is shown in Fig. 2. 

 

Figure 1. The main window of the application for 
dam behavior modeling 

 Figure 2. Dialog for setting up the averaged and 
delayed regressors 

As mentioned above, the main objective was to 
speed-up the procedure of generating derived 
average and delay regressors during pre-
processing phase. These regressors can be 
described by following equations: 

��
� = ����, � = �, � + 1,… , � (3) 

��
� =

�

�
∑ ��

�
����� , � = �, � + 1,… , �, (4) 

where ��
�  denotes delayed regressor, ��

�  denotes 
averaged regressor, and d (in days) represents 
delaying and averaging period, respectively. As 
shown in (3) and (4), the parallel algorithm 
approach is as simple as assigning different 
tasks to different processors. As long as time 
needed to perform lookup for each Xi is constant, 
the tasks can be distributed in a static manner. 
There is no need even to consider any dynamic 
scheduling algorithm such as manager-worker, 
since the load is well balanced thanks to constant 
lookup time. Of course, the processors which 
participate in computation are considered 
uniform. 

2.2 Rmpi implementation 

Rmpi package acts as an interface to the MPI 
(Message Passing Interface), de-facto standard 
for the distributed memory parallelization  
(sometimes also called explicit parallelization) [9]. 
The main advantage of Rmpi is that the 
developer is able to invoke MPI communication 
routines directly from R code. The package is 
cross-platform and known to work with different 
MPI implementations such as MPICH2, 
OpenMPI, etc. 

The implementation of the average/delay 
algorithm is straightforward. After successful 



 

 
 

initialization (including series loading), the root 
process scatters equal portions of an appropriate 
column to the rest of the processes, including the 
root itself. Each process then executes 
average/delay operations on its own set of data. 
Finally, MPI gather collective operation is 
performed in order to prepare data for the disk 
output. 

2.3 Multicore implementation 

Multicore package's purpose is to help 
developing shared memory parallel applications 
in R [10]. Recent global presence of multi-core 
processors made R developers include slightly 
modified copy of this library into the basic R 
installation. In shared memory approach, unlike 
MPI, all threads share the same address space, 
without any need to transfer input/output data 
among them. The implementation presented here 
uses library function mclapply, whose purpose is 
to assign different loop iterations to different 
threads. It takes the code for each iteration (can 
be a lambda expression) and the iteration index 
as parameters. 

2.4 Results and discussion 

 The parallel average/delay parallel algorithms 
have been tested thoroughly using real-world 
data taken from the sensors deployed on the 
Bocac dam on the river of Vrbas in Republic of 
Srpska. The data set for precipitation data taken 
for the benchmark purposes consists of more 
than 5000 values, taken on daily basis for more 
than 10 years of monitoring. MLR algorithm and 
parallel average/delay algorithm are also capable 
of handling missing and meaningless values. All 
benchmarks are performed on the workstation 
equipped with two Intel Xeon E5504 quad-core 
processors, totaling to 8 CPU cores. 

Time needed for varying numbers of 
participating CPUs are shown in Table 1 for Rmpi 
and Table 2 for Multicore implementation. 

 
Table 1: Computation time of Rmpi 
implementation 

Average(d) 1 CPU 2 CPU 4 CPU 8 CPU 
3 6.59 3.08 1.92 1.05 
5 8.79 4.57 2.81 1.38 
7 13.27 6.67 3.53 1.98 
10 18.39 9.96 4.82 2.72 
20 35.19 17.69 9.20 5.06 
50 85.29 42.23 21.20 11.97 

100 166.62 88.15 45.30 22.26 
 
Table 2: Computation time of Multicore 
implementation 

Average(d) 1 CPU 2 CPU 4 CPU 8 CPU 
3 5.42 2.79 1.42 0.73 
5 4.78 3.99 2.35 1.18 
7 10.75 5.48 2.90 1.63 
10 15.37 7.85 4.74 2.36 
20 30.72 15.56 8.19 4.62 

50 76.67 39.24 20.92 11.49 
100 168.42 81.39 40.66 22.88 

 

The speedup diagram shown is Fig. 3 shows 
satisfactory results, closed to ideal speedup. 
Rmpi and Multicore performance is almost equal. 
The process initialization overhead, which is an 
integral part of Rmpi implementation is not 
significant. This fact promises a good scalability 
on larger systems such as multi-node clusters. 

 

Figure 3.  Obtained speedup for averaging period 
of d=30 days 

 

3. CONCLUSION 

 

In this paper a parallel algorithm for averaging 
large time series used as input data for MLR is 
presented. Its main objective was to speed up 
modeling of dam behavior over long time periods. 
The solution is based on R statistical 
environment, with two distinct implementations. 
The first one uses distributed memory approach, 
while the other one uses shared memory 
approach. The performance of the system was 
benchmarked using Bocac dam test case, where 
radial displacement of a point inside the dam 
structure as a function of headwater, 
precipitations, concrete temperature and time has 
been modeled. The results turned out to be 
nearly ideal for both implementations. This is not 
only useful in speeding up the modeling, but also 
makes the GUI front-end of the system much 
more responsive. 

The future work should be directed toward 
development of more robust adaptive parallel 
dam modeling and monitoring system, which will 
be able to handle sensor malfunction and other 
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irregularities automatically, using various MLR 
models depending on the type of missing data. In 
such systems, the demand for parallelization 
increases rapidly. 
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