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Abstract: 
 

Recent development of artificial intelligence, machine learning and deep learning, in 
particular, resulted in the increase in the use of data-based models in various fields; among 
others, in the field of dam safety. Neural networks are the most frequently used machine 
learning technique which has been applied to various problems. Other machine learning 
techniques are used for the analysis and interpretation of dam structural behaviour. In this 
paper, an analysis is conducted exhibiting how novel machine learning techniques can be used 
for piezometric water level prediction. Results from different techniques are presented and 
discussed. At the same time, the performance of the previously developed neural network 
model is analysed with the extended dataset, since additional measurements have been 
collected in the meantime. Although only one representative piezometer is considered, the 
proposed methodology may be generally applicable. Finally, some recommendations are 
given on how predictive models that are very similar at first glance may differ by additional 
analyses. 
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1. Introduction 
 

In dam safety systems, the response of behaviour models is of great importance for daily 
operation as well as long-term evaluation. Finite element-based models (FEM) are widely 
used in dam safety analysis because of its physically based nature, transparency, and 
interpretation of results. The main disadvantage of those models, in daily operation, is its 
slowness. Additionally, as dam monitoring system develops further (measurement 
automatization, new sites, etc.), there is a growing influx of data that requires the adaptation 
of current model. On the other hand, some problems in dam safety analysis are of local 
character (seepage, local pressure increase) [1] and are often quite difficult to model. 
Statistical models [2] in analysis allow the creation of predictive models using large amount 
of available data. But, the tendency to extract as much information as possible from data 
related to dam safety sets up the limits to statistical models [3]. However, development in the 
field of machine learning (ML) in recent years has enabled application of data-based modes in 
various fields such as medicine, e-commerce, business intelligence, and dam safety as well. 
Some authors are focused on dam behaviour [4-5], prediction of displacement [6-7], shape 
optimization [8], crack detection [9], flow prediction [10] or piezometric water level 
prediction [11]. 

The main objective of this study is to analyse cetain novel machine learning regression 
models in the context of applicability to the piezometric water level prediction. Additionally, 
the usability of the existing model presented in [11] is checked particularly in the domain of 
accuracy, since after almost a decade, new data have been collected. The results of the 
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comparative analysis of predictions of water level obtained from different models are also 
presented. 
 
2. Dataset 
 

Dataset consists of the piezometric water level acquired in the period from 1999 to 2020 
from piezometers labelled as FP-13A, located on the non-overflow dam of the Iron Gate II 
and downstream water level measured in the same period. The total amount of data per 
piezometer is about 490 which 3 times more than the dataset used in the related study. To 
compare results with those in [11], the same record of data per piezometer is used. Single 
record contains piezometer water level (current day), and 3 downstream water levels labeled 
as ht, ht-1 and ht-2 which refer to the current day, day before and two days before, respectively. 
Some basic statistics of the data sets are presented in Table 1. 

Variable Min Max Average Std Cor FP-13 Cor FP-29 
Now Prev. Now Prev. Now Prev. Now Prev. Now Prev. Now Prev. 

ht 28.6 28.6 38.25 37.16 32 32.16 1.8498 1.669 0.9564 0.971 0.9642 0.9715 
ht-1 28.71 28.71 38.21 36.93 31.98 32.12 1.852 1.6603 0.9522 0.9611 0.9628 0.9723 
ht-2 28.79 28.87 38.23 37 31.99 32.13 1.8563 1.663 0.938 0.971 0.9534 0.9634 

FP-13 29.8 29.96 38.38 37.26 32.29 32.39 1.7108 1.5077 1 1 - - 
Table 1. Basic statistics of datasets 

 
3. Machine learning models 
 

In recent years, there were a lot of examples of using machine learning models in the field 
of dam safety. Some of them used Support Vector Machine (SVM) [12-13], while others used 
Gaussian Process Regressors (GPR) [14-15]. The main goal of this paper is to develop, check 
performance, and apply to water level prediction problem the regression models belonging to 
SVM, GPR and Regression Trees as well as deep learning Long-ShortTermMemory (LSTM) 
model. To achieve this goal, two software packages are used. The first one is Matlab and its 
Regression Learner application, while the second one is ML.NET library. While Matlab is 
well-known software package in scientific community with plenty of regression models 
through Regression Learner application, ML.NET is a relatively new, open source, machine 
learning library developed by Microsoft for C# language [16]. The entire library contains a lot 
of models not only for regression, but also for classification and clusterization. To our 
knowledge, there are no papers in literature related to implementation of this library in dam 
safety analysis. The total number of selected models from both software packages is 23: 15 
from Matlab (SVM:6, Regression Tree:3, Ensemble:2, GPR:4) and 8 from ML.NET. Simple 
LSTM model is generated in Matlab. 

Dataset is divided into train and test data by the ratio 80:20 which means 80 percent of 
data is used for training, and 20 percent of data is used for testing models. In order to compare 
the results from different models, standard metrics is used: correlation coefficient r, R-
squared (r2), Mean Absolute Error (MAE) and Mean Square Error (MSE). The best models 
according to proposed metrics are presented in Table 2. The first row is the best Matlab 
model, the second row is the best ML.NET model, the third one is LSTM, and the fourth row 
contains results obtained by FNN model proposed in [11]. 

 

Piezometer FP-
13 

r R2 MAE MSE 
Training Test Training Test Training Test Training Test 

GPR - Squared 
Exponential 0.97 0.9 0.94 0.81 0.2837 0.2911 0.1865 0.3344 

LbfgsPoisson 0.97 0.9 0.94 0.82 0.31 0.33 0.19 0.37 
LSTM 0.98 0.9 0.96 0.82 0.2543 0.3138 0.1188 0.3351 
FNN 0.99 0.95 0.97 0.91 0.285 0.31 0.18 0.34 

Table 2. The best models for FP-13 
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4. Results and discussion 
 

Graphic representation of results obtained using different ML models for piezometer FP-
13 is shown in Figure 1. 
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Figure 1. Prediction of water level on FP-13 
 

Briefly, model results are almost identical or very similar. All of them have similar 
dynamics, none of them reaches some measured peaks. There are no significant deviations in 
the model response. Considering numerical results shown in Table 2, the best model is GPR – 
Squared Exponential regression model according to MAE and MSE for test case. Generated 
LSTM model achieved the best performance within training data, but the results with test data 
are slightly worse. Lbfgs Poisson model of FP-13 has pronounced spikes i.e. it is sensitive to 
sharp changes. Other regression models do not have such characteristics. 

In order to distinguish almost similar regression models, additional experiment has been 
made. Absolute error values obtained from the testing period have been divided into 3 groups 
and have been counted. The results are shown in Table 3. 

Piezometer FP-13 < 0.15 [0.15,0.5] > 0.5 
FNN 55 33 10 
GPR - Squared Exponential 36 49 13 
LbfgsPoisson 47 41 10 
LSTM 45 38 15 

Table 3. The best models for FP-13 
 

Most errors for FNN are below 0.15, while for GPR is in between 0.15 and 0.5 but, according 
to metric parameter MAE, GPR is slightly better than FNN. 
 
5. Conclusion 
 

Neural networks are certainly the most used ML technique in dam safety analysis while 
other techniques are less common. In this paper, it is shown that all ML models presented are 
suitable for prediction of piezometric water level. Moreover, deep learning model LSTM had 
the best performance on the training dataset, but was not so beneficial with the test dataset 
which requires additional tuning process. Although only one piezometer is considered in this 
study, the presented methodology could be used for all piezometers of non-overflow dam and 
their number is significant. 

Like any other tool, ML must be used by specialists with a broad knowledge of how it 
works.  

But, there is still the question of a suitable technique to be used for some problem not 
only in the sense of accuracy but also in the sense of interpretability. For example, it is known 
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that SVM is more interpretable than NN because of the kernel function. Of course, we should 
strive to develop and use as simple models as possible taking care not to reduce the quality of 
the results obtained. Because of that, it is strongly recommended to use more than one 
predictive model and compare the results obtained. 
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