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OUTLINE

 IoT, Big Data, Data Science

 Data-driven modelling

 Machine learning 

 Anomaly detection  

 Example: 

dam and levee condition monitoring
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THE “BIG NONSENSE”
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BIG NONSENSE: 

THE END OF SCIENTIFIC THINKING IS

NEAR…
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P.M.A. Sloot. 

“Big Nonsense: the end of scientific thinking is 

near…” 

43 Visions for Complexity, Ed. S. Thurner, p. 65-66. 

World Scientific Publishing Co. Pte. Ltd. 

ISBN 978-981-3206-84-7, 2017
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HOW BIG IS THE BIG DATA?



BIG DATA SCIENCE IS DANGEROUS

BUT IT IS ALL AROUND US!

Data science 

 new methods and tools 

 to derive mathematical models 

from real-life observations 

 to detect anomalies 

 to predict the future
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DATA SCIENCE + COMPUTATIONAL SCIENCE

= ?
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FLOOD BARRIER GATE VIBRATIONS

Simulation Experiment



 Christiaan Erdbrink

ITMO, UvA, Deltares
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"Reducing cross-flow vibrations of underflow gates: 

Experiments and numerical studies", Journal of 

Fluids and Structures, V. 50, 2014, pp. 25-48, 

doi: 10.1016/j.jfluidstructs.2014.06.010

C.D. Erdbrink, V.V. Krzhizhanovskaya, "Differential 

evolution for system identification of self-excited 

vibrations", Journal of Computational Science, V. 

10, 2015, pp. 360-369. 

doi: 10.1016/j.jocs.2015.03.004

http://dx.doi.org/10.1016/j.jfluidstructs.2014.06.010
http://dx.doi.org/10.1016/j.jocs.2015.03.004


DATA-DRIVEN LEVEE

MODELING AND ANOMALY

DETECTION



 2D full-scale simulation of porous flow & structural 
dynamics

 Tidal load and flood conditions
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Waterlevel obtained from sensor and its harmonic 

approximation 
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SIMULATION COMPONENTS (1)
 Porous flow:

 Richards’ eq. for water flow in partially saturated 
soils

 Van Genuchten model for water retention

partially saturated soil

FSI coupling terms
t
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SIMULATION COMPONENTS (2)

 Structural stability:

◦ Plane stress

◦ Linear elastic soil

◦ Mohr-Coulomb failure 
criterion 

 tanff c  unstable

FSI coupling terms
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VIRTUAL DIKE: BOSTON

Low tide
High tide

Initial settlementReal layers



MODEL CALIBRATION BASED ON

DATA
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ANOMALY DETECTION APPROACH
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PRE-PROCESSING

1) Wavelet denoising

2) Spectrum Singular Analysis (SSA)

3) Hodrick-Prescott filter

4) L1 trend filtering

5) Moving average
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to maximal eigenvalues
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The main idea: to apply methods, which have minimal number of adjustable  
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DATA PRE-PROCESSING
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ONE-SIDE CLASSIFICATION

--ABNORMAL BEHAVIOUR

-- NORMAL BEHAVIOUR

Logical 

groups

Pre-processing
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SIMULATED SENSOR DATA
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ANOMALY DETECTION IN ARTIFICIAL

DATA
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COMBINING AI WITH VIRTUAL DIKE
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AI COMPONENT AS PART OF THE

URBANFLOOD EARLY WARNING SYSTEM
JMS 

consumer

Ja
va

 M
es

sa
ge

 S
er

vi
ce

 (J
M

S
)

AI component

Self 

monitoring

XML reader

Data analysis

XML writer
AnySense

Sensor cabinet

DSS, other 

components
JMS producer

WebDash

Board

Web 

browser

Dike measurements Confidence values of normal behaviour AI component state

26

Krzhizhanovskaya et al. 2011 " Flood early 
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 Alexander Pyayt

 Natalia Melnikova 27
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LATEST WORK ON MONITORING LEVEES

Photo from www.cnn.com, South Carolina flooding: Dams breached, more trouble ahead, Oct 7, 2015 

Update 
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http://www.cnn.com


EARTH DAMS AND LEVEES

 Internal Erosion

Worldwide Problem

Approach: 

Non-intrusive(!) 

monitoring

Tunbridge Dam, Tasmânia, Australia, 11/28/2008, Source: Jeffery Farrar (2008)
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OUR APPROACH
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PASSIVE SEISMIC DATA

Crack-Box & Piping Experiments

 Internal Erosion and Cracking

 Geophones

 4,140 Seconds of Data
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DATA PREPROCESSING

1. Wavelet de-noising: 

MODWT, Haar level 3

2. Spectral frames 

(1, 2, 3, 5, and 10-

second frames)

3. Feature extraction
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3. Feature extraction

4. Standardization (zero mean, unit 

STD)

+ Flatness, Kurtosis, Irregularity, Skewness
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5. AUTOMATIC FEATURE SELECTION
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SELECTED FEATURES
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Crack

Piping

ReliefF filter method:

• k-nearest neighbors per class

• weighted feature ranking 



MACHINE LEARNING

‣ Clustering ‣ Anomaly Detection
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STAGES OF CLUSTERING

 Pattern Representation

 Distance Measure

 Grouping Membership

 Cluster Representation

 Validation Techniques
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CLUSTERING ALGORITHMS

K-Means Clustering

Partitioning Around Medoids

Fuzzy C-Means Clustering

Gaussian Mixture Model

Agglomerative Hierarchical Clustering
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CLUSTER REPRESENTATION

Principal 

Component 

Analysis

 K-means

 K=3

 10-Second Frames
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CLUSTER REPRESENTATION

3D Plot of Selected 

Features 

 K-means

 K=3

 10-Second Frames
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CLUSTER REPRESENTATION

Time Series 

Cluster Color 

Overlay

 K-means

 K=3

 10-Second Frames
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INTERNAL VALIDATION

Silhouette Width

 Range: [-1, 1]

 Averaged over 

100 Runs

 95% CI

 10-Second Frames

42



EXTERNAL VALIDATION

Purity

 Range: [0, 1]

 Averaged over 100 Runs

 Comparing all 5 Algorithms

 3, 5, and 10-Second Frames

4 out of 5 

Algorithms 

Performed well 

(> 82%)

43GMM is less accurate



TWO-CLASS SUPPORT VECTOR

MACHINE
Nine Features

RBF Kernel

Cross Validation

97%+ Accuracy 
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PREDICTION RESULT: 97%+ 

ACCURACY
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ONE-CLASS SUPPORT VECTOR

MACHINE

‣Two Features

‣RBF Kernel

‣Cross Validation

‣83%+ Accuracy 
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PREDICTION RESULT: 83%+ 

ACCURACY
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AUTOMATIC FEATURE SELECTION

Improved accuracy 

from 83%  to over 91%
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 Wendy Fisher

 Tracy Camp 
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W. Belcher, T. Camp, V. V. 

Krzhizhanovskaya, "Detecting Erosion 
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DATA-DRIVEN TRAFFIC

SIMULATION
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DATA

 NDW = National Data Warehouse for traffic 

information

 40,000 sensors in the Netherlands
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Data types

Traffic 

data

Status data

Traffic 

flow 

(intensity)

Road works

Speed Incidents

Travel

time

Bridge/dynamic 

lanes status

Vehicle length categories, meters

Set 1 Set 2

1,85 – 2,4
… – 5,6

2,4 – 5,6

5,6 – 11,5
5,6 – 12,2

11,5 – 12,2

12,2 – … 12,2 – …



OTHER SOURCES OF DATA
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BLACKOUT FRIDAY TRAFFIC
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FIRE (BANGALORE)
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TRAFFIC MODEL DEVELOPMENT BASED ON

PARTIAL DATA (ST. PETERSBURG)
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 Valentin Melnikov
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CONCLUSIONS

 Data Science 

+ Computational Science 

+ Computer Science

 Machine learning is great for 

 Model calibration

 Anomaly detection 

 Even 1-class SVM can give 91% accuracy

 More challenges and exciting time ahead!
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BRACE YOURSELVES FOR AN INTERESTING

RIDE!
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https://youtu.be/5U6SWAPLuls?t=100
https://youtu.be/5U6SWAPLuls?t=100
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