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4 Data Cleaning: missing values, outliers 
(graphical way & statistical tests & 
Neighbour strategy). Filtering audited 
data to reduce noise in temporal series 
curves (Gauss filters are recommended)

5 Data Reduction: use of sliding windows, 
correlation analysis and similarity 
measures to detect first grouping signals.
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6 Data Mining Techniques: two major 
approaches are recommended: (1) 
clustering with time granularity 
(down/up), (2) Discovery of frequents 
items (items = sequences, temporal 
trends) by using temporal data mining. 
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Discussion with experts or 
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advisable understandable and user-
friendly approaches.
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Time Series Mining

• Data Format
DATE X0 X1 X2 X3 X4 ...X2

3
01/03/2011 16630,1 13392,17 12757,23 12584,18 12707,2 ...
02/03/2011 16310,55 13541,09 12576,87 12296,47 12348,89 ...
03/03/2011 16758,89 13829,13 12960,01 12717,28 12851,31 ...
04/03/2011 16378,45 13269,95 12614,3 12325,09 12401,48 ...
05/03/2011 16412,62 14245,78 13147,6 12781,1 12786,73 ...
06/03/2011 17462,05 14869,66 13534,39 13157,48 13002,9 ...
07/03/2011 15759,4 13438,4 12387,89 12084,77 12151,04 ...
30/04/2012 ............. ............. ............. ............... .............. ........

. • Data  Analytics Techniques 

Data   from 03/01/2011 till 
04/30/2012 – 427 records in 14 

months. X0, X1, ..., X23 represent 
hourly water flow (cubic meters per 
hour)., i.e., X0 is water flow from 

00.00 hours to 00.59 hours and so 
on.

CLUSTERING 
ALGORITHMS
Hierarchical; K-

means; Partioning 
around mediods 
(PAM), stochastic 

clustering and 
bootstrap

GRAPHICAL 
ANALYSIS with 

Temporal Windows

NEIGHBOUR 
STRATEGY for 

preprocessing and 
missing values

TEMPORAL DATA 
MINING

Frequent events and 
episodes

FORECASTING
ARMA,ARIMA, linear 

and non linear 
regression
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• Temporal Clustering  & Postprocessing

Time Scheduling versus levels of hourly water Flow

RED= High Level of Water Flow

GREEN= Low Level of Water Flow

YELLOW= Middle level of Water Flow

ORANGE= Middle-High level of Water Flow
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Time-Series Clustering

https://cran.r-project.org/web/views/TimeSeries.html

http://www.timeseriesclassification.com/index.php

Main Strategies for Clustering

Whole time series clustering
Roelofsen (2018): whole (complete) time series of equal length are 
compared

Subsequence time series clustering
Roelofsen (2018): a given subsequence is compared with the 
subsequences of other whole time series

Marques, A., 2018, at 
http://rstudio-pubs-static.s3.amazonaws.com/398402_abe1a0343a4e4e03977de8f3791e96bb.html.
Roelofsen, P., 2018, Time series clustering: Vrije Universiteit Amsterdam, Amsterdam.

http://rstudio-pubs-static.s3.amazonaws.com/398402_abe1a0343a4e4e03977de8f3791e96bb.html
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Time-Series Clustering
Time point clustering
Distance / Similarity Measures

Use 
distances 
or similarity 
metrics as 
in Classical 
Clustering
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Time-Series Clustering
Time point clustering
Distance / Similarity Measures https://cran.r-project.org/web/packages/TSdist/TSdist.pdf
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Time-Series ClusteringTime point 
clustering
Distance / 
Similarity 
Measures



IMPORTANT

The resulting similarity ranges from -1 meaning exactly opposite, to 1 meaning exactly the same, with 0 indicating 
orthogonality or decorrelation, while in-between values indicate intermediate similarity or dissimilarity.

θ = arccos(SC(A, B)).
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Time point clustering
Distance / Similarity 
Measures
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Time point clustering
Distance / Similarity 
Measures
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Time point clustering
Distance / Similarity 
Measures

Two repetitions of a walking sequence recorded using a motion-
capture system. While there are differences in walking speed between 
repetitions, the spatial paths of limbs remain highly similar

IMPORTANT
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Time point clustering
Distance / Similarity 
Measures
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Time point clustering
Distance / Similarity 
Measures
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Check  
results and 
extract 
profiles
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Time-Series Clustering
Statistical Approach 
(Extraction of trends – Non 
parametric Methods

https://rpubs.com/Edison-D/615477    
(Case study in Spanish language)

https://rpubs.com/Edison-D/615477
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Time-Series Clustering
Statistical Approach – Non 
parametric Methods

Global Trend
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Time-Series Clustering
Statistical Approach – Non 
parametric Methods

Global Trend versus each of 
the Time-Series (smooth 
trends)
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Time-Series Clustering
Statistical Approach – Non 
parametric Methods Clustering by using a 

smoothing representation of 
the trends and Profiling
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Time-Series Clustering
Statistical Approach (Extraction of random component – Non 

parametric Methods

https://rpubs.com/Edison-D/615477    (Case study 
in Spanish language)

https://rpubs.com/Edison-D/615477
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Time-Series Clustering
Statistical Approach (Extraction of 
random component – Non 
parametric Methods

https://rpubs.com/Edison-D/615477    (Case 
study in Spanish language)

https://rpubs.com/Edison-D/615477


Advanced Clustering – Next Steps...



Clustering very large data sets

1. Perform m (=2 or 3) times a k-means algorithm (with a large value for K, K14)

2. Form the crosstable of m obtained partitions

3. Calculated the centroids of the (non empty) cells of the crosstable

4. Perform a Hierarchical Clustering of the centroids weighted with the number of individuals per cell

5. Decide the number of classes present in your data

6. Consolidate your clustering



Clustering very large data sets ( CURE as STRATEGY)



Clustering large data sets in R

# CLUSTERING OF LARGE DATA SETS
# FIRST 2 KMEANS WITH K=14

n1 = 14
k1 <- kmeans(Psi,n1)
k2 <- kmeans(Psi,n1)

table(k2$cluster,k1$cluster)
clas <- (k2$cluster-1)*n1+k1$cluster

freq <- table(clas)   # WHAT DO WE HAVE IN VECTOR freq?
cdclas <- aggregate(as.data.frame(Psi),list(clas),mean)[,2:(nd+1)]

# SECOND HIERARCHICAL CLUSTERING UPON THE CENTROIDS OF CROSSING THE 2 KMEANS PARTITIONS

d2 <- dist(cdclas)
h2 <- hclust(d2,method="ward.D2",members=freq)  # COMPARE THE COST

plot(h2)
barplot(h2$height[(nrow(cdclas)-40):(nrow(cdclas)-1)])  # PLOT OF THE LAST 39 AGGREGATIONS 

nc = 7   # for instance
c2 <- cutree(h2,nc)
cdg <- aggregate((diag(freq/sum(freq)) %*% as.matrix(cdclas)),list(c2),sum)[,2:(nd+1)]  # WHY WEIGHT 

# CONSOLIDATION

k6 <- kmeans(Psi,centers=cdg)
Bss <- k6$betweenss
Wss <- k6$tot.withinss)

Ib6 <- 100*Bss/(Bss+Wss)
Ib6



Advanced Clustering – Clust of Var



Advanced Clustering – Density based clustering 
(DBSCAN & OPTICS)


	Diapositiva 1
	Diapositiva 2
	Diapositiva 3
	Diapositiva 4
	Diapositiva 5
	Diapositiva 6
	Time-Series Clustering
	Time-Series Clustering (2)
	Time-Series Clustering (3)
	Time-Series Clustering (4)
	Diapositiva 11
	Diapositiva 12
	Diapositiva 13
	Diapositiva 14
	Diapositiva 15
	Diapositiva 16
	Diapositiva 17
	Time-Series Clustering Statistical Approach (Extraction of tren
	Time-Series Clustering Statistical Approach – Non parametric Me
	Time-Series Clustering Statistical Approach – Non parametric Me (2)
	Time-Series Clustering Statistical Approach – Non parametric Me (3)
	Time-Series Clustering Statistical Approach (Extraction of rand
	Time-Series Clustering Statistical Approach (Extraction of rand (2)
	Diapositiva 24
	Clustering very large data sets
	Diapositiva 26
	Clustering large data sets in R
	Diapositiva 28
	Diapositiva 29

