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Abstract: Direct and hierarchical clustering approaches are compared to provide a first pattern
discovery and times series segmentation. This unsupervised segmentation should be effective to help
an expert labelling task. A divisive spectral clustering architecture with a no-cut criteria is proposed.
This new algorithm achieves promise segmentation of spatial UCI databases and time series.
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0. Introduction

Pattern discovery in dataset is a fundamental task in various data mining applications. We
investigate the way to detect spatial and/or temporal patterns without any a priori knowledge about
their number, shape or distribution. This unsupervised labelling should provide an optimal set
of patterns to facilitate identification by a human expert. It will be considered optimal for the
interpretation of a phenomenon if it covers all the existing structures within the data from dense
to sparse, frequent to extreme. This labelled set is a crucial step to define a first training database to
build a prediction system by learning machine techniques.

So, segmentation methods could be divided according to the cut processing way: by windows
processing (time windows or space region] [? ? ], by generative models [? ? ], by either
temporal/geometric cuts as breaking points [? ? ] or clustering methods. The first two approaches
need hypotheses about data distribution and pattern size. So, the outline of this paper is to compare
the ability of the latter clustering methods so as to extract patterns in spatial and/or temporal cases.

Section 2 orders several clustering methods, and then focuses on our new adapted Multi-level
Spectral Clustering (M-SC), combining spectral and hierarchical approaches. Section 3 presents
experiment protocol to compare them in the task of pattern discovery and time series segmentation.
Results on art. and in-situ data are discussed in Section 4. Their ability to label data is afterwards
discussed with a focus on some supervised approaches.

1. Clustering approaches for pattern discovery

Many clustering approaches succeed in pattern segmentation in many applications as isolating
object in picture background [? ] or environmental event in marine multivariate time series [? ]. In this
case of time series segmentation, the temporal information are not included in the clustering process.
These approaches could be distinguished according to their cut processing and their cut space: direct
or hierarchical way, raw space from the data, or kernel or spectral space. The space choice refers to
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data geometry. So, we propose viewpoint of direct and hierarchical methods and a new adapted M-SC.

Direct clustering. K-means or K-Partitioning Around Medoids (PAM) algorithms are well employed
to partition convex clusters with no overlap or for vector quantization (data reduction). They aim
to partition N observations into a fixed number K of clusters, by minimizing the variance within
each cluster. Density-Based Spatial Clustering (DBSCAN) approaches [? ] allow to relaxing the
convexity constraint to dense cluster: (1) two points are agglomerated in the same cluster if they
respect a ε-distance and (2) the obtained cluster are saved if they have a minimal number of points
(minPts). DBSCAN presents an interest for isolating noises; some observations will not be clustered. It
could be a default for sparse cluster. Spectral clustering (SC) technique is used to separate clusters
with low density. They require a point-to-point connexity within a cluster. SC is solved through a
generalized problem of eigenvalues from a Laplacian matrix L. L is computed from a similarity matrix
W issued from the data and a cut criterion. The clustering step is done in this spectral space from
the K-first eigenvectors. There are many variants like spectral k-means (SC-Kmeans) that uses a
standardized symmetric Laplacian matrix (LNJW = D−1/2WD1/2; D the degree matrix of W) and
K-means algorithm for partitioning [? ] or spectral PAM (SC-PAM) that uses K-medoids algorithm.

Hierachical clustering. Conventional hierachical clustering (HC) techniques are based on the
proximity between observations in the initial space. For the divisive ones, each observation is first
assigned to its own cluster and then the algorithm proceeds iteratively, at each stage joining the two
most similar clusters up to a single cluster. The partitioning trees differ from its proximity criterion;
Ward.D2 is the most similar criterion of NJW one. An equivalent spectral approach was proposed
by [? ], named Hierarchical-SC (H-SC), where the clustering step is based on HC with WARD.d2
criterion in LNJW eigenspace. Bipartite-SC (Bi-SC) [? ] leads to a binary tree: at each level, each node
is subdivised in K = 2 clusters according to the sign of the second eigenvector from the laplacian
LShi = I − D−1/2WD1/2 = I − LNJW . This constraint of separation in 2 groups are well adapted when
a dominant structure is there (like background in an image). HDBSCAN is a hierarchical extension of
DBSCAN algorithm where a dissimilarity based on ε-neighborhood is used to aggregate observations.

For time-ordered observations, change-point analysis could be also added. We retain only
approaches with clustering: Divisive estimation (e.divisive) and agglomerative estimation (e.agglo),
which are also hierarchical approaches based on (e=)energy distance [? ]. e.divisive defines segments
through a binary bisection method and a permutation test. e.agglo creates homogeneous clusters
based on an initial clustering. If no initial clustering are defined as such, each observation is assigned
to its own segment.

Multi-level spectral clustering. The M-SC algorithm is a divisive spectral clustering approach
proposed to build a multilevel implicit segmentation of a multi-variate dataset [? ]. The first level is
a unique cluster with all data. At each level, observations from a related cluster are cut by SC-PAM
(Algorithm 2) with K computed from maximal spectral eigengap (Fig. 1). Here, we add a no-cut
criterion for homogeneous cluster according to silhouette index (cluster silhouette ≤ sil.min) or too
small cluster (cluster size ≤min.point). sil.min should be tuned for the application resolution needs,
and min.points ≥ n− neighbors of the similarity matrix W.
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Figure 1. Multilevel Spectral Clustering scheme.

Figure 2. Multilevel Spectral Clustering scheme.

2. Comparison protocol

This work aims at comparing ability of the above methods to propose an effective clustering as
first labelling. This section details labelled datasets, the tuning for each method should this step be
required, and the list of performance metrics.
Dataset summary. For pattern discovery and time series segmentation, both selected art. and
experimental cases are briefly described in (Table 1). From UCI benchmark [? ], two art. datasets
(Aggregate and Compound) and two experimental ones (Iris and Species) are chosen for their geometric
characteristics. Aggregate have relative simple patches and Compound have nested patches, which are
both clearly separated. They have respectively six and seven classes and, both have two attributes. Iris
and Species have more connected classes. Iris is a simple case because it only owns three categories of
plants with 50 observations per class, whereas Species has 100 classes with 16 observations per class.

For time series segmentation, Simulated dataset was built and an experimental dataset from a
cruise campaign was used. Simulated is composed of 3 signals based on 3 sinus global-shapes (gs) on
which such three short events have been inserted: two peaks and one offset (described in [? ]). For the
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experimental dataset provided by DYPHYMA program [? ? ], we used the Pocket Ferry Box data (PFB),
coupled with the four algae concentrations from a multiple-fixed-wavelength spectral fluorometer
(Algae Online Analyser [AOA], bbe Moldaenke).

Table 1. Dataset characteristics: name, area : exp.= experimental and art.= artificial, dimension (N
observations × D features), number of classes C, distribution: the distribution percentage of the
smallest class, (E) if equal. In bold: Time Series dataset.

Dataset Area Dimension C Distribution
1 Aggregate [? ] art. 788× 2 7 4.31
2 Compound [?

]
art. 399× 2 6 4

3 Iris [? ] exp. 150× 4 3 33.33 (E)
4 Species [? ] exp. 1, 600× 64 100 1.6 (E)
5 Simulated [? ] art. 1, 000× 3 4 3.2
6 DYMAPHY

Leg1 [? ]
exp. 2, 032× 18 3 12.20

7 DYMAPHY
Leg2 [? ]

exp. 3, 285× 18 3 11.96

8 DYMAPHY
Leg3 [? ]

exp. 5, 599× 18 3 7.30

Data processing and parameter tuning. Firstly, all dataset X are normalized to avoid impact of
varying feature ranges in the clustering process. Zelnick and Perona locally adapted gaussian kernel
with the 7th neighbors sigma distance in the similarity. For M-SC, min.points is therefore defined at
7. Direct spectral methods and M-SC and H-SC are based on LNJW Laplacian. So, all functions are
computed with their default setting. But some parameters must be defined to choose the number of
clusters (K). K are fixed to the ground-truth class number for direct approaches, so K = C. Tree cut
in the hierarchical methods (HC, H-SC) and level of divisive methods (Bi-SC, M-SC) are defined to
obtain at least C clusters and, sil.min is fixed at 0.7. For DBSCAN the determination of K = C clusters
requires ε-neighborhood. It is automatically determined by Unit Invariant Knee (UIK) estimation of
the average k-nearest neighbor distance. For species dataset, the 20 principal components are retained
to obtain a cumsum of 95% explained variance.

Comparison metrics. Two indicators are retained: (1) #Iso, the number of well-isolated patterns
represented by more than half of the true positive observations; (2) the total accuracy, defined from
the confusion table between the K clusters and C classes after majority vote. Then three conventional
unsupervised scores are added for interpretation: Adjusted Rand index, Dunn index, Silhouette score
[? ]. Here, they were computed in the raw space whatever the clustering methods used. Low Dunn
index and averaged silhouette score from true label show the complexity to isolate each class, esp. for
LEG sets, Dunn index computed from the ground-truth labels are around 10−4.

3. Clustering Results

Table 2 summarizes the clustering methods that succeed in isolating at least 50% of ground-truth
patterns. They are ordered according to first #Iso, the total accucary and then minimum K to reduce
the human labelling task.
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Table 2. Clustering approaches applied to pattern discovery, ordered by well-isolated pattern numbers
(#Iso) with performance indicators: Adjusted Rand Index (ARI), Dunn and Silhouette (Sil.) indexes,
total accuracy (Tot.acc) and the number of clusters K. (bold: #Iso= C, 0.00: non zero number). n is the
dataset number.

n Clustering K ARI Dunn Sil. Tot.acc #Iso
1 ground-truth C =7 1.00 0.04 0.49 1.00 7

H-SC 7 0.99 0.04 0.49 1.00 7
M-SC 9 0.89 0.03 0.42 1.00 7

SC-PAM 7 0.97 0.03 0.50 0.98 7
SC-KM 7 0.96 0.03 0.50 0.98 7

Bi-SC 8 0.88 0.02 0.42 0.96 6
HC Ward.d2 7 0.80 0.04 0.45 0.95 6

KM 7 0.73 0.04 0.49 0.90 5
DBSCAN 5 0.81 0.11 0.41 0.83 5

HDBSCAN 5 0.81 0.11 0.41 0.83 5
2 ground-truth C =6 1.00 0.07 0.16 1.00 6

M-SC 6 1.00 0.07 0.16 1.00 6
KM 6 0.56 0.02 0.35 0.85 5

Bi-SC 8 0.62 0.03 0.26 0.81 4
SC-KM 6 0.45 0.03 0.29 0.74 4

3 ground-truth C =3 1.00 0.06 0.50 1.00 3
M-SC 3 1.00 0.06 0.50 1.00 3
Bi-SC 8 0.72 0.06 0.27 1.00 3

KM 3 0.62 0.04 0.51 0.83 3
HC Ward.d2 3 0.61 0.07 0.50 0.83 3

H-SC 3 0.45 0.05 0.53 0.67 2
SC-KM 3 0.45 0.03 0.53 0.67 2

SC-PAM 3 0.45 0.03 0.53 0.67 2
4 ground-truth C =100 1.00 0.11 0.10 1.00 100

SC-KM 100 0.48 0.14 0.07 0.65 75
SC-PAM 100 0.46 0.09 0.07 0.64 73

KM 100 0.45 0.12 0.09 0.63 72
H-SC 100 0.46 0.14 0.08 0.64 71

HC Ward.d2 100 0.45 0.16 0.11 0.64 70
M-SC 115 0.31 0.16 0.01 0.50 55

5 ground-truth C = 4 1.00 0.01 0.16 1.00 4
e.divisive 23 0.39 0.00 0.03 0.97 4

M-SC 8 0.43 0.007 0.28 0.94 4
HDBSCAN 5 0.62 0.01 0.13 0.94 3

e.agglo 9 0.45 0.00 -0.03 0.94 3
6 ground-truth C = 3 1.00 0.00 -0.02 1.00 3

M-SC 32 0.66 0.00 -0.21 0.94 3
HDBSCAN 42 0.68 0.00 -0.10 0.91 3

e.divisive 42 0.49 0.00 -0.22 0.96 3
e.agglo 10 0.48 0.00 -0.14 0.79 3

KM 3 0.57 0.00 -0.04 0.84 2
HC Ward.d2 3 0.57 0.00 -0.03 0.84 2

SC-KM 3 0.53 0.00 -0.01 0.84 2
SC-PAM 3 0.53 0.00 -0.01 0.84 2

H-SC 3 0.53 0.00 -0.01 0.84 2
7 ground-truth C = 3 1.00 0.00 -0.03 1.00 3

M-SC 53 0.51 0.00 -0.18 0.94 3
e.divisive 55 0.55 0.00 -0.17 0.92 3

HDBSCAN 62 0.48 0.00 -0.25 0.89 3
HC Ward.d2 3 0.21 0.00 0.26 0.72 2

KM 3 0.21 0.00 0.25 0.72 2
e.agglo 3 0.20 0.00 0.28 0.72 2

SC-PAM 3 0.11 0.01 0.12 0.64 2
SC-KM 3 0.06 0.01 0.20 0.64 2

8 ground-truth C = 3 1.00 0.00 -0.02 1.00 3
HC ward.d2 3 0.23 0.00 -0.00 0.80 2

KM 3 0.21 0.00 0.01 0.79 2
M-SC 4 0.41 0.00 -0.15 0.79 2
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Spectral methods succeed in discovering all spatial patterns (#Iso=C) with high score for
hierachical approaches: they could achieve 100% of accuracy, particularly M-SC except for species.
It could be explained by the low class distribution and high connected clusters (averaged silhouette
=0.1). For time series segmentation task, hierarchical methods better achieved to isolate event patterns,
particularly M-SC, e.divisive and HDBSCAN. For LEG3, none of the algorithms isolate the 3 classes.
M-SC succeeds to isolate them at level 3 with K = 102 and a total accuracy of 93%. This number of
clusters to label could appear too much, unreasonable for the human expert, but who can do more can
do less.

Multi-Level Spectral clustering seems to be effective to detect pattern structure in spatial data or
time series (Fig. 3 and 4). Obtained results reveal a good ability for generalization. Human experts
should tune M-SC silhouette parameter according to a compromise between over-segmentation and
cluster number for their labelling task. For large database, M-SC algorithm could be easily modified to
obtain a fast computation process by using a reduced prototype set and n−nearest neighbor algorithm.
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Figure 3. Color-labelling for the most efficient clustering methods on time series
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Figure 4. Color-labelling for the most efficient clustering methods on spatial dataset
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4. Clustering for labeling

Clustering methods rely solely on data geometry to provide data segmentation. The purpose of
this last part is to test their ability to provide a first labeling. So we compare them now with supervised
techniques in the task of pattern discovery in time series.

Three basic machine solutions were explored: k-Nearest Neighbors classification (k-nn), Breiman’s
Random Forest algorithm (RF, [? ]) and a Multi-Layer percpetron (MLP). For the comparison, MLP
was preferred to Time Delay Neural Networks to be fair with clustering approaches that do not taking
account time parameter also.

Two training databases per dataset (from 5 to 8 in Table 1) have been built. The first database
represents 20% of the volume of each class in the table (80% for the test database) and the second
50%. Whatever the training and test base is, it covers all K = C temporal events. The attributes of an
observation in the series are the classifier entries: for the 8th dataset, the input number I is equal to 18.
And C is the output number for MLP and RF. For k-nn, two k values are chosen. k is set to 1 to assign
the label of the closest observation and then k = 7 to obtain a a more unified segmentation (ie. with
less than one class singleton among observations of other classes). MLP-1 here has one hidden layer
whose neuron number is equal to (I + C)/2 and MLP-0 corresponds to linear perceptron (no hidden
layer). Random Forest here consists of the vote of 500 trees with

⌊√
I
⌋

variables randomly sampled as
candidates at each split.

The same unsupervised and supervised scores than in Table 2 are computed on the test databases
and reported in Table 3 in order to compare clustering and classification approaches.

Learning techniques do not over-segment the time series due to the fixed number of their classes.
RF and k-nn are able to isolate events with higher accucarcy and so low overlap between them

for every dataset and every training cut. MLP-0 and MLP-1 are able to identify the 4 events of the
simulated case but they are not efficient for in-situ cases (n=6-8) due to a lack of observations and
unequal classes.

Divisive clustering techniques like M-SC does not suffer from unequal classes and has an easier
way to detect events in the series. M-SC reached the same objective of well-isolated pattern number
than supervised techniques like RF or knn. ARI and connectedness scores are highly dependent on the
number of classes. In the supervised case, with a fixed K-number and computed from the test database
only, ARI scores are higher than those of clustering approaches. However, the connectedness indices
are not better.

This study has shown that the Multi-level Spectral Clustering approach are a promising way to assist
an expert in a labeling task for both spatial data and time series. M-SC provides also a deep scale of
labels depending on the desired depth of interpretation.
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Table 3. Classification approaches applied to pattern discovery, ordered by well-isolated pattern
numbers (#Iso) with performance indicators for test database: Adjusted Rand Index (ARI), Dunn and
Silhouette (Sil.) indexes, total accuracy (Tot.acc) and the number of clusters K. (bold: #Iso= C, 0.00:
non zero number). n is the dataset number. RF= Random Forest, MLP-l= Multi-Layer Perceptron with l
hidden layer, k-nn=k-nearest neighbors

n 20%-Training K=C ARI Dunn Sil. Tot.acc #Iso
5 ground-truth 4 1.00 0.03 0.16 1.00 4

RF 4 1.00 0.03 0.17 1.00 4
1-nn 4 0.85 0.02 0.17 0.97 4

MLP-0 4 0.90 0.02 0.17 0.97 4
MLP-1 4 0.91 0.05 0.18 0.97 4

7-nn 4 0.65 0.05 0.21 0.94 2
6 ground-truth 3 1.00 0.00 -0.01 1.00 3

RF 3 0.98 0.00 -0.01 0.99 3
1-nn 3 0.77 0.00 0.002 0.91 3
7-nn 3 0.56 0.001 0.02 0.82 3

MLP-0 3 0.21 0.00 0.20 0.59 3
MLP-1 3 - - - 0.50 1

7 ground-truth 3 1.00 0.00 -0.04 1.00 3
RF 3 0.98 0.00 -0.03 0.99 3

1-nn 3 0.80 0.00 -0.02 0.91 3
7-nn 3 0.75 0.00 -0.01 0.88 3

MLP-0 3 0.58 0.002 0.24 0.74 2
MLP-1 3 - - - 0.63 1

8 ground-truth 3 1.00 0.00 -0.02 1.00 3
RF 3 0.96 0.00 -0.01 0.98 3

1-nn 3 0.70 0.00 -0.01 0.89 3
7-nn 3 0.59 0.00 0.01 0.86 3

MLP-0 3 0.28 0.001 -0.02 0.78 1
MLP-1 3 - - - 0.70 1

n 50%-Training K ARI Dunn Sil. Tot.acc #Iso
5 ground-truth 4 1.00 0.03 -0.02 1.00 4

RF 4 1.00 0.03 0.16 1.00 4
1-nn 4 0.93 0.03 0.14 0.99 4
7-nn 4 0.87 0.07 0.16 0.98 4

MLP-0 4 0.99 0.03 0.15 0.99 4
MLP-1 4 0.95 0.04 0.24 0.96 3

6 ground-truth 3 1.00 0.00 -0.05 1.00 3
RF 3 1.00 0.00 -0.02 1.00 3

1-nn 3 0.83 0.00 -0.02 0.93 3
7-nn 3 0.73 0.00 -0.02 0.90 3

MLP-0 3 0.65 0.007 0.03 0.83 2
MLP-1 3 - - - 0.51 1

7 ground-truth 3 1.00 0.00 -0.015 1.00 3
RF 3 0.97 0.00 -0.05 0.99 3

1-nn 3 0.84 0.00 -0.05 0.92 3
7-nn 3 0.80 0.00 -0.07 0.91 3

MLP-0 3 0.75 0.001 0.14 0.79 2
MLP-1 3 - - - 0.63 1

8 ground-truth 3 1.00 0.00 0.16 1.00 3
RF 3 0.98 0.00 -0.01 0.99 3

1-nn 3 0.81 0.00 -0.01 0.93 3
7-nn 3 0.70 0.00 0.003 0.90 3

MLP-0 3 0.35 0.00 0.04 0.78 2
MLP-1 3 - - - 0.69 1
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5. Conclusion

A relir car pas EUSIPCO mais ESSAN 2020
There is a large interest in representing high-resolution and high-dimension time series by

optimized processing in order to extract relevant information for stakeholder. Huge potential for any
application lies in the right combination of numerical methodology and representation without losing
key-information as extreme events.

A Multilevel Spectral Clustering (M-SC) was proposed to segment multivariate time series in
general patterns up to these extreme events by unsupervised way. On the basis of a simulated times
series with high local connexity between events and global-shape signals, the proposed deep M-SC
architecture give added value to segment all this shapes in contrast with related SC or hierarchical
approach. First results obtained by M-SC on field MAREL Carnot time series are promising. Therefore,
M-SC multilevel implicit segmentation will enable the implementation of nested approaches and to
optimize extraction of knowledge when considering data covering different scales (temporal, frequency
or spatial). We trust that the M-SC approach should be used for other marine applications (data from
Ferry Box, gliders, . . . ) and also for other areas of application when dealing with the needs to segment
data series and to identify general patterns and specific events without any a priori knowledge.
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