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EXPLORING DATA CUBES

https://eo4society.esa.int



Spatial clustering 

SPATIO-TEMPORAL CLUSTERING
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Temporal clustering 

SPATIO-TEMPORAL CLUSTERING
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S-T clustering 

Co-clustering → ‘blocks’ of rows and columns 

Hartigan, 1972 & Banerjee et al., 2007

Wu, Zurita-Milla et al. 2015; 2016

Wu, Cheng, Zurita-Milla & Song, 2020
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SPATIO-TEMPORAL CLUSTERING
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CO-CLUSTERING

Input data matrix Co-clustered data matrix



▪ OBJECTIVE: To identify phenoregions and study their temporal 

dynamics 

▪ DATA: ECA → daily Tmin, Tmax since 1950

▪ PRE-PROCESSING: SI-x models used to transform temperature 

and latitudinal information into a biologically meaningful product: 

first leaf day (FLD) for key indicator species (lilac and 

honeysuckle).

▪ METHODS: Co-clustering (refined by using k-means)
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PHENOLOGICAL REGIONS
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SPRING INDICES

FLD = f (TN, TX, Lat)

FLD
Daily TN and TX 

Spatial resolution = 0.25° (28500 grid cells)

Temporal res= 1950 – 2012 
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CO-CLUSTERING

Re-ordered FLD matrix
Yearly FLD maps

1950-2012

k=45; l = 4

Ɛ=10-6

N=200
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CO-CLUSTERS

https://doi.org/10.1002/2015JG003308
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FEATURES FOR KMEANS

Kmeans optimized using the silhouette method

(Rousseeuw, 1987)
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REFINED CO-CLUSTERS



▪ Phenoregions

▪ 4 temporal clusters

▪ 5 spatial categories
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LOCATION CO-CLUSTERS
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SPATIAL PATTERNS AND THEIR TIMELINE

https://doi.org/10.1002/2015JG003308
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STABLE/CHANGEABLE
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TRI-CLUSTERING

Data cubes 

Georeferenced 

time series 



17

CGC PACKAGE github.com/phenology/cgc

Clustering Geo-Data Cubes

- Co-clustering

- Tri-clustering

- K-means refinement
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▪ CGC helps to ”mine” phenological patterns

▪ Not only data cubes! 

▪ E.g., years when species have similar phenology

▪ Open invitation to collaborate 

▪ CGC package is still in development (and testing)

▪ Currently analysing high spatial resolution versions of the 

SI-x over Europe and USA
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SUMMARY & OUTLOOK
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