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● Data obtained from FluxNet2015
● Measures the transfer of energy, water vapor, and carbon 

dioxide between the Earth and the atmosphere at multiple 
sites around the world.

● Used data from 172 towers, many of which have data over 
multiple years.

● Focuses on driving variables including:
○ Precipitation
○ Shortwave Radiation
○ Temperature
○ Wind Speed
○ Vapor Pressure Deficit (VPD)

● FluxNet2015 used reanalyzed data to fill long gaps that 
had existed in the previous versions (La Thuile (2007) 
and FluxNet2000). After testing multiple similarity algorithms including Euclidean

distance, Dynamic-Time Warping, Simple Correlation, and
Fourier Coefficients, we concluded that Euclidean distance gave
the best values for ASW and DBS when run with multivariable
data. Thus, the Euclidean distance was chosen as the distance
measure for this combination of variables. This resulted in better
clusters with more interpretable results. With this information,
the next step is to extend this algorithm to include other
variables and determine correlations between any given
variables based on the year that the data is collected and the
geographical location of the sites. In addition to this, running the
same tests with more frequently collected data could yield some
more interesting results. Combining these methods will allow
for a more complete picture of similarities between the different
sites and different years that is just starting to be discovered.

RESEARCH QUESTION

What similarities can be found and what is the best similarity distance for 
scientific time series datasets?

RESULTS

ASW CHS DBS

Correlation 0.54297 16248.8 0.56670

DTW 0.60120 15763.4 0.42803

Euclidean 0.67947 9262.15 0.32295

Fourier 0.67098 9958.30 0.33138

● Calculated ASW, CHS, and DBS. 
● Best results from the cluster validity algorithm were obtained 

using the Euclidean Distance.
● DTW performed worse than expected, possibly due to the fact 

that multiple variables were considered simultaneously.
● Fourier Coefficients offers a good alternative to Euclidean 

distance.
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● After clustering the UMAP embeddings using the K-Means clustering 
algorithm, we calculated the ASW, CHS and DBS internal cluster 
validity metrics with k varying from 2 to 10.

● Selected the number of clusters that showed a peak for ASW and CHS 
and a trough in DBS, which occurs at 4 clusters.

This study focuses on developing algorithms that detect changes
in time series datasets. To evaluate similarity measuring
algorithms we propose a combination of methods that include
dimensionality reduction and clustering. This methodology can
be used to discover existing patterns and correlations within a
dataset. The current results indicate that the Euclidean Distance
metric provides the best results in terms of internal cluster
validity measures for multi-variable analysis. We plan to extend
this study to other variables and other datasets in the future.

● Visually represented the clusters and the ASW to obtain a more 
interpretable way of representing the results.

● Black and Green clusters are both larger and as a whole less dense, 
causing lower ASW scores.

Identifying Time Series Similarity in Large-Scale 
Climatological Datasets

● Calculated  distances between site-years using:
○ Euclidean Distance
○ Fourier Coefficients
○ Dynamic-Time Warping
○ Pearson Correlation

● Reduced the data to 2-dimensional embeddings by 
running Applied Uniform Manifold Approximation 
(UMAP).

● Used K-Means to cluster the UMAP embeddings into 
different numbers of clusters ranging from two to ten.

● Ran internal clustering validity measures::
○ Average Silhouette Width 
○ Calinski Harabasz Score 
○ Davies-Bouldin Score 

● Used clustering validity algorithm to determine which 
distance measurement gave the highest value for 
Average Silhouette Width (ASW) and Calinski Harabasz 
Score (CHS) while minimizing the Davies-Bouldin 
Score (DBS).

● Created shape profiles for each variable within all 
optimal clusters.

● Analyzed found clusters in temporo-geographic context.

Exhibits blue cluster follows the opposite 
patterns of the other clusters.

Determining Optimal Clusters

Shows similar results when compared to 
temperature.

Precipitation appears in waves for the 
blue cluster and green cluster, but stays 
relatively consistent for the other two.

Shows red cluster has much more 
variance and blue cluster is the opposite 

of others.

All follow about the same trend except the 
blue cluster which has a distinct path.

Black Cluster Blue Cluster 

Red Cluster Green Cluster 

● Broadleaf Forests & 
Grasslands

● IT, US, CN, CH, AT
● Between 35-50 ˚N

● Southern Hemisphere
● BZ, PA, SA, GF, ZM, CG, 

SN, AU
● Between 0-35˚ S

● Northernmost sites
● CA, CH, RU, NL, 

US (Alaska)
● Between 45-70˚ N

● Steppes & Deserts 
Exclusively

● US (Only 4 sites)
● At 30˚ N and 15˚ N

Overall, the black cluster and the
green cluster are remarkably similar
for all of the given variables. This is
most likely due to the absence of a
clear distinction between them,
which allows for possible overlap. In
general, the blue cluster is vastly
different from all of the other clusters
due the fact that the seasons are the
opposite.

Evaluating Optimal Clusters

Investigating Distance Metrics
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