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| Introduction

o The essential role of time series models (see, e.g., Hipel and MclLeod 1994; Wei 2006)
and multi-scale time series analyses (see, e.g., Markonis et al. 2018) towards a
comprehensive understanding of hydroclimatic behaviours has been attentively
discussed by Moss and Tasker (1987) and McKitrick and Christy (2019), respectively.

o Overviews and discussions on large-sample hydroclimatic time series analyses can be

found in Papacharalampous et al. (2021, 2022b).

o We have proposed and extensively applied a new methodological framework for

supporting hydroclimatic time series analyses that:
v Are based on large time series datasets;
v' Focus on multiple time series characteristics;

v Allow comparisons across multiple time series types;

v Allow comparisons across multiple time scales;

v Allow cluster analyses for multiple time series types and at multiple time scales.

o Such multi-scale time series analyses are missing from the previous literature.




| Proposed methods and experimental design

Feature compilations for data science CAMELS dataset

(e.g.. by Wang et al. 2006; Fulcher et al. (Newman et al. 2015; Addor et al. 2017)
2013; Hyndman et al. 2015; Kang et al. :

2017, 2020; Hyndman et al. 2020)
Technical and conceptual requirements
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Summary of the conducted large-sample analyses

Study of 511 geographical locations; Analysis inputs and outputs

Study of 3 time series types: temperature, precipitation, streamflow; 13 797 fime series with
varying lengths, types

Study of 9 temporal resolutions: 1-day, 2-day, 3-day, 7-day, and temporal resolutions

0.5-month, T-month, 2-month, 3-month, 6-month;
Time series analysis: computation of 23 time series features; 317 331 feature values
Clustering using random forests (Breiman 2001; Tyralis et al. 2019);

Feature importance in clustering via explainable machine learning. IMiETeiEieios el




| Boxplots of the feature values at multiple time scales
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| Boxplots of the feature values at multiple time scales
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| Boxplots of the feature values at multiple time scales
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| Boxplots of the feature values at multiple time scales
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Means of the feature values at multiple time scales

Mean
value
ranking

Time series feature

seasonal_strength 4 0.83 0.84 0.86 0.9

(a): Temperature

x_acf1 0.82 0.47 -0.01-0.81

x_acf10 334 36 4.06 4.17
diff1_acf1 -
diff1_acf10 4 0.15 0.08 0.08 0.1
diff2_acf1 -
diff2_acf10 4 0.17 0.23 0.28
seas_acfl 4 0.75 0.77 0.79 0.84
x_pacf5 4 1.04 0.93 0.92 0.9
diff1x_pacf5 =
diff2x_pacf5 | 0.4 0.61
seas_pacf-4 0 0.01
std1st_der 4 0.32 0.41 0.44 0.44
entropy -
lumpiness < 0.02 0.02
stability 5 0.01 0.01
nonlinearity -1 0.12 0.27

trend -1 0.05 0.05

spike -
linearity
curvature 4-0.23

e_acf1 -0.01-0.23-0.49 -0.5

e_acf10 0.23 0.07 0.06 0.1
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(b): Precipitation
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diff1_acf10 = 0.13 0.18 0.2
diff2_acf1 <
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o

diff1x_pacf5 - 0.28 0.36
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diff2x_pacf5 = 0.79 0.91

seas_pacf-4 0 0

std1st_der
entropy = 0.92 0.84 0.81 0.92
lumpiness = 0.14 0.16
stability = 0.01 0.01 0.01 0.03
nonlinearity =1/ 0.1 0.09 0.08 0.08
trend = 0.01 0.02 0.02 0.05
spke 0 0 O
linearity 4 0.14 0.17
curvature =
-0.07-0.24 -0.47 -0.52
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(c): Streamflow

0.45 0.27 0.11 -0.17

0.61 0.47 0.58 0.75.

x_acf1
x_acf10
diff1_acf1
diff1_acf10
diff2_acf1
diff2_acf10 < 0.22 0.27 0.3 0.34
seas_acf1 = 0.17 0.18 0.19 0.22
x_pacfs-l 0.34 0.29 0.24 0.33
diff1x_pacf5 4 0.19 0.2
diff2x_pacf5 - 0.52 0.64 0.68
seas_pacf- 0 0.01 0.01 0.02

std1st_der 4 0.67 0.8 0.85 0.92

entropy =

lumpiness 1.42 1.33 1.32 1.37

stability 7 0.05 0.06 0.06 0.08

nonlinearity 0.63 0.5 0.57 0.53

trend 9 0.1 0.11 0.12 0.16

0 0 0 o

spike
linearity <-0.94 -0.71-0.62 -0.45
curvature 4-0.22-0.22-0.22 -0.21
e_acf1 0.12 -0.12-0.39-0.48
e_acf10 0.29 0.19 0.15 0.21
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| Hydroclimatic clusters at multiple time sca
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| Hydroclimatic clusters at multiple time sca

Streamflow

Precipitation

Temperature

uonnjosal |eJjodwsa) Aep-,

uonN|osal [eJodwa) Yuow-g'Q uonnjosal [eiodwa) yjuow-|




les

| Hydroclimatic clusters at multiple time sca
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| Feature importance in clustering at multiple time scales
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| Summary, further reading and future research

o A detailed methodological framework for multifaceted and automatic hydroclimatic

time series analysis at multiple time scales has been proposed.

o Various similarities and differences between temperature, precipitation and streamflow
time series have been identified with respect to the evolution patterns of their features

with increasing (or decreasing) temporal resolution.

o Feature-based clustering has been performed for investigating the spatial variability of
the temperature, precipitation and streamflow features across the contiguous United

States and across temporal resolutions.

o The significance of using a variety of features in assessing hydroclimatic similarity has

been acknowledged based on results obtained through explainable machine learning.

o Details on the proposed methodological framework and extensive discussions on the

obtained results can be found in Papacharalampous et al. (2022a).

o Future research could, among others, extent the already conducted investigations to

other temporal resolutions and fime series types.
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