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What Is Land Surface Phenology?

A Land surface phenology (LSP) may be defined as the study of the
timing of recurring cycles of changes in land surface using time
series of satellite sensor derived vegetation indexes.

Why Land Surface Phenology?

A The understanding of LSP and its spatial variation is
required to reveal and predict ongoing changes in Earth
system dynamics.

A LSP is a key biological indicator for detecting the response
of terrestrial ecosystems to climate variation.

A LSP can be directly compared to regional climate
iInformation.



Objectives

|.  To model the anomalies in phenology in the entire European forest
using climatic data.

II. To reveal new insights into the climatic drivers of anomalies in spring
and autumn LSP.

lll. To assess innovative multivariate, spatially non-stationary and non-
linear machine learning approaches for phenological modelling.
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Key Points:

« LSP and GP are key indicators of
climate change

« Interannual correlations exist between
LSP and GP in Europe

« LSP is used to predict accurately the
time of GP while controlling for species
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Correspondence to:
V. F. Rodriguez-Galiano,
vrgaliano@gmail.com

Citation:

Rodriguez-Galiano, V. F., J. Dash, and

P. M. Atkinson (2015), Intercomparison of
satellite sensor land surface phenology
and ground phenology in Europe,
Geophys. Res. Lett,, 42, 2253-2260,
doi:10.1002/2015GL063586.

Intercomparison of satellite sensor land surface
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Abstract Land surface phenology (LSP) and ground phenology (GP) are both important sources of
information for monitoring terrestrial ecosystem responses to climate changes. Each measures different
vegetation phenological stages and has different sources of uncertainties, which make comparison in absolute
terms challenging, and therefore, there has been limited attempts to evaluate the complementary nature of
both measures. However, both LSP and GP are climate driven and therefore should exhibit similar interannual
variation. LSP obtained from the whole time series of Medium-Resolution Imaging Spectrometer data was
compared to thousands of deciduous tree ground phenology records of the Pan European Phenology network
(PEP725). Correlations observed between the interannual time series of the satellite sensor estimates

of phenology and PEP725 records revealed a close agreement (especially for Betula Pendula and Fagus
Sylvatica species). In particular, 90% of the statistically significant correlations between LSP and GP were
positive (mean R?= 0.77). A large spatiotemporal correlation was observed between the dates of the start
of season (end of season) from space and leaf unfolding (autumn coloring) at the ground (pseudo R? of
0.70 (0.71)) through the application of nonlinear multivariate models, providing, for the first time, the ability
to predict accurately the date of leaf unfolding (autumn coloring) across Europe (root-mean-square error
of 5.97 days (6.75 days) over 365 days).
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Rodriguez-Galiano, V. F., et al. (2015). 'Characterising the land surface phenology of Europe using
decadal MERIS data." Remote Sensing 7(7): 93909409.
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Correlations between the predictors used in the modelling of spring anomalies

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

1 Anom -011 -009 -012 -010 -011 -010 024 -003 -003 -003 -014 -004 -004 -033 -016 -016 -004 -006 -006 -045 -046 -012 -031 -0.03
2 GDD090 -0.40 011 014 011 013 011 015 | -064 000 -001 -001 023 001 001 -012 -0.06 -0.06 004 -005 -0.05 064 018 -011 005
3  GDD590 -0.43 003 004 004 006 003 003 016 0.03 0.06
4  MTG30 -0.11 0.11 002 000 000 031 -001 -001 017 015 028 007 031
5 MTG90 -009 014 010 -003 -003 -0.03 030 -004 -004 010 009 029 002 031
6  MTX30 -012 011 011 003 000 000 032 -001 -001 018 016 027 008 032
7 MTX90 -0.10 013 010 -0.03 -003 -003 030 -004 -004 010 009 028 002 031
8  MTN30 -011 011 011 002 001 001 031 000 000 016 014 029 006 031
9  MTN90 -010 015 011 -0.04 -003 -003 029 -003 -003 010 009 030 002 030
10 FF 024  -064 -047 -005 -013 -004 -011 -0.06 -0.15 028 011 011 003 006 006 -024 -026 -016 026 001
11 FF -0.03 0.00 -0.01 -0.01 -0.04 -005 -005 000 -006 -006 0.00 -001 -001 -003 0.00
12 LF -0.03 -0.01 -0.01 0.00 -0.04 -005 -005 000 -006 -006 -0.01 -001 -001 -0.03 0.0
13 PF -0.03 -0.01 -0.01 0.00 -0.04 -005 -005 000 -006 -006 -0.01 -0.01 -001 -003 0.0
14 CRROO -0.14 023 016 020 025 019 023 021 026 -025 001 006 006 053 004 004 009 007 - 011 | 0.58
15 MRR30 -0.04 001 001 _ 0.00 000 -003 -003 031 -003 -003 003 003 026 005 031
16 MRR90 -0.04 001 001 0.00 031 -003 -003 003 002 026 005 031
17 CSI0 -033 -012 003 002 -003 003 -003 002 -004 028 -004 -004 -004 001 000 0.00 057 022 022

18 MSIS30 -0.16 -006 004 000 -003 000 -003 001 -003 011 -005 -005 -005 006 -003 -0.03 023 024

19 MSIS90 -016 -006 004 000 -003 000 -003 001 -003 011 -005 -005 -005 006 -0.03 -0.03 023 024

20 CDAL90 -0.04 004 006 031 030 032 030 031 029 003 000 000 000 ' 053 031 031 016 011 010

21 MDAL30 -0.06 -005 003 -001 -004 -001 -004 000 -003 006 -006 -006 -006 004 -003 -0.03 057 023 023 013 055 005
22 MDAL90 -0.06 -005 003 -001 -004 -001 -004 000 -003 006 -006 -006 -006 004 -003 -0.03 057 023 023

23  GDD030 -0.45 017 010 018 010 016 010 -024 000 -001 -001 009 003 003 022 023 023 011 023 023

24  GDD530 -0.46  0.64 015 009 016 009 014 009 -026 -001 -001 -001 007 003 002 022 024 024 010 023 023

25 CRR30 -012 018 016 028 029 027 028 029 030 -016 -001 -001 -001 - 026  0.26 013 013

26 CsSIs30 -031 -011 003 007 002 008 002 006 002 026 -003 -003 -003 011 005 005 055 055

27  CDAL30 -0.03 005 006 031 031 032 031 031 030 001 000 000 000 058 031 031 0.05  0.05

The names of predictors follows the notation: prefix M and C
represent the mean and cumulated functions.

TX, TN and TG: maximum, minimum and average temperature,
respectively;

PP: precipitation; SIS: surface incoming shortwave radiation; DAL:
surface radiation daylight; GDD: growing degree days; CHIL:
chilling requirements; FF, LF and PF: first, last and

period of freeze, respectively .




Correlations between the predictors used in the modelling of autumn anomalies

3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

1 Anom 034 001 -003 034 007 007 004 -005 -005 -005 000 -001 -008 -008 -009 -015
2 OGANO 0.10 -0.02 -004 001 002 -005 -007 006 -002 -002 -010 -011 001 001 -006 -0.10
3 GDDO030 031 0.06 -054 -052 025 009 010 011 003 -009 -009 -001 001 -022 -022 -011 -0.22
4 GDD530 034 0.08 024 011 o011 010 007 -010 -010 -003 -001 -023 -023 -015 -0.25
5 GDDO090 033 014 012 005 013 009 -015 -007 -007 004 -005 -014 -014 0.08 -014
6 GDD590 036 0.16 014 007 013 009 -011 -007 -0.07 002 -006 -014 -014 004 -019
7 MTG30 028 0.05 024 004 010 009 -001 -002 -002 002 005 -013 -013 -0.09 -0.17
8 MTG90 030 015 012 -001 013 009 -018 002 002 007 -001 -0.03 -003 0.09 -011
9 MTX30 028 002 020 -009 012 007 -009 003 003 023 014 -009 -009 017 -0.06
10 MTX90 027 007 009 -005 013 005 -031 002 002 017 007 -0.03 -003 023 007
11  MTN30 026  0.05 026 016 008 009 008 -006 -006 -017 -004 -014 -014 -030 -024
12 MTNS9O 034 019 062 059 0.60 0.61

13 CHIL30 001 -002 -054 -041 -014 -010  -071 -028 -058 -0.16 @ -0.76 -0.39

14 CHIL90 -0.03 -004 -052 -040 -024 -020 | -066 -036 -0.54 -024 | -0.70 -0.48

15 FFN 034 001 025 024 012 014 024 012 020 009 026 019

16 CRR30 007 002 009 011 005 007 004 -001 -009 -005 016 012

17  MRR30 007 -005 010 011 013 013 010 013 012 013 008 013

18 MRR90 004 -007 011 010 009 009 009 009 007 005 009 012

19 CRROO -005 006 003 007 -015 -011 -001 -018 -009 -031 0.08 004

20 MSIS30 -0.05 -002 -009 -010 -007 -0.07 -002 002 003 002 -006 -0.02

21 MSIS90 -0.05 -002 -009 -010 -007 -0.07 -002 002 003 002 -006 -0.02

22 CSIs30 000 -010 -001 -003 004 002 002 007 023 017 -017 -0.07

23 CSI®0 -0.01 -011 o001 -001 -005 -006 005 -001 014 007 -0.04 -0.12

24  MDAL30 -0.08 001 -022 -023 -014 -014 -013 -003 -0.09 -003 -014 -0.06

25 MDAL90 -0.08 001 -022 -023 -014 -014 -013 -003 -0.09 -003 -014 -0.06

26 CDAL30 -0.09 -006 -011 -015 008 004 -009 009 017 023 -030 -0.08

27 __CDAL90 -015 -010 -022 -025 -014 -019 -017 -011 -0.06 007 -024 -031

The names of predictors follows the notation: prefix M and C

represent the mean and cumulated functions.
TX, TN and TG: maximum, minimum and average temperature,

respectively;
PP: precipitation; SIS: surface incoming shortwave radiation; DAL:
surface radiation daylight; GDD: growing degree days; CHIL:
chilling requirements; FF, LF and PF: first, last and
period of freeze, respectively .




Why Random Forest?

A Ability to learn complex patterns, considering nonlinear
relationships between explanatory and dependent variables.

A Generalisation ability, hence applicable to incomplete or noisy
databases.

A Integration of different types of data in the analysis due to the
absence of assumptions about the data used (e.g. normality).

A Interpretability of results, since RF allows obtaining patterns for
a better explanation of a given phenomenon, showing the most
Important variables.
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2. Climatic predictors computation
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