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1. Introduction

» The importance of phenology
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1. Introduction

>

Research progress on

The Northern Hemis
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1. Introduction

» The significance of the peak of growing season (POS)
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POS is also considered as a good proxy for the

The value of POS, for example, as measured by
gross primary productivity (GPP), is one of the
critical variables which

(Xia et al., 2015, PNAS)
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climate change.
(Xu et al., 2016, Glob Chang Biol)
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1. Introduction

» Research progress on POS
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1. Introduction

» Deficiencies In current POS research

The performance of newly proposed models has
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2. Data and methods

> 2.1 Data

OGPP: FLUXNET2015 (54 sites, 434 site-years)
ONDVI: SPOT-VGT (1km, 10d), MOD13A2 (1km, 16d)

150°W 120°W 90°W 60°W 30°W 0 30°E 60°E 90°E 120°E 150°E
1 1 | | 1 1 1 1 1
— . ——— =T —‘%&
.7 {p .‘ P L
Z ' <
3 ol | 3
- | e WET X ¢ T i z
o1 4 CRO - 0 1,250 2,500 5000 s ~ ¢ )
™ | ¢ GRA g13 Wy KM ! Q
*x OSH | . .= TR
® DR | Site-years 4 ;
B ENF Ms5
1 I ) 1 I I I I )
150°W 120°W 90°W 60°W 30°W 0° 30°E 60°E 90°E 120°E 150°E



2. Data and methods

» 2.2 Methods
®POS estimation methods

Double logistic function (DLF) Hybrid general additive model (HGAM)

(Gonsamo et al., 2018, GCB) (Yang et al., 2017, RSE)

SG
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(Wang et al., 2018, AFM) (Piao et al., 2006, GCB)

Polyfit maximum




2. Data and methods

> 2.2 Methods
®POS estimation methods
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2. Data and methods

2.2 Methods

® Models prediction performance
« R2 and p-value
* RMSE

®Prediction difference between four models
* ANOVA (analysis of variance)



3. Results

3.1 POS estimates from NDVI
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logistic function (DLF), (b) hybrid generalized additive model (HGAM), (c) SG-cubic spline, and (d) polyfit maximum.



3. Results

3.1 POS estimates from NDVI
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3. Results

3.2 Comparison across biomes

0.8

0.7
0.6 H
0.5 4

r 0.4+

0.3 4
0.2
0.1 4
0.0

POS1 VS GPP-based POS [ ] POS2 VS GPP-based POS
POS3 VS GPP-based POS [l POS4 VS GPP-based POS

V4

e

1
GRA

MF

l
ENF

1 1 1 1
OSH DBF WET CRO
Biomes

0.8

0.7
0.6
0.5 4

T 0.4+

0.3 +
0.2
0.1 1

POS1 VS GPP-based POS
POS2 VS GPP-based POS
7] POS3 VS GPP-based POS
Il POS4 VS GPP-based POS

0.0

=10
Q 15

o 20+
oZ 25
30 H

L]

—IL

L1

I
GRA

MF

1
ENF

I
OSH

Biomes

]
CRO

Correlations between NDVI-based POS and GPP-based POS for each biome (Left is for MOD13Az2 and right is for SPOT-VGT). POS1,
POS2, POS3 and, POS4 are the results of the different modeling methods used to predict DLF, HGAM, SG-cubic spline, polyfit maximum,
respectively. Dash line represents R? is equal to 0.4.



3. Results

3.3 Comparison of the predictive methods
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3. Results

3.4 Comparison of the POS estimates from different sensors
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4. Discussion

4.1 Impact of the modeling method selection
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4. Discussion

4.2. Impact of the biomes
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4. Discussion

4.3. Impact of sensor selection for model data
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4. Discussion

4.4. Limitations and uncertainties
> Different definition and rules are used to calculated POS

Definition 1: The DOY of a point
with maximum value on the fitted
GPP curve

Definition 2: The DOY of an Definition 3: The DOY of the third
average of two specific stages derivative local maximum and minimum
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4. Discussion

4.4. Limitations and uncertainties

» Multiple growing season are overlooked
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5. Conlusions

1. The more recently proposed methods did not perform as expected,
and some of them performed even worse than the commonly used
approach

2. POS modeled from MODIS data performed slightly better than that
from SPOT-VGT data

3. When the models are combined, they can reliably estimate POS for
grasslands, deciduous broadleaf forests, and open shrublands, but not
necessarily for other biomes

4. NDVI-based POS is not a good proxy of flux-based POS
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