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Topic Relevance

* Snow is crucial for many ecological processes and serves as
a natural water reservoir.

* Snowpack amount and duration is decreasing in most of
the Northern Hemisphere (NH) due to global warming.

e “Snow droughts” are a growing threat to ecosystems that
have evolved under stable winter snow conditions.

* The extent of snow droughts impacts on ecosystem
productivity at a large scale is poorly understood.

* How the impact will evolve as temperatures continue to
rise is also not known.
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The critical role of snow in many ecological processes across the Northern Hemisphere (NH) is well established. 
Snow acts as an insulating layer, regulating soil temperatures and moisture during winter. 
In addition, snow conditions influence biogeochemical cycling by modulating decomposition rates and nutrient availability.
 At the same time, seasonal snowpack serves as a natural water reservoir, storing precipitation during winter and gradually releasing it during spring and early summer as it melt. 
This process governs the timing and magnitude of spring runoff, as well as the onset of the growing season in snow-dominated ecosystems

Evidence from recent decades shows that global warming is significantly altering snowfall and snowmelt patterns. Observations indicate a substantial decline in winter snow cover extent, with a larger fraction of winter precipitation falling as rain rather than snow. 
Reduced snow accumulation during the winter period relative to the climatological mean is known as a snow drought
Snow droughts are emerging as a growing threat to ecosystems that have evolved under stable winter snow conditions, as they are increasingly exposed to altered thermal insulation and disrupted hydrological cycles. 

How this lack of snow affects relevant ecosystems and their productivity remains unknown. Also, the mechanism through which snow drought conditions translate into GPP anomalies remains unclear, as do the differential responses across biomes. Moreover, no study to date has assessed whether growing season precipitation can compensate for reduced winter snow storage or instead amplify ecological stress under compound drought conditions. Finally, it remains unknown how these processes may evolve under continued warming.



Methods

Key variables
central to snow-ecosystem interactions

Gross Primary
Productivity
(GPP)

N

Model: LPJmL Model Forced with ERASL data

Datasets: _ ERA5Land

R FLUXCOM, VODCA2GPP, NIRv

Time frame: 1988-2018 (monthly timestep)
Scale: Global (Northern Hemisphere)

Resolution: 0.5°x 0.5°
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To answer this research question, we use the LPJmL model and a range of (observational, reanalysis and remote-sensing) datasets to look at the 4 key variables central to snow-ecosystem interactions. 
We look at SWEI, which is a standardization index calculated from Snow Water Equivalent (total amount of liquid water contained in the snowpack)
We look at SWC and SPI which is also a standardized index 
We look at GPP as a measure of how much carbon uptake vegetation has done
these variables allow assessment of seasonal effects of water storage, transfer, and limitation on carbon uptake

Time frame selected is the common period between the data products selected historical simulations are evaluated against multiple observational, reanalysis, and remote-sensing datasets. All datasets are harmonized to the LPJmL grid and temporal resolution to enable consistent comparison.



Why LPJmL?

* Process-based Dynamic Global Vegetation
(DGVM) model.

e Simulates coupled carbon, energy and
water cycle processes.

* Mechanistic ecosystem response, can
represent lag effects.

e Compensation studies and future
projections.
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LPJmL — Lund-Potsdam-Jena managed Land, Potsdam
Institute for Climate Impact Research
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simulates coupled carbon and water cycle processes, including photosynthesis, plant growth, soil moisture, runoff, evapotranspiration, snow accumulation and melt, and vegetation structure



Why LPJmL?

LPImL SWE validation: Feb-May seasonal mean

Agreement: 77.1% of pixels within multi-dataset range SWE data SetS ConSidered
180° 120°W 60°W 0 60°F 120°E 180" (periOd‘ 1950'2018)

e Globsnow ¢ GLDAS
e ERASL e Merra2
e ERAS5

LPJmL vs. MERRAZ2 / GLDAS / ERA5 / ERA5L / GlobSnow
B COutside range (22.9%) Within range (77.1%)
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LPJmL Feb/March-May seasonal mean SWE falls within the range of 5 different SWE datasets. This is true for 77%/85% of the grid-cells we look at. Exceptions are concentrated in different regions, such as the tibetan plateau, Appalachian mountains, small part of Canada and some parts of europe


Snow Water Equivalent Index (SWEI)

A measure of how unusual the current snowpack is for a given location and time of year

(Huning and AghaKouchak (2020)).
Locally standardized, allowing fair comparison across regions.

3-month accumulation window.

Table S1. Drought and wet spell classifications.

Event classification:

Classification Description SWEI Values
D4 Exceptional Drought SWEI<-2.0
Snow drought: SWEI £-1.3 D3 Extreme Drought -20<SWEI<-1.6
D2 Severe Drought -1.6 <SWEIl<-13
DI Moderate Drought -1.3<SWEI=<-0.8
No snow drought: SWEI >-1.3 DO Abnormally Dry 0.8 <SWEI<-0.5
NN Near Normal* -0.5 <SWEI<+0.5
Wo Abnormally Wet +0.5 <SWEI <+0.8
Wil Moderate Wet Spell +0.8 <SWEI<+1.3
w2 Severe Wet Spell +1.3 <SWEI <+1.6
W3 Extreme Wet Spell +1.6 <SWEI <+2.0
W4 Exceptional Wet Spell SWEI=+2.0

Huning and AghaKouchak (2020)
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Locally standardized: compares each location only to its own history, allowing fair comparison across regions

Step 1:
Captures both amount and persistence of snow . one bad month has little effect, but three bad months give a strong signal

Step 3:
"what fraction of historical values are lower than this one?“
Non-parametric (no assumption about the data distribution)



Soil Water Content (SWC)

LPJmL

ERA5Land

Ocm

100 cm

200 cm

300cm

LPJmL: Layer 1.
ERASL: weighted sum of layer 1 and 2.

SWC|ayer dlayer
dtotal

SWCrootzone= z
layers

We calculate anomalies.

Event classification:
Dry: SWC < 25 percentile
Normal: 25t < SWC < 75t

Wet: SWC > 75t percentile
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anomalies ( month – monthly mean).


Standardized Precipitation Index (SPI)

* Measures how unusual the current precipitation is for a given location and time of year.

e 3-month accumulation window.

e Event classification:
Low: SPI<-1.3
Normal: -1.3<SPI<1.3

High: SPI>1.3
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Like SWEI, it is locally standardized: compares each location only to its own rainfall history
The Gamma distribution is used because precipitation is always ≥ 0 and often skewed

The fitted Gamma distribution converts each precipitation value into a cumulative probability "What fraction of historical values are lower than this one?“

Convert to Z-score: Probability is transformed to a standard normal scale using the inverse normal distribution


Gross Primary Productivity (GPP)

Harmonize all data sets to units [gC/month]
Detrend data and calculate anomalies

* Sum anomalies over the growing season

Gross Primary
Productivity
(GPP)

R
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Like SWEI, it is locally standardized: compares each location only to its own rainfall history
The Gamma distribution is used because precipitation is always ≥ 0 and often skewed

The fitted Gamma distribution converts each precipitation value into a cumulative probability "What fraction of historical values are lower than this one?“

Convert to Z-score: Probability is transformed to a standard normal scale using the inverse normal distribution
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We want to look at these variables during time, for example SWE at the end of winter, soil water content in spring, precipitation during spring and summer and resulting GPP in summer (or cumulative over the growing season)
How do we define “winter”, “spring” and “summer”? How do we define when to look at which variable?


Methods

Mode of Peak SWE month
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We calculate the modal calendar month of peak SWE across 1988–2018, representing the month in which maximum snow water equivalent was most frequently observed. This tells us to what month of SWEI to look at where
For each peak month (feb, march, April, may), we plot melt and we see that for both lpjml and era5l, melt always peaks the month after peak SWE  we decide to look at SWC one month after peak SWE



Methods

Gross Primary
Productivity

(GPP)
l l | ] , Time
| | | | (Months)
Winter Spring Spring growing season
Summer
Month of peak 1 month after 4,5,6 Mpeak * 1to9
SWE mode Mpeak 6,7,8
(Mpeak)
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We align variables to local seasonal timing rather than fixed months


Methods

Threshold mask

To select grid cells where snow occurs reliably across years

Steps:
O Mark year as valid if SWE over 3 months > 0 at least once
O Keep grid cell if snow occurs in at least 75% of years

LPJmL SWE Threshold Mask
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We align variables to local seasonal timing rather than fixed months



Effect of Snow droughts on GPP ® Y

e Cumulative GPP anomalies over the growing season
- 1 value per year for snow drought (SD) and no snow drought (noSD), averaged per number of events

Growing season Cumulative GPP [TgC]

Cumulative GPP Anomalies

ERAS5L_Ipjml nirv

vodca2 fluxcom

0.05 A

o]

- | -

—0.05 A

—0.10 A

+ | = —

T T T
5D nasp sD nosp

LPJmL and Vodca2 show overall benefits on GPP anomalies from SD.
Higher variability for SD due to statistics

T T T T
sD nospD 5D nosp

Fluxcom and Nirv show the opposite
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For each year, we sum over the growing season all GPP anomalies. We then apply the mask SD and noSD per year and sum over the categories and divide each category by the number of pixels (per year)


Median GPP Anomaly [GgC]

20 4

15 A

10+

Seasonal effect of Snow droughts on GPP @l S°

We compare the cumulative GPP anomalies of SD vs. noSD conditions for each month over the studied period

Seasonal GPP Anomaly
Snow Drought vs. No Snow Drought

LP/mL NIRv VODCA2
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For SD conditions, productivity gets redistributed in time: spring boost and a summer depletion
O Datasets agree on pattern but not on net outcome
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We use the median rather than the mean to avoid the influence of extreme years on the result
Y axis = median GPP anomaly [gC] across years, for each calendar month 
Shaded band = spread across years (Q25–Q75) 
Blue = pixel-year combinations under snow drought conditions (SWEI ≤ -1.3)
Green = pixel-year combinations under normal snow conditions
"For each calendar month, compute the spatially-averaged GPP anomaly over all SD (or noSD) pixels, for each year separately. Then summarise the distribution of those ~31 yearly averages using median and IQR.“ (Gpp anomalies are normalized)
"For each of the 10 months, I look at all 31 years. For each year I apply the SD or noSD pixel mask, sum the GPP anomalies within that mask, and divide by the number of pixels → one value per year. I then take the median of those 31 values and plot it, with the Q25-Q75 band showing how much that yearly average varies across the 31 years.“



Why datasets show different responses? .‘Vj

Vodca2 Fluxcom NIRv
LPJmL . . .
Microwave vegetation Up-scaled eddy Satellite canopy
Process-based model . . :
optical depth covariance towers reflectance index
\ 4 \ 4
Big spring boost small summer depletion Small spring boost Big summer depletion

A 4 \ 4

Capture vegetation water content. Sensitive to

_ _ Focus on growing-season canopy signal,
deep soil moisture

miss or lag below ground water stress

Deep water availability and growing season Surface phenological response > favours
length = favours positive anomalies hegative anomalies

\ 4

The datasets differ in what signal they capture and
how sensitive they are to snow-related processes
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The net response likely depends on which processes dominate



Seasonal effect of Snow droughts on GPP .‘V}

* Gointo spatial variations to see:
e If this pattern is true everywhere
 Where SD have an overall negative/positive impact

e Look at the difference between snow drought and no snow drought anomalies per pixel

AGPP<0: SDimpact

AGPP = GPPsp - GPPhosp =
AGPP >0: SD boost

17
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The previous results are the overall behavior over NH. 


Effect of Snow droughts on GPP

* Netresponse (Mean)

Mean AGPP (=3/4 datasets agree)

120°W 60°W o 60°E
- >

60N
0°N
-0.10 -0.05 0.00 0.05 0.10

Mean SD — noSD GPP [TgC]
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The mean of everything is plotted but the pixels where less than 3 datasets agree are masked

Mid latitudes (30-60) tend to have SD impact, and benefits dominate above 60



Effect of Snow droughts on GPP

* Spring (from SWEyax month + 1 to 2 months after)

Mean AGPP (=3/4 datasets agree)
Spring
0°

180° 120°W 60°W

60°E 120°E 180°

—0.‘02 0.00 0.02 0. 64 0.06 0.08
Mean SD — noSD GPP [TgC]

Mean AGPP (=3/4 datasets agree)
Summer
60°W 60°E

T T T T T
-0.100 —0.075 —0.050 —0.025 0.000 0.025 0.050 0.075 0.100
Mean SD — noSD GPP [TgC]
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We can also see what areas in spring are blue and flip to red in summer (or stay blue or red throughout the seasons)

Can we make sense of these patterns?



Effect of Snow droughts on GPP

* |s the spring boost- summer depletion pattern true everywhere?

Bivariate Map: Spring vs Summer SD impact on GPP
180° 120°W 60°W 0° 60°E 120°E

180°

B Spring -, Summer - Spring -, Summer + WM Spring +, Summer- WM Spring +, Summer +
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@ 5

Effect of Snow droughts on GPP

e To find hemispheric-scale patterns, subdivide results into:
O Ecoregions

O Global Aridity Index

21



3P

* Ecoregions > different biomes have different sensitivities because they have different water use strategies, rooting depths
and phenology

Effect of Snow droughts on GPP

WWEF Terrestrial Ecoregions
180° 120°W 60°W 0° 60°E 120°E 180°

[ Temp. Broadleaf M Temp. Grasslands N Tundra
I Temp. Conifer [ Montane I Deserts/Xeric
[ Boreal/Taiga

Data from D. M. Olson, E. Dinerstein, et al. (2001)
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We try to make sense of the hemispheric patterns by subdividing the data into ecoregions


Effect of Snow droughts on GPP

Aridity index = water-limited or energy-limited

Aridity Index Climate Classification
180° 120°W 60°W 0° 60°E 120°E

Aridity Class
B Hyper-arid [0 Dry sub-humid
 Arid W Humid
3 semi-arid

Data from Zomer, R.J.; Xu, J.; Trabucco, A. (2022)
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We try to make sense of the hemispheric patterns by subdividing the data into aridity index climate



Effect of Snow droughts on GPP

Spring AGPP (SWEmax month + 1 to 2 months after)

Median AGPP (=3/4 datasets agree) Median AGPP (=3/4 datasets agree)

Spring anomalies

(bar=mean, whiskers=IQR, line=median)

Spring anomalies

{bar=mean, whiskers=IQR, line=median)

| Median
Temp. Conifer | .
(21% neg / 79% pos) Humid |
(21% neg / 79% pos)
Temp. Broadleaf |
(21% neg / 79% pos)
Dry Sub-Humid |
Boreal/Taiga (28% neg / 72% pos)
(26% neg / 74% pos) |
Montane | Arid |
(37% neg / 63% pos) (45% neg / 55% pos)
Tundra |
25% 75% S
( neg/ pos) Semi-Arid |
(42% neg / 58% pos)
Deserts/Xeric |
(47% neg / 53% pos)
Hyper Arid |
(46?:‘”;% 5"‘; aﬁgiﬂodsﬁ ] (72% neg / 28% pos)
-0.01 0.00 0.01 0.02 0.03 0.04 0.05 0.06 -0.02 -0.01 0.00 0.01 0.02 0.03 0.04

5D — noSD GPP [TgC]

5D — nosD GPP [TgC]
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Spring is a dynamic window based on each pixel

Looking only at spring cumulative GPP anomalies, we see that only hyper arid regions suffer impacts
Almost all regions show spring boost overall
Arid regions show mixed response (high variability)




Effect of Snow droughts on GPP

Summer AGPP (Summer = June-Sept)

Median AGPP (=3/4 datasets agree)
Summer anomalies
(bar=mean, whiskers=IQR, line=median)

Median AGPP (=3/4 datasets agree)
Summer anomalies
(bar=mean, whiskers=IQR, line=median)

Tundra |
(31% neg / 69% pos)

Montane |
(46% neg / 54% pos)

Boreal/Taiga |
(43% neg / 57% pos)

Temp. Conifer |
(55% neg / 45% pos)

Temp. Broadleaf |
(66% neg / 34% pos)

Deserts/Xeric |
(74% neg / 26% pos)

Temp. Grasslands |
(70% neg / 30% pos)

T
—0.06

T
—0.04

T
—-0.02
SD — noSD GPP [TgC]

Humid |
(44% neg / 56% pos)

Dry Sub-Humid |
(46% neg / 54% pos)

Hyper Arid |
(68% neg / 32% pos)

Semi-Arid |
(60% neg / 40% pos)

Arid |
(69% neg /31% pos)

T
—0.05

T
—0.04

T
—-0.03

T T
-0.02 -0.01
5D — noSD GPP [TgC]
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Only the northern-most and more humid regions do not suffer impacts

A lot of variation within each subgroup. Ecoregions and aridity/climate explains part of the response, but not all of it.
Looking only at summer cumulative GPP anomalies, we see that only the northern-most and more humid regions do not suffer impacts




Effect of Snow droughts on GPP

Growing season AGPP (SWEmax month + 1 to Sept)

Median AGPP (=3/4 datasets agree)
Growing season anomalies
(bar=mean, whiskers=IQR, line=median)

Temp. Conifer |
(31% neg / 69% pos)

Boreal/Taiga |
(31% neg / 69% pos)

Montane |
(37% neg / 63% pos)

Temp. Broadleaf |
(35% neg / 65% pos)

Tundra |
(28% neg / 72% pos)

Deserts/Xeric |
(63% neg / 37% pos)

Temp. Grasslands |
(66% neg / 34% pos)

T T T T T
—-0.06 —-0.04 -0.02 0.00 0.02 0.04
5D — noSD GPP [TgC]

Median AGPP (=3/4 datasets agree)
Growing season anomalies
(bar=mean, whiskers=IQR, line=median)

Humid |
(28% neg / 72% pos)

Dry Sub-Humid |
(36% neg / 64% pos)

Semi-Arid |
(53% neg / 47% pos)

Arid |
(60% neg / 40% pos)

Hyper Arid |
(78% neg / 22% pos)

T T T
—-0.04 -0.02 0.00 0.02 0.04
SD — noSD GPP [TgC]

* Water-limited systems tend to be negatively impacted by SD, energy-limited systems tend to be positively impacted by SD.
* High spatial variability within each category.
e Does the GPP response during snow drought years differ depending on spring/summer conditions?.
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For aridity regions
Arid areas have negative GPP impacts
Humid areas show SD benefit

For ecoregions
Tundra/boreal and montane grasslands show SD benefit
Xeric and temp grasslands show impact
Conifer and broadleaf showbenefit

A lot of variation within each subgroup. Ecoregions and aridity/climate explains part of the response, but not all of it. High variability  subgroups are not optimal, in-season conditions? 




.

Compensation Effects

Can spring/summer conditions change the GPP response?

e SD and noSD events
O Spring SWC
O Spring SPI
O Summer SPI

e Each variable split into: Dry / Normal / Wet conditions

* Credible window defined per variable:
O Spring SWC (SWE peak + 1)
O Spring Precip (Apr—Jun)
O Summer Precip (Jun—Sept)
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To look at compensation effects, we look at the 4 variables together and separate into different categories based on the selected thresholds
When a snow drought hits, does spring/summer rain save the ecosystem?
Does snowmelt deficit show up as a soil moisture deficit?

Two possible outcomes:
Compensation
Amplification




Compensation Effects

Spring SWC (SWE peak month + 1)

Mean AGPP (=3/4 agree))

by Spring SWC condition (months SWE peak + 1)

(bar=mean, whiskers=IQR, line=median)
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Big IQR due to small samples, regions internally diverse

Dominant pattern: SWC in spring is only relevant for water-limited systems (Hyper Arid, Arid, Deserts and temperate grasslands)



Compensation Effects

Spring precipitation (from April to June)

Mean AGPP (=3/4 agree))
by Spring Precip condition (months 4-6)
(bar=mean, whiskers=IQR, line=median)
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Dominant pattern: Spring precipitation is more relevant in water-dependent systems.


Compensation Effects

Summer precipitation (from June to September)

Mean AGPP (=3/4 agree))
by Summer Precip condition (months 6-9)
(bar=mean, whiskers=IQR, line=median)
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Dominant pattern: Summer water stress from snow droughts tend to be not compensated by summer precipitation (specially in water-dependent systems)



Conclusions ® % & 5

* Snow droughts shift the seasonal timing of water availability, creating a spring productivity boost
but increasing summer water stress

 The net effect is unclear
O It depends on region/ecosystem and conditions during the season

e OQOverall, we observe
0 Water-limited systems are most vulnerable
O Energy-limited regions show benefit

* |n terms of compensation
O Spring SWC depletion is only seen in water-limited systems
O High spring precipitation helps compensate arid regions
O Summer precipitation hardly compensates summer losses
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Why LPJmL?

LPImL SWE validation: Feb-May seasonal mean
Agreement: 77.1% of pixels within multi-dataset range

180° 120°W 60°W 0° 60°F 120°E

180°

LPmL vs. MERRA2 / GLDAS / ERA5 / ERASL / GlobSnow
W Outside range (22.9%) Within range (77.1%)

LPImL SWE validation: March-May seasonal mean
Agreement: 84.4% of pixels within multi-dataset range

180° 120°W 60°W 0 60°E 120°F

LPJmL vs. MERRAZ2 / GLDAS / ERAS / ERA5L / GlobSnow
R Outside range (15.6%) Within range (84.4%)

SWE datasets considered
(period: 1950-2018):

e Globsnow ¢ GLDAS
e ERASL e Merra2
e ERA5S
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Vorführender
Präsentationsnotizen
LPJmL Feb/March-May seasonal mean SWE falls within the range of 5 different SWE datasets. This is true for 77%/85% of the grid-cells we look at. Exceptions are concentrated in different regions, such as the tibetan plateau, Appalachian mountains, small part of Canada and some parts of europe


Snow Water
Equivalent Index

Snow Water Equivalent Index (SWEI)

@)

A measure of how unusual the current snowpack is for a given location and time of year (Huning and AghaKouchak (2020)).
e Locally standardized, allowing fair comparison across regions.

Step 1: 3-month accumulation
e Sums SWE over the past 3 months: A,, = SWE,,,_, + SWE,,_1 + SWE,,

Step 2: Ranking
e For each calendar month, all historical values are ranked smallest to largest

Step 3: Gringorten formula = probability
i —0.44

N+0.12

e Converts rank into empirical probability P(Am,l-) =
* Non-parametric

Step 4: Convert to Z-score

* Probability is transformed to a standard normal scale using the inverse normal distribution
e Allows direct comparison across space and time
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Vorführender
Präsentationsnotizen
Locally standardized: compares each location only to its own history, allowing fair comparison across regions

Step 1:
Captures both amount and persistence of snow . one bad month has little effect, but three bad months give a strong signal

Step 3:
"what fraction of historical values are lower than this one?“
Non-parametric (no assumption about the data distribution)



Snow Water Equivalent Index (SWEI)

SWEI(Am i)= 071 [P(Am )]

Threshold:
Snow drought: SWEI<-1.3

No snow drought: SWEI >-1.3

Table S1. Drought and wet spell classifications.

Classification Description SWEI Values
D4 Exceptional Drought SWEI<-2.0
D3 Extreme Drought 20<SWEI<-16
D2 Severe Drought -1.6 <SWEI=-13
D1 Moderate Drought -1.3<SWEI=-0.8
DO Abnormally Dry -0.8 <SWEI=-0.5
NN Near Normal* -0.5 <SWEI <+0.5
Wo Abnormally Wet +0.5 <SWEI <+0.8
W1 Moderate Wet Spell 0.8 <SWEI<+13
w2 Severe Wet Spell +1.3<SWEI<+1.6
W3 Extreme Wet Spell +1.6 <SWEI<+2.0
W4 Exceptional Wet Spell SWEI=+2.0

From Huning and AghaKouchak (2020)
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Soil Water Content (SWC)

SWC Seasonal Cycle by Modal SWE Peak Month SWC Seasonal Cycle by Modal SWE Peak Month
LPJmL (1988-2018) ERA5-Land (1988-2018)
Modal SWE peak month: February Modal SWE peak month: February
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Snow Water Equivalent (SWE)

SWE Seasonal Cycle by Modal SWE Peak Manth

Modal SWE peak month: February

120 4




Standardized
Precipitation

Standardized Precipitation Index (SPI)

e Measures how unusual the current precipitation is
for a given location and time of year

e Locally standardized
* 3-month accumulation window

e Fits a Gamma distribution to the historical
precipitation data for each calendar month

e The fitted Gamma distribution converts each
precipitation value into a cumulative probability

e Convert to Z-score

e Threshold:
Low: SPI<-1.3
Normal: -1.3<SPI<1.3
High: SPI>1.3

b

606

304

= a0 -
E %0 ¢ fitted to
3 20 the gamma

g -
o

[ =Ty = Ry = T T e Y T = O T = ¥ = |

Uy v WD SN e 00 W O U O O

™ o NN M W W U WD
Procipitation (mm) U

distribution

Extrame

----
_————

dryness

dryness !
v Mild dryness
i

Schematic representation of SPI calculation (From Tokyo Climate Center, Climate Prediction
Division. Copyright(C) 2002. Japan Meteorological Agency)
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Vorführender
Präsentationsnotizen
Like SWEI, it is locally standardized: compares each location only to its own rainfall history
The Gamma distribution is used because precipitation is always ≥ 0 and often skewed

The fitted Gamma distribution converts each precipitation value into a cumulative probability "What fraction of historical values are lower than this one?“

Convert to Z-score: Probability is transformed to a standard normal scale using the inverse normal distribution


Mean peak SWE and Snowmelt
For LPJmL and ERASL
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Datasets description

Dataset Approach Advantages Disadvantages
Fluxcom e Takes in-situ eddy covariance measurements from FLUXNET * Physically grounded (based on real flux * Biased toward tower locations (temperate forests and
tower sites and upscales it using ML, remote sensing and measurements) grasslands in Europe and North America). Sparse in snow-
meteo data (ERA5) dominated regions, extrapolated with less confidence
* Snow drought effects on soil moisture or root zone water
stress are not directly observed.
NIRV ¢ NIRv is a spectral index derived from satellite reflectance e Direct observation of canopy structure * Weak sensitivity to: cold-season processes, snow-covered
and greenness vegetation
e Proxy for the fraction of absorbed photosynthetically active
radiation (FAPAR) which correlates tightly with GPP across * Captures phenological response well e Cannot detect subsurface water stress
many biome types (Empirical relationship)
¢ Snow cover interferes with the signal (phenology transitions in
* (NIRv = NIR reflectance of veg. x NDVI-like signal) and out of snow can introduce artifacts)
¢ NDVIindex detects and quantifies the presence of living green
vegetation
VODCA2 . Estimates GPP passive microwave vegetation optical depth . VOD penetrates clouds . Less sensitive to rapid photosynthesis changes (Slower
temporal response)
J Proxy for vegetation water content and biomass . Sensitive to deep-rooted vegetation
water content . limitations in cold or snow-covered regions because the
J Empirical model using Vegetation Optical Depth (VOD) as a microwave signal is contaminated by frozen ground and
key predictor, trained on FLUXNET GPP data snow.
LPJmL . Process-based vegetation model . Physically consistent with snow . Model assumptions

Simulates coupled carbon and water cycle processes

processes
Can represent lag effects

Mechanistic ecosystem response

Parameter uncertainty
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Aridity Index Value and Climate Class

Aridity Index Climate Classification

180° 120°W 60°W 0° 60°F 120°F 180°

Aridity Index Value Climate Class

<0.03 Hyper Arid

0.03-0.2 Arid

0.2-0.5 Semi-Arid

0.5-0.65 Dry sub-humid = zwtyémm
>0.65 Humid

Al P P = average annual precipitation

PET PET = potential evapotranspiration
From Zomer, R.J.; Xu, J.; Trabucco, A. (2022)
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Difference of total GPP anomalies (SD — noSD

SD — noSD Mean Cumulative GPP Anomaly
ERAS5L_Ipjm!
o

SD — noSD Mean Cumulative GPP Anomaly

nirv

/

—0:05 O.bO
5D — noSD GPP anomaly [TgC]

-0.20 -0.15

SD — noSD Mean Cumulative GPP Anomaly
fluxcom

0. 0.1
5D — noSD GPP anomaly [TgC]

SD — noSD Mean Cumulative GPP Anomaly

vodca2

el

-0.03 —0:01 0.00

. —0105
5D — noSD GPP anomaly [TgC]

-0.20 -0.15

D.IOO
5D — noSD GPP anomaly [TgC]
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Difference of total GPP anomalies (SD — noSD

* Mean value across datasets

Mean SD — noSD GPP Anomaly across 4 datasets
. 0° 60°E 120°E 180°

0.00 0.05
Median SD — noSD GPP anomaly [TgC]

Median SD — noSD GPP Anomaly across 4 datasets
180° 120°W 60°W o 60°E 120°E 180°
-

0.00
Median 5D — noSD GPP anomaly [TgC]
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Difference of total GPP anomalies (SD — noSD)

e 4/4 agreement dataset

Mean AGPP (4 datasets agree)
60°W 0° :

60°E

-0.10 —0.05 0.00 0.05 0.10
Mean SD — noSD GPP [TgC]
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Effectof SDon G

SD — noSD per Ecoregion per Dataset
(bar=mean, line=median)
Growing season anomalies
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Effect of SD on GPP per dataset - Aridity

SD — noSD per Aridity Index per Dataset
(bar=mean, line=median)
Spring anomalies

@ 5

Humid

Dry sub-Humid

SD — noSD per Aridity Index per Dataset
(bar=mean, line=median)
Growing season anomalies
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