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CZO@PNGRP:Studies on alpine ecosystems
féh ‘Paradiso National Park (since 2017): Nivolet
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CZO@MLt.ETNA: assessing the balance between CO, of volcanic and biogenic
origin at Mt. Etna (since 2021)
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CZO@Bavera Observina Critical Zone processes in the Bayelva basin
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1. CO, fluxes by a portable flux chamber

2. CO, fluxes by Eddy Covariance
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ote sensing by drones (RGB, thermal, multispectral, -!
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Multiple drivers: empirical multivariate models
ER = (ay + a,GFC + a,VWC(C) exp(b, Ta) + ¢,

Fao s

GPP =

(Ay + A,GFC + A,VWC) + ¢,

F+ anrs

Water-carbon process-based models

Z=1(s,7) — [ f5 Xu(8) + (1 — £,) Xp ()] — K
dC,
dt

=P —R, — L

dCs

dt =R =1L



Magnani et al., (2020). Drivers of carbon fluxes in Alpine tundra

approaches

Uptake (GPP)

\ Emissions (ER)

Future CO, budget?

~

Primary drivers

uptake
* Air temperature

for CO, emissions

%

Lloyd & Tylor (1994) Ruimy et al. (1995)

/Additional drivers \

CO, emissions CO, uptake

* Soil humidity * Soil humidity

e Air pressure * Day Of the Year
* Day Of the Year

: a comparison of three empirical model
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Magnani et al., (2022). Microscale drivers of summer CO, fluxes in the Svalbard High Arctic tundra

w o
o & o

w

ER (1 mol/m?/s)

—

in

ot
o

o

GPP (1 mol/m?/s)

N
»

~n

-a
w

NV

NV

Vv
Vegetation Cover

|

\'}
Vegetation Cover

5 classes of most abundant vascular plants identified

Saxifa'-fiiolia |
CX=Carex spp., DR=Dryas octopetala,
SL=Salix polaris, SX=Saxifraga
oppostifolia and SI=Silene acaulis
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Baneschi et al., (2022). Non steady-state closed dynamic chamber to measure soil CO,

respiration: a protocol to reduce uncertainty.

Experimental settings and data

60 subset for each

N seconds of CO, vs data acquisition :

4 fluxes: 4 combination of measurement setup: Time data acquisition for N=0-120s
0.02-0.1-0.5-1 (scc/min Gas analyse: + chambe =1-
( ) = 3lyser +___chamber mu) | each setflux, repetition | g N=1-120s
L e A and measurement setup
10 replicates for each flux vV & B (160 acquisitions N=60-120s

in total) (9600 subset in total)

Data processing (independent from starting point)

Parametric models Non Parametric Flux models
Linear - 2°order Polynomial - Asymptotic Regressions Thell-Sen and Intercept methods HM and HMR models

$ & 4

Evaluation of regression results by means of 8 For Intercept <>results not real

different statistical criteria: R’corr, Syx, QC, Tder,

EXP:V, AIK, Syx%, BIC HMR Results are

affected by too high
variability, only HM
models have bee
evaluated

For Theil-Sen results Comparison
with linear regression (using R%.,)

Comparison among:
(i)different regression models and statistical criteria;
(ii) different regression models and same criterion

Comparison between Theil-Sen
results with linear regression
(using R? )

4 4 g

Analysis (ANOVA) and comparison with theoretical derivative
Evaluation of YL (lowest detectable signal); LOD (limit of detection); LOQ (limit of quantification)

Estimation of the effective volume of the system and comparison with geometric one

Evaluation of acquisition data range on parametric, non parametric and flux models

Parametric models Non Parametric models Flux models

Evaluation of starting time by means all
fitting parametric models and all
statistical criteria

For HM comparison among different
results obtained with different
starting time

Theil-Sen independent
from starting time
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2°order Polynomial Regression
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L+A
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Vivaldo et al., (2022).Carbon dioxide fluxes: gaps between three different instrument and modelling method in
the Alpine tundra (Gran Paradiso National Park, Italy) (revision submitted)
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Lenzi et al., (2022).Spatial and temporal variability of carbon dioxide fluxes in the Alpine Critical Zone: the case
of the Nivolet plain, Gran Paradiso National Park, Italy.

(submitted)
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