1: LUH2 omits to hamonize forest cover 2: ESMs convert LUH2 info differently into forcing

® Land use harmonization (LUH) fits a multilinear model to approximate land use ® To exemplify this implementation diversity, we show forest cover change from
change in its harmonized classification system to differently classified input land CESM2 and IPSL-ESM. ESMs including CLM or Orchidee match historical

use change. trends well.

w ® Forest cover is not harmonized. ESMs including CLM
or Orchidee match

® Only by grid cell-level closure, global historical trends well.
forest cover changes are maintained

as residual of other land use changes. Forestation under
| SRt SSP1-2.6 as given by
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Fig 1a: Grid-cell scale forestation from 2015 to 2100 in S e data inputs apart from — LUH2 — ACCESS-CM2  —— CanESM5
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, , | o - o : Fig 2a: Absolute value evolution (left) and relative change wrt 2015 (right) of
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Forestation from 2015 until 2100 (%) g . ) .
T e p—— d- : system differences. EIS) PO,
Forestation difference (%)

©))

o
w
o

S
I
o
L L | L ! f L | L I ! L | ! L I ! 1 L ! L !
—
o

Forest/tree area (Mkm?)
6]
o
Relative change
in forest/tree area (%)
N
o

-y -
bt L ’
by

—

LUH2 forestation (%)

Fig 1b: Afforestation and Reforestation from 2015 to 2100 under SSP1-2.6 (take grid cells where forest cover change is Fig 2b: Afforestation and Reforestation from 2015 to 2100 under SSP1-2.6 (take grid cells where forest cover change is
positive) in LUH2 and its difference to the input dataset generated by the Integrated Assessment Model IMAGE. positive) in CESM2 and its difference to the input dataset LUH2.

3: The imperfect data river in CMIP6 from projection to future ESM forcing

Lack of (direct) climate information feedback leaves datasets not
fully consistent [3]

Land model

Deterministic, neoclassical Different IAMs employ different land mplementation of LUHZ2 Land models include
rational choice economy, use and land cover classifications. iInformation into model-specific different schemes of
only partly at LUHZ2 hides this model uncertainty of and classes follows different dynamic land cover [7].

sub-national scale [1,2]. land use classification [2,4]. schemes [6,7].

Projections do not include all Choice of single IAMs Multilinear fit to IAM output. Responsible for most of
processes essential to for marker scenarios Assumes static climate iIntermodel spread in
estimate future land carbon removes and hides information for suitability piogeophysical response to
and land use allocation [3]. model uncertainty [2]. criteria [5]. and cover change [7].

Fig 3a: Schematic of information flow concerning land use and land cover change in CMIP for ScenarioMIP (full boxes). Limitations and criticism to this methodology (transparent boxes) for science questions both in the socio-economic and the
physical realm. For sources, see references.
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