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8.1 Revisiting the research questions
This thesis discusses several dimensions of uncertainty in the modeling of land–climate

interactions and an assessment of land-based climate change mitigation through climate-smart
agricultural management with a special focus on the sensitivity of human–environment inter-
actions to the location where these interactions happen. The thesis is based on two main re-
search questions, detailed by four sub-questions that have been introduced in Section 1.8. In
this section we take a step back, revisit the research questions and synthesize the main findings
of the individual studies towards answering the research questions.

RQ1 What are the main uncertainties in global land-use representations and to
what extent do these uncertainties influence the assessment of land-use im-
pact on the climate?

As any modeling approach, land–climate modeling represents a simplification of the real
world and accumulates uncertainties from various sources. In Chapter 2 we identify the main
uncertainties in the land-use representation feeding into global assessments like the IPCC re-
ports. We find that the main uncertainties relate to the limited knowledge about the extent and
spatial distribution of historical LULCC, the integration of various LULCC data streams into
the models, the actual implementation of LULCC in models that project the future climate,
and various simplifications in the attempt to harmonize the land-use input for climate models.
While the impact of LULCC history and implementation into climate models has been evalu-
ated elsewhere [e.g., Pitman et al. 2009, de Noblet-Ducoudré et al. 2012; Meiyappan and Jain
2012; Klein Goldewijk and Verburg 2013], the uncertainty in LULCC projections has not yet
been assessed across the full space of LULCC modeling approaches and spatial scales. The re-
sults of a comprehensive LUCM intercomparison [Chapters 3 and 4] indicate that the uncer-
tainty in future LULCC simulations is a crucial parameter in deriving potential climate impacts
from LULCC. The current consideration of uncertainty in the standard land-use forcing data
for climate projections obscures large parts of the actual uncertainty in LULCC modeling and
introduces a bias towards a certain LUCM structure. Although our results do not allow to
identify a ‘best’ LUCM approach, the comparisons demonstrate that the consideration of a
wider range of LUCM approaches would be valuable to determine the sensitivity of climate
projections to land-use forcing input. In Chapter 4 we show, by comparing the gridded results
of LUCMs, that especially the location of uncertainty is a key parameter affecting the climate
response to LULCC, as the uncertainties are disproportionally high in heterogeneous regions
and at the borders of globally important biomes. Consequently, especially the regions with
high LULCC dynamics are equal to the regions of largest uncertainties. Moreover, in Chapters
5 to 7 we demonstrate that important land management practices, such as conservation agri-
culture, are not yet considered in climate projections, but influence the climate especially at the
local scale, therefore amplifying the uncertainties.

RQ1.1 How large are the uncertainties in global land-use change model projections
across scales and what are the main sources of uncertainty?

In Chapters 3 and 4 we quantify the uncertainties in future LULCC model projections
from the grid- to the global level. We find a wide range of projected land-use and land-cover
areas until the end of the 21st century. While uncertainty in land-use projections has been as-
sessed before [Nelson et al. 2014b; Popp et al. 2014b; Schmitz et al. 2014], model intercompar-
isons where limited to a certain type of models, i.e. agro-economic models, and to the global
extent. Our flexible approach that allowed to include a wider range of models and scenarios to
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participate in the intercomparison points towards distinctly larger uncertainties than reported
before. For example, the cropland areas projected in 2100 range from 930 Mha (i.e. roughly a
40% decrease compared to 2010) to 2670 Mha (i.e. roughly a 73% increase compared to 2010)
depending on the model and scenario. Models with a similar structure differ less across the
scenarios they project than when compared to other models projecting similar scenarios. Con-
sequently, the variation in the model outputs originates to a substantial part from differences
in model structure, instead of differences in the socioeconomic scenario implemented (what
would be expected, because the future development of land-related demands can only be ap-
proximated). This finding is consistent across spatial scales, i.e. from gridded to global outputs
and is likely related to a similar history and employment of similar data products used to cali-
brate the models within one community.

Moreover, we find systematic differences in the uncertainty of projections of cropland,
pasture, and forest. While cropland has a relatively small uncertainty in the initial areas and the
uncertainty increases depending on the socioeconomic scenario over the 21st century, most of
the variation in models and scenarios for pasture and forest is already in place at the starting
point of the projections and has a strong influence until the end of the simulations. Therefore,
the uncertainty in pasture and forest projections is mainly related to the definitions and data
products used to initialize these categories in the models.

The magnitude and composition of uncertainty from initial, model-, and scenario-related
sources greatly differ across regions for all three LULC categories assessed. In some regions,
the models depict LULCCs better, leading to relatively low variation across models and a
larger fraction of uncertainty related to scenario variables, while in others the model-related
uncertainties dominate, indicating that LULCC processes are poorly represented.

The gridded-level comparisons support the finding that the choice of model type and ini-
tial data (which is to some extent related, see Chapter 3) is crucial in explaining the quantity of
LULC change, but also the spatial pattern of LULC change over time. Models with similar ty-
pology mostly agree in the global quantities of change and disagreements in the projections
are predominantly related to the exact allocation of a change (allocation disagreement). This
result highlights the sensitivity of model projections to the location. Assuming that we would
have a well constrained idea of the future quantity of LULCC, the exact location of a change
would be still unclear depending on the results of contemporary modeling approaches. The
pairwise map comparisons in Chapter 4 identify main confusion at the grid-cell level between
pasture and natural land, emphasizing the definitional issues with this land-use category (e.g.,
some models differentiate managed from natural grasslands based on some measure of inten-
sity, others assume all grasslands to be managed in some regions) [Havlik et al. 2014;
Meiyappan et al. 2014]. This however has been recognized also in the community and tackled
in the new HYDE/LUH datasets by differentiating between grazing land and rangeland [Klein
Goldewijk et al. 2017].

RQ1.2 How can be dealt with various uncertainties in global land–climate assess-
ments?

Based on the discussions in Chapter 2, we demonstrate that a systematic approach to re-
duce LULCC related uncertainties in land–climate assessments is required that includes a
comprehensive quantification of uncertainties at every single point in the modeling chain,
evaluation how these uncertainties propagate into the results of upstream or downstream
models, and possibly fundamental changes in the strategy to model human-mediated land–cli-
mate interactions. An appropriate accounting for uncertainties calls for a two-stage process: (1)



131

8

C
H

A
P

T
E

R
8

SY
N

T
H

E
SIS

improvement of the LULCC representation in the present-day coupling of LUCMs and cli-
mate models and (2) the development of modeling frameworks which account for human ac-
tivity on the land as an integral part of the Earth System allowing bidirectional interactions
and feedbacks between the land and the climate system [see e.g. also Rounsevell et al. 2014;
Verburg et al. 2016]. The first stage includes the determination of climate model sensitivity to-
wards uncertainty in the land-use forcing, including an evaluation of the whole uncertainty
space in land-use reconstructions, present-day land-use products, and land-use projections.
Ideally, this would be obtained by extending the land-use harmonization by combining differ-
ent representations of historical land-use with different land-use data products of the present
and projections from a range of different modeling approaches in the future, which in turn
would need to be included in the CMIP process. Especially including various instances of the
same scenario from different models would be valuable, as the choice of the LULCC model-
ing approach can introduce severe biases as we show in Chapters 3 and 4. Increasing opportu-
nities to evaluate the projections of LUCMs (e.g., through the comparison with evolving
land-use and land-cover products derived from satellite information) probably will allow to
quantify the uncertainty in relation to real-world changes and better understand the implica-
tions of this uncertainty. Furthermore, such comparisons help to better select modeling
mechanisms that are closer to observed processes of change and can reduce uncertainties. Re-
gional-scale studies in regions of high uncertainty and high change (which are often congru-
ent) can help to reveal the critical processes that need to be represented in models that feed
into ESMs to better address the uncertainty currently not captured by the standard set of
models. In the long term, there seems to be no better option than the full integration of hu-
man activity into a new generation of ESMs, which allow to study the interactions and feed-
backs between the land and the climate system under consideration of human impact, within a
consistent modeling framework.

RQ2 What is the role of location and spatial variability in land use–climate inter-
action studies and assessment of land-based mitigation potentials through
agricultural management?

The location of LULCC as well as the spatial variation in biophysical and socioeconomic
conditions will greatly determine the outcome of global land-based mitigation efforts. Cur-
rently, the spatial dimension is not sufficiently accounted for in land use–climate interactions
studies and the assessment of land-based mitigation potentials. Although several LUCMs pro-
vide spatially explicit LUCC projections, they largely disagree about the location where
changes will happen in future [Chapter 4; Figure 4-5]. The location of LULCCs, however, will
determine the implications for biogeochemical cycles, the climate, and other ecosystem ser-
vices and consequently the potentials for land-based climate change mitigation and adaptation.
For example, in Chapter 7 we demonstrate that the carbon sequestration potential associated
with sustainable agricultural management greatly differs with the location where it is adopted.
Feedbacks to yield development and displacement of agricultural production have the poten-
tial to compensate the carbon gains from such management at the larger scale. Although sus-
tainable production is likely to deliver local benefits in terms of the resilience of
agroecosystems towards global change, it is unclear, if it can contribute substantially to global
mitigation targets, if the spatial variation in local biophysical and socioeconomic limitations to
adoption is factored into the calculations. Similarly, in Chapter 6 we show the locally variable
biophysical climate impacts of the adoption of conservation agriculture. Depending on the
global extent of adoption, but also the region of adoption, local mean and extreme tempera-
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ture responses vary from a slight cooling to a considerable warming in the simulations with
CESM. It has to be noted that both, the carbon calculations in Chapter 7 and the biophysical
climate impacts in Chapter 6 should be only regarded as illustrations, rather than a precise
quantification of the feedbacks due to the many assumptions applied to obtain these results.
However, both analyses demonstrate the importance of the spatial dimension in land–climate
interaction modeling.

RQ2.1 What is the present-day and potential future distribution of conservation
agriculture?

To emphasize the spatial component in estimating land-based mitigation potentials, we in-
troduce conservation agriculture as a means of climate-smart agricultural production in Chap-
ter 5. CA is suggested to provide climate mitigation and adaptation benefits (e.g. through
enhanced soil carbon sequestration and increased solar radiation reflection), but with a serious
lack of process understanding and data coverage to be sufficiently represented in global stud-
ies [Erb et al. 2017a]. To enable CA to be incorporated in global assessments conducted by
grid-based modeling applications, we developed a downscaling approach to provide a spatially
explicit representation of CA.

The present-day extent of CA is very much dependent on the definition of CA, which has
proven to be one of the main uncertainties in the downscaling. Originally defined by a package
of three agricultural management strategies (no-tillage, crop residue management, cover crops)
[FAO 2008], the literature provides definitions that incorporate additional management prac-
tices or only cover a subset of the three practices [Kassam et al. 2015]. Moreover, especially for
developing countries, CA within this strict definition often appears impracticable and several
authors call for more flexible and locally adapted systems that may include only parts of the
original management package or add further options [Giller et al. 2015; B Brown et al. 2018].
How these systems relate to CA as depicted by our estimates and if they can contribute to a
sustainable transformation of agriculture at the larger scale still needs to be evaluated in future
research. Meanwhile, our estimates provide a good starting point for a more realistic represen-
tation of CA in global climate modeling. The global spatial pattern of CA is similar across the
three estimates representing the uncertainty range. However, regional patterns substantially
differ depending on the data which are included in the estimates. Especially in Europe this
leads to a variation of up to 500% in the extent of CA.

Despite the uncertainties in the definition of CA, the present-day distribution of CA is
highly regionalized with high adoption rates in South America and Australia, medium adoption
in the USA, and very low adoption rates in Europe, Asia, and Africa. While this pattern has
been described before [Kassam et al. 2015], our work for the first time identifies explicit grid-
cell locations and thus provides a format that can be used by global model applications to
study the impacts of CA on climate, biodiversity, or water resources. Although limited by the
availability of independent validation data, an initial evaluation of our products, based on sub-
national data of no-tillage and additional management strategies reported by census data for
some countries, indicate that the spatial pattern of CA adoption is well depicted.

The spatially explicit representation of present-day CA is also a prerequisite for the esti-
mation of future potentials to expand CA. Incorporating both biophysical and socioeconomic
drivers of and limitations to CA adoption, we demonstrate that there is a large potential for
further expansion of CA globally (up to ~1100 Mha or ~80% of global cropland) depending
on different assumptions about future rates of adoption. However, especially in the context of
related climate mitigation benefits, we find that limitations apply depending on the region.
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While large areas in regions where the potential is generally high are already under CA man-
agement, the local biophysical and socioeconomic conditions limit CA expansion in other re-
gions (e.g., sub-Saharan Africa), thus also limiting possible climate benefits from this
management strategy.

RQ2.2 What are the locally variable impacts of conservation agriculture on the cli-
mate?

There has been a lot of research on the local-scale benefits of CA regarding soil health
(including soil carbon sequestration), yields, and the climate [e.g., Pittelkow et al. 2014; Powlson
et al. 2014]. However, at the larger scale the climate impacts of CA have been assessed only
rudimentary due to the lack of spatially explicit information indicating the exact location of
this management strategy and the lack of understanding how to parameterize CA in models
[Davin et al. 2014; Wilhelm et al. 2015]. In Chapter 6 we apply an innovative parameterization
of CA in the CESM model, including changes to surface albedo and soil resistance, based on
the spatially explicit maps developed in Chapter 5. While this parameterization is still rather
simplistic, the improvement in the model skill, especially over grid cells with a high fraction of
CA, provide confidence that the biophysical impacts of CA on the local climate can be sub-
stantial and thus further research into including CA in climate projections will be useful to im-
prove the accuracy of the models and derive better estimates of the mitigation potential
provided by CA management.

CA management impacts the climate through both biophysical and biogeochemical path-
ways. In Chapter 6 we find that CA impacts on the local surface energy balance and in conse-
quence on the surface temperature are observable especially at the local scale, i.e. the locations
where CA is actually applied, while impacts at the larger scale are dominated by feedbacks in
the climate system (e.g., reduced cloud cover due to reduced evapotranspiration). While the
CESM results show a considerable cooling of hot temperature extremes over most regions
(for the future scenario even in the same range than the projected warming due to climate
change), warming can be expected in the tropics due to the evapotranspiration effect domi-
nating over the albedo effect. These results are striking in a way that CA is currently widely
applied in the tropics in South America, and may contribute to local warming thus compen-
sating potential benefits from biogeochemical effects through soil carbon sequestration. In-
deed, these results need to be confirmed by additional models and improved parameterization
of CA to exclude a model-dependent result. In Chapter 7, based on an illustrative analysis of
several spatially explicit data products (e.g., yields, carbon sequestration potential), we also
show that the biogeochemical impacts of CA through SOC increase are likely to be heavily
dependent on the location where they are applied, with substantial feedbacks to future yield
development. In consequence, large-scale and uniform promotion of CA as a means of land-
based climate change mitigation may actually not contribute to a reduction of atmospheric
CO2, if displacement and rebound effects lead to an expansion of agricultural area to meet
future food demands.

8.2 Reflections on the methodology
Throughout the individual chapters, this thesis applies a range of statistical, spatial analysis,

and modeling tools that have been adapted to fit the needs of the analysis towards answering
the research questions in the chapters. In this section, we reflect on the main methodological
choices and their limitations to put the results in the context of land–climate research. As the
thesis has two foci, i.e. (i) the LUCM intercomparison [Chapters 3 and 4] and (ii) the mapping
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and application of the global CA map [Chapters 5 and 6], we mainly discuss the methods of
these chapters in the following sections.

8.2.1 LULC model intercomparison

Unlike previous model intercomparison exercises in the land-use change community
[Nelson et al. 2014b; Popp et al. 2014b; Schmitz et al. 2014] we adapted a flexible protocol that
allowed to include a large set of LUCMs beyond agro-economic models in the comparison.
For the first time, uncertainties in future LULCC simulations have been quantified and attrib-
uted to the sources of initial data, model-related variables, and scenario-related variables across
spatial scales and modeling approaches. While our approach was able to reveal major uncer-
tainties in the LULCC projections related to the choice of the modeling approach, it also
comes with limitations. The diversity of scenarios without harmonized inputs complicates the
interpretation of the results and the variation in the projections may be – to some extent – de-
pendent on the specific set of scenarios included in the comparison. For example, one can
imagine that additional scenarios would change the relative contribution of each source of
uncertainty. The diversity of assumptions applied in the models and the approach to quantify
scenarios based on default values for the RCP/SSP and SRES frameworks may miss uncer-
tainty that is independent of the model structure and cannot be quantified adequately by the
combination of regression and ANOVA methods. However, due to the large amount of sce-
narios and models included and the small changes in the variants [Section 3.4.1] we are confi-
dent that these aspects would not change the general findings of Chapters 3 and 4. Moreover,
unharmonized scenarios allowed us to include uncertainties in our quantification that are usu-
ally obscured, for example, the initial uncertainty in the land-use data products. Including a
greater range of LULCC modeling approaches is valuable to provide a good estimate of the
magnitude of uncertainties that downstream models can expect. Harmonizing scenario inputs
includes a ‘calibration’ of models to a certain behavior, and especially the RCP/SSP frame-
work is based on narratives rather than a strict quantification of future demands and com-
modities. By definition this includes a range of possible parameterizations even within a
scenario which is depicted by the ‘unharmonized’ inputs of scenarios in our approach. Har-
monizing of initial data (e.g., starting maps of land-use) is difficult, if not impossible, as model
processes usually depend on a certain initialization. In previous comparisons, the differences in
starting conditions were removed by comparing the changes relative to the initial conditions
[Schmitz et al. 2014]. While such an approach facilitates the comparison, it obscures the uncer-
tainty regarding the knowledge about present-day land use. Furthermore, especially at the grid-
cell level, the changes in land-use strongly depend on the previous time step, for example,
cropland is more likely expanded next to existing cropland [van Asselen and Verburg 2013]. In
consequence, by comparing only LULC changes, uncertainty related to the initial conditions
may be wrongly attributed to uncertainty in other components. For example, if a grid cell is
deforested in one model, but not in the other, this could originate in differences in the model
algorithm. However, deforestation in the second model could also not have happened because
there was no forest in this grid cell in the previous time step. Similarly, if one would only con-
sider LULC changes, the uncertainties in pasture and forest in our comparison would appear
small [Chapters 3 and 4; Figures 3-1 and 4-2]. Including the differences in the starting condi-
tions allowed us to capture a larger part of the uncertainty space, which has been omitted in
previous studies.

A major innovation of the intercomparison relates to the comparison of gridded results.
We here adjusted a map comparison technique that has been developed to evaluate the perfor-
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mance of individual LUCMs [Pontius and Cheuk 2006], which allowed us to assess both the
quantity and allocation disagreement across models and scenarios. As demonstrated from var-
ious perspectives throughout this thesis, the spatial perspective needs to receive more attention
in future comparisons.

The intercomparison was conducted at a time where the SSP scenarios were under devel-
opment. Hence, we were not able to include the final SSP implementations of the IAMs. This
may introduce some distortions to our results, which may change the individual contributions
of the uncertainty sources (initial, model, scenario). However, exploration of the final SSP im-
plementations [Popp et al. 2017] show that the projections used in our comparison are not
substantially different. Nevertheless, as many IAMs and LUCMs now finished the implemen-
tation of the SSPs and different SSPs are implemented within the individual IAMs, a repetition
of the intercomparison exercise would be useful to quantify the uncertainties in the current
land–climate scenario framework more accurately.

8.2.2 Downscaling of national-level CA estimates

The inconsistency in CA definition [Section 8.1] leads to high uncertainty in the input data
for our downscaling. Moreover, around 25% of global arable land are not covered by the na-
tional-level CA estimates and, therefore, we do not know anything about the distribution of
CA in these areas. It is probably a good approximation to assume that CA areas in these re-
gions are negligible [Kassam et al. 2015], however it adds uncertainty to the CA estimates.
While we attempted to use the best available data, it proved to be difficult to derive an accurate
spatially explicit estimate. In order to emphasize these limitations, we depict an uncertainty
range by providing three different estimates of the present-day distribution of CA, which pri-
marily differ in the national extents of CA. Due to uncertain estimates in the national-level
data, each of them should be seen as equally likely and the differences should be considered if
the data are applied in model applications. While this approach certainly has its limitations, it
advances other approaches that usually do not account for the uncertainties in input data.

Besides indisputable lack of knowledge regarding the drivers of adoption of agricultural
innovation [e.g., Knowler and Bradshaw 2007; Chapter 5], it is difficult to represent known
drivers at high spatial resolution. On the one side, actual drivers often need to be replaced by
proxy data, as data on the drivers are not available. Furthermore, also the proxy data come
with some uncertainty and are available only on a coarse spatial resolution (e.g., national-level).
For our mapping approach, we decided to take into account only drivers for which we were
able to obtain suitable spatial data, thus excluding additional drivers (and their spatial variation)
that might be especially relevant at the local scale. However, as our mapping approach aims at
providing a spatially explicit management layer with global extent that can be used in climate
models, some compromises had to be made. In consequence, our dataset does not necessarily
provide the exact position of CA, but rather should be used to depict regional to global pat-
terns. Although independent data are rare, our evaluation exercise [Section 5.3.2] shows that
the maps can be used for such applications, especially over more homogeneous agricultural
landscapes, where CA management is mostly relevant.

For the evaluation of future CA potentials, we applied a rather simple approach due to the
lack of better information and understanding of the drivers of adoption. For example, in the
bottom-up scenario we assumed that the combination of socioeconomic and biophysical driv-
ers considered in our present-day downscaling approach will determine also the future poten-
tial of adoption. It is possible that regions with a lower CA adoption index than the minimum
found today can adopt CA due to drivers that are not accounted for in our downscaling. How-



136

ever, equally likely, regions with high CA adoption indices may not be able to adopt due to
factors not captured in our approach. This can both lead to over- and underestimations of the
real spatial extent and distribution of CA. Furthermore, we did not account for potential
changes in the extent and distribution of future cropland area in our scenarios. While this was
done to avoid further uncertainties and assumptions about the spatial distribution of drivers
of CA adoption, it may be a key parameter. Hence, including a parameterization of adoption
of management practices such as CA in global models of land–climate interactions would
possibly improve future estimates. Generally, our scenarios should be therefore regarded as a
first-order estimate of the potential extent of CA in future that can be used to explore the po-
tential impacts of CA, e.g. on biogeochemical cycles and the climate.

8.3 Relevance of the work

8.3.1 Implications for global assessments of climate impact and land-based
mitigation

Land-use change, land-cover change, and land management are key parameters that influ-
ence the climate via biogeochemical and biophysical pathways and there is overwhelming evi-
dence that the disturbances have been substantial in the past and will be ongoing in the future
[e.g., Arneth et al. 2010; Pongratz et al. 2010]. Based on current scientific knowledge it is not an
open question anymore, if humans disturb important processes in the Earth System by their
interventions on the land, but rather to what extent, at which locations, and what the conse-
quences of these interventions may be. At the same time, targeted interventions and wise
management of the global land resource may support global mitigation efforts to reach net
negative CO2 emissions in the future. Consequently, the uncertainty of land-use projections
that are used in global assessments is crucial to understand and quantify the anthropogenic
impact on the climate. While there have been large efforts to model the biophysical and bio-
geochemical processes driving the climate and quantify the uncertainties in these models
[Taylor et al. 2012; Eyring et al. 2016], the human impact on the land system has been largely
ignored for a long time. In consequence, models that have been optimized to depict natural
processes struggle with integrating human interventions that do not necessarily follow rational
decisions [Chapter 2] [Rounsevell et al. 2014; Verburg et al. 2016; C Brown et al. 2017].

In Chapter 2 we demonstrate that the current coupling of LUCMs and TBMs contains se-
rious flaws that influence climate projections with the potential to obscure important uncer-
tainties related to the land-use forcing. Especially the attempt to harmonize the land-use
forcing for climate projections seems not to be adequate in the light of the large fraction of
uncertainty related to the modeling approach across spatial scales [Chapters 3 and 4]. While
harmonization in the sense of providing smooth time series is unavoidable (if transient his-
torical to future simulations are required), the bias towards certain modeling structures in
large-scale assessments such as the IPCC process is not justified by any objective measure. In-
stead, considering agro-economic LULCC models exclusively, along with the marker-scenario
approach (i.e., only one model projects the LULCC scenario), is likely to systematically distort
projected LULCC impact in climate projections, which in turn pretend a level of confidence
that is not existent.

The uncertainties in the LULCC projections also propagate into estimates of land-based
mitigation potentials. For example, many studies assessing the mitigation potential of various
land-based strategies implicitly assume that the present-day extent of agricultural areas would
not need to be expanded in future [e.g., Griscom et al. 2017]. However, the LULCC projections
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assessed in Chapters 3 and 4, although not accounting for strong land-based mitigation mea-
sures, indicate cropland expansion in large parts of the world. Similarly, Eitelberg et al. [2016]
and Wolff et al. [2018] show that especially if multiple demands from various global targets
need to be fulfilled in a scenario, cropland and intensification will diversify, but expansion will
not halt globally.

Despite highlighting the underestimation of uncertainties in the land–climate modeling
chain, this thesis contributed to emphasize and raise awareness for the spatial dimension of
land-based climate impacts and trade-offs of proposed mitigation options. As discussed in
Section 1.3, several studies examining the impacts of LULCC on the climate indicate a spa-
tially heterogeneous climate response especially in consequence of biophysical processes. To
estimate not only the quantity of LULCC, but also their location as precisely as possible there-
fore remains an important area of research. Currently, the land-use projections seem to be not
able to provide this information with the required accuracy, as the high uncertainty at the grid-
cell level indicates [Chapter 4].

In terms of land-based mitigation, this thesis employs the example of CA to estimate the
spatially variable benefits and trade-offs. The potential of future CA adoption distinctly varies
with the socio-ecological environment (e.g., high potentials in Europe and North America vs.
low potentials in sub-Saharan Africa and Southeast Asia). Assessments that assume a global
conversion of agriculture to sustainable practices thus may largely overestimate the global cli-
mate benefits and underestimate the trade-offs [Chapter 7]. While comprehensive assessments
are still limited by the lack of process understanding, various data gaps, and uncertainties, we
raise awareness that these spatial effects need to be better accounted for in future. Additionally,
CA is already in place at many locations where benefits in terms of CO2 mitigation are sug-
gested to be highest, thus limiting the global mitigation potential. Some of these areas (e.g.,
South America) may experience an increased vulnerability to climate change due to an amplifi-
cation of the warming response induced by CA [Chapter 6]. While there are certainly im-
provements to the CA maps derived in Chapter 5 possible, as soon as better data are available
and the drivers of CA adoption may be better understood, the maps in their current form can
contribute to more realistic estimates regarding the mitigation potential from this management
strategy.

8.3.2 Implications for model development and data integration

The scientific work in this thesis also has implications for model development and inter-
disciplinary work across different modeling communities collaborating in the context of
land–climate interactions. The LUCM intercomparison exercise [Chapters 3 and 4] has shown
that there is a huge range of projected areas in the cropland, pasture, and forest categories,
which is, for substantial parts, related to the model structure and the input data of LULCC
models. As especially for the pasture and forest categories the wide range in outputs is primar-
ily due to differences in the input data, which is in turn likely a consequence of inconsistent
definitions, the community should aim at improving the representation of pastures and forests
in relation to demands. The current practice of harmonization to align the projections thereby
seems to be insufficient. Especially managed grassland and forest types have different charac-
teristics across world regions and cannot be depicted adequately by single global land-use cate-
gories like ‘pasture’ and ‘forest’ [e.g., Chazdon et al. 2016; Fetzel et al. 2017; Phelps and Kaplan
2017]. To identify and represent this diversity in the models feeding into climate assessments
remains an important research challenge. Moreover, land uses that fall ‘in between’ the classical
categories (such as woodlands), but cover important parts of the world biomes, require special
attention to approach the uncertainties in the global land-use projections.
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A pattern emerging across spatial scales is that different scenarios of the same model are
often more similar than the same scenario projected by different models, indicating systematic
differences in future LULC areas based on the modeling approach. Our statistical analysis in
Chapters 3 and 4 does not allow to identify which assumptions or parameters of the models
cause this influence. Future work in the LULCC modeling community should therefore focus
on systematic approaches to understand these differences in the models and attempt to reduce
the uncertainties related to model structure. Such a real reduction of uncertainties would also
allow improved land-use forcing data for ESMs. As long as the systematic differences are not
resolved and there are no measures to identify which modeling approach is the best in a spe-
cific context, the goal of the land-use modeling community should be to capture and commu-
nicate the range of uncertainty instead of harmonizing to common inputs. In the context of
the coupling of land-use and climate models, some issues discussed in Chapter 2 in the con-
text of the LUH have been incorporated for the upcoming LUMIP within the CMIP6 simula-
tions. For example, the inclusion of the HYDE low and high estimates to represent
uncertainty in the land-use history [DM Lawrence et al. 2016]. Similarly, most of the IAMs
have now implemented a range of SSPs, representing the uncertainty space across models and
scenarios [Popp et al. 2017]. However, still the marker-scenario approach will be used in
CMIP6, where different scenarios are allocated to different models. Alternative modeling ap-
proaches are not considered at all in the land–climate modeling community within the context
of the CMIP simulations, although there is no evidence that the IAM approach represents fu-
ture LULCC best. Overall, even improved representation of uncertainties in the current off-
line coupling of several models from several disciplines will still imply to make compromises
and thus accumulate uncertainties (or hiding them). In the long term, further work on the in-
tegration of the different modeling approaches and data streams seems to be the best choice.
Integrated models would allow for two-way interactions and feedbacks, e.g. the impact of cli-
mate change on land-use change, which is currently quite often neglected and only provided
externally by scenarios to LULC models.

In the second part of the thesis [Chapters 5 to 7] we further demonstrate the importance
for further implementation of land management into climate models. While not being the first
drawing this conclusion [see e.g., Erb et al. 2017a; Pongratz et al. 2018], we show that conser-
vation agriculture (including no-till, crop residue management, and crop rotations) is a man-
agement strategy that has the potential to impact climate both via biogeochemical and
biophysical processes, but is only rudimentary implemented in state-of-the-art ESMs. In
Chapter 6, we replace the previous implementation (i.e., static albedo and evapotranspiration
changes over all croplands), by a more flexible approach. We determine the spatial extent of
CA by the map derived in Chapter 5 and dynamically change the albedo based on the soil
color. However, this is still a very simplistic approach due to the lack of better knowledge on
the spatial variable effects of tillage on albedo and soil evaporation. Yet the results indicate
that especially the local to regional impacts on mean and extreme temperatures can be sub-
stantial and further developing the parameterization of CA within ESMs seems valuable. In-
stead of simple yes/no implementation, future developments should aim at including
parameters such as the thickness of the residue layer and the exact timing of the presence of
the mulch layer and/or cover crops. This will be especially important to determine the biogeo-
chemical effects (e.g., enhanced soil carbon sequestration), which we did not consider in our
study. A spatial variable representation of biogeochemical impacts would also allow to advance
research regarding the global mitigation capacity of CA and derive realistic biophysical poten-
tials [see Chapter 7].
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While this thesis provides insights in some of the critical uncertainties in land–climate interac-
tions, both from the perspective of impact assessment and land-based climate mitigation,
there is still a full research agenda to better address these uncertainties in major global assess-
ments. Current practice is insufficient as shown by the results of this dissertation and requires
a step change towards better practice and more informed learning to improve land-use repre-
sentation in climate projections and to derive realistic pathways of dealing with the climate
change challenge.
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