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Conservation areas, like national parks, are hotspots of social-ecological and social-economic activities. The
resulting interactions contribute to an inherent complexity of these systems, making simulation models a vital
form of support for their management activities. These models are often unimodal, i.e., limited by design to only
one particular question or a specific temporal and spatial scale. We implemented the cross-scale and multi-modal
base model MARS KNP for the Kruger National Park, South Africa that combines the agent-based paradigm with
a dynamic vegetation model.
As a proof-of-concept, we developed an elephant movement model within MARS KNP to evaluate the base
model’s decision-support capabilities. The study was mainly focused on the underlying software mechanisms that
allow easy integration of multi-scale spatio-temporal data objects. MARS agents can probe, interact with, and
modify these objects. We found that this feature is essential for a cross-scale integration of different modeling
approaches.
Additionally, we propose a definition of the term ‘base model’ to shorten the provisioning time of decisionsupport tools.

1. Introduction
Conservation areas are increasingly viewed as embedded in complex
social-ecological systems (Cumming et al., 2015; Gutiérrez et al., 2016;
SANParks, 2018). The social-ecological coupling incorporates multiple
interactions that take place between people and their environment
(Karimi and Hockings, 2018; SANParks, 2018). These systems are
regarded as complex because of the number of entities involved and the
wide range of interactions caused by individual intentions and goals
(Levin, 1998). One consequence of complexity is a high level of unpre
dictability and uncertainty.
The Kruger National Park (KNP) is an example of such a system and is
one of the most intensively studied conservation areas worldwide (Roux
et al., 2015; Smit et al., 2017). Like most national parks, game reserves,
and other conservation areas, the KNP is a multi-use landscape (CoetzerHanack et al., 2016) with objectives focusing on the conservation of
biodiversity, provision of responsible tourism, and building a robust

constituency of support from several stakeholders while remaining
financially viable (Venter et al., 2008).
In the KNP, authorities use a strategic adaptive management
approach (Roux and Foxcroft, 2011) in the face of uncertainty through
“learning by doing”. Management forms hypotheses on how various
factors influence the park’s objectives and designs interventions to
support reaching them. Predictions are made on possible consequences
of the interventions and actions are implemented. Afterwards, the sys
tem’s responses to these actions are evaluated and hypotheses and in
terventions are adapted as required before repeating the process. In
some instances, violations of the “desired state” may inform decisions to
adapt hypotheses about how the system works (Venter et al., 2008).
Implementing strategic adaptive management often requires a combi
nation of approaches on multiple scales, which makes decision support
potentially very helpful and likewise very intricate.
Venter et al. (2008) emphasize the importance of minimizing the
permanency and impact of decisions so that today’s actions do not
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compromise future decisions. A decision support tool (DST) is a platform
for integrating, analyzing, and displaying information to assist decision
makers Gibson et al. (2017). In support of decisions for conservation
management, a DST may provide insights into the consequences of
different management strategies or approaches, identify the strategy
that will optimize a specified objective, identify knowledge gaps, and
provide transparency in decision-making Gibson et al. (2017). Utilizing
decision support in the context of sustainable environmental manage
ment and strategic adaptive management requires integrating current
knowledge on ecosystem states, processes, and tools to project the
social-ecological system’s behavior into the future Gibson et al. (2017).
In this context, simulation models play an essential role (Schmolke et al.,
2010). Typically, models are developed for specific research questions at
specific spatial or temporal scales (Zheng et al., 2017). This often narrow
scope makes it difficult to apply these models in a broader context of
management interventions. However, decision support systems need to
be multimodal, allowing various scenarios to be investigated.

elephant behavior, i.e., the need for water and food, were considered in
two climate change related scenarios.
2. Materials & methods
2.1. The MARS framework
The massive-scale agent-based framework MARS is under develop
ment at the University of Applied Sciences in Hamburg, Germany
(Hüning et al., 2016). It incorporates modern concepts of artificial in
telligence, cloud computing, and visualization (Dalski et al., 2017; Glake
et al., 2017; Lenfers et al., 2018; Weyl et al., 2019). The free framework
(GNU General Public License) was designed for the utilization by
beginner and expert modelers, providing specifically designed ap
proaches tailored to a wide range of disciplines, such as social-ecological
systems (Lenfers et al., 2018), pedestrian dynamics (Thiel-Clemen et al.,
2011), the dispersal of infectious diseases (Noetzel et al., 2013), and city
traffic (Weyl et al., 2018).
There are two fundamental concepts in MARS: agents and layers.
Each agent is represented technically by an autonomous running piece
of software implemented in C#. Agents perceive their immediate sur
roundings by interacting with their environment which is typically
described by a set of spatio-temporal layers. Besides standard GIS for
mats like ESRI shape and raster files, MARS also supports GeoJSON and
GraphML data. Geo-referenced time series, e.g., representing precipita
tion or temperature data, can be easily incorporated into a simulation
run. The geodata files are aggregated in a container which includes a
schedule that specifies points in time at which the files need to be
swapped by the simulation runtime environment (Glake et al., 2020).
Please see Weyl et al. (2019) for a more detailed description of the MARS
architecture and workflow.
The modular architecture of MARS enables the definition of ‘base
models’. A base model essentially consists of a predefined set of layers
with the same geographical extent and an optional set of agent types.
The base model of the KNP, hereafter referred to as MARS KNP, defined
for this study incorporates layers representing the border of the park and
significant parts of the water body, i.e., perennial rivers and water holes.
No default agent type is included.

1.1. Agent-based models and dynamic vegetation models
Agent-based models (ABM) typically describe individuals’ (e.g.,
humans or animals) behavior in their environment (Filatova et al., 2013;
McLane et al., 2011; Millington and Wainwright, 2016). Based on its
internal state and local environment, each autonomous agent makes
decisions which lead to individually varying behavior. Dynamic vege
tation models (DVMs (Prentice et al., 2007)), on the other hand, are
complex simulation models that simulate ecosystems based on
ecophysiological processes and environmental conditions. These two
modeling approaches differ substantially in their potential applications
and their spatial and temporal scales.
While ABMs often simulate individuals at smaller spatial scales (local
or regional) with high temporal resolution (seconds to days), DVMs were
designed for large spatial scales (e.g., continental or global) and long
temporal scales (decades to centuries). Initiatives to link these ap
proaches are rare, although this could fill essential gaps in our under
standing of social-ecological systems. Any attempt at a cross-scale
combination of models is instead typically focused on the syntactic
conversion of the output of one model in order to make it ‘digestible’ as
an input for the second model, e.g., by applying a mathematical inter
polation function (Tian et al., 2020).
Naturally, ABMs tend to focus on describing agents rather than the
environment that influences them (Robinson et al., 2007). For example,
the ground could be characterized by categorized states’ spatial patches,
randomly distributed at initialization (Anderson et al., 2017). In
savanna landscapes, vegetation cover characteristics – such as tree
numbers, tree height distribution, or grass biomass – are highly dynamic
both within and between years. Climate change may further modify
vegetation cover (Scheiter et al., 2012). DVMs can simulate the dy
namics of vegetation cover based on environmental conditions.
A significant limitation of DVMs is that they often ignore how ani
mals or humans influence vegetation cover and only simulate potential
natural vegetation, although there are studies that consider these im
pacts (Kaplan et al., 2012; Lindeskog et al., 2013; Olofsson and Hickler,
2008; Scheiter and Savadogo, 2016). Many approaches use geometric
tiling (Anderson et al., 2017; Villamor et al., 2014) rather than explicitly
simulating animal or human impacts on vegetation. This approach as
sumes that specific proportions of a larger grid cell are natural vegeta
tion, utilized areas, water bodies, or urban areas. Here, animal or human
impact is considered static, i.e., it does not reflect the full spectrum of
interactions and feedback between agents and their environment.
We combined the agent-based modeling and simulation framework
MARS (Multi-Agent Research and Simulation) (Hüning et al., 2016) with
the adaptive Dynamic Global Vegetation Model (aDGVM) (Scheiter and
Higgins, 2009) in order to build an integrated cross-scale DST. Addi
tionally, we tested this approach by a proof-of-concept application to
elephant distribution in the KNP. In particular, two determinants of

2.2. The aDGVM model
The aDGVM is a dynamic vegetation model developed to simulate
vegetation dynamics in tropical grass-tree ecosystems (Scheiter and
Higgins, 2009). It simulates ecological processes such as carbon balance,
water balance, phenology, plant competition, reproduction, and mor
tality based on the prevailing environmental conditions. Vegetation is
simulated on a daily time scale. Additionally, aDGVM simulates fire as a
function of vegetation state.
In Scheiter and Higgins (2009) and Scheiter et al. (2012), the authors
of the aDGVM showed that the aDGVM reproduces the distribution
biomass and biome types in Africa in good agreement with observations
derived from remote sensing. (Scheiter and Higgins, 2009) also
demonstrated that the aDGVM can simulate biomass dynamics observed
in a long-term fire manipulation experiment in the KNP (Higgins et al.,
2007).
A key feature of aDGVM is its individual-based approach. The model
simulates dynamics of individual trees and keeps track of state variables
such as height, biomass, or basal area. Such an approach is required for a
more realistic representation of animal (Scheiter and Higgins, 2012) and
human impact as well as fire (Scheiter and Higgins, 2009) on vegetation
because these are typically related to tree architecture. For instance, fire
tends to damages small trees whereas tall trees are fire resistant (Higgins
et al., 2008), and fuelwood collection is usually selective on specific tree
basal area classes (Lenfers et al., 2018; Scheiter et al., 2019; Twine and
Holdo, 2016). In contrast, elephant impacts (feeding, uprooting, and
debarking) are related to selected tree species.
2
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Its individual-based approach makes aDGVM suitable for coupling
with the MARS KNP. It allows us to simulate how vegetation charac
teristics influence an agent’s decision. In turn, the agent’s behavior
impacts the vegetation.

vegetation states. Elephant densities are highest in areas with high
vegetation biomass and growth (often expressed by the Normalized
Difference Vegetation Index (NDVI)). However, with increasing popu
lation size, elephants also move into areas of lower NDVI and thus lower
forage quality (Young et al., 2009). These responses impact vital rates of
elephants (Robson et al., 2017; Shrader et al., 2010; Trimble et al., 2009;
Young and Van Aarde, 2010), which in turn may lead to population
regulation or limitation.

2.3. Model coupling
This study applied an ‘offline’ coupling strategy between the MARS
KNP and the aDGVM. The output from the aDGVM is passed to the MARS
KNP. In contrast, a ‘full’ or ‘online’ coupling would mean to execute both
models in parallel with a synchronized and continuous exchange of
simulation results.
Therefore, two additional spatio-temporal layers were added to the
MARS KNP: one representing the results of the aDGVM (Fig. 1) and
another reflecting the spatial and temporal temperature variances
defined by the IPCC (Intergovernmental Panel on Climate Change)
scenarios. The semantics of the IPCC layer will be described in more
detail in the scenario description.

2.5. Scenario description
For this study, an elephant agent type was added to MARS KNP. We
assume an initial number of 15,000 elephants. The KNP elephant pop
ulation has been increasing by 4.2% per annum from 2015 onward
(Ferreira et al., 2017), but the numbers generally fluctuated over the last
30 years. For the initialization of elephant agent locations, we used data
from 1989s helicopter survey counts (Whyte, 2001) and doubled the
numbers to reach an assumed value of approximately 15,000. An
advantage of this approach is that we were able to represent elephant
herds with leading matriarchs, age and gender structures, etc., in the
initial simulation setup a bit more accurately.
Knowledge-based rules determine the elephant agents’ behavior (see
Fig. 3). An agent’s demands and intentions trigger these rules, e.g., the
level of thirst decides if an elephant is looking for water. The behavior of
herds and single bulls differs, where leading matriarchs (van Aarde
et al., 2008) steer those herds. Reproduction is modeled by a random
ized rule that leads to a pregnancy of available cows, depending on their
age and health condition. After 22 months, a pregnant cow births a calf,
represented by a new agent. Please see Appendix A for more details.
The main objective of coupling the MARS KNP with the aDGVM was
to analyze the impact of climate change on elephant distribution in the
KNP due to biomass availability. We chose the two Representative
Concentration Pathways (Giorgetta et al., 2013) RCP 4.5 and RCP 8.5,

2.4. Study area
The KNP (20,000 km2) is located in the north-eastern part of South
Africa (Fig. 2). It is subject to many of the challenges facing any large
conservation area (e.g., poaching, development of tourism, and social
injustices of the past), often reflected in the land ownership and rights of
rural communities (Venter et al., 2008).
Elephants influence vegetation in the KNP and act as a driver of
heterogeneity and biological diversity (Franz et al., 2010; Purdon and
van Aarde, 2017; Shannon et al., 2011; van Aarde et al., 2008). Au
thorities juxtapose the crucial ecological role of elephants with the
threat of illegal harvesting to the persistence of elephants themselves
(Chase et al., 2016). A previous study by Young et al. (2009) has shown
that elephant populations and distributions in the KNP are linked to

Fig. 1. System architecture with interfaces and integration workflow between MARS KNP and aDGVM. The aDGVM produces raster data objects for January 1st of
each year in the simulation period, representing aboveground grass biomass of the KNP. Beside other layers, MARS KNP is replacing the existing layer by the newly
generated one in the respective simulation time step.
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Fig. 2. Location of the Kruger National Park, South Africa. Map data: © OpenTopoMap (CC-BY-SA) (left map), © 2021 AfriGIS Ltd., Google (right map).

Fig. 3. Pseudocode of elephant agent’s tick method rules.

representing greenhouse gas emissions that peak mid-century and a
worst-case scenario, respectively (Stocker et al., 2013). Daily precipi
tation, mean daily temperature, and mean annual atmospheric CO2
concentrations were used. Local variability within the KNP was repre
sented by simulating vegetation for 8×4 grid cells covering the entire
KNP (see Fig. 5). Each cell represents an approximate area of 250 km2
and has its own values for temperature and precipitation. These cells
cover the KNP and adjoining areas and are also used by the aDGVM for
input.
The aDGVM simulated future vegetation in the KNP between 1971
and 2099 based on RCP 4.5 and RCP 8.5. For each scenario, two years
were selected that represent the minimum and maximum of total

simulated biomass in the park (Table 1).
The simulation time for each run with MARS KNP was one calendar
year with ∆t = 1 hour. Before the first time step in each year, the MARS
KNP vegetation map layer was replaced by the output of the aDGVM.
Additionally, the same RCP temperature spatio-temporal data set was
used in MARS KNP for calculating dehydration levels of individual
elephant agents.

Table 1
Mean annual precipitation and mean annual temperature for selected years in each RCP scenario based on selected minimum and maximum mean total living biomass
across all grid cells. Mean total biomass includes grass and tree biomass.
RCP

Min/
max

Year

Mean biomass [t/
ha]

Mean available grass biomass
[t/ha]

Mean annual precipitation
[mm/a]

Mean annual Temperature
[◦ C]

Atmosph. CO2 concentration
[ppm]

4.5

min
max
min
max

2031
2018
2000
2094

28
34
26
53

1.4
4.0
1.4
3.8

358
566
703
670

23
22.9
22.4
27.9

440
409
370
890

8.5

4
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3. Results

away from water bodies, when biomass availability is low. Higher
temperatures might also contribute to influencing elephant distribution.
It should be noted that these results have not been validated yet and
should therefore be interpreted cautiously. The objective was not to
model elephant behavior with high accuracy, but to assess the potential
and suitability of a base model as a tool to provide decision support.
Are modeling frameworks and base models valuable for conservation
management? SANParks (2018) addressed a strategic plan including
various objectives regarding the future of the KNP, e.g., innovative
biodiversity management, responsible tourism, integrated land use, and
building a constituency of supporting stakeholders. Making decisions
informed by the best scientific knowledge available is an objective for
most organizations managing conservation areas or other natural re
sources (Dicks et al., 2014). This need applies to the entire workflow
from specifying the question to the visualization of different possible
outcomes of respective decisions. Some studies show that scientific ev
idence is still not widely used in environmental policy and management
(Cook et al., 2012; Ntshotsho et al., 2015). Sutherland et al. (2004)
stated that there is an urgent need for mechanisms that review available
information and make recommendations to practitioners. Dicks et al.
(2014) emphasized the missing infrastructure needed to incorporate
such information into decisions.
However, conservation managers and political stakeholders cannot
be the only ones to blame for that. Recent surveys on DSTs give an idea
of their technical complexity (Huysegoms and Cappuyns, 2017; Musta
joki and Marttunen, 2017). Gibson et al. (2017) listed some key factors
influencing whether stakeholders choose to use DSTs in conservation
policy, such as their ability to produce meaningful results (even in the
presence of incomplete data) and the time required to apply the tool.
Additionally, the authors emphasized the vital role of champions
responsible for the successful application within the management
agency.
Dealing with incomplete data is an essential and ongoing research
topic in multi-agent systems, e.g., Abdulkareem et al. (2019) and PicoValencia et al. (2019). For MARS KNP, we developed the knowledgebased rules for the elephant agents in close collaboration with
elephant experts. This interdisciplinary approach avoided overloading
the model with technical details, making it more understandable and
maintainable by users with no computer science expertise. Another
advantage is that the domain experts already involved in the model
development are potential champions of it in their organization. Short
courses conducted by the tool developers might increase their
capabilities.
Tactical and strategic management actions often have a shorter time
frame for decision-making than research projects. Thus, the time and
effort for setting up a new simulation scenario needs to be as short and
small, respectively, as possible. Most conservation agencies have a re
pository of spatio-temporal data objects, e.g., GIS files or time series. The
integration of the most relevant data with existing simulation models
into a base model, as demonstrated in this study, would establish an
excellent foundation for using these repositories. In a second step, the
agency can develop software agent types that can quickly be adapted to
new management questions. Those agent type descriptions can also be
shared between agencies.

3.1. Elephant distribution related to water
Water availability is the most critical determinant for elephant
behavior (van Aarde et al., 2008). In the past, the process of opening and
closing artificial water holes was used as a means to control the popu
lation size of elephants in the KNP. MARS KNP comprises five perennial
rivers that were assumed to hold water for the entire year in all sce
narios. Fig. 4 shows the simulated distribution of elephants in December
2018 for a part of the KNP. Elephant densities were aggregated in a
raster by 1 km2 cells and categorized by the number of elephants in each
cell.
3.2. Elephant distribution related to available biomass
The aboveground biomass simulated by the aDGVM differs spatially
between the four scenarios considered in our study. Fig. 5 compares the
amount of aboveground grass biomass available for elephants for RCP
4.5 and 8.5 for the selected min- and max-years from Table 1 and
elephant densities as simulated by MARS KNP. We chose heatmaps to
visualize elephant densities for discussion with stakeholders, hotspots
are colored in dark red.
4. Discussion
As stated in Sec. 2.5, the main goal of the coupling of the two models
was to analyze the impact of climate change on the geographic distri
bution of the elephant population in the KNP due to biomass availabil
ity. The distribution of elephants shown in Fig. 4 appears to be aligned
with the distribution of major water resources in the park. The resulting
spatial patterns resemble those described in Gaylard (2015).
As detailed in Appendix A, elephant behavior is determined mainly
by a combination of the need for water and biomass. The heatmaps of
elephant density shown in Fig. 5 indicate a variance in the distribution
of elephants for the selected years. Since the initial elephant distribution
as well as the water body distribution is the same in all scenarios, the
results appear to suggest that elephants move to reach areas with higher
grass biomass amounts in extreme years. Based on the elephant agents’
behavior rules, elephants generally try to stay near major water bodies.
But they can be urged to cover longer distances, potentially moving

5. Conclusions
We presented a multi-modal and cross-scale agent-based simulation
modeling framework for the KNP. As a technical proof-of-concept, we
enhanced the MARS KNP by adding an elephant agent and coupled it
successfully with a DVM. The interchangeability of spatio-temporal GIS
layers in MARS was a crucial feature in facilitating the setup because it
allows for flexible and easy integration of additional open data sources,
e.g., OpenStreetMaps or remote sensing products.
Fullman et al. (2017) recently published a study on the spatial
persistence of elephants in the KNP utilizing the SAVANNA model

Fig. 4. Elephant distribution in December 2018 simulated for the RCP 4.5
scenario. Each rectangle represents a ca. 1 km2 cell where elephants occur.
Intensity of red color represents elephant density. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 5. Comparison of grass biomass and elephant densities in the KNP. Aboveground grass biomass availability to elephants simulated by aDGVM for January 1st of
each year. Elephant densities simulated by MARS KNP for December 31st of each year. X- and Y-axis show longitude and latitude, respectively, as decimals.

(Kiker, 1998). The MARS KNP described in this paper is a meaningful
comparison model to SAVANNA to explore agreement as well as
divergence of projected ecosystem components. We recommend
applying both models simultaneously for future management decisions
in order to gain two different perspectives.
Cross-scale issues are considered as a core challenge in understand
ing social-ecological systems (Cash et al., 2006; Rising, 2017; Scholes
et al., 2013; Tai, 2015). However, the development of cross-scale models
remains challenging. Therefore, coupling existing models that operate at
different scales is an important technique for cross-scale modeling (Lau
et al., 1999). The matter of scale in agent-based modeling and simula
tion needs to be addressed more systematically in the future. In partic
ular, issues of self-organization and emergent patterns are connected to
the number of interacting agents.
In a new and currently ongoing study, the MARS KNP is being
applied to studying how tourist traffic and tourist behavior impacts
wildlife in the KNP. We hope that both applications will lead to broader
usage of the MARS KNP, the aDGVM, and other simulation models
within the context of the park, e.g., predictions about the impact of
fencing (Pekor et al., 2019). Developing base models for other conser
vation areas in Africa or globally on the basis of this approach would also
be a fascinating task.
Finally, we suggest reviewing the concept of base models, i.e.,
combining a predefined set of spatio-temporal data items with a re
pository of software agents, in future research studies.
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Appendix A. Elephant model
This section features a more detailed description of the elephant
agent’s behavior shown in pseudocode in Fig. 3. The underlying agentbased elephant model consists of multiple layers and the elephant agent
type.
A.1. Layers
• The RiverLayer and WaterPointLayer represent the major
water body of the KNP.
• The FenceLayer prevents the elephants from stepping outside of
the KNP’s perimeter.
6
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• The TemperatureLayer and PrecipitationLayer include the
IPCC time series data over the scenario time frame.
• The VegetationLayer contains the grid-based output data from
the aDGVM.

starts the next tick at 1:00 a.m. After updating its hydration level
(CalculateDehydrationPerHourByTemperature), its satiety
level (CheckSatiety), and its pregnancy status (CheckPregnancy),
the elephant agent pursues its goals of eating (ReduceSatiety and
TryToEatFromVegetationLayer) and drinking (TryToDrink
FromWaterhole). If no waterhole is nearby, the leading cow has to
lead the group towards the next waterhole (if (Leading) Move
TowardWater). These steps are repeated during subsequent ticks until
a waterhole is reached.
The MARS KNP base model and the elephant agent can be down
loaded
from
the
following
URL:
https://github.
com/MARS-Group-HAW/KNP.

A.2. Elephant agent
The agents are autonomous entities with attributes, a life cycle, and a
set of rules. Each agent is able to sense the environment (made up of a set
of layers) as well as other nearby agents. During each tick, every
elephant goes through its own behavior routine.
• Attributes
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