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Abstract 

Predicting how biodiversity responds to environmental change and management 

interventions remains a major challenge in ecology. Ecological systems are shaped by the 

interplay of demographic processes, species interactions, dispersal, and spatial heterogeneity 

across landscapes. Yet, many existing modelling approaches face a trade-off between spatial 

and ecological complexity, which limits their ability to realistic settings. Reaction-diffusion-

advection (RDA) models – a class of partial differential equations (PDEs) – provide a flexible 

framework for describing community dynamics in continuous space and time. Despite their 

conceptual appeal, the application of RDAs to realistic ecological systems has been 

constrained by the computational difficulty of solving coupled nonlinear PDEs on 

heterogeneous landscapes. Here, we argue that the Finite Element (FE) method provides a 

practical and scalable solution to this challenge. Widely used in engineering and applied 

sciences, the FE method enables efficient numerical solutions of spatially explicit PDEs on 

irregular domains. We outline how combining RDA models with FE methods can expand the 

predictive capacity of ecological models by allowing realistic representation of landscape 

structure, dispersal, and species interactions. We also discuss key challenges, including 

parameterisation, software accessibility, and training, and provide a practical workflow for 

implementing FE-based ecological models. Broader adoption of FE approaches could 

substantially strengthen predictive ecology and help bridge the gap between ecological theory 

and applications. 
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1 Introduction: predictive bottleneck in ecological 

modelling 

The natural world is facing a convergence of crises with profound consequences for 

biodiversity, ecosystem services and human well-being. Climate change, habitat loss, invasive 

species and disease emergence all pose escalating risks (IPBES, 2019, Isbell et al., 2023). 

Addressing these challenges requires not only understanding ecological processes, but also 

the ability to predict how biodiversity will respond to management, conservation, and 

restoration interventions across space and time. 

Prediction in ecology remains difficult because ecological systems are inherently complex, 

both spatially and biologically. Landscapes are heterogeneous mosaics of habitat types, within 

which communities are shaped by the interplay of demographic processes, interspecific 

interactions and dispersal. These processes interact across spatial and temporal scales in ways 

that are difficult to observe empirically and even harder to predict (Mougi and Kondoh, 2016, 

Twining et al., 2022, Gawecka et al., 2025). Yet, the effectiveness of management, conservation 

and restoration actions depends on anticipating such complex responses (Bullock et al., 2022, 

Maes et al., 2024, Montoya et al., 2025). As a result, limited predictive capacity continues to 

constrain ecological decision-making, often leading to inefficient or even failed interventions 

(Lubiana Botelho et al., 2025, Zurell et al., 2026, but see Lewis et al., 2023). 

A major obstacle to prediction lies in the spatial-ecological complexity trade-off in ecological 

modelling. Existing approaches typically simplify reality by focusing on certain aspects of 

complexity. For example, spatially-realistic models often focus on a single species (e.g., Bocedi 

et al., 2014, Gardner et al., 2024), while community dynamics models frequently ignore spatial 

processes or landscape structure (e.g., Rohr et al., 2014, Horn et al., 2020). Attempts to combine 

spatial and biological complexity usually rely on strong simplifying assumptions, such as 

discretising landscapes into patches or limiting interaction types (Ryser et al., 2021, Gawecka 

and Bascompte, 2023, Bhandary et al., 2026). Many such models are also computationally 

intensive or inflexible, restricting their applicability across different organisms, processes, and 

landscapes. Consequently, ecology effectively lacks predictive models that can 

simultaneously represent spatial structure, demographic processes, and species interactions 

while remaining scalable and computationally efficient (Fulton et al., 2019, Zurell et al., 2022, 

Zurell et al., 2025). 
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We argue that this limitation is not conceptual but computational: the mathematical 

frameworks needed to represent complex ecological systems already exist, but efficient 

numerical methods for solving them in realistic settings have been lacking. 

In particular, reaction-diffusion-advection (RDA) formulations provide a natural 

mathematical backbone for addressing this challenge. RDA models are a class of partial 

differential equations (PDEs) that couple local population dynamics (reaction terms) with 

movement through space via random and directed processes (diffusion and advection terms). 

As such, they are well suited for simulating demographic, interspecific and dispersal 

processes (DeAngelis and Yurek, 2017). RDA models have a long history in ecology, providing 

insights into invasion dynamics, pattern formation, and range expansion (Holmes et al., 1994, 

Okubo and Levin, 2002). However, their application has largely been restricted to analytically 

tractable cases, simplified landscapes, or small numbers of interacting species (Cantrell and 

Cosner, 2004, Petrovskii, 2022). Extending RDA models to realistic landscapes and 

communities has remained computationally challenging, which limits their use for predictive 

ecology. 

Here, we explore how the Finite Element (FE) method can enable more realistic applications 

of spatial PDEs such as RDA models, and thus facilitate the modelling of complex ecological 

systems. The FE method is a powerful and mature numerical approach for solving coupled, 

nonlinear PDEs on complex geometries. While widely used in engineering and applied 

sciences to simulate fluid flow, heat transfer, and structural mechanics (e.g., Bergheau and 

Fortunier, 2008, Zienkiewicz et al., 2014a), it has seen limited adoption in ecology. By enabling 

efficient solutions on heterogeneous landscapes and for interacting species, the FE method 

makes it possible to move beyond the traditional trade-off between spatial and ecological 

complexity. We outline how this approach can overcome the predictive bottleneck in 

ecological modelling and help bridge theory and application across biodiversity management, 

conservation, and restoration. 

2 Reaction-diffusion-advection framework for spatial 

ecology 

RDA models provide a powerful framework for describing population and community 

dynamics in continuous space and time. Mathematically, they are a class of PDEs. Unlike 



4 

 

spatially implicit approaches (e.g., island biogeography or classical metapopulation models, 

MacArthur and Wilson, 1967, Levins, 1969), RDA models explicitly represent what occurs at 

a given location and time. In contrast to patch-based or cellular automata models, they treat 

space as continuous, allowing realistic representation of environmental variation and 

avoiding assumptions such as discretised dispersal or simple suitable-unsuitable habitat 

classification. This makes them particularly well suited for capturing complex landscape 

geometries (Touboul et al., 2025). Their continuous-time formulation enables the study of 

transient dynamics and species with overlapping generations, while remaining applicable to 

organisms with discrete life stages when considered at appropriate temporal scales (Cantrell 

and Cosner, 2004). 

RDA models describe populations in terms of densities rather than tracking individual 

organisms or simple occupancy states. This density-based formulation avoids the high 

computational costs of individual-based models, which rapidly become prohibitive as species 

richness increases (but see Cornell et al., 2019). Although often formulated deterministically, 

RDA models can incorporate stochasticity in dispersal or demography (Méndez et al., 2014, 

Erban and Chapman, 2019). Crucially, they allow explicit inclusion of different forms of 

species interactions (Holmes et al., 1994), an aspect that is frequently neglected in other 

spatially explicit modelling approaches (Bocedi et al., 2014, Gardner et al., 2024). 

In two-dimensional space, the general form for species 𝑖 can be written as: 

 𝜕𝑁𝑖(𝑥, 𝑦, 𝑡)

𝜕𝑡
= 𝑓𝑖(𝑵) + 𝐷𝑖 (

𝜕2𝑁𝑖

𝜕𝑥2
+
𝜕2𝑁𝑖

𝜕𝑦2
) + (𝑣𝑖,𝑥

𝜕𝑁𝑖

𝜕𝑥
+ 𝑣𝑖,𝑦

𝜕𝑁𝑖

𝜕𝑦
) Eq. 1 

Here, 𝑁𝑖 denotes the density of species 𝑖 at spatial coordinates (𝑥, 𝑦) and time 𝑡. The reaction 

term 𝑓𝑖(𝑵) captures local population dynamics and may depend on the densities of other 

species represented by the vector 𝑵. The diffusion term represents Brownian random motion, 

with 𝐷𝑖 as the diffusion coefficient. The advection term describes directed movement, with 

velocity components 𝑣𝑖,𝑥 and 𝑣𝑖,𝑦 in 𝑥 and 𝑦 directions, respectively. 

Importantly, the exact form of each term is context-dependent, making the RDA framework 

highly flexible. The reaction term may range from simple density regulation (e.g., logistic 

growth) to complex interaction networks involving competition, predation, parasitism, or 

mutualism (e.g., Lotka-Volterra systems). Diffusion terms can be parameterised using 

empirically informed dispersal kernels. Advection can capture directed movement driven by 
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landscape features, wind or water currents, or external stimuli. Moreover, parameters can 

vary across space and time, allowing explicit representation of spatial heterogeneity and 

environmental change. 

RDA models have a long history in theoretical ecology, where they have been used to study 

dispersal-mediated coexistence, ecological invasions, pattern formation, wavefront 

propagation, and critical thresholds in habitat size and connectivity (e.g., Holmes et al., 1994, 

Fagan et al., 1999, Okubo and Levin, 2002, Prima et al., 2018). However, most applications 

have relied on homogeneous or discretised habitats, simplified species interactions, or 

idealised dispersal kernels (Cantrell and Cosner, 2004, Petrovskii, 2022). These assumptions 

have enabled analytical tractability and fundamental insights, but they have limited the 

applicability of RDA models to real-world ecological systems. 

Importantly, these limitations are not inherent to the RDA framework itself. By design, RDA 

models can accommodate complex spatial structure and multispecies interactions. What has 

constrained their broader use in predictive ecology is the computational difficulty of solving 

coupled, nonlinear PDEs in realistic settings. This gap motivates the need for numerical 

approaches capable of utilising the full potential of the RDA framework. 

3 The finite element method as numerical solution to 

RDA problems 

To realise the potential of RDA models, numerical methods capable of handling nonlinear 

dynamics on complex landscapes are required. The FE method meets this need by enabling 

efficient solutions of coupled PDEs on irregular domains (Johnson, 2009), making it well 

suited for realistic ecological applications. 

The FE method discretises space into a mesh of small, simple elements (triangles or 

quadrilaterals), over which the solution is approximated using basis functions. Rather than 

solving the PDEs directly, the equations are reformulated in a weak (integral) form, yielding 

a system of algebraic equations that can be solved numerically across the entire domain. This 

formulation naturally accommodates nonlinear dynamics, spatially varying parameters, and 

complex geometries. 

The FE method is widely used across engineering and applied sciences, including fluid 

dynamics, heat transfer, and structural mechanics (e.g., Potts and Zdravković, 1999, Bergheau 
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and Fortunier, 2008, Zienkiewicz et al., 2014a, Zienkiewicz et al., 2014b). Within biology, FE 

approaches have been applied extensively in biomechanics (e.g., stress and strain analysis in 

bones; Rayfield, 2007, Cox et al., 2011, Curtis et al., 2019) and developmental biology, where 

reaction-diffusion systems represent morphogenesis and tissue growth (e.g., Brodland, 1994, 

Murea and Hentschel, 2007, Laussu et al., 2025).  

In ecology, the FE method has been used more sparingly, but existing studies demonstrate its 

use for modelling spatial population dynamics, dispersal, and genetic spread in 

heterogeneous environments (e.g., Richter, 2008, Wyse et al., 2018, Ward et al., 2023, and 

examples in Box 2). The limited adoption of FE in ecology likely reflects historical rather than 

conceptual constraints: early spatial RDA models focused on idealised domains where 

analytical solutions sufficed, FE solvers were once computationally expensive, and access to 

flexible FE software has been limited, with little exchange between engineering and ecological 

modelling communities. 

Although the RDA-FE framework offers flexibility for modelling spatial ecological systems, it 

is not universally appropriate. Some ecological problems are better addressed using 

alternative modelling approaches depending on the processes of interest, or spatial and 

temporal scales considered. Situations where RDA and FE methods may not be the most 

suitable choice are summarised in Box 1. 

From an ecological perspective, implementing an FE-based RDA model involves a three-step 

workflow (Figure 1). (1) Inputs: four key components are required: (a) spatial data describing 

landscape structure, typically as vector polygons representing habitat types; (b) species-

specific demographic, dispersal, and interaction parameters, potentially varying by habitat; 

(c) initial conditions specifying species distributions and densities; and (d) simulation settings, 

including boundary conditions, temporal resolution, and simulation duration. (2) Analysis: 

generating a finite element mesh and solving the RDA equations over the landscape (see Box 

3). (3) Outputs: spatio-temporal predictions of species densities, which can be visualised as 

maps, trajectories, or derived summary metrics relevant to ecological questions. 
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Figure 1 Generic FE modelling workflow for spatial ecological problems. Typical inputs include land 
cover data, species-specific and habitat-specific parameters and interactions, initial species 
distributions, and simulation settings. The landscape is discretised into small finite elements to 
approximate RDA dynamics across the landscape. Outputs are spatio-temporal predictions of species 
density, visualised as maps and summary plots. 

Figure 2 illustrates a simple FE simulation of single-species reaction-diffusion dynamics on a 

hypothetical landscape with three habitat types (Figure 2A). Local population dynamics 

follow logistic growth (𝑓(𝑁) = 𝑟𝑁(1 − 𝑁 𝐾⁄ )), with four scenarios differing in how species 

parameters vary among habitats. In case 1, growth rate (𝑟), carrying capacity (𝐾), and 

diffusion coefficient (𝐷) are identical across habitats. In cases 2-4, 𝑟, 𝐾, and 𝐷 vary among 

habitats, respectively. The resulting dynamics (Figure 2B-C) demonstrate how spatial 

heterogeneity in demographic and dispersal parameters can strongly influence population 

patterns. These simple examples highlight the flexibility of the FE approach in incorporating 

habitat-specific variation, complementing previous applications in ecology (see Box 2), and 

provide an intuitive demonstration of how spatial complexity can be modelled. 
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Figure 2 Results of four FE simulations predicting the spatio-temporal density of a species with various 
parameter combinations of a logistic growth equation: case 1 – the species has the same growth rate (𝑟) 
carrying capacity (𝐾) and diffusion coefficient (𝐷) in all habitats; case 2 – 𝑟 varies between habitats; case 
3 – 𝐾 varies between habitats; case 4 – 𝐷 varies between habitats. (A) Landscape with three habitat 
types. (B) Change in species density with time at location marked * in (A). (C) Spatial species density at 
the end of simulation. At the start of the simulation, the species is present at low densities only in the 
central habitat X polygon. 

Box 1 When RDA models and FE method are not appropriate 

RDA models and the FE method are not universally applicable to all ecological questions 

and should be used where their assumptions are appropriate. RDA models are best suited 

to systems in which population densities can be treated as continuous variables and 

movement can be approximated at aggregate scales. Systems dominated by strong 

demographic stochasticity, discrete behavioural decisions, or individual-level interactions 

are often better addressed using individual-based or agent-based approaches. Likewise, 

populations with strongly seasonal dynamics may be more naturally modelled using 

integrodifference equations (Cantrell and Cosner, 2004, Lutscher, 2019). 

FE methods are also unnecessary when spatial geometry is simple or homogeneous. For 

example, when habitats can be represented as discrete patches and the surrounding matrix 

plays a negligible role, patch-based metapopulation models or coupled map lattices may be 

more appropriate. Similarly, when population dynamics are simple and analytically 

tractable, low-dimensional numerical models may suffice. 

Rather than replacing existing approaches, FE-based RDA modelling should therefore be 

viewed as a complementary tool, particularly well-suited to systems where spatial 

heterogeneity and multispecies interactions jointly shape ecological dynamics. 
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4 Ecological applications of the FE method 

The ability to model ecological systems that are both spatially and biologically complex opens 

new opportunities for fundamental and applied ecology, helping to bridge the gap between 

ecological theory and real-world decision-making (Cadotte et al., 2017). By enabling 

continuous-space, multispecies simulations in realistic landscapes, FE method makes it 

possible to address questions that could not be answered with other modelling approaches. 

From a fundamental perspective, FE-based RDA models allow investigation of, for example, 

(a) how landscape structure shapes community assembly, persistence, and collapse, (b) how 

dispersal interacts with local species interactions to determine biodiversity outcomes, or (c) 

how spatial, demographic and interspecific processes give rise to spatial patterns, coexistence 

mechanisms, or eco-evolutionary feedbacks. These questions have been difficult to explore 

jointly at realistic scales. 

At the same time, the FE method provides a framework for addressing a range of applied 

ecological questions that depend on spatial context and species interactions. Examples of 

ecological applications that can benefit from this approach are summarised in Box 2. These 

include land-use change such as habitat loss and restoration, species range shifts under 

climate change, biological invasions, and the emergence and spread of pests or diseases. In 

these settings, FE models allow mechanistic exploration of alternative scenarios. 

Beyond academia, FE-based ecological models have the potential to function as decision-

support tools for nature management, conservation and restoration, analogous to the role of 

numerical models in engineering design. By enabling scenario testing, sensitivity analyses, 

and spatially explicit predictions, such tools could support evidence-based ecological 

planning. 

Box 2 Ecological applications enabled by the FE method 

Across these applications, the FE method enables investigations of how landscape structure, 

species movement, demography, and interactions jointly determine ecological outcomes. 

Land-use and habitat change 

FE models can simulate temporal changes in habitat quality and configuration, predicting 

species collapse or recovery under degradation or restoration scenarios. 
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Examples: Grech et al. (2016) predicted seagrass recovery potential on the Great Barrier Reef by 

simulating hydrodynamics and propagule dispersal. 

Climate-driven range shifts 

FE method enables coupling of changing habitat suitability, climate-dependent 

demography, and species movement across realistic landscapes. 

Examples: Richter et al. (2012) simulated warming-induced shifts in distributions of species with 

temperature-dependent growth rates; MacDonald et al. (2025) developed a model where habitats 

move under climate change. 

Biological invasions 

By coupling spatial and interspecific dynamics, FE models allow prediction of invasion 

speed and impact on the ecological community. 

Examples: Pepper et al. (2019) simulated invasive species spread across a heterogeneous landscape 

in the Basque Country, Spain. 

Disease emergence and spread 

Coupling host or vector movement with species demography and interactions enables 

realistic disease spread modelling. 

Examples: Keller et al. (2013) modelled rabies spread in raccoons in New York state, USA; Richter 

et al. (2022) simulated mosquito-borne disease spread in human populations in rural and urban 

landscapes in Vietnam. 

Agriculture and pest management 

FE models can integrate species interactions, dispersal, genetics, and management 

interventions. 

Examples: Richter and Seppelt (2004) and Richter (2008) explored pest control and the spread of 

pesticide-resistant weeds in agricultural landscapes. 

Beyond these applied examples, FE method has also been used to explore theoretical 

questions such as spatial pattern formation and multispecies coexistence (e.g., Upadhyay et 

al., 2016, Cangiani et al., 2018). 
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5 Challenges and next steps for FE ecological 

modelling 

Here, we outline challenges associated with applying the FE method to ecological modelling 

and discuss ways of addressing them.  

5.1 Computational cost 

FE-based solutions to coupled RDA problems can be computationally demanding, 

particularly for multispecies simulations on fine meshes or large spatial extents. However, 

this challenge is increasingly tractable, especially with high-performance computing 

infrastructure becoming widely accessible.  

Substantial gains can be achieved through efficient implementation, including the use of 

compiled, high-performance languages (e.g., C++), parallel domain decomposition, and 

adaptive mesh refinement that concentrates computational effort where it is most needed 

(Gilbert et al., 2017). The computational burden associated with large ensembles of 

simulations, for example in sensitivity analysis or uncertainty quantification, can be further 

reduced using surrogate models based on machine learning. These models approximate high-

fidelity simulations at a fraction of the computational cost (Sánchez Fernández et al., 2025, 

Sheil et al., 2026, Yang et al., 2026). In practice, combining FE analysis with structured 

experimental design can further limit computational demands by focusing simulations on 

ecologically informative regions of parameter space. 

5.2 Parameterisation 

As systems of coupled nonlinear equations, RDA models can be sensitive to parameter values 

(see Figure 2 for an example). Yet, predictive modelling requires realistic, species-specific 

parameterisation. This is an especially challenging task in multispecies systems and 

heterogeneous landscapes, and a major bottleneck for spatially explicit ecological models. 

Despite this challenge, substantial empirical information on dispersal, demography, and 

species interactions already exists across the literature and multiple databases. This creates an 

opportunity to integrate and harmonise these data into a coherent parameter resource for 

RDA models. First, information from existing databases (e.g., Stevens et al., 2010, Salguero‐

Gómez et al., 2015, 2016, Bullock et al., 2017, Uiterwaal et al., 2022, Fandos et al., 2023) can be 
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consolidated and standardised. Second, parameter estimates can be extracted from published 

empirical studies identified through systematic literature searches. Where sufficient data 

exist, parameters can be estimated using statistical frameworks that explicitly incorporate 

uncertainty (e.g., Bayesian approaches), providing distributions suitable for sensitivity and 

uncertainty analyses, which the FE method makes tractable.  

Where empirical data remain sparse, three complementary strategies can be employed: 

(1) targeted expert elicitation to obtain informed parameter estimates (Gardner et al., 2024), 

(2) trait-based approaches that allow parameters to be partially pooled across related species 

or functional groups (Aslan et al., 2019, Chalmandrier et al., 2021), and (3) the generation of 

virtual species by statistically reconstructing multidimensional trait space and the covariation 

among traits from incomplete datasets, allowing plausible parameter combinations to be 

simulated (Santini et al., 2016).  

5.3 Validation 

Validation is essential for establishing the credibility of spatially explicit RDA models and for 

determining when they can be used for prediction rather than exploration. Validation is 

particularly challenging in complex ecological systems, where dynamics unfold over large 

spatial and temporal scales and controlled replication is often impossible (Synes et al., 2016). 

However, these challenges are not unique to RDA models and can be addressed using 

complementary validation strategies. 

First, existing laboratory, mesocosm, and field experiments provide valuable benchmarks for 

model testing, particularly where landscape structure, dispersal, or community dynamics 

have been explicitly manipulated (e.g., Saade et al., 2022, Rayfield et al., 2023). Second, 

experimental design can be guided by modelling needs, ensuring that future experiments 

generate data suitable for model parametrisation and validation, rather than solely for 

hypothesis testing (Railsback et al., 2025). Third, validation need not rely exclusively on exact 

quantitative agreement. Pattern-oriented and qualitative validation can provide robust 

evidence that key mechanisms are captured correctly (Grimm et al., 2005). Such pattern-based 

validation is especially relevant for scenario analysis and decision support, where the goal is 

to compare alternative futures rather than to predict precise outcomes.  



13 

 

5.4 Software access and training 

Despite their potential, FE methods remain largely inaccessible to ecologists due to a 

mismatch between existing software design and ecological modelling needs, combined with 

limited training opportunities. 

Most existing FE software has been developed for engineering and applied science 

applications and is not tailored to ecological problems. Commercial software such as 

COMSOL Multiphysics, as well as open-source tools such as FEniCS (Logg et al., 2012) and 

MoFEM (Kaczmarczyk et al., 2020), provide powerful and general computing platforms for 

solving PDEs using the FE method. However, their engineering-focused design requires 

substantial expertise in numerical methods and scientific computing, creating a barrier for 

many ecologists. As a result, the primary limitation is not the utility of these tools, but their 

accessibility. Although robust FE infrastructure already exists, the gap between numerical 

capability and practical usability for ecological applications has limited broader adoption in 

spatial ecological modelling. 

Beyond software, FE analysis requires specialised training and experience to be applied 

correctly and interpreted responsibly. Wider uptake will therefore depend not only on 

improved tools, but also on training, documentation, and collaboration between ecologists, 

numerical modellers, and engineers. Developing open-source FE software with user-friendly 

interfaces, ecological defaults, and workflows aligned with common ecological questions 

would represent a critical step toward mainstream adoption. 

For readers interested in implementing FE-based ecological models, we outline a simplified 

workflow highlighting the key steps involved in developing and analysing such models (Box 

3). 

Box 3 A practical workflow for implementing the FE method into ecological modelling. 

1. Define the ecological model 

Formulate the ecological processes of interest (e.g., population growth, species 

interactions, dispersal) as PDEs such as RDA equations. 

2. Parameterise model equations 

Estimate model parameters (e.g., growth rates, interspecific interactions, dispersal rates) 

using empirical data, trait databases, literature synthesis or expert knowledge. 

Parameters may be species-specific and can vary across habitat types. 
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3. Specify the spatial domain 

Define the landscape geometry representing the ecological system of interest. Spatial 

domains can be constructed from GIS data, for example using vector polygons 

representing habitat types or barriers. 

4. Discretise the spatial domain into a FE mesh 

Divide the spatial domain into small elements (triangles or quadrilaterals). Many FE 

software can generate meshes automatically. Mesh resolution should be sufficiently fine 

to capture important spatial features, such as habitat boundaries or regions where steep 

gradients in population density are expected. 

5. Define boundary conditions and simulation settings 

Boundary conditions specify how the system behaves at the edges of the spatial domain. 

Common conditions for ecological RDA models include Dirichlet (fixed population 

density values) and Neumann boundaries (fixed flux across the boundary, often 

representing no dispersal across impermeable boundaries). Simulation settings such as 

time step size, solver choice and simulation duration must also be specified. 

6. Solve the PDE system numerically 

Use FE software (e.g., FEniCS, COMSOL) to solve the coupled PDE system through time 

and space. 

7. Analyse model outputs 

Evaluate model predictions, compare outputs with empirical observations, explore 

parameter sensitivity and uncertainty, and simulate alternative management scenarios. 

6 Conclusion: toward wider adoption of FE modelling 

in ecology 

The increasing availability of ecological data, computational resources and open numerical 

libraries create a timely opportunity to rethink how spatial and ecological complexity are 

represented in predictive models. The RDA framework provides a natural mathematical 

language for describing ecological processes in space and time, but their broader use has 

historically been constrained by computational and practical barriers. 

The FE method offers a pathway to overcome these limitations by enabling efficient numerical 

solutions of spatial PDEs such as RDA models on heterogeneous landscapes. Realising this 

potential will require coordinated progress on several fronts: the development of accessible 
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ecological modelling software, the consolidation of species-specific model parameters, and 

stronger collaboration between ecologists and numerical modellers. 

By lowering the barriers between ecological theory and advanced numerical methods, FE 

approaches could open a new generation of spatially explicit models capable of representing 

ecological complexity while remaining computationally tractable. Such models have the 

potential to strengthen predictive ecology and support more effective management, 

conservation and restoration strategies in an increasingly dynamic world. 
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