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ORJIP Offshore Wind 

The Offshore Renewables Joint Industry Programme (ORJIP) for Offshore Wind is a collaborative 
initiative that aims to:  

• Fund research to improve our understanding of the effects of offshore wind on the marine
environment.

• Reduce the risk of not getting, or delaying consent for, offshore wind developments.
• Reduce the risk of getting consent with conditions that reduce viability of the project.

The programme pools resources from the private sector and public sector bodies to fund projects that 
provide empirical data to support consenting authorities in evaluating the environmental risk of 
offshore wind. Projects are prioritised and informed by the ORJIP Advisory Network which includes 
key stakeholders, including statutory nature conservation bodies, academics, non- governmental 
organisations and others.  

The current stage is a collaboration between the Carbon Trust, EDF Energy Renewables Limited, 
Ocean Winds UK Limited, Equinor ASA, Ørsted Power (UK) Limited, RWE Offshore Wind GmbH, Shell 
Global Solutions International B.V., SSE Renewables Services (UK) Limited, TotalEnergies OneTech, 
Crown Estate Scotland, Scottish Government (acting through the Offshore Wind Directorate and the 
Marine Directorate) and The Crown Estate Commissioners.  

For further information regarding the ORJIP Offshore Wind programme, please refer to the Carbon 
Trust website, or contact Ivan Savitsky (ivan.savitsky@carbontrust.com) and Žilvinas Valantiejus 
(zilvinas.valantiejus@carbontrust.com). 
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The Offshore Wind Evidence and Change programme 

This project forms part of the Offshore Wind Evidence and Change programme, led by The Crown 
Estate in partnership with the Department for Energy Security and Net Zero and Department for 
Environment, Food & Rural Affairs. The Offshore Wind Evidence and Change programme is an 
ambitious strategic research and data- led programme.  Its aim is to facilitate the sustainable and 
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coordinated expansion of offshore wind to help meet the UK’s commitments to low carbon energy 
transition whilst supporting clean, healthy, productive and biologically diverse seas. 

Who we are 
Our mission is to accelerate the move to a decarbonised future.  We have been climate pioneers for 
more than 20 years, partnering with leading businesses, governments and financial institutions 
globally. From strategic planning and target setting to activation and communication - we are your 
expert guide to turn your climate ambition into impact.  We are one global network of 400 experts with 
offices in the UK, the Netherlands, Germany, South Africa, Singapore and Mexico. To date, we have 
helped set 200+ science- based targets and guided 3,000+ organisations in 70 countries on their route 
to Net Zero. 



Document overview 

This document replicates the documentation provided as part of the WP2 R- package deliverable at 
time of software version 0.0.0.9000, but in stand- alone word format. The official documentation is 
provided through the package webpage and is intended to be viewed in its native online format 
(https://dmpstats.github.io/{roamR}/). Documentation presented here serves solely as proof- of-
deliverable. Readers are encouraged to view the online documentation as the definitive source – 
being both formatted as intended, and subject to continuous updating in line with software 
developments. 

Three broad sections of the online documentation are accumulated here:  

1. The general package overview
2. An example application of the package to a population of guillemot on the Isle of May
3. An example application of the package to a population of red- throated divers associated with

the Thames Estuary Special Area of Protection (SPA).

https://dmpstats.github.io/roamR/


{roamR} general package overview 

{roamR} is an R package that offers a toolset and framework for running Individual Based Models 
(IBMs -  or Agent- Based Models). It was created as part of the DisNBS project (Distribution of seabirds 
in the Non- Breeding Season) which was a project within the Offshore Renewables Joint Industry 
Partnership programme (ORJIP). While the project has specific goals in relation to Offshore Wind 
Farms (OWF) and their potential effects on seabirds, the problem is quite general. This package helps 
build animal movement simulations, with the general problem broken down into logical components, 
and imposes a level of transparent formality. This places the computational components on a 
common footing, leaving focus on the parameterisation and inputs/data. 

IBMs are simple in principle -  they simulate the movement of individual animals in response to their 
environment and measure properties from them e.g. their body- mass. They are particularly useful 
where analytical modelling is difficult and where “what- if”  scenarios are sought, meaning the system 
can be examined with/without a speculative perturbation. They also accommodate 
stochasticity/uncertainty quite naturally. Typically, many simulated agents are run such that 
uncertainty in the inputs are reflected in any measured outputs, so conclusions are tempered 
accordingly. 

The DisNBS project is the motivating example for the package development, which seeks to simulate 
seabirds in the non- breeding season (the extant IBM tool SeaBORD covers the breeding season), to 
explore and quantify the effects of speculative OWF development scenarios. The ultimate output is a 
generic IBM (in terms of UK seabirds) predicting the demographic effects of displacement for seabird 
species in the non- breeding season 

IBM design (DisNBS workpackage 1) 

The DisNBS started with a design phase, underpinned by an expert consultation workshop. The 
resulting generic structure is presented in figure 1, which the {roamR} package implements. The 
demography submodel is not formally part of the IBM, but the energetics and body mass distributions 
that are generated will inform these down- stream calculations. The following document is a high-
level description fo the functionality within the {roamR} package, that encompasses the design 
elements of figure 1.  

http://www.orjip.org.uk/


Figure 1 -  Schematic of proposed structure of IBM. Types of components: 
biological/ecological (gold), environmental (purple), OWF related (red) and influence 
the properties of the agents (blue) leading to final outputs (green) 



Package overview 

{roamR} is written in R using S4 classes (refer here for an overview and later section) and has been 
structured/implemented such that the simulations are well defined, but with a lot of flexibility in what 
the components can do. S4 programming imposes a level of formality to the programming that helps 
make the software more robust. Animal IBMs are spatiotemporal and can be based on very disparate 
data sources -  so {roamR} is particular in its treatment of space (projections etc), time and units 
generally (as found in the units package). The package was written with seabirds as the motivating 
case, but generally for animals (indeed one of the main classes is Species), noting the agnostic term 
agent applies. 

In brief -  {roamR}: 

• defines the general characteristics of a type of agent (a species definition)

• defines the environment the agent interacts with, and how this functionally affects its
movement or behaviour

• defines how agents move, with consideration of the environment, behavoural state, or body
condition

• defines the behaviours animals may engage in and how these change

• creates many agents with stochastic properties in line with their species definition

• runs the agents through the simulated environment over time, for a defined temporal
resolution

• measures the agents throughout the simulation

• gives tools to query the condition of agents that have been simulated

A principal limitation in IBMs is the level of information you have available to parameterize how the 
agents behave. {roamR} is intended to function well across the data support spectrum (i.e.  from 
information poor to information rich). The test cases here cover a range of data support:  

• Relatively data rich: Guillemots at the Isle of May, which are well studied.

• Relatively data poor: Red- Throated Divers in the North Sea, which are less understood.

At the more extreme information end, {roamR} has been developed to simulate agents at a very 
detailed level, for example a population with extensive GPS tagging information. The exemplar that 
guided this was the Hidden Markov Model of McClintock & Michelot (2018) and subsequent fitting to 
detailed Fulmar track data. 

https://adv-r.hadley.nz/s4.html


R and S4 programming 

This package assumes at least some minor familiarity with R. Its use for simulating birds in the 
context of OWF is illustrated using markdown in the associated example scenarios -  avoiding the need 
for detailed R programming knowledge. These examples give the steps required which can be 
modified and followed for new cases. However, even within this use- case it is unavoidable that user-
defined functions will be required: for example the energetics equations for a particular species’ 
activity states. There are a lot of features of the package that extend it well beyond these OWF seabird 
examples but will require a deeper understanding of R in order to fully use these. In particular some 
familiarity with S4 is useful if you want to use the package beyond the narrow path for the bird IBMs 
that motivated the package. Regardless, there is some basic S4 information that is useful to bear in 
mind: 

• There are well- defined classes for many components of the simulation -  the R objects will
often contain slots that you access by name with the @ operator, as opposed to the $ that is
common for simple R objects.

• Classes are prescriptive in what they can contain, this means things are more robust but
deviations will be rejected e.g. if the data is required to be a stars object, you cannot store
something else there

• There are a lot of background checks for conformity (as above), so what you do will be
scrutinised at various levels and prevented if outside expectations. For example, spatial
elements must carry coordinate references systems and projections, units must be specified
for many inputs.

Dependencies 

The package has been written with the intention of few dependencies on other packages. The 
dependencies that are needed have been chosen with stability and longevity in mind i.e.  they are well 
maintained and programmed, where differing options are available. Notable examples are:  

• The sf (simple features) package, which is widely well regarded for spatial work and
encompasses much functionality of other packages.

• The stars packages for dealing with spatiotemporal data structures, which is characteristic
of much of the data required for animal movement IBMs.

Note: the units package is used heavily. Many parameters and data elements must have their units 
of measurement specified. This is one of several formalities the package imposes, to minimise 
careless errors and make the simulations well defined. The help files state where these requirements 
apply. 



Package/class hierarchy 

A great deal of thought has gone into the hierarchical structure, which means mainly the classes, how 
they relate to one another and therefore where data (including parameters) lies within these. This is 
summarised in online documentation (here). 

Key elements of this are discussed in turn, and examples are given in the associated test scenarios. 
Four main areas are covered: 

• The simulation engine and wrapper -  offering high- level controls, like the number of agents,
spatial/temporal boundaries (e.g. a bounding box, as distinct to environmental constraints of
the simulation, fundamental spatial coordinate system

• The species -  properties of the population being simulated e.g. distributions of initial body
mass, flying speeds. These are often distributional, as agents/individuals will be generated
from these.

• The environment -  spatiotemporal descriptions of the agent’s environment within the
simulation frame e.g. natural boundaries (coast), the Sea Surface Temperature (SST) over
time, man- made structures (e.g. OWF)

• The agents -  the basic simulation element, largely defined from higher components, but the
basis of monitoring the simulation and any counterfactuals

General workflow to create/run an IBM 

The workflow to create/populate a {roamR} IBM is in essence: 

1. Configure the simulation at a high- level, including the spatial and temporal boundaries,
projections, number of agents etc.

2. Define the species, for example initial body mass distributions, flight speed distributions,
activity states and their energetic implications, functional relationships between the species
and the environment e.g. how SST affects energy, how OWFs influence
movement/distribution.

3. Define the environment, essentially anything spatio- temporal that the animals are thought to
respond to -  coastline, man- made structures (e.g. OWF), prey distributions, SST, bathymetry
etc.

4. Combine components into an IBM object.

5. Run a simulation, which creates agents, parallelises calculations, moves agents through the
environment, and records their properties over time.

6. Alter simulation elements to reflect a perturbation (presence of OWF).

7. Re- run the simulation with the perturbation.

8. Query simulated animals, with counterfactuals based on within- agent comparisons over
perturbation scenarios.

The key classes that require population in this workflow are expanded upon in turn.  

https://dmpstats.github.io/roamR/articles/roamR-guide.html


The high-level control (ModelConfig, class) 

This component provides the high- level configurations for the simulation, such as the spatial and 
temporal boundaries, the spatiotemporal resolution, the number of agents to simulate, the projection 
of the spatial data, and other general parameters that define the simulation environment. This also 
includes start and finish points for simulated animals, if some return- to- colony behaviour is required. 
Consideration in the setting of these follows. 

Bounding Box (aoc_bbx) this is a spatial extent over which the agents are constrained to be within. In 
many cases this will simply dictated by the data, for example a density distribution for the animal 
being simulated. If the animals have very low probability of being beyond this data, then the bounding 
box constraint is a logical progression. In other cases it might be set with knowledge of the maximum 
range of the animal’s home range.  

It is important to note that no movement outside this is permitted -  so the box should be sufficiently 
large that it is not controversially influential i.e.  err on the large side given other inputs will dictate 
travel. It also will bound spatiotemporal inputs, so data inputs are clipped to this region. A potential 
consequence of making the bounds very large is that large amounts of data be retained needlessly.  

Spatial Resolution (delta_x,  delta_y) this defines the resolution of any spatiotemporal datacubes 
that underpin the IBM. Note, this does not define the resolution of the movements of the agent, just 
the resolution of data describing its environment. This can simply be set to match the finest scale of 
the input data, the only cost being the size of data being carried forwards. 

Temporal Bounds (start_date,  end_date) a nominal period the simulation applies to. Some care is 
needed such that input data covers this period. For example, if the simulation is envisaged to be 
running in the future, temporal inputs should similarly be nominally for this period e.g.  if using 
historic SST data, this needs to be timestamped for the projected simulation period.  

Number of agents (n_agents) there is no strong guidance on this, but it should be a considered 
choice. A general rule of thumb is that more would be better (similar to any computer intensive 
inference) so should be “large”. Note, the amount of calculation, and hence time to run the simulation, 
is linear with regards this. Similarly agents are tracked and stored in detail, so may result in non-
negligible storage sizes. 

Ultimately the outputs will be distributions of metrics from the agents, so sufficient are needed to 
characterise these distributions well/stably. A balance of computation time and accuracy of the 
distribution shape may be needed, if computation time is large -  else just select a large number. The 
number of agents does not need to match the number of individuals in the population being simulated, 
they represent a sample of potential realities or animals as for any computer - intensive inference. 



Defining the species (Species class) 

This provides the general features that are realised in the agents, either stochastically (e.g.  initial 
body mass) and/or functional relationships with the environment (e.g.  how SST affects energy 
expenditure). It has been named species but could be considered a population depending on the 
context e.g. if there are parameters known down to a colony level, and potentially different from other 
colonies. 

[Note the package also has a varDist class, which gives a common interface in setting stochasticity, 
based on the distributional package] 

Labels (id,  common_name, scientific_name) these are used to identify the species in the 
simulation, and can be used to query the simulation results. They are not used in any functional way 
but are useful for labelling outputs and queries. 

Body mass (body_mass_distr) this is a distribution of the initial body mass of the agents, which can 
be defined as a VarDist object. This is used to initialise the agents with a body mass that reflects the 
population being simulated. The distribution can be defined using any of the supported distributions 
in VarDist,  such as normal, log- normal, or gamma distributions. 

Mortality Threshold (mortality_thresh_distr) defines thresholds where agents are considered 
to have died, based on their body mass. Note, agents are nominally tracked through the simulation 
even if marked as dead. This allows other post- processing relationships to be explored, such as 
defining fatality as a function of time spent below a %- age of starting body mass. 

Population Size (pop_size) this is a nominal size of the population being simulated, which can be 
used to optionally scale the results of the simulation. 

Activity States (activity_states) this is a list of ActivityState objects, which define the 
different states that the agents can be in, such as foraging, resting, or flying. Each state has a name, a 
distribution of body mass loss, and a distribution of flight speed. The states can be defined with 
different distributions for different species and can be used to model the behaviour of the agents in 
the simulation. 

Response to Environment (driver_responses) these are custom defined functions that relate 
species (and therefore agent) behaviour with regards their environment, as represented by the 
Driver class. These are a very flexible element of the simulation, so expanded upon below.  



Driver responses 

A key element of the IBM is the responsiveness of the agents to their environment, which includes 
standard biological factors such as prey distributions, bathymetry or coastlines. Treated generally, 
this also includes anthropogenic factors such as OWF, which are the focus of perturbation scenarios 
to be explored in the IBM. These are collectively termed drivers, as they drive agents’ behaviour, 
including movement, activity states and by extension their distribution and energetics.  

The drivers are encompassed in the Driver class below, which might be themselves general and not 
species- specific. Here within the Species class, the link between the environment is made explicit 
and species- specific. These are very broad in what they can encompass, being user - defined. For 
example: 

• Relationships between movement and proximity to coast. The coast movement driver in this
case is distance to coast, calculated internally from coastline polygons. The correlated
random walk movement model is fundamentally direction and speed, so a sharply declining
driver response influences agents away from coastlines.

• Relationships between movement and OWF. The coast movement driver in this case is
internally calculated distance to development(s), and the driver function can call on properties
of the development e.g. height of turbines, simulating line- of- sight influences or similar.
Relatedly, this can simply be a barrier effect -  the agent cannot pass through an OWF
footprint/polygon (noting a specified proportion of agents can been set to be sensitive to
OWF, also through the species definition).

States: activity budgets and rebalancing 

The possible activity states of agents are defined within the species definition as above. A design 
element of the IBM is that the daily activity budget (time spent in each state) is not fixed and can be 
responsive to environment and agent condition. {roamR} allows a “state rebalancing” on a daily 
basis, with the rationale that agents will attempt to compensate for poor foraging say, by increasing 
the amount of time dedicated to feeding. 

{roamR} allows for this state distribution to be dependent the previous day’s net energy intake. To 
achieve this, a target daily net energy is specified e.g.  for a species that is thought to have similar 
weights at beginning and end of the season, this target is zero. A day with poor energy intake will 
attempt to be compensated for, by a subsequent increase in time spend feeding. This adjustment is 
made such that: 

• The change in activity budget would on average balance out the previous days’ intake against
the energy target. Note this will not be exact, as the daily energy intake achieved is subject to
stochastic elements.

• The changes in activity to seek energy balance are primarily through increasing/decreasing
feeding and resting times.

• Agents are constrained to rest overnight, which is based on day length calculations for the
agent’s location and time.

• All activities outside explicit feeding and resting are scaled accordingly, such that a full day’s
activities are defined (i.e. a probability distribution for the day is maintained).



Defining the environment (Driver class) 

Information about the simulated environment which might be influential on agent’s behaviour is 
encapsulated in the Driver class. Generally, these are spatiotemporal data cubes (a data structure 
here that is effectively a series of maps stacked by time), such that the agents can query them for any 
time and location. The actual information contained within the driver can be of varying detail (e .g. low 
spatial resolution, fixed over time, or highly detailed spatial information that varies with time) but the 
interface to this is consistent: the agent queries all relevant drivers at location 𝑥,  𝑦 at time 𝑡. 

Vector fields 

Generally, animals are not simply responsive to their immediate environment, for example favoured 
feeding grounds that are not immediately within their sensory range. {roamR} includes the 
calculation of vector fields, which give direction and slope for any point on a provided surface. In 
conjunction with the driver response functions, this allows the IBM to direct movement through the 
environment towards distant favoured regions, or conversely away. Distance and direction to nearest 
OWF development, or coastline being particular examples. 



The basic unit (Agent class) 

The agents within the simulation are treated as self- contained entities, that are moved and measured 
through the environment subject to their individual properties. The specified number of agents are 
created at the start of the simulation, with their properties defined by the Species class. Initialisation 
of the agents is done by sampling from the distributions defined in the Species class, such as initial 
body mass, flight speed, and activity state. 

Agent properties 

At initialisation, the following (non- exhaustive) properties are generated for each agent. These are 
fixed throughout the simulation, being fundamental to the agent for a simulated season:  

initial_mass ⁠units⁠ object, the agent’s body mass at the start of the simulation.  

speeds a named list, defining movement speed properties for the agent. Each element specifies the 
agent’s average speed for a given movement state (e.g.  flying, swimming, etc). List elements must be 
of type ⁠units⁠. 

start_point, end_point objects of spatial class XY,  the spatial coordinates of the agent at the start and 
end of the simulation, respectively. 

mortality_thresh ⁠units⁠ object, the threshold body mass below which the agent is assumed to die.  

move_influences a named list, defining whether the agent is influenced by model drivers. Each 
element corresponds to a driver_id (which must be defined in the model’s Driver object) and contains 
a single- row data.frame with columns: 

• p: numeric, providing the probability that the agent is influenced by the named driver.

• infl: logical, whether the agent is influenced by the driver. It should be determined via a
Bernoulli trial with probability p.

state_influences a named list, defining whether agent states are influenced by model drivers. Each 
element, named after a driver_id, contains a data.frame with columns:  

• state_id: character string, the unique identifier of an agent’s state.

• p: numeric, the probability that the agent’s state_id is influenced by the driver.

• infl: logical, whether the agent’s state_id is influenced by the driver. It should be determined
via a Bernoulli trial with probability p.



Agent condition 

The agent’s condition is a dynamic aspect of the simulation, which is updated at each time - step. It 
includes the agent’s current location, body mass, activity states, and other properties that change 
over time. The condition is updated based on the agent’s movement, activity states, and interactions 
with the environment: 

location object of class XY, specifying the agent’s spatial coordinates at the end of the current time -
step. 

grid_cell object of class XY, representing the AOC’s grid- cell occupied by the agent. 

timestep integer, indicating the current simulation time- step index. 

timestamp a ⁠POSIXct⁠ object, the date- time at the end of the current time- step. 

body_mass a ⁠units⁠ object, defining the agent’s body mass at the end of the current time - step. 

states_budget a named list, detailing the agent’s time allocation across the different 
behavioural/activity states during the time- step. Each element (of type ⁠units⁠) is named after a 
specific state and stores the duration (e.g. hours) the agent spent in that state. 

states_cost a named list, specifying the energy costs (e.g. KJ/hr/g) associated with each state defined 
in state_budget. List elements are of type ⁠units⁠. 

mortality_prob numeric, the probability of the agent dying within the the current time- step (currently 
ignored). 

alive a logical value (TRUE if alive, FALSE if dead), indicating whether the agent has survived the 
time- step. 

track object of class sf, storing a time- series of location points tracking the agent’s movement within 
the current time- step. 

energy_expenditure a ⁠units ⁠ object, representing the total energy (e.g. KJ/g) expended across all 
states during the time- step. 

foraging_success a ⁠units⁠ object, the mass of prey (e.g. grams) consumed by the agent in the current 
time- step. 

mass_change_value a ⁠units⁠ object, capturing the net change in the agent’s body mass (e.g., grams) 
over the current time- step. 

Agent history 

The agent’s condition is generally dynamic throughout the simulation and can be sufficient to answer 
questions motivating the IBM e.g. body mass at the end of season. More generally however, a full 
record may be sought so the agent class contains a history component which stores the agent’s 
condition in a spatiotemporal data structure. This allows examination of movement, time spent in 
behaviour states, physical condition etc at any point in time. 



Moving agents, running the simulation (IBM class) 

Fundamental to the IBM is the movement of agents. Currently {roamR} supports two movement 
models, which have different data/input requirements: one relatively simple requiring only basic 
knowledge of an animal’s speed of movement, the other a more demanding correlated random walk 
that would require detailed tracking data and parameter estimation from a Hidden Markov Model 
(HMM). The choice between these will be clear -  if there is not support for a fine- scale movement 
model, then the simpler model will necessarily be chosen as the turning angle, step length and 
correlations are not able to be populated. 

Movement models 

Two agent movement methods are supported, presented here in order of complexity/data 
requirements. 

Density- informed this method uses density information to generate stochastic destinations for the 
agents, which are combined with activity budgets and basic speed information to give travel paths. 
The process is: 

1. Use the species’ density information in a likelihood fashion to generate a target destination
for an agent i.e. high- density areas are relatively more likely to be chosen.

2. Determine a feasible path from the current location to the destination -  feasible here meaning
that the path does not cross any barriers that apply from the driver response functions
(e.g. OWF, coastlines) and is within the bounding box of the simulation.

3. The agents travel along the path is constrained/dictated by the agent’s speed properties and
activity budget over time, for example an hour of flying within a day coupled with an average
speed is used to calculate expected travel distances, under assumed random walk properties.

4. Iteratively regenerate destinations and paths

Correlated Random Walk (CRW) this method is commonplace in movement simulation literature, and 
consists of iteratively generating stochastic movement directions, then making a stochastic step. The 
distributions can impose dependencies to provide a directed random walk, and when related to local 
drivers, be functionally responsive to the environment. The process is primarily:  

1. Select a stochastic movement direction based on a circular distribution (wrapped Normal in
{roamR}). The mean (direction) of the distribution may be functionally related to local
conditions e.g. vector field giving distance and direction to OWF. The variance of this
distribution imposes the correlation (low variance is very directed movements).

2. Select a stochastic step length based on a distribution (e.g.  gamma).

3. Iterate.

The properties of this movement can be made state dependent e.g.  flying (fast and directed), resting 
(stationary) -  depending on the species definition. 

The second of these movement models is data intensive, requiring detailed tracking information to 
parameterise. 



Agent evaluations 

At each movement step the agents are evaluated, which includes simple location, but storing or 
calculating multiple properties:  

• The location and time

• Activity state(s)

• The cumulative net energy -  based on user definitions, but generally a function of
environment and activity state e.g. the amount of time in a feeding state, stochastic energy
loss combined with local SST and balanced against energy intake.

• Direction of travel, speed, depending on movement model.

• Agent body mass, depending on population of energy- to- mass conversion functions

Additionally, state transitions for the next step may be calculated -  as described in the state balancing 
section previously, where 𝑡 + 1 activity states are related to energy intakes at time 𝑡. 

Outputs 

A principal use of the IBM is to run counterfactuals, where the simulation is run with and without a 
perturbation, such as the presence of an OWF. There are run in {roamR} in a paired fashion: the same 
agents are used in both scenarios, with changes only imposed on the definitions of the environment. 
Maintaining the same random seed sequence in both cases means the paired agents will start with the 
same properties, and subject to the same stochastic influences except where the perturbation creates 
changes. 

Quantification of the impact of the perturbation can be done on any of the defined agent condition 
(and/or history), but likely to be differences in:  

• Cumulative net energy

• Season- end body mass or mass change

• Distributions of activity/behavioural states

• Minimum body mass over the season

• Mortality

As a mass- agent IBM, these are not single values, but distributions representing the variability in the 
simulated populations e.g. the distribution of differences in end- of- season body mass from baseline 
compared to OWF perturbation. These directly informative at a population level, and tangible for 
down- stream calculations. For example, passed to Population Viability Analyses (PVAs) where 
counterfactuals may use: 

• Increases in mortality/proportional reductions in population size

• Relationships between body mass and reproductive success, to alter PVA demographic
parameters



Case study guillemot Isle of May 

Here we use {roamR} to simulate the movement and energetics for a population of common 
guillemot (Uria aalge) on the Isle of May. For broad- scale details on the {roamR} package, refer to the 
general guide, with the general architecture and description (here). The simulations here cover the 
non- breeding season (some 9 months, from July to March) under two broad scenarios:  

• An environment free of Offshore Windfarms (OWFs) -  nominally the status quo

• An environment with many synthetic OWF developments

Figure 2: Synthetic windfarms within North Sea, against a predicted guillemot density 
surface. Density is clipped to the AoC, windfarms are the light blue boxes. Anything 
beyond the AoC boundaries are excluded from calculations 

The overall intention is to quantify the effects of potential displacement from these developments, 
based on counterfactual comparisons of animal’s condition under these scenarios. In keeping with the 
architecture of the {roamR} package, the following main components will be populated:  

• IBM general settings (<ModelConfig>) sundry high- level controls for the simulation, such as
the number of agents, broad spatial boundaries, spatial projections, time- steps, start & finish
dates.

https://dmpstats.github.io/roamR/articles/roamR-guide.html


• Species- level information (<Species>) such as distributions governing initial body mass, what
behavioural states are possible, movement parameters, and how agents respond to their
environment e.g. avoidance of windfarms or landmass, costs associated with activity.

• Drivers (<Driver>) descriptions/data that define the environment that agents may interact with
or respond to e.g. sea surface temperatures, locations of windfarms, coastlines, prey fields
etc.

The extent to which these can be reliably populated will obviously vary, with the guillemot chosen 
here as a population that is relatively well studied. {roamR} is intentionally general and has 
substantial functionality that will not be used in a simulation. We will populate various elements of the 
simulation in turn, before turning to running the simulation and post- processing the results. 

Input data 

As a relatively well- studied species/population, there are many {roamR} elements to populate. 
Mainly these are: 

• Density maps

• SST

• Activity data

• Energetics

• Bodyweight

• body mass conversion

which will be a) described in detail and b) specified in {roamR} forms in the following sections. 
{roamR} can be run with very little data (an example of a more data sparse species is given in the 
alternative test case of red- throated divers), with the results being correspondingly less informative 
and more stochastic. 



IBM configuration 

The broad configuration of the IBM is specified via the function ModelConfig().In the interest of 
speed, the example simulation here will not be large in terms of the number of agents to run -  we’ll opt 
for few agents (n_agents), whereas a typical run would be 1000s. The non- breeding season for 
these animals runs from approximately start of July for 9 months (start_date,  end_date). We’ll 
opt for a uniform 1km^2 spatial resolution (x_delta,  y_delta) and have everything operate on the 
UTM 30N coordinate system (ref_sys). This will be the basis of ingesting and aligning the general 
spatial inputs. Note: the package currently requires all spatial inputs (e.g.  density maps) to be 
provided in a common Coordinate Reference System (CRS) 1. The {sf} package is generally used for 
dealing with spatial data (and the interlinked {stars} package for spatiotemporal). 

# Set UTM zone 30N 
utm30 <- st_crs(32630) 

Agent start and end locations (start_sites,  end_sites) must be supplied assf objects containing 
two required columns: id (a unique site identifier) and prop (the proportion of agents assigned to 
each site). 

In this example, we use the Isle of May as the sole starting location, specified by its geographic 
coordinates (longitude/latitude). Note that end_sites is not utilised in this the simulation, meaning 
the movement model assumes agents remain at their final locations once the simulation ends. As 
noted earlier, the site must be re- projected to the common UTM Zone 30N coordinate reference 
system. 

# location of colony in long/lat degrees - start/finish locations 
isle_may <- st_sf( 
  id = "Isle of May", 
  prop = 1, 
  geom = st_sfc(st_point(c(-2.5667, 56.1833))), 
  crs = 4326) 

# re-project to UTM 30N 
isle_may <- st_transform(isle_may, crs = utm30) 

In terms of bounding the entire simulation spatially, we’ve opted for a semi - arbitrary bounding box 
around the Isle of May that encompasses a large swathe of the North Sea and far to the west of the 
UK, which covers the bulk of the guillemot density maps. Note this a hard boundary in terms of 
simulations -  data outside this will have no influence. 

AoC <- st_bbox(c(xmin = 178831, ymin = 5906535,  xmax = 1174762, ymax = 6783
609), crs = st_crs(utm30)) 

Passing the above configuration inputs to ModelConfig() creates a <ModelConfig> object, which 
we assigned to guill_ibm_config: 

1 functionality to homogenise CRSs across spatial inputs during model initialization is expected to be 
implemented in {roamR} in the near future 



# IBM Settings - assume fixed for these simulations 

guill_ibm_config <- ModelConfig( 
  n_agents = 4, 
  ref_sys = utm30, 
  aoc_bbx = AoC, 
  delta_x = 1000, 
  delta_y = 1000, 
  delta_time = "1 day", 
  start_date = date("2025-07-01"), 
  end_date = date("2025-07-01") + 270, 
  start_sites = isle_may 
) 

class(guill_ibm_config) 
#> [1] "ModelConfig" 
#> attr(,"package") 
#> [1] "{roamR}" 

Driver information - specifying the environment 

Drivers define the environment that agents may interact with or respond, with each driver being 
specified via the Driver() function. The scope of these will be defined by the level of knowledge for 
the species in hand -  at the minimum the agents would not be responsive to the environment. Any 
environmental component that can/will be functionally linked to the animal’s behaviour (activity 
states or movement) or their energetics, must be included in the definition of the environment via the 
drivers. 

In this application to the common guillemot, the following drivers are required -  all provided as spatio-
temporal datacubes (2D rasters giving values for 𝑥, 𝑦 locations over 𝑡 times) so the agents can query 
their environment at any 𝑥, 𝑦, 𝑡: 

• Monthly species density surfaces, for both baseline and impacted scenarios (Buckingham et
al. (2023)). These give monthly density predictions around the UK at a 10 sq- km resolution
(with bootstrap uncertainties).

• Monthly energy intake maps (kJ/h), for both baseline and impacted scenarios based on
density maps above, and conspecifics (other Guillemots, refer below).

• Monthly average Sea Surface Temperature (SST) maps (National Oceanic and Atmospheric
Administration/NOAA here).

{roamR} enforces a strict requirement that all input variables be accompanied by appropriate 
measurement units. This ensures that all computations performed during simulation are unit - aware, 
allowing for accurate operations and conversions. 

We begin by uploading these datacubes, assigning measurement units where they are missing.  

# driver spatial surfaces 

spec_map <- readRDS("data/bioss_spec_map.rds") |> 
 mutate(density =  units::set_units(density, "counts")) 

https://downloads.psl.noaa.gov/Datasets/noaa.oisst.v2.highres/


spec_imp_map <- readRDS("data/bioss_spec_imp_map.rds") |> 
 mutate(density =  units::set_units(density, "counts")) 

intake_map <- readRDS("data/guill_energy_intake_map.rds") 

imp_intake_map <- readRDS("data/guill_impacted_energy_intake_map.rds") 

sst_map <- readRDS("data/bioss_sst_stars.rds") |> 
  mutate(sst =  units::set_units(sst, "degree_Celsius")) |> 
  stars::st_warp(crs = sf::st_crs(spec_map), threshold  = 20028) 

Next we specify the corresponding drivers, and stored the as a list of <Driver> objects. Collectively 
these define the environment the agents will move through. This is very flexible, and can comprise of 
coastal polygons, OWF footprints, prey- fields etc. Here we’re providing sea surface temperature 
animal density surfaces, and maps that reflect the energy Note here we’re adopting the density-
informed movement model (refer guidance document) which uses density maps for location 
preference. The feasible locations are defined by the density surfaces (so coast is implicit), and OWF 
are similarly implicit in the “impact” density surfaces, where OWF- sensitive agents avoid 
developments. 

Here the energetics maps reflect an Ideal Free Distribution (IFD) in the unimpacted case i.e.  the 
agent’s energy requirements are met on average -  their distribution reflects the underlying resource. 
The impacted energy maps reflect displacement from the OWF footprints, including the conspecifics, 
meaning a proportional reduction in the IFD due to competition from other guillemot e.g.  twice as 
many individuals means 1/2 the resource. 

# Set up IBM drivers 

dens_drv <- Driver( 
  id = "dens", 
  type = "resource", 
  descr = "species dens map", 
  stars_obj = spec_map, 
  obj_active = "stars" 
) 

dens_imp_drv <- Driver( 
  id = "dens_imp", 
  type = "resource", 
  descr = "species redist map", 
  stars_obj = spec_imp_map, 
  obj_active = "stars" 
) 

energy_drv <- Driver( 
  id = "energy", 
  type = "resource", 
  descr = "energy map", 
  stars_obj = intake_map, 
  obj_active = "stars" 
) 

imp_energy_drv <- Driver( 
  id = "imp_energy", 



  type = "resource", 
  descr = "energy impact map", 
  stars_obj = imp_intake_map, 
  obj_active = "stars" 
) 

sst_drv <- Driver( 
  id = "sst", 
  type = "habitat", 
  descr = "Sea Surface Temperature", 
  stars_obj = sst_map, 
  obj_active = "stars" 
) 

# store as list for initialisation 
guill_drivers <- list( 
  dens = dens_drv, 
  imp_dens = dens_imp_drv, 
  energy = energy_drv, 
  imp_energy = imp_energy_drv, 
  sst = sst_drv 
) 

Species information - properties that inform individual agents 

Species- level information is defined using the Species() function, which depends on a set of input 
objects. For clarity and modularity, these inputs should be prepared and specified beforehand.  

State profiles 

We begin by defining the behavioural states to include in the model. Each state represents a specific 
activity, characterized by parameters such as energy expenditure, time allocation, and movement 
speed. 

States are created using the State() function. {roamR} supports flexible specification of state 
properties, allowing the incorporation of stochastic variation at both the population and individual 
(agent) level. 

Here we include 4 states: 

• flying

• diving

• active on water (i.e. swimming)

• inactive on water (i.e. resting)

We start with the ‘flight’ state. For the current simulation, we assume the energetic cost of flying for 
each agent varies throughout the simulation, following a Normal distribution with mean 507.6 kJ/h 
and standard deviation of237.6 kJ/h. The source for these figures are Elliott et al. (2013).  



Stochasticity can enter in various ways, here we specify the average speed of each agent to be fixed 
over the simulation (e.g. we’re implying relatively fast/slow animals), with agents speeds drawn from 
a uniform distribution, as specified below. 

# user-defined function returning the energy cost of flying 
flight_cost_fn <- function(mean, sd){ 
  e <- rnorm(1, mean, sd) 
  (max(e, 1)) |> 

 units::set_units("kJ/h") 
} 

flight <- State( 
  id = "flight", 
  energy_cost = VarFn( 

 flight_cost_fn, 
 args_spec = list(mean = 507.6, sd = 237.6), 
 units = "kJ/hour" 
 ), 

  time_budget = VarDist(0.056, "hours/day"), 
  speed = VarDist(dist_uniform(10, 20), "m/s") 
) 

The state representing the ‘diving’ activity (Elliott et al. 2013) as energy output contingent on the 
amount of diving. Here we are performing day- level calculations, meaning we are far from simulating 
at the dive level, and can use a mean dive- length without loss of generality. This is t_dive and 
populated later from tag information. 

𝑒 = 3.71
∑ (1 − 𝑒−𝑇𝑖/1.23)𝑖

∑ 𝑇𝑖𝑖

Where 𝑇𝑖  is the dive length of dive 𝑖 in minutes. 

# define costing function 
dive_cost_fn <- function(t_dive, alpha_mean, alpha_sd){ 
  alpha <- rnorm(1, alpha_mean, alpha_sd) 
  (max(alpha*sum(1-exp(-t_dive/1.23))/sum(t_dive)*60, 1)) |> 

 units::set_units("kJ/h") 
} 

# Construct <State> object 
dive <- State( 
  id = "diving", 
  energy_cost = VarFn( 

 dive_cost_fn, 
 args_spec = list(t_dive = 1.05, alpha_mean = 3.71, alpha_sd = 1.3), 
 units = "kJ/hour" 
 ), 

  time_budget = VarDist(3.11, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 

State representing ‘active on water’ (Buckingham et al. 2023) is a linear function in SST:  

𝑒 = 𝑎 − (𝑏 ∗ 𝑆𝑆𝑇)



where 𝑎 has a mean of 113 and SD of 22. 𝑏 is a constant of 2.75. 

active_water_cost_fn <- function(sst, int_mean, int_sd){ 
  int <- rnorm(1, int_mean, int_sd) 
  (max(int-(2.75*sst), 1)) |> 

 units::set_units("kJ/h") 
} 

# Construct <State> object 
active <- State( 
  id = "active_on_water", 
  energy_cost = VarFn( 

 active_water_cost_fn, 
 args_spec = list(sst = "driver", int_mean = 113, int_sd = 22), 
 units = "kJ/hour" 

  ), 
  time_budget = VarDist(10.5, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 

State for ‘inactive on water’ (Buckingham et al. 2023), follows the same linear function in SST, but 
where 𝑎 has a mean of 72.2 and SD of 22. 𝑏 is similarly constant at 2.75. 

inactive_water_cost_fn <- function(sst, int_mean, int_sd){ 
  int <- rnorm(1, int_mean, int_sd) 
  (max(int-(2.75*sst), 1)) |> 

 units::set_units("kJ/h") 
} 

inactive <- State( 
  id = "inactive_on_water", 
  energy_cost = VarFn( 

 active_water_cost_fn, 
 args_spec = list(sst = "driver", int_mean = 72.2, int_sd = 22), 
 units = "kJ/hour" 

  ), 
  time_budget = VarDist(10.3, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 

These are combined to give a list covering all states: guill_states: 

guill_states <- list( 
  flight = flight, 
  dive = dive, 
  active = active, 
  inactive = inactive 
) 



Driver Responses 

In this section, we define species- level, agent- specific responses to the environmental drivers 
introduced and defined earlier. For the guillemot model, we assign the density drivers -  identified as 
"dens" (baseline) and "dens_imp" (impacted) -  as the primary determinants of agent movement 
(density maps as per Buckingham et al. (2022)). For each scenario, we also specify the probability 
that an agent is influenced by the respective driver. In the baseline case, all agents “respond” to the 
density map for their movement. For driver "dens_imp",  this probability reflects how likely an agent 
is to respond to a OWF installation (Peschko et al. 2024) -  hence their influence map differs. 

resp_dens <- DriverResponse( 
  driver_id = "dens", 
  movement = MoveInfluence( 

 prob = VarDist(distributional::dist_degenerate(1)), 
 type = "attraction", 
 mode = "cell-value", 
 sim_stage = "bsln" 

  ) 
) 

resp_imp_dens <- DriverResponse( 
  driver_id = "dens_imp", 
  movement = MoveInfluence( 

 prob = VarDist(distributional::dist_normal(0.67, sd = 0.061)), 
 type = "attraction", 
 mode = "cell-value", 
 sim_stage = "imp" 

  ) 
) 

Create the <Species> object 

In addition to the parameters defined above, we set the remaining species- level properties, including 
the body mass distribution (used to initialise each agent’s body mass) and the energy - to- mass 
conversion rate (Dunn et al. 2022), which is assumed constant across agents and simulated time 
steps. The distribution of body mass at start of breeding season was drawn/inferred (Harris & 
Wanless 1988, F. Daunt, pers. comm.,  2025) . 

guill <- Species( 
  id = "guill", 
  common_name = "guillemot", 
  scientific_name = "Uria Aalge", 
  body_mass_distr = VarDist(dist_normal(mean = 929, sd = 56), "g"), 
  energy_to_mass_distr = VarDist(0.072, "g/kJ"), 
  states_profile = guill_states, 
  driver_responses = list(resp_dens, resp_imp_dens) 
) 



Setting up and running the IBM 

Now the key components of the IBM have been specified, {roamR} can be used for the initialisation 
and running of the simulations. 

Initialisation 

The initialisation stage performs two main tasks prior to running: 

• The checking of inputs for conformity, some adjustments (e.g.  clipping to the AoC) and
derivation of vector fields where needed.

• The generation the n_agents as indicated in the model config object.

set.seed(1009) 

guill_ibm <- xfun::cache_rds({ 
  rmr_initiate( 
  model_config = guill_ibm_config, 
  species = guill, 
  drivers = guill_drivers 
) 

}) 

Running the simulation 

The running of the simulation involves moving each of the initialised agents through the defined 
environment, with monitoring of their condition through time and determining their responses to 
these. Parallelisation is dealt with (and assumed to be generally used) such that individual agents are 
piped out to independent threads of calculation -  hence the speed of a simulation is a function of the 
number of cores available2. 

Much of the parameterisation and data from previous sections are encapsulated within the ibm object 
(guill_ibm) passed to the simulation. Several additional parameters as per documentation can be 
entered here as needed. Here we specify:  

• What state(s) are feeding states or resting states -  the state- balancing calculations (refer to
main documentation) will increase/decrease these as required

• feed_avg_net_energy the average net energy per unit feeding -  here a tuning parameter,
calculable directly as the energy required to balance the energetics equations for an average
agent.

• target_energy the objective of the state rebalancing in terms of daily energy (refer to main
documentation). This controls the extent agents change their feeding behaviour in response
to feeding success -  low success means more feeding the following day. This is expressed as

2 The furrr package handles the parallelisation 



a target daily net energy, which here is a modest positive value, based on empirical results of 
body mass at the start and end of the non- breeding season (pers. comm. F. Daunt 2025). 

• smooth_body_mass a use- defined function to convert energy time- series to mass. Here
mass deposition occurs as a function of the preceding 7 days energy intake (pers. comm. J.
Green, 2025).

plan(multisession, workers = 2) 

guill_results <- xfun::cache_rds({ 
  run_disnbs( 
  ibm = guill_ibm, 
  run_scen = "baseline-and-impact", 
  dens_id = "dens", 
  intake_id = "energy", 
  imp_dens_id = "dens_imp", 
  imp_intake_id = "imp_energy", 
  feed_state_id = "diving", 
  roost_state_id = "inactive_on_water", 
  feed_avg_net_energy = units::set_units(422, "kJ/h"), 
  target_energy = units::set_units(1, "kJ"), 
  smooth_body_mass = bm_smooth_opts(time_bw = "7 days"), 
  waypnts_res = 1000, 
  seed = 1990 
) 

}) 

plan(sequential) 

Digesting the results 

{roamR} records an extensive amount of information from its running and monitoring of the agents. 
The primary output is a list, with one element for each agent. The stored agents consist of three main 
components (each their own class, as per the package schema):  

• properties -  were drawn/set at the initialisation of the simulation from the species
definition, remain constant throughout

• condition -  the specific condition of the agent at any point in the simulation. This will be the
final condition at when the simulation completes.

• history -  a detailed record of elements of the agent’s condition throughout the simulation.
Spatiotemporally stamped, and includes post- processed energy- to- mass conversions.

These form the basis of any downstream calculations based on the simulation outputs. When there 
are impact scenarios in play, there will be more than one such list, with agents paired over the impact 
scenarios e.g. baseline versus impact. 

We can examine the agent’s simulation histories directly -  here we have two scenarios, each 
containing a number of agents:  



# two scenarios 
  names(guill_results) 
#> [1] "agents_bsln" "agents_imp" 

# several agents within each 
  length(guill_results$agents_bsln) 
#> [1] 4 

# one agents history 
str(guill_results$agents_bsln[[1]]@history) 
#> Classes 'sf' and 'data.frame':  272 obs. of  15 variables: 
#>  $ timestep  : int  0 1 2 3 4 5 6 7 8 9 ... 
#>  $ timestamp  : POSIXct, format: NA "2025-07-01" .
.. 
#>  $ track_id  : int  0 1 1 1 1 1 1 1 1 1 ... 
#>  $ body_mass  : Units: [g] num  893 843 824 860 78
7 ... 
#>  $ body_mass_smooth  : Units: [g] num  NA 841 841 842 842 
... 
#>  $ states_budget.flight  : num  0.00234 0.0025 0.00243 0.0025
7 0.00229 ... 
#>  $ states_budget.diving  : num  0.1298 0.0677 0.0941 0.0444 0
.1454 ... 
#>  $ states_budget.active_on_water  : num  0.438 0.469 0.456 0.481 0.43 
... 
#>  $ states_budget.inactive_on_water  : num  0.43 0.46 0.447 0.472 0.422 .
.. 
#>  $ states_unit_cost.flight  : Units: [kJ/h] num  0 -326 -580 -26
8 -380 ... 
#>  $ states_unit_cost.diving  : Units: [kJ/h] num  0 -176.8 -210.4 
-138.4 -87.9 ...
#>  $ states_unit_cost.active_on_water  : Units: [kJ/h] num  0 -108.2 -100.6 
-76.2 -118.9 ...
#>  $ states_unit_cost.inactive_on_water: Units: [kJ/h] num  0 -64.9 -29.3 -
47.7 -49.5 ... 
#>  $ energy_expenditure  : Units: [kJ] num  0 -684 -952 -449 
-1472 ...
#>  $ geometry  :sfc_POINT of length 272; first list 
element:  'XY' num  526896 6226565 
#> - attr(*, "sf_column")= chr "geometry"
#> - attr(*, "agr")= Factor w/ 3 levels "constant","aggregate",..: NA NA NA
NA NA NA NA NA NA NA ... 
#>  ..- attr(*, "names")= chr [1:14] "timestep" "timestamp" "track_id" "bod
y_mass" ... 



Comparing scenarios 

Here we extract the history from agents under the two scenarios for comparison. All agents over both 
scenarios are combined into one dataset. 

#> Simple feature collection with 2176 features and 19 fields 
#> Geometry type: POINT 
#> Dimension:  XY 
#> Bounding box:  xmin: 363772.8 ymin: 5958868 xmax: 1143527 ymax: 6746621 
#> Projected CRS: WGS 84 / UTM zone 30N 
#> First 10 features: 
#>  scenario agent timestep  timestamp track_id  body_mass body_mass_s
mooth 
#> 1  status-quo  1  0  <NA>  0 892.7471 [g]  N 

body mass traces 

We can examine a small number of agents graphically -  here their body mass histories as implied by 
the simulated energetics. Note {roamR} at its heart simulates energetics, so conversion functions 
from energy to mass are specified by the user. Here the primary conversion figure is from Dunn et al. 
(2022), relating energy to grams of body mass. 

p_bdm <- guill_history |> 
  ggplot() + 
  geom_line(aes(x = Date, y = body_mass_smooth, col = scenario), linewidth = 
1) +
scale_color_brewer(palette = "Set1") +
theme(legend.position = "bottom") +
facet_wrap(~agent, ncol = 2, scales = "free")

p_bdm 



Agent tracks 

Similarly movement tracks for select agents over time can be visualised, under the two impact 
scenarios. Here we separate by a property of the agent -  those that were assigned susceptibility to 
OWF in the agent initialisation -  recalling this was a stochastic specification at the species level. 

p_tracks <- guill_history |> 
  drop_na(timestamp) |> 
  filter(suscep == TRUE) |> 
  filter(agent == last(agent)) |> 
  ggplot() + 
  stars::geom_stars(data = spec_imp_map) + 
  geom_sf(aes(col = scenario)) + 
  scale_color_brewer(palette = "Set1") + 
  scale_fill_distiller(palette = "Greys", direction = 1) + 
  facet_wrap(~month, ncol = 3) + 
  labs(title = "Monthly movement tracks for a sensitive agent", subtitle = "
Status-quo Vs Impacted scenarios") 

p_tracks 





Use of counterfactals 

Quantification of the impact of the perturbation can be done on any of the defined agent condition 
(and/or history), but for consenting the utility is through EIAs that likely use:  

• Cumulative net energy

• Season- end body mass or mass change

• Distributions of activity/behavioural states

• Minimum body mass over the season

• Mortality

These are not single values, but distributions representing the variability in the simulated populations. 
While being directly informative at a population level (e.g.  the mean %- age of the population lost), the 
distributions are tangible for down- stream calculations. The most obvious application being in 
Population Viability Analyses (PVAs) that are frequently required in EIAs for consenting. There the 
counterfactuals may use: 

• Increases in mortality/proportional reductions in population size

• Relationships between body mass and reproductive success, to alter PVA demographic
parameters

For example, Natural England provide an R PVA toolset here nepva, frequently used in consenting, 
where the distributions of productivity can be specified under differing scenarios. The PVAs provide 
monte- carlo simulations of projected population sizes, which are matched (impact- to- baseline) to 
give population- level counterfactuals of impacts. The DisNBS simulations can be used to estimate 
these productivities. 

https://github.com/naturalengland/Seabird_PVA_Tool


Case study red throated divers Thames SPA 

Here we use {roamR} to simulate the movement and energetics for a population of common RTD 
(Gavia stellata) in the North Sea. For broad- scale details on the {roamR} package, refer to the general 
guide, with the general architecture and description (here). The simulations here cover the non-
breeding season (some 6- 7 months, from October to April) under two broad scenarios:  

• An environment free of Off- Shore Windfarms (OWFs) -  nominally the status quo

• An environment with many synthetic OWF developments

The overall intention is to quantify the effects of potential displacement from these developments, 
based on counter- factual comparisons of animal’s condition under these scenarios. In keeping with 
the architecture of the {roamR} package, the following main components will be populated:  

• IBM general settings (<ModelConfig>) sundry high- level controls for the simulation, such as
the number of agents, broad spatial boundaries, spatial projections, time- steps, start & finish
dates.

• Species- level information (<Species>) such as distributions governing initial body mass,
what behavioural states are possible, movement parameters, and how agents respond to their
environment e.g. avoidance of windfarms or landmass, costs associated with activity.

• Drivers (<Driver>) descriptions/data that define the environment that agents may interact
with or respond to e.g. sea surface temperatures, locations of windfarms, coastlines, prey
fields etc.

The extent to which these can be populated will obviously vary, with the red- throated chosen here as 
a population which is not well quantified i.e. there is little detail in the inputs required to simulated 
them. {roamR} is intentionally general and has substantial functionality that will not be used in a 
simulation. We will populate various elements of the simulation in turn, before turning to running the 
simulation and post- processing the results. 

Input data 

The following {roamR} elements will be populated, noting that some have very little detail:  

• Density maps

• SST

• Activity data

• Energetics

• Bodyweight

• Bodymass conversion

which will be a) described in detail and b) specified in {roamR} forms in the following sections. 
{roamR} can be run with very little data, with the results being correspondingly less informative and 
more stochastic. 

https://dmpstats.github.io/roamR/articles/roamR-guide.html


IBM configuration 

The broad configuration of the IBM is specified via the function ModelConfig().In the interest of 
speed, the example simulation here will not be large in terms of the number of agents to run -  we’ll opt 
for few agents (n_agents), whereas a typical run would be 1000s. The non- breeding season for 
these animals runs from approximately start of October for 6 months (start_date,  end_date). 
We’ll opt for a uniform 1km^2 spatial resolution (x_delta,  y_delta) and have everything operate on 
the UTM 30N coordinate system (ref_sys). This will be the basis of ingesting and aligning the 
general spatial inputs. Note: the package currently requires all spatial inputs (e.g.  density maps) to be 
provided in a common CRS projection 3. The {sf} package is generally used for dealing with spatial 
data (and the interlinked {stars} package for spatio- temporal). 

Replicating the data inputs that were required for the guillemot test case, for RTD, the inputs consist 
of: 

• Density map(s) -  this is a single layer for RTD (in contrast to the time- varying data- cube of
guillemot) and provided by BioSS

• Activity budgets -  these are from tag data Duckworth (2023)

• SST -  as required by the energetics equations (sourced from NOAA)

• Energetics functions -  as described in Duckworth (2023)

• Bounding polygon -  in contrast to the Isle of May guillemot, there is no specific colony site
and they are treated as emanating generally from within the Thames SPA

• Initial body- weight distribution -  as described in Duckworth (2023)

• Intake energy -  also described in Duckworth (2023)

• Windfarm positions -  as for the Isle of May guillemot, synthetic OWF created by
Biomathematics and Statistics Scotland (BioSS)

3 functionality to homogenise CRSs across spatial inputs during model initialization is expected to be 
implemented in {roamR} in the near future ## Overview 



Defining the scenario 

The focus here is on red throated divers (RTD) in the North Sea over their non- breeding season, and 
specifically those associated with the Thames estuary SPA. This species/population has been chosen 
specifically for its relative lack of information compared to the Isle of May (IoM) guillemot. 

Initial bird locations 

These are relatively vaguely defined and will be treated as random within the SPA. This has been 
provided by BioSS as a set of spatial polygons in the British National Grid coordinate system. We first 
define this in our chosen coordinate system and in a form suitable for {roamR}: specifically as an sf 
object with a prop variable that gives the proportion of the population associated with this feature 
(here 1, meaning it is the only descriptor of starting locations) -  this is part of the ModelConfig and 
described within its helpfile. 

SPA <- readRDS("data/SPA/SPA_poly_BNG.rds") 

# Set UTM zone 30N 
utm30 <- st_crs(32630) 

thames_spa <- st_sf( 
  id = "Thames SPA", 
  prop = 1, 
  geom = st_as_sfc(SPA) 
) 

thames_spa <- st_transform(thames_spa, utm30) 

Density map 

The simulations require a density map giving the spatial distribution of animals. This can be a 
constant in the most uninformative case, and need only be relative densities. Here we have predicted 
densities sourced from Joint Nature Conservation Committee (JNCC). These are spatial rasters 
represented as stars objects -  noting {roamR} is built on sf and stars for handling spatial 
information, with the latter being particularly useful for spatiotemporal datacubes. We also include a 
density map that excludes the OWF, as our movement model for this simulation is density - based, and 
these are areas that may be avoided depending on agent’s properties.  

dens <- readRDS("data/processed_dens_maps/RTD_dens.rds") 
dens_imp <- readRDS("data/processed_dens_maps/RTD_dens_clipped.rds") 

All these data can be placed in the context of the broader synthetic OWF scenario that also 
encompassed the IoM guillemot example, which emphasises the much smaller scope of this example.  

owf <- st_read("data/Synthetic Polygons/") |> 
  st_transform(crs = utm30) 
#> Reading layer `Synthetic_North_Sea_OWF_2030_polygons' from data source 
#>  `C:\Users\stats\github\{roamR}\vignettes\articles\data\Synthetic Polygo
ns' 
#>  using driver `ESRI Shapefile' 



#> Simple feature collection with 177 features and 1 field 
#> Geometry type: POLYGON 
#> Dimension:  XY 
#> Bounding box:  xmin: -260039 ymin: -4247973 xmax: 697071.5 ymax: -3160672 
#> Projected CRS: North_Pole_Lambert_Azimuthal_Equal_Area 

load("data/coastline_sp.rda") 

coastline_sp <- st_as_sf(coastline_sp) |> 
  st_transform(utm30) 

dens_plot <- ggplot() + 
  geom_stars(data = dens) + 
  scale_fill_viridis_c() 

dens_plot + 
  geom_sf(data = owf, fill = "lightblue") + 
  geom_sf(data = coastline_sp) 

Focusing on the data in hand, we restrict attention to our SPA and density map -  which also defines a 
bounding box (the Area of Calculation -  AoC) for the simulation. The extent of the simulation is shown 
below, showing: 

4. The SPA where agents will begin the simulation (white polygons)

5. The synthetic OWF (blue rectangles)

6. The underlying RTD density



The density map constrains the simulation -  agents will not move beyond this. 

AoC <- st_bbox(dens) 

owf_aoc <- st_crop(owf, AoC) 

coast_aoc <- st_crop(coastline_sp, AoC) 

dens_aoc <- st_crop(dens, AoC) 

spa_aoc <- st_crop(thames_spa, AoC) 

dens_plot + 
  geom_sf(data = owf_aoc, fill = "lightblue") + 
  geom_sf(data = coast_aoc, fill = "lightgreen", alpha = 0.2) + 
  geom_sf(data = spa_aoc, fill = "white", col = "white", alpha = 0.1) 



Defining the model configuration 

Passing the above configuration inputs to ModelConfig() creates a <ModelConfig> object, which 
we assign to rtd_ibm_config. This is similar to the IoM guillemots, with 1km^2 resolution, and day-
level evaluations, albeit for a shorter period and more restricted area.  

# IBM Settings - assume fixed for these simulations 

rtd_ibm_config <- ModelConfig( 
  n_agents = 4, 
  ref_sys = utm30, 
  aoc_bbx = AoC, 
  delta_x = 1000, 
  delta_y = 1000, 
  delta_time = "1 day", 
  start_date = date("2025-10-01"), 
  end_date = date("2025-10-01") + 180, 
  start_sites = spa_aoc 
) 

class(rtd_ibm_config) 
#> [1] "ModelConfig" 
#> attr(,"package") 
#> [1] "{roamR}" 

Driver information - specifying the environment 

Drivers define the environment that agents may interact with or respond, with each driver being 
specified via the Driver() function. The scope of these will be defined by the level of knowledge for 
the species in hand. Any environmental component that can/will be functionally linked to the animals 
behaviour (activity states or movement) or their energetics, must be included in the definition of the 
environment via the drivers. 

In this application to the common RTD, the following drivers are required -  all provided as spatio-
temporal datacubes (2D rasters giving values for 𝑥, 𝑦 locations over 𝑡 times) so the agents can query 
their environment at any 𝑥, 𝑦, 𝑡. Note here for RTD, there is limited information and {roamR} will 
accept temporally invariant information: 

• Species density surfaces, for both baseline and impacted scenarios.

• Energy intake maps (kJ/h), for both baseline and impacted scenarios.

• Monthly average Sea Surface Temperature (SST) maps.

{roamR} enforces a strict requirement that all input variables be accompanied by appropriate 
measurement units. This ensures that all computations performed during simulation are unit - aware, 
allowing for accurate operations and conversions. We begin by uploading these datacubes, assigning 
measurement units where they are missing. Energy maps here are derived from figures in Duckworth 
(2023). 

# driver spatial surfaces 



spec_map <- dens |> 
 rename(density = RTD) |> 
 mutate(density =  units::set_units(density, "counts")) 

spec_imp_map <- dens_imp$d |> 
 rename(density = RTD) |> 
 mutate(density =  units::set_units(density, "counts")) 

intake_map <- spec_map |> 
  mutate(energy_intake = if_else(is.na(density), NA, runif(1, 322, 344)), 

 energy_intake = units::set_units(energy_intake, "kJ/h")) |> 
  select(-density) 

sst_map <- readRDS("data/bioss_sst_stars.rds") |> 
  mutate(sst =  units::set_units(sst, "degree_Celsius")) |> 
  stars::st_warp(crs = sf::st_crs(spec_map), threshold  = 20028) 

Next we specify the corresponding drivers, and store as a list of <Driver> objects. Collectively these 
define the environment the agents will move through. This is very flexible, and might have consisted 
of coastal polygons, OWF footprints, prey- fields etc. Here the feasible locations are defined by the 
density surfaces (so coast is implicit), and OWF are implicit in the “impact” density surfaces.  

# Set up IBM drivers 

dens_drv <- Driver( 
  id = "dens", 
  type = "resource", 
  descr = "species dens map", 
  stars_obj = spec_map, 
  obj_active = "stars" 
) 

dens_imp_drv <- Driver( 
  id = "dens_imp", 
  type = "resource", 
  descr = "species redist map", 
  stars_obj = spec_imp_map, 
  obj_active = "stars" 
) 

energy_drv <- Driver( 
  id = "energy", 
  type = "resource", 
  descr = "energy map", 
  stars_obj = intake_map, 
  obj_active = "stars" 
) 

sst_drv <- Driver( 
  id = "sst", 
  type = "habitat", 
  descr = "Sea Surface Temperature", 



  stars_obj = sst_map, 
  obj_active = "stars" 
) 

# store as list for initialisation 
rtd_drivers <- list( 
  dens = dens_drv, 
  imp_dens = dens_imp_drv, 
  energy = energy_drv, 
  imp_energy = imp_energy_drv, 
  sst = sst_drv 
) 

Species information - properties that inform individual agents 

Species- level information is defined using the Species() function, which depends on a set of input 
objects. For clarity and modularity, these inputs should be prepared and specified beforehand.  

State profiles 

We begin by defining the behavioural states to include in the model. Each state represents a specific 
activity, characterized by parameters such as energy expenditure, time allocation, and movement 
speed. 

States are created using the State() function. {roamR} supports flexible specification of state 
properties, allowing the incorporation of stochastic variation at both the population and individual 
(agent) level. 

Here we include 5 states: 

• flying

• foraging

• active on water

• resting

• swimming

Tag data was sourced from Duckworth (2023), noting that some initial information on the proportion 
of time needs to be allocated for each of the states (and can be specified as being stochastic). A 
fundamental element of {roamR} is that the agents will alter this activity budget in response to their 
energy requirements through the simulation. The following summary statistics are used as initial 
budgets for each of the state specifications. 

activity_summary <- activity_data |> 
  rename(swimming = `Time Swim (h)`, 

 active_on_water = `Time Active on Water (h)`, 
 resting = `Time Rest (h)`, 
 foraging = `Time Forage (h)`, 
 flying = `Time Flight (h)`) |> 



  summarise(swimming = mean(swimming), 
 active = mean(active_on_water), 
 resting = mean(resting), 
 foraging = mean(foraging), 
 flying = mean(flying)) 

activity_summary 
#> # A tibble: 1 × 5 
#>  swimming active resting foraging flying 
#>  <dbl>  <dbl>  <dbl>  <dbl>  <dbl> 
#> 1  8.11  7.61  5.66  2.56 0.0662 



Energetics functions 

All defined states must have their energetic implications specified. {roamR} allows these to be user-
defined, and can be functions of properties of the agent, or the environment. The total energetics 
(that describe the Daily Energetic Expenditure -  DEE) for the RTD are based on Duckworth (2023). The 
DEE here is a function of activity, time, body mass and water temperature (so also location). There are 
some recurrent elements of the energy equations, which are described prior to the state- specific 
equations. 

The Basal Metabolic Rate (BMR) is integral to all calculations, and here is an average of two equations 
(Duckworth (2023)):  

𝐵𝑀𝑅𝑎 = 18.8 × 4.05𝑀0.79/1000

𝐵𝑀𝑅𝑏 = 3.201 × 𝑀0.719/24

𝐵𝑀𝑅 = (𝐵𝑀𝑅𝑎 + 𝐵𝑀𝑅𝑏)/2

This is solely a function of body mass, as seen below:  

bmr_fn <- function(M){ 
  bmr_a <- 18.8*4.05*M^(0.79)/1000 
  bmr_b <- 3.201*M^(0.719)/24 
  (bmr_a + bmr_b)/2 
} 

m_vect <- seq(1500, 2500, length = 100) 

plot_df <- tibble(mass = m_vect, bmr = bmr_fn(m_vect)) 

ggplot(data = plot_df, aes(x = mass, y = bmr)) + 
  geom_point(col = 'blue', alpha = 0.6) + 
  geom_line(col = 'blue', alpha = 0.6) + 
  theme_light() 



The Lower Critical Temperature (LCT) is also recurrent in calculations, being a function of body mass, 
and providing a temperature (C) below which additional energy costs apply:  

𝐿𝐶𝑇 = 47.2𝑀−0.18 

This is similarly solely a function of body mass and provides a temperature threshold for later 
equations, for any state that has water contact (i.e. not flying). 

lct_fn <- function(M) { 
  47.2*M^-0.18 
} 

m_vect <- seq(1500, 2500, length = 100) 

plot_df <- tibble(mass = m_vect, lct = lct_fn(m_vect)) 

ggplot(data = plot_df, aes(x = mass, y = lct)) + 
  geom_point(col = 'blue', alpha = 0.6) + 
  geom_line(col = 'blue', alpha = 0.6) + 
  ylab("LCT (C)") + 
  theme_light() 



We now define each of the state energetics and populate the associated State for the simulation. 



Flight 

Flight is a simple multiplier of the BMR (kJ/hr) -  in essence a little more than 12 times the base 
metabolic rate. 

𝐸𝑓𝑙𝑖𝑔ℎ𝑡 = 12.5𝐵𝑀𝑅 

Defined as a state within {roamR},  noting units, initial time budget and speed are defined. Speed here 
is based on Pennycuick, Akesson, and Hedenström (2013), but not expected to be influential given the 
day- scale simulations and low levels of flying time. 

# user-defined function returning the energy cost of flying 
flight_cost_fn <- function(mass){ 

  bmr_a <- 18.8*4.05*mass^(0.79)/1000 
  bmr_b <- 3.201*mass^(0.719)/24 
  bmr <- (bmr_a + bmr_b)/2 

  12.5*bmr |> 
 units::set_units("kJ/h") 

} 

flight <- State( 
  id = "flight", 
  energy_cost = VarFn( 

 flight_cost_fn, 
 args_spec = list(mass = "body_mass"), 
 units = "kJ/hour" 
 ), 

  time_budget = VarDist(0.0662, "hours/day"), 
  speed = VarDist(dist_normal(20.6, 1.47), "m/s") 
) 

Foraging 

Foraging is a function of body mass and water temperature. Given water contact, the LCT previously 
described applies, and the additional cost associated with these low temperatures higher than later 
states, given it included full submersion. 

𝐸𝑓𝑜𝑟𝑎𝑔𝑒 = {
𝑆𝑆𝑇 ≥ 𝐿𝐶𝑇, 5.1𝐵𝑀𝑅

𝑆𝑆𝑇 < 𝐿𝐶𝑇, 5.1𝐵𝑀𝑅 + 3.47𝑀(𝐿𝐶𝑇 − 𝑆𝑆𝑇)𝑀−0.573

Defined for {roamR} we have the following state, with low travel distance assumed. 

# define costing function 
forage_cost_fn <- function(mass, sst){ 

  bmr_a <- 18.8*4.05*mass^(0.79)/1000 
  bmr_b <- 3.201*mass^(0.719)/24 
  bmr <- (bmr_a + bmr_b)/2 
  lct <- 47.2*mass^-0.18 
  delta <- lct - sst 

  if_else(delta <= 0, 5.1*bmr, 5.1*bmr + 3.47*mass*delta*mass^(-0.573)) |> 
 units::set_units("kJ/h") 



} 

# Construct <State> object 
foraging <- State( 
  id = "foraging", 
  energy_cost = VarFn( 

 forage_cost_fn, 
 args_spec = list(sst = "driver", mass = "body_mass"), 
 units = "kJ/hour" 
 ), 

  time_budget = VarDist(2.56, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 

Active on water 

The structure is similar to foraging, incorporating body mass and water temperature, but with lower 
cost implications -  notably with regards the additional costs below the LCT, as the animal is not fully 
submerged. 

𝐸𝑎𝑐𝑡𝑖𝑣𝑒 = {
𝑆𝑆𝑇 ≥ 𝐿𝐶𝑇, 1.9𝐵𝑀𝑅

𝑆𝑆𝑇 < 𝐿𝐶𝑇, 1.9𝐵𝑀𝑅 + 1.532𝑀(𝐿𝐶𝑇 − 𝑆𝑆𝑇)𝑀−0.546

Defined for {roamR} we have the following state, with low travel distance assumed. 

active_water_cost_fn <- function(sst, mass){ 

  bmr_a <- 18.8*4.05*mass^(0.79)/1000 
  bmr_b <- 3.201*mass^(0.719)/24 
  bmr <- (bmr_a + bmr_b)/2 
  lct <- 47.2*mass^-0.18 
  delta <- lct - sst 

  if_else(delta <= 0, 1.9*bmr, 1.9*bmr + 1.532*mass*delta*mass^(-0.546)) |> 
 units::set_units("kJ/h") 

} 

# Construct <State> object 
active <- State( 
  id = "active_on_water", 
  energy_cost = VarFn( 

 active_water_cost_fn, 
 args_spec = list(sst = "driver", mass = "body_mass"), 
 units = "kJ/hour" 

  ), 
  time_budget = VarDist(7.61, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 



Swimming 

Structures for the remaining states are similar, with changing BMR multipliers. Note the parameters 
are hard- coded, but as functions, could be abstracted out as parameters if beneficial.  

𝐸𝑠𝑤𝑖𝑚𝑚𝑖𝑛𝑔 = {
𝑆𝑆𝑇 ≥ 𝐿𝐶𝑇, 3.5𝐵𝑀𝑅

𝑆𝑆𝑇 < 𝐿𝐶𝑇, 3.5𝐵𝑀𝑅 + 1.532𝑀(𝐿𝐶𝑇 − 𝑆𝑆𝑇)𝑀−0.546

Defined for {roamR} we have the following state, with low travel distance assumed. 

swim_cost_fn <- function(sst, mass){ 

  bmr_a <- 18.8*4.05*mass^(0.79)/1000 
  bmr_b <- 3.201*mass^(0.719)/24 
  bmr <- (bmr_a + bmr_b)/2 
  lct <- 47.2*mass^-0.18 
  delta <- lct - sst 

  if_else(delta <= 0, 3.5*bmr, 3.5*bmr + 1.532*mass*delta*mass^(-0.546)) |> 
 units::set_units("kJ/h") 

} 

swimming <- State( 
  id = "swimming", 
  energy_cost = VarFn( 

 swim_cost_fn, 
 args_spec = list(sst = "driver", mass = "body_mass"), 
 units = "kJ/hour" 

  ), 
  time_budget = VarDist(8.11, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 

Resting 

The resting structure is similar, but with the lowest BMR multipliers.  

𝐸𝑟𝑒𝑠𝑡𝑖𝑛𝑔 = {
𝑆𝑆𝑇 ≥ 𝐿𝐶𝑇, 1.4𝐵𝑀𝑅

𝑆𝑆𝑇 < 𝐿𝐶𝑇, 1.4𝐵𝑀𝑅 + 1.532𝑀(𝐿𝐶𝑇 − 𝑆𝑆𝑇)𝑀−0.546

Defined for {roamR} we have the following state, with low travel distance assumed. 

rest_cost_fn <- function(sst, mass){ 

  bmr_a <- 18.8*4.05*mass^(0.79)/1000 
  bmr_b <- 3.201*mass^(0.719)/24 
  bmr <- (bmr_a + bmr_b)/2 
  lct <- 47.2*mass^-0.18 
  delta <- lct - sst 

  if_else(delta <= 0, 1.4*bmr, 1.4*bmr + 1.532*mass*delta*mass^(-0.546)) |> 
 units::set_units("kJ/h") 

} 



resting <- State( 
  id = "resting", 
  energy_cost = VarFn( 

 rest_cost_fn, 
 args_spec = list(sst = "driver", mass = "body_mass"), 
 units = "kJ/hour" 

  ), 
  time_budget = VarDist(5.66, "hours/day"), 
  speed = VarDist(dist_uniform(0, 1), "m/s") 
) 

Species definition 

The five states are completely defined and will be passed to the species definition as a list:  

rtd_states <- list( 
  flight = flight, 
  foraging = foraging, 
  active = active, 
  resting = resting, 
  swimming = swimming 
) 

resp_dens <- DriverResponse( 
  driver_id = "dens", 
  movement = MoveInfluence( 

 prob = VarDist(distributional::dist_degenerate(1)), 
 type = "attraction", 
 mode = "cell-value", 
 sim_stage = "bsln" 

  ) 
) 

In addition to the parameters defined above, we set the remaining species- level properties, including 
the body mass distribution (used to initialise each agent’s body mass) and the energy - to- mass 
conversion rate, which is assumed constant across agents and simulated time steps. All figures are 
derived from Duckworth (2023). 

rtd <- Species( 
  id = "rtd", 
  common_name = "red throated diver", 
  scientific_name = "Gavia stellata", 
  body_mass_distr = VarDist(dist_normal(mean = 2000, sd = 160), "g"), 
  energy_to_mass_distr = VarDist(1/38, "g/kJ"), 
  states_profile = rtd_states, 
  driver_responses = list(resp_dens, resp_imp_dens) 
) 



Setting up and running the IBM 

Now the key components of the IBM have been specified, {roamR} can be used for the initialisation 
and running of the simulations. 

Initialisation 

The initialisation stage performs two main tasks prior to running: 

• The checking of inputs for conformity, some adjustments (e.g.  clipping to the AoC) and
derivation of vector fields where needed.

• The generation the n_agents as indicated in the model config object.

set.seed(1009) 

rtd_ibm <- xfun::cache_rds({ 
  rmr_initiate( 
  model_config = rtd_ibm_config, 
  species = rtd, 
  drivers = rtd_drivers 
) 

}) 

Running the simulation 

The running of the simulation involves moving each of the initialised agents through the defined 
environment, with monitoring of their condition through time and determining their responses to 
these. Parallelisation is dealt with (and assumed to be generally used) such that individual agents are 
piped out to independent threads of calculation. The furrr package handles the parallelisation, and 
usually the number of workers is slightly less than those available to allow scope for other tasks 
without saturating the computer. 

Much of the parameterisation and data from previous sections are encapsulated within the ibm object 
(rtd_ibm) passed to the simulation. Several additional parameters as per documentation can be 
entered here as needed. Here we specify:  

• What state(s) are feeding states or resting states -  the state- balancing calculations (refer
main documentation) will increase/decrease these as required

• feed_avg_net_energy the average net energy per unit feeding -  here a tuning parameter,
calculable directly as the energy required to balance the energetics equations for an average
agent.

• target_energy the objective of the state rebalancing in terms of daily energy. Here a
modest increase is attempted, based on figures indicating a modest gain over the non-
breeding season.

• smooth_body_mass a use- defined function to convert energy time- series to mass. Here
mass deposition occurs as a function of the preceding 7 days energy intake.



plan(multisession, workers = 2) 

rtd_results <- xfun::cache_rds({ 
  run_disnbs( 
  ibm = rtd_ibm, 
  run_scen = "baseline-and-impact", 
  dens_id = "dens", 
  intake_id = "energy", 
  imp_dens_id = "dens_imp", 
  imp_intake_id = "imp_energy", 
  feed_state_id = "foraging", 
  roost_state_id = "resting", 
  target_energy = units::set_units(0, "kJ"), 
  smooth_body_mass = bm_smooth_opts(time_bw = "7 days"), 
  waypnts_res = 1000, 
  seed = 1990 
) 

}) 

plan(sequential) 

#> 
#> ── Running the DisNBS Individual-Based Model ────────────────────────────
─────── 

#> ℹ Performing validation checks on inputs and underlying data.✔ Performing 
validation checks on inputs and underlying data. [106ms] 

#> ℹ Preparing and configuring data for simulation.✔ Preparing and configuri
ng data for simulation. [366ms] 

#> ℹ Simulating agents' journeys under the baseline-case scenario✔ Simulatin
g agents' journeys under the baseline-case scenario [25.9s] 

#> ℹ Simulating agents' journeys under the impact-case scenario✔ Simulating 
agents' journeys under the impact-case scenario [19.8s] 

#> ✔ Model simulation finished! 🛬 



Digesting the results 

{roamR} records an extensive amount of information from its running and monitoring of the agents. 
The primary output is a list, with one element for each agent. The stored agents consist of three main 
components (each their own class, as per the package schema):  

• properties -  were drawn/set at the initialisation of the simulation from the species
definition, remain constant throughout

• condition -  the specific condition of the agent at any point in the simulation. This will be the
final condition at when the simulation completes.

• history -  a detailed record of elements of the agent’s condition throughout the simulation.
Spatiotemporally stamped, and includes post- processed energy- to- mass conversions.

These form the basis of any downstream calculations based on the simulation outputs. When there 
are impact scenarios in play, there will be more than one such list, with agents paired over the impact 
scenarios e.g. baseline versus impact. 

We can examine the agent’s simulation histories directly -  here we have two scenarios, each 
containing a number of agents:  

# two scenarios 
  names(rtd_results) 

# several agents within each 
  length(rtd_results$agents_bsln) 

# one agents history 
rtd_results$agents_bsln[[1]]@history 

Comparing scenarios 

Here we extract the history from agents under the two scenarios for comparison. All agents over both 
scenarios are combined into one dataset. 

#> Simple feature collection with 728 features and 21 fields 
#> Geometry type: POINT 
#> Dimension:  XY 
#> Bounding box:  xmin: 787837 ymin: 5695519 xmax: 823623.1 ymax: 5841483 
#> Projected CRS: WGS 84 / UTM zone 30N 
#> First 10 features: 
#>  scenario agent timestep  timestamp track_id  body_mass body_mass_s
mooth 
#> 1  status-quo  1  0  <NA>  0 1896.420 [g]  N
A [g] 
#> 2  status-quo  1  1 2025-10-01  1 1854.315 [g]  1871.82 

Bodymass traces 



We can examine a small number of agents graphically -  here their body mass histories as implied by 
the simulated energetics. Note {roamR} at its heart simulates energetics, conversion functions from 
energy to mass are specified by the user. 

p_bdm <- rtd_history |> 
  ggplot() + 
  geom_line(aes(x = Date, y = body_mass_smooth, col = scenario), linewidth = 
1) +
scale_color_brewer(palette = "Set1") +
theme(legend.position = "bottom") +
facet_wrap(~agent, ncol = 2, scales = "free")

p_bdm 

Use of counterfactals 

Quantification of the impact of the perturbation can be done on any of the defined agent condition 
(and/or history), but for consenting the utility is through EIAs that likely use:  

• Cumulative net energy

• Season- end body mass or mass change

• Distributions of activity/behavioural states

• Minimum body- mass over the season

• (relatedly) Mortality



These are not single values, but distributions representing the variability in the simulated populations. 
While being directly informative at a population level (e.g.  the mean %- age of the population lost), the 
distributions are tangible for down- stream calculations. The most obvious application being in 
Population Viability Analyses (PVAs) that are frequently required in EIAs for consenting. There the 
counterfactuals may use: 

• Increases in mortality/proportional reductions in population size

• Relationships between body mass and reproductive success, to alter PVA demographic
parameters

For example, Natural England provide an R PVA toolset here nepva,, frequently used in consenting, 
where the distributions of productivity can be specified under differing scenarios. The PVAs provide 
monte- carlo simulations of projected population sizes, which are matched (impact- to- baseline) to 
give population- level counterfactuals of impacts. The DisNBS simulations can be used to estimate 
these productivities. 

https://github.com/naturalengland/Seabird_PVA_Tool
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