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ABSTRACT

For both developers and government licensing
organisations it is important to have the ability to
quantify spatially explicit change in the density
and/or distribution of animals in and around marine
renewables sites and, in particular, to identify if
change occurs near renewables devices [1]. The
publicly available MRSea package (Marine
Renewable Strategic environmental assessment) [2]
has recently been developed for analysing data
collected for assessing potential impacts of
renewable developments on marine wildlife,
although the methods contained in this package have
wide applicability.

As a part of work commissioned by Marine
Scotland, a number of candidate modelling methods
were critically compared and the Complex REgion
Spatial Smoother (CReSS) [3] with gpatially
adaptive knot placement using SALSA [4] was the
recommended approach due to its success at locating
spatially explicit impact-related change.  The
CReSS/SALSA approach was coupled with
Generalised Estimating Equations (GEEs), which
accommodate the spatial and temporal correlation
that is generally inherent in baseline monitoring and
impact assessment data.

We present the capabilities of MRSea using an
example data set from the package, which is based
on offshore data collected from an existing
renewables development. Specifically, we analyse a
scenario where the animals have re-distributed
across the study area between two time points,
before and after construction of an offshore wind
farm. We begin with correcting the observed counts
from the survey data for imperfect detection, fit a
spatial model with environmental covariates to the
corrected counts, assess the fit of the model, run
model diagnostics, make predictions and calculate
uncertainty about these predictions. Most
importantly for these applications, we identify
spatially explicit significant differences in animal
density before and after the construction.

INTRODUCTION
Previous assessment of the impact of renewable
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energy development has focused upon measuring
differences in animal abundance prior to and
following development. This approach suffered from
the disadvantages of a) attributing any potential
change to development as the causal agent, b) failing
to acknowledge other forces that influence animal
abundance and distribution and c) insensitivity to
more subtle changes in animal populations, e.g.
shifts in animal distribution to areas of habitat
quality different than prior to renewable
development.

The statistical issues to be addressed in assessing
animal population distribution and potential changes
to those distributions are subtle and complex. If
methods for addressing such questions were
straightforward, then methods would be universally
in use. However, such methods are at the leading
edge of statistical development.

This paper presents a new package MRSea,
which was developed specifically to tackle the
assessment of potential impacts of renewable
developments on marine wildlife, athough the
methods are applicable to other studies aswell. The
functions of this package can be used to analyse
segmented line transect data and nearshore vantage
point data and include model fitting, diagnostic tools
and non-parametric bootstrapping to estimate
uncertainty.

DATA

The data were simulated based on off-shore
survey data collected before an impact effect, for
example the construction of a wind-farm, hereafter
referred to as ‘the impact’. The impact effect was
then imposed which reduced animal numbers in the
impacted area and re-distributed these animals to the
south east of the study region (Figure 1).

Observed counts, with imperfect detection
imposed, were lifted from this surface in the form of
line-transects. This is the data set caled
di s. dat a. r e within the MRSea package.
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Figure 1 Simulated densities of birds (per kmz)
before impact (left) and after impact (right). The
grey star is the centre point of the impact and the
black triangle the centre point of redistribution.

CORRECTING FOR IMPERFECT DETECTION

We use distance sampling methods [5] to adjust
the observed counts for imperfect detection.
Specificaly a half-norma detection function was
fitted to the raw data. Figure 2 shows the adjusted

counts.
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Figure 2 Mean bird counts estimated from a
distance sampling analysis before (left) and after
(right) the impact.

MODEL SPECIFICATION

The data are over dispersed counts and were
therefore modelled using a quasi-poisson error
structure. The covariates available were depth,
season (factor; 1:4), impact (factor; 0/1) and a spatial
term (x,y). To alow for are-distribution of animals
a gpatia-impact interaction term was also
considered. A CReSS-GEE framework was
employed to estimate the smooth terms in the model
whilst alowing for positive autocorrealation in
model residuals (assessed using r uns. t est from
thel awst at library and r unACF from MRSea)

MODEL FITTING AND MODEL SELECTION

The runSALSALD function in the MRSea
package was used to choose the smoothness of the
depth  relationship. If  runSALSALD with
renoval is used then each covariate (specified to
be a smooth term) is cycled through and either
removed or retained based on k-fold cross-
validation. If it is retained in the model it may be
linear or smooth (with degrees of freedom between
the min and max specified). Note that
r uns SALSA1D finds the best smoothness for each
covariate but does not consider if the covariate
should be linear or removed. The function
r unSALSA2D was employed to determine the
smoothness of the spatial term. See the MRSea user
guide for details on these functions and their use [6].

The models returned from r unSALSA1D and
r unSALSA2D are of class ‘glm’ so functions such
assunmary, updat e, predi ct andfitted etc
are available to the user.

GEE based p-values may also be used for model
selection. These can be found using the
get Pval ues function and Table 1 shows the
results for this model.

Table 1. GEE based p-values for a CReSS model
with SALSA knot placement. p <0.05 suggests the
covariate should be retained in the model

Variable p-value
s(Depth) <0.0001
as.factor(Season) <0.0001
s(X,Y) <0.0001
as.factor(Impact) 0.5468
s(X,Y):as.factor(Impact) 0.0081

DIAGNOSTICS
Functions to perform diagnostics in the MRSea
package include:

e runPartial Pl ots: partial plots for the
estimated relationships between each covariate
and the response with GEE based confidence
intervals (95%).

runDi agnosti cs: returns a plot of observed
vs fitted values to assess model fit (with marginal
R? and concordance correlation reported in the
titte) and a plot of fitted values vs scaled
Pearsons residuals to assess the mean-variance
relationship.

e plotCunRes: returns plots of cumulative
residuals ordered by covariate value, fitted value
and indexed value (temporaly) to assess
systematic over/under prediction.

e pl ot RunsProfi | e: returns runs profile plots
ordered by covariate vaue, fitted value and
indexed value to assess the correlated nature of
residuals.

e runl nfluence: returns plots of correlated
block ID vs PRESS and COVRATIO dtatistics.
These can be used to assess how aspects of the
model change when individual blocks are
removed from the analysis. This may take some
time and the tinelnfluenceCheck
function will establish roughly how long it will
take.

PREDICTION AND INFERENCE
We can make predictions using the predict
function (Figure 3).
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Figure 3 Predictions of bird density (mean
birds/km’) from the fitted model for before (left)
and after (right) the impact.

Upper and lower percentile confidence intervals
for this predicted surface are found using a bootstrap
procedure and combining the uncertainty at the
detection function fitting stage and the uncertainty in
model parameters at the count model fitting stage.
For each bootstrap iteration, the original transect
data is resampled with replacement, the detection
function and count models are re-fitted, the count
model coefficients are sampled from a multivariate
Normal distribution and predictions made to the
study area using these coefficients.
do. boot strap. cress caculates all the new
predictions and nmakeBoot Cl s takes these to
calculate the percentile intervals.

In this study we are interested in where in the
predicted surface there is a significant change in
animal numbers; spatially explicit differences. We
can use the get Di fferences function to find
these. This function assesses the before and after
predictions for each bootstrap iteration and finds the
difference and the 95% interval for the difference. If
the interval contains zero, there is no difference
before and after. Figure 4 shows the differences for
the fitted model with ‘+' indicating a positive
difference and ‘0’ a negative difference.
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Figure 4 Mean differences in predicted bird density
(mean birds/km’) before and after impact. Positive
values indicate more birds post impact and
negative values fewer birds post impact. ‘+
indicates a large positive difference and ‘o’ a large
negative one. The grey star is the centre of the
impact event.

In this case there was a large decline in animals
around the impact site and an increase in the south
east of the study area.
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CONCLUSIONS

This is an example of just some of the functions
available in the MRSea package. A full list is
available in the reference manual [2] and a full
worked example and some additional tips and tricks
in the user guide [6]. Both these documents, along
with the package can be found at http://creem2.st-
andrews.ac.uk/software.aspx
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