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Abstract

1. The most reliable estimates of the population abundance of ground-dwelling arthropods are ob-
tained almost entirely through trap counts. Trap shape can be easily controlled by the researcher,
commonly the same trap design is employed in all sites within a given study. Few researchers
really try to compare abundances (numbers of collected individuals) between studies because
these are heavily influenced by environmental conditions, e.g. temperature, habitat structure,

food sources available, directly affecting insect movement activity.

2. We propose that useful insights can be obtained from a theoretical based approach. We focus
on the interplay between trap shape (circle, square, slot), the underlying movement behaviour
and the subsequent effect on captures. We simulate trap counts within these different geometries
whilst considering movement processes with clear distinct properties, such as Brownian motion
(BM), the Correlated Random Walk (CRW) and thevy walk (LW).

3. (i) We find that slot shaped traps are far less efficient than circular or square traps assuming

same perimeter length, with differences which can exceed more than two-fold. Such impacts
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of trap geometry are only realised if insect mobility is sufficiently large, which is known to
significantly vary depending on type of habitat.
(i) If the movement pattern incorporates localized forward persistence then trap counts accu-

mulate at a much slower rate, and this rate decreases further with higher persistency.

(iii) If the movement behaviour is ofévy type, then fastest catch rates are recorded in the case
of circular trap, and the slowest for the slot trap, indicating that trap counts can strongly
depend on trap shape. ély walks exacerbate the impact of geometry while correlated

random walks make these differences more inconsequential.

4. In this study we reveal trap efficiencies and how movement type can alter capture rates. Such
information contributes towards improved trap count interpretations, as required in ecological

studies which make use of trapping systems.

1 Introduction

Trapping of insects is central to many ecological studies, particularly in ecosystem services eédfdgy (
et al.,2002. For ground-dwelling (surface-active) arthropods, pitfall traps are most frequently used to
collect trap count samples, which are then manipulated to obtain information on structure of communi-
ties Hammond 1990, habitat associationgdpnek, 1988, activity patterns Pen Boer 1981), spatial
distribution (Niemeh et al, 1990, relative abundance®ésender and Maelfail 986, total population
estimatesilommertz et al.1996 and distribution rangeg3iblin-Davis et al, 1994). Most common sam-
pled species include; ground beetl€oleoptera: Carabidag rove beetlesGoleoptera: Staphylinidge
wandering spidersAranae: Lycosida@and Clubionidag, and ants lymenoptera: Formicidge(\Wood-
cock,2005. The advantages of such a sampling technique is that pitfall traps are simple to install, easy to
transport and cost-effective, studies are easy to replicate and enable large data collection useful for statisti-
cal analysesGreensladel964). Pitfall traps are also used for general survey of insect diversity, detection
of new invasions of insect pests for delimitation of area of infestation, and for monitoring population levels
of established pests. Such information aids the decision making process for the initiation of control mea-
sures or to measure effectiveness of a pest management prdgiraente] 2009. Mass trapping is an
example of a direct control strategy, that aims to reduce the rate of increase in a population by removing a
large number of insect&(-Sayed et a).2006. Another example which is different from pitfall trapping,
but equally as relevant, and suggested to have great potential is the installation of trap crops, which are
plant stands that are grown to attract pests to reduce pest density in the maiHanopijen2005.

Despite frequent use, the issue is that trap captures can be influenced by variation in trap design, such
as shape, size, quantity, spatial arrangement, material, type of preservativeufset75 Pelar, 2002
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Koivula et al, 2003. Often, this leads to interpretation issues, e.g. if trap size is unnecessarily large,
sample counts can be distorted due to unwanted by-catches of non-target insects or even non-arthropods
(Pearce et al2005. These factors can be adjusted and modifications can be made in line with experimen-
tal requirements. In contrast, physical or biological factors amongst species which influence counts are
much more difficult to control, such as inter/intra-individual individual differences (e.g. body mass, move-
ment capabilities), ecological interactions, or those specific to the environment or habitat (e.g. temperature,
rainfall, vegetation structureMelbourne 1999 Saska et al.2013. For some time now, ecologists have
highlighted that since conclusions are drawn from samples and in turn used to make hypotheses about
populations, the impact of these factors must be well understbeli(and Corley2010.

To increase trapping efficiency, many studies have attempted to propose improved trap designs, but
much focus is on more practical details i.e. material construction (e.g. use of roof/funnels, plastic rims,
guidance barriers\dsasar et al, 2018 Boetzl et al, 2018, albeit, few researchers have focused on other
details, e.g. body mass, temperatufeiyula et al, 2003 Engel et al. 2017). We appreciate that such
studies are informative, although very few address more fundamental questions relating to trap geometry
or insect movement behaviour. Another issue is that there exists extreme variation in experimental de-
sign, and how counts are reported and interpreBrdwn and Matthews2016§. Currently, the trend has
been usage of an assortment of traps of different shapes and sizes at randomized spatial |&rations (
gel et al.,2017. The consequence is that the ability to draw meaningful comparisons across studies is
severely hampered. Note that, in principle, standardization of pitfall traps does not necessarily translate
to effective comparability in all cases, due to the sensitive nature of trap counts, as mentioned eatrlier,
however, sound methodological reporting alongside a unified approach could potentially improve compa-
rability. Better understanding of trap geometry and movement impacts would certainly contribute towards
this process. Taking the above into account, it is not surprising that very few studies provide information
on such impacts. Actually, we question whether such intricate information can really be obtained from
field experiments, if catch rates are heavily influenced?

In this study, our focus is on trap shape and the subsequent impact, whilst considering different modes
of movement. As a first step, it makes sense to work at the smallest spatial scale, that is in the case of
a single trap. The trap shapes considered are those which are used in pitfall trapping studies, with the
circular trap being most frequently used by consensus, and those used on occasion such as square anc
slot (rectangular trap shape, also called gutt8guthwoo¢ 1978 Blackshaw et a).2018. We propose
that a more effective and robust approach to investigate this issue is from a theoretical standpoint through
simulations, whilst other empirical studies have led to inconsistent reSpente and Niemé&l1994).
Simulations are cost effective, easy to replicate, and alternative information can be sought that normally

would be difficult to obtain otherwiségtrovskii and Petrovskay2012. Most importantly, some of those
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factors which are deemed difficult to control in a real-field, would now either be absent or controllable.
For example, each individual can now be considered completely ‘identical’ with respect to physical and
biological traits - whereas in the field, ground-dwelling arthropods have different body mass, can vary
in stage of development (metamorphosis) or exhibit different movement capabilities even in the case of
the same specie$€trovskii and Morozgv2009 Engel et al. 2017). Any additional complexity due

to environmental heterogeneity is also removed from the system e.g. effects of temperature or wind are
absent.

The earliest modelling attempts for insect movement have been entirely based on Brownian motion
(BM) and diffusion as the mean field counterpart - which have proven to be successful, especially at large
time scalesl(evin et al, 1984). This is partly due to the presumption that such species can be thought
of as non-cognitive and thus completely randd@kbqg 1980. Examples of ecological applications
include, conservatiorReichenbach et al2007), biological invasionsengeveld 1989 and insect pest
monitoring Petrovskii et al.2012 2014, with attempts made for a variety of taxa, e.g. black veined white
butterflies Aporia crataeg) (Watanabgl978, slug parasitic nematod@kasmarhabditis hermaphrodijta
(Hapca et a].2009 and walking beetlesTenebrio molitoy (Bearup et al.2016. Despite the success, it
has been realised for some time now, that BM provides an oversimplified description on smaller time
scales, not only for animals that exhibit cognitive abilities (e.g. mammals or reptdesnés 1993 -
which is expected, but also for ground-dwelling arthropods. As a result, models which are essentially non-
Brownian have been developed, such as the Correlated Random Walk (CRW), which allows for forward
directional persistence as opposed to being completely randameiya and Shigesada983. This pro-
vides a more accurate description of the movement trajectory, as individuals are more likely to maintain
the same direction of travel or turn at small anglégkg 2015. Some examples where the CRW model
has been effective include; cabbage butterflisris rapag (Kareiva and Shigesad®983, bark beetles
(Scolytinag (Byers 2001), andLeptothoraxant colonies $endova and Len2012).

The mechanisms behind individual insect movement can be more complicated than what BM and
the CRW propose. In the literature, other more complicated processes have been documented, such as;
intermittent stop-start movememiashanova et 312010, behavioural intensive-extensive chandes«ll
and Codling,2012), individual interactions@e Jager et al.2012, density or time dependent diffusion
(Ahmed and Petrovski015 Ellis et al, 2018, Lévy walks Sims et al, 2008 or even a mixture or
composition of the aboveAlger-Méthe et al, 2015. The issue is more perplexing, since movement
patterns can be misidentifieBdtrovskii et al.2011) or even, in the context of trapping, almost identical
trap counts can be reproduced for inherently different movement modletsed et al. 2018. Also, the
conceptual case of BM is often revisited due to its relative simplicity and on occasion shown to be in

excellent agreement with field daBgarup et al.2016. The commentary bZodling (2014 discusses
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some of the current ongoing challenges in identifying the underlying movement model.

Provided the movement process and its properties are sufficiently known, we can simulate the move-
ment track of each individual using a random walk framework, and by extension, the distribution of the
population in space can be estimat&titnm and Railsback2005. If we consider the motion oN
individuals in a confined arena with trap installed, assuming no migration, mortality or reproduction and
assume that the trap depth is deep enough so that no individual is prone to escape, then the total population
can only decrease as a result of trapping. Trap counts are accumulated by removing those individuals from
the system whose position lies within a predefined trapping regletr@vskii et al.2012. The resulting
trap count trajectory is stochastic, and simulations can be averaged over multiple runs to reduce this effect
- enabling comparability across different scenarios.

By consensus, the default trap shape is normally circular, however, there is no principal argument
for this choice. The study b$pence and Niem&(1994 demonstrated that circular pitfall traps yielded
generally more catches than slot type, although they could not determine the rank of other types of pitfall
traps, since captures were influenced by both species type and landscape. Another exampleBsidrat by
(1979, who simulated single trap year-catches for ground bedRtesdqstichus versicoldrand found that
circular traps were slightly more efficient than square type (see Table 10 in that paper). Elsewhere, simu-
lation models have been used to optimize the spatial distribution and other features of traps in agricultural
fields, especially trap croppingiplden et al.2012), but the geometry of these structures have very rarely
been assessed on trapping efficiency, for ¢élgnnunen2005 only consider slot shaped crop patches.

We investigate this issue in more depth, with interest in the precise rank order of trap shapes in terms of
efficiency and the corresponding trap count patterns that emerge. Identification of the optimal trap shape,
and in general, better understanding of the interplay between trap shape and captures contributes towards
the design of effective traps used to control pest insects or help improve surveys for detection of invasion
species Rimente] 2009 Berec et al.2015. This could also apply in the case of insect monitoring at
multiple scales, where many traps are deployed over a large agricultural field or even on a landscape scale
(Petrovskii et al.2014). Such information would also be of particular interest to those who call for, and
propose to develop a standard pitfall trap desBrogvn and Matthew,2016.

In this study, we consider movement models with clear distinct properties, namely, Brownian motion
(BM), the Correlated Random Walk (CRW) and theMy walk (LW). Our aim is two-fold, firstly, to inves-
tigate the trapping efficiency of different trap shapes, and secondly, to reveal how capture rates are affected
by these type of movement processes and to what extent. The focal point is to help better understand catch

patterns in general - facilitating better trap count interpretations leading to practical applications.
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2 Modelling framework

The movement path of an insect browsing in the field can be described by a continuous curved trajectory
with positionr = (x(t),y(t)) at timet. For computational expediency, we discretize the movement path,
so that each position = {ro,r1,ro,...,rn, ...} is recorded at discrete timgs= {to,t1,to, ..., tn, ...}, with
i=0,1,2,...,n,... steps Turchin 1998. If the initial positionro = (Xo,Yo) is prescribed at time=1ty =0,

then each subsequent position can be determined by the relation

riv1=ri+ (Ar); attime t =iAt, (2.0.2)

where movement data is assumed to be recorded at fixed time increfmeritse step vectofAr); has
components which can be written in either (a) cartesian co-ordifAtés= (&, ni) whereé,n are ran-

dom variables for the horizontal/vertical components of each step, respectively, or in (b) polar co-ordinates
(Ar)i = (Ij,8) with 12 = &2 + n2, 6 = arctan (n;, &), where arctag(n;, &) is equal to arcta(u%) for

é >0and to arctaﬁ%) + mrradians foré; < 0. The step vector is described in terms of the step length
(also known as dispersal kerngl}= |ri 1 —ri| = {lo,l1,...,In—-1} and turning angl& = {6y, 64, ..., -1},
measured clockwise from the line of direction at each heading. The characteristics of the movement
process are determined by the statistical properties of the step length and turning angle probability distri-

butions. Fig.2.0.1lillustrates the random walk model in each co-ordinate system.



166

167

168

169

170

171

172

173

174

175

176

177

(2

(x0,¥0) .
S s >

So

Ar,

ATy

Gt (*n-1,Yn-1)

(Xns Yn)

L/rz 1

Figure 2.0.1: Random walk model: Insect begins at initial positips (Xo,Yo) at timet = 0. Subsequent
positions are determined b.0.1), i.e. r1 =ro+ (Ar)o, ro =r1+ (Ar)1, r3 =ro+ (Ar), and so on,
recorded at times= At, 2At, 3At, ... respectively. The step vector can be described either by (a) cartesian,
(Ar); = (&, ni) i.e in terms of its horizontal/vertical components, or (b) polar.); = (1;,6) i.e in terms

of step lengths and turning angles.

2.1 Brownian Motion (BM)

In case of BM the movement pattern is completely random and each component of the stepévagtor

is normally distributed. Both step distributions have zero mean and the same varfaneeereo is the

mobility rate which determines insect activity. This implicitly assumes that the movement does not have
any global directional bias and hence it occurs in an isotropic environment. In other words, there is no
long-term drift which normally would arise due to external directional cues (taxis) or a response to an
external stimulus (differential klino-kinesidpéiley et al, 2018. On a local level, we assume that there is

no forward directional persistence and thus the movement process is essentially Markovian with regard to
location. This means that the random walk is uncorrelated, such that ‘memory’ effects are absent and the
direction of movement is completely independent of the previous directions mdeady1994. Under

these assumptions, the corresponding movement type is known as a simple random walk. The probability

distributions for the step length and turning anglep reads,

2
A(I;o):%exp(—#), w(@):%_[ >0, —m<O<m, (2.1.2)



178

179

181

182

184

185

186

187

188

189

190

191

192

193

194

195

196

197

199

200

201

202

203

whereA is the Weibult distribution with scale parametef2o and the turning angle is uniformly dis-
tributed over the circle, so that each insect has an equal chance of moving in all directions. A simple
derivation of how these can be derived from the distribution&pf};) can be found irPetrovskii et al.
(20149.

2.2 Correlated Random Walk (CRW)

More realistic than completely random movement, one would expect insects to maintain a similar direction
that coincides with the direction of motion at the previous step - resulting in a short term localized bias
referred to as forward persistendg@of/et and Benhamqu988. As a result, any two subsequent steps

in the random walk are correlated, and the corresponding movement is known as the CoRIMg

et al.,2008. Such mechanisms are ensured if the frequency of large turning angles is suppressed with
low probability of occurrenceBergman et aJ.2000. From a modelling perspective, the probability
distribution for the turning anglg is no longer uniform, and now takes the form of a circular distribution.

In this study, we consider the following

[ |2 eKcosG
A(l;v) = Wexp(—ﬁ), Y(o;k) = 210(K)" | >0, —-m<6<m v,K>0, (2.2.1)
whereA is the Weibull distribution with scale parametg®v (as in the case of BM), ang is the von
Mises distribution (VMD) with concentration parameterand zero meanMorales et al.2004). Note

that, other potential candidates fgrrare also suitable e.g. wrapped Cauchy distributieisi{er 1995.
Here,lo(k) denotes the zetborder modified Bessel function of the first kind, defined through the integral
lo(K) = %Tffnems@de. Larger values ok corresponds to higher concentration, resulting in stronger
forward persistence, and vice versa. In the limiting case> 0, the VMD converges to the uniform
distribution, and reduces to the special case of BM i 0. For simulation methodology, random turning
angles centered at each headfhgre generated by the relatién 1 = VMD (6, k), 8o = 0. See~agan and
Calabreseq014) for a contextualization of the CRW and its development within the ‘rise of movement

ecology’.

2.3 Léevy Walk (LW)

Much discussion in the literature has led to the introduction of an alternative movement pattern known as

the Levy walk (LW). The main difference is that the end tail of the step length distribution decays slowly

-1
1The general form for the Weibull distributionAg|; a, 8) = % ("g) ! exp(f ('ﬁ) a), | > 0. The step length distribution
in (2.1.1) has specific distribution parameters= 2, 8 = v/20.

(0e]
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according to a power law (‘fat tails’), in contrast to faster than exponential decay for BM (‘thin tails’), see
(2.1.1). The statistical consequence is that the variance is divergent and the characteristic scale is undefined
(scale-free), often regarded as the ‘fingerprint’ of a LW. The movement path is composed of multiple short
steps in clusters with the occasional longer steps in between them, and the resulting movement pattern is

much faster. The step length distributidns expressed through its asymptotic property, and described by
A ~17H 1<pu<3, (2.3.1)

where u is the tail index. This is undefined fqxr < 1, since it cannot be normalized and for> 3,
the end tail decays sufficiently fast, converging to a normal distribution due to the central limit theorem
(CLT), and thus the interval of interest is precisely thatar83(J). As a technical note, the terminology
‘Lévy flight or * Lévy walk is synonymous in the biological literature, but a clear distinction is made in
the physical sciences, these subtleties are mentioned in App8Rdiny subsequent results and analysis
that follow actually apply indirectly to LWSs. In the ecological literature, there is ample evidence that the
movement pattern for a range of animals can be modelled well by theRa&yolds 2012 Focardi et al.
2009 Humphries et a).2010 and many others, albeit, somewhat controversial since some studies have
been contested due to both empirical and theoretical issues being idetidigdrfls et a).2007 Codling
and Plank201Z1 Palyulin and Metzler.2014. Often, the strongest evidence appears in context specific
scenarios e.g. optimal searching strategies in resource scarce envirorBaenmneus and Catalap009
Viswanathan et al.1999. Our motivation for including LWs, stems from the fact that such movement
mechanisms are becoming increasingly important and often discussed, more generally, in the context of
animal movement.

In principle, we can make use of any type of LW with reasonable choige &br the purposes of this

study, we consider a particular example of such, where step lengths are Folded-Cauchy distributed,

A(I;V)Zﬁ, | >0, w(e):%f —n< o<, (2.3.2)
with scale-parametey and tail indexu = 2, which determines the rate of decay in the end tails i.e.
A~ Ilz This is an interesting special case due to its ecological significance (e.g. foraging theory), as the
corresponding distribution of flight lengths provides an optimal searching strategy under some additional
conditions {iswanathan et gl1999. The turning angle is uniformly distributed over the circle, and the
model is uncorrelated, which occurs in an isotropic environment, assuming the absence of any global or
localized bias. Note that, iy were some type of circular distribution then the above would describe a

correlated levy walk (CLW), which is not considered in this paper. For a comprehensive review, see
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Reynolds(2018 which discusses in more detail, the ‘current status and future directionswyf Wwalk

research’.

3 Simulation setting

To simulate the pitfall trapping process, consibiéndividuals homogeneously distribufedithin a con-

fined arena in the presence of a single trap installed. The movement of each individual is modelled by the
random walk, as outlined i§2.1, whilst considering separately BM, CRW and the LW as distinct move-
ment types. Assuming that the system has no immigration/migration properties so that the arena boundary
is impenetrable, and the absence of reproduction or mortality (births/deaths), then the total popllation
can only decrease over time as a result from trapping. The absorbing trap boundary functions in the fol-
lowing way: at any instant in time, if the positionof any individual is located within the trap, then this
individual is removed from the systerRétrovskii et al.2012. It follows that the conservation relation
between population numbskt) (hnumber of individuals which remain within the system) and trap counts

J(t) accumulated from time= 0 tot is N(t) + J(t) = N. In case the individual will ‘hit’ the trap, so that

the position is located precisely on the trap boundary (or close to it), then it is possible to move away from
the boundary at the next step, due to a possible re-orientation. This reflects on what is observed in real
field tests, since only a low proportion of contacts results in catches, i.e. direct interaction with the trap
boundary does not ensure that the insect is trapgatséall and Wrattey1988. Intuitively, we expect that

the interplay between trap shape and movement behaviour will affect trap counts and therefore the catch
probability. Note that, the movement process described here is a ‘jump process’ since individuals appear
at positions; at timest; but do not move along the intermediate paths, and so can potentially jump over
the traps. This modelling artefact is a minor issue since we know that trap counts computed in this way,

correspond well with mean field solution&i{med 2015.

3.1 Trap geometry

We consider a single trap installed at the centre of a circular arena of nadiu®, with the following

shapes, in separate scenarios.

1. Circular trap with trap radiuR; (R; < Rp), perimete® = 2rRy, with trap boundary

0Qc={(r,0):r=Ry, —m< 0 <M}, (3.1.1)

2See AppendiS1which describes the simulation methodology for the initial condition. In case of circular geometry the
total population is uniformly distributed on an annulus, however, in other square/slot geometries it can be more complicated.

10
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and arena
Qc={(r,0):Ri<r<Ry,—m< 0 <m}. (3.1.2)

2. Square trap with (base) lendgt widthw = E, P = 4E, with trap boundary

1 1 1 1
0Qs = {(x,y) X < EE’ y= iEEﬂ|y| < §E7 X = iEE}’ (3.1.3)
and arena
1 1
QS:{( ) XY <REN|X > Em]y]> E} (3.1.4)

3. Slot trap with lengtte, widthw = wE, P = 2E(1+ w), with trap boundary

1 1
aQw: {(Xay) : |X| < §E7 y= iz

1 1
wENy| < sz, X= iéE}, (3.1.5)
and arena
1 1
Qw:{(xy X +y? <REN|x > Em|y|> wE} (3.1.6)

Here,c,s, w are labels referring to the circle, square, and slot geometries, respectives/the

aspect ratio between the width and length of the slot, which corresponds to a squarevteafl.if

10 (a) Circle trap 10 (b) Square trap ¢ 1 (c) Rec. trap w =2 0 (d) Rec. trap w =5 (e) Rec. trap w =10

Figure 3.1.1: Trap dimensions: (a) Circular trap with radRis= 2 and perimeteP = 2nR; = 4. (b)

. . . 2 4
Square trago = 1, with lengthE = 11, widthw =E = 1. (C) Slot trapw = 2, with E = 5, widthw = 5.
(d) Slot trapw =5, E = Z,w= 3. (e) Slot trapw = 10, E = 2T, w = 2% All traps have the same fixed
perimeter. The initial population distribution is homogeneous, see App@ik;iland confined within an
arena of radiu®, = 20. Only part of the arena is shown here for visual purposes.

Fig. 3.1.lillustrates the trap dimensions of different trap shapes placed at the centre of the arena,
so that the intersection of the lines of symmetry coincide with this point. The geometry is rotationally
symmetric with respect to the spatial population distribution, that is, on average, we expect that similar
trap counts are obtained if traps were to be rotated.3Fidl (b) - (e) shows the transition from square to
slot, which is characterized by the aspect ratoAs w increases from 1, the length decreases and width

increases, forming a thinner slot with smaller area.

11
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3.2 Arena boundary condition

Once atrap is installed, the trap boundary introduces a perturbation into the population distribution in the
vicinity of the trap, and the ‘radius’ of such a perturbation grows with time. Since the primary interest of
insect monitoring is on the short time dynamics, and given that on such a time-scale, the density further
away from the trap is essentially unperturbed, it follows that the actual choice of arena shape is not so
important, and it is expected that this outer boundary will have negligible effect on trap counts, if any.
From a modelling perspective, the arena shape is chosen to avoid unnecessary complications, and obvious
choices are either circular or square, depending on the type of co-ordinate system one adopts. Without
loss of generality, we consider a fixed circular arena boundary of r&diusith perimeteParena = 27TR

and aredarena= nR% Typically, the ratio between arena and trap scales in a real-field is considerably
large, at least one order of magnitude, and the dimensions chosen in our simulations should reflect this.
Henceforth, we set arena to trap perimeter rati%%%@ = 10 times as large, which is sufficient. In case

of a circular trap, this means that the arena radius is 10 times trap radius, Bp tha0R;.

The boundary condition for the impenetrable arena boundary can be specified in a number of ways.
The common types are; (i) Reflective: angle of reflection is the same as the angle of incidence, (ii) Stop-go
or ‘sticky’: individual remains at the boundary at that meeting point, (iii) No-go: alternative path is chosen
at the previous step to ensure individual remains within the agear(p and Petrovski2015. These
conditions are quite easy to implement for boundaries with straight edges (e.g. square type), however, for
a circular arena, it is best to introduce the concept of a ‘projection’, defined in the following way: if any
individual position is located outside the arena atithestep, then the individual is projected back onto
the arena boundary in the directionref so that, if|ri| > R, thenr{®*¥=R;- [—:| see Fig.3.2.1Path B. At
the next step, if the position is within the confines of the arena, then the movement process continues as
per the random walk mode2(0.1). Over the course of the movement track, the individual may attempt to
overstep the arena boundary on multiple occasions, at which point it will always be projected back, in the
same manner. This concept is similar in essence to the sticky type conditiord. Eibjillustrates typical
movement paths to demonstrate the trap function (Path A), and how the actual position is redefined via a

projected boundary encounter (Path B).
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Figure 3.2.1: lllustration of typical movement paths in the case of circular trap geometry. The insect begins
at initial positionrg at timet = 0, and further positions are determined by the random walk madaLly.

Path A demonstrates the trap function. Insect falls into the trap ajf'trstep, and is then subsequently
removed from the system, forming a trap count. Path B demonstrates the projected boundary encounter.
Insect attempts to overstep the boundary at'thetep, and is then projected back onto the arena boundary

in the direction ofr; with new positionr™*¥=R,- ‘{—”

3.3 Equivalent geometries

At first sight, one may expect that trapping efficiencies are related to the area of the trapping region.
Considering those dimensions in Fig.1.1 it is readily seen that the area of the square #ap- 1 is
less than that of the circular trafy. = 4, which can mistakenly be translated to the square trap being
less efficient. Under this guise, it may seem that efficiencies are ‘self-evident’, but on the contrary it is
counter intuitive. Trap shapes should actually be compared on a basis of equal perimeter lengths, which is
well supported by theoretical, empirical and simulated resuliff (1975 Work et al, 2002 Miller et al.,
2019. Intuitively, this makes more sense, since trapping is fundamentally a phenomenon of interactions
with the trap boundary.

To compare trap efficiencies across different geometries there are two fundamental parameters that
must be fixed, firstly, the trap perimeter lendgtimust be the same, from which we can relate trap dimen-

sions
Ry

T 1ltw

(3.3.1)

Secondly, the population densipy(number of individuals per unit area) must be constant. For different
trap geometries, this can be ensured by either, fixing the aren&siaed varying the total population
N, or alternatively, fixN and varyR,. In this study we adopt the former, but confirm that any loss/gain

in area due to varying arena size has negligible effect on captures, irrespective of the type of movement
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a4 Process or varied insect activity. The two approaches are equivalent, provided that the arena is of a similar

a5 Size, otherwise, arena boundary encounters can noticeably impact trap counts. On assuming constant

Ny

AL, we obtain a relation between population numbers

s population density = ¢ =

ot ()
(1+w)?" \ R

()

a7 If the details in the circular case are specified i.e. circular trap rdrii@snd total populatioMN;, then cor-

N = Ne (3.3.2)

ais responding parameters for the equivalent square/slot geometry can be compute.@sihgr(d @.3.2

a9 Whilst considering different aspect ratias

» 4 Results

=1 4.1 Impact of trap geometry for Brownian Motion

Circle trap

Square trap
w=1

Rectangle trap [
w=10

Figure 4.1.1: Snapshots of the spatial distribution with positioshown at times = 1,3,10, 20, with
corresponding total number of steps- 100,300 100Q 2000. (i) Circle trap: PopulatioN; = 1244, trap
radiusR; = 2. (ii) Square trap: Populatidd, = 1247, side lengtlk = m~ 3.14, aspect ratioo = 1. (iii)
Slot trap: PopulatiomN,, = 1253, lengtte = 21—71T ~ 0.57, widthw = %T ~ 5.71,w = 10. Other parameters
include: time incremenfit = 0.01, mobility ratec = 1.5, arena radiug, = 20, constant population
densityp = 1, fixed perimeteP = 4~ 1257.
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Fig. 4.1.lillustrates the evolution of the spatial distribution at tihesl, 3, 10,20. The movement process

is Brownian with step lengths and turning angles givendy.@). Individuals are uniformly distributed

across each arena, with impenetrable arena boundary due to the projection condition. The trap dimensions
here are precisely those shown in F&gl.], for different trap geometries; circle, squate£ 1), thin slot

(w = 10), and for brevity the cases = 2,5 are not shown here. On comparing population numbers at

t = 20, itis clear that details of trap shape has an impact on trapping efficiency.

- Square trap
w=1
50 -
L o
45 C\(c\e o= 2
v 0
o T 0 ° Slot trap
. \
8 = - \ =40
= | L e A =
H 30 " T <
s (= - i I .
- e ncreasing w

= . B s
= -
5 o] e ——

I~ g T

10 A

5 o

[~
0
0 0.5 1 15 2 25 3

time, ¢

Figure 4.1.2: Trap counts (%) vs tinfe= 0,0.01,0.02, ..., 3). Trap geometries considered,; circle, square
w =1 and slotw = 2,5,10. Details for the slot trap, include: (@ = 2, populationN,, = 1248, length

E =4~ 209, widthw= 4 ~ 4.19. (i) w =5, populationN, = 1251, lengthE =  ~ 1.05, width
w= %" ~ 5.24. All other cases with corresponding details are the same as in the caption 4fIFigsee
also Fig.3.1.1

Fig. 4.1.2compares trap count trajectories across different geometries; circle, square and slot. Since
the population is confined and can only reduce as a result of trapping, the trap count trajectories are
monotonously increasing, subject to inherent stochastic fluctuations due to the randomness of individual
movement. These trajectories are averaged over 20 simulation runs to reduce this effect. The result in
Fig. 4.1.2shows that the circle trap is the most efficient. A small but noticeable difference is observed on
comparing to the square trap. In the case of slot geometry a more prominent difference is noticed, with less
trap counts recorded as the aspect ratimcreases, that is, as the slot becomes thinner, se&Hid.(c)

- (e). This poorer efficiency in capture rates can be explained by the fact that, insects moving orthogonally
to the shortest sides will, on average, outweigh the gains from the longest sides. It is evident that there is
a hierarchy of trap shapes with respect to impacts on trap efficiency, with trap count differences growing

with time.
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Figure 4.1.3: Trap counts (%) vs tinte= 0,0.01,0.02, ..., 3) for varying mobility ratess = 0.3,0.8,1.5.
Trap geometry: (i) Circle trap: Populatios, = 1244, trap radiu®; = 2. (ii) Square trap: Population
Nw = 1247, lengthE = T~ 3.14, ratio parametew = 1. (iii) Thin slot trap: PopulatiorN,, = 1253,
lengthE = 27 ~ 0.57, widthw = Z¥" ~ 5.71, w = 10. Other details include: time incremeitt= 0.01,
arena radiu®, = 20, population densitp = 1, perimetelP = 4rm~ 12.57.

Fig. 4.1.3shows that the most efficient trap is the circular, square, and then slot, in this precise order,
even in the case of varied mobility (insect activity) - where trap count differences are more realised for
larger mobility rates. To quantify this ‘impact’, we introduce the following: firstly, derlStgAt), i =
1,2,...,n as the accumulated trap count recorded aftsteps, with time ste@t and total duration of
trap exposurd = nAt. The indexm denotes then™ recording, which serves as a counter for multiple
simulation runs, synonymous to repeated experimental trials in the real field™ I;et’wm denote the total
number of individuals trapped ‘normalized’ by total population. Normalization is required since the total
population varies across different geometries to ensure constant population density. We can then compute
the ‘relative’ normalized trap countsJ™ between circular and other geometries,

J(iat)  Jg(iat)
Ne Ney

AJM(iAt) = . (4.1.1)

Recall thatw = 1 corresponds to the square trap, and> 1 for slot traps. IfAJ" is positive then the

normalized trap count is greater in the circular geometry, vice versa if negative, and the same if equal to
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0 zero. On averaging ovéd simulation runs and steps, we obtain the simple statistical metric

(D) = M Z Z AJM(iAt) Z (Jm (iAt) J"Tli:ft)) , (4.1.2)

1 Which provides a means to quantify the ‘impact of trap geometry’ through normalized trap count differ-
2 ences. Itis expected that this metric should complement any conclusions drawn from qualitative compar-

3 1sons of trap count trajectories.

(AJ) (%)
Mobility rate o || Square vsCircle | Slot = 10) vs.Circle
0.3 0.38 0.52
0.8 0.28 2.99
15 1.85 10.73

Table 4.1.1: Relative normalized trap counts averaged oweB00 steps andil = 20 simulation runs
<AJ}. The metric is computed for varying mobility rates.

354 Tab. 4.1.1shows that in the case of square vs. circle, with low mobility rates sue¢h-a$9.3,0.8,

s the value of the metriQAJ} is of the same order and less than 1%, and therefore, trap shape does not
s have much impact. In the slot vs circular ca{sﬁ;l} increases from 0.5% to 3% approx - indicating that

=7 Slot type traps are significantly less efficient. For larger mobility rates suoch-a4.5, the value o(AJ}

s IS relatively greater, more so in the case of slot geometry. This means that details of trap shape such as
0 Impact of corners is important, but largely depends on insect activity, with greater impacts registered for
w0 faster moving insects.

361 It is well known that the spatio-temporal population dengity,t) of a system of individuals perform-

2 INg BM with diffusion rateD is a solution of the diffusion equatioBérg 1983 Sornette2004)

2 2
P :D<0 p.9 p) (4.1.3)

ot 2 oy

s Which can easily be derived from a simple random walkdling et al, 2008. The hallmark of BM is
s that the mean squared displacement (MSD) grows linearly with time, which yields a relation between the
s mobility ratea andD, written g2 = 2Dt (Turchin 1998. For a discrete time model, one can expect that

s this remains valid, at least approximately, for a small, but finite valus ahat is
02 = 2DAt. (4.1.4)

7 In some simple cases, analytical solutions for the diffusion equatidn can be found, subject to appro-
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priately chosen initial and boundary conditions. For instance, a solution can be sought as an infinite series
in the case of circular trap geometry with uniform initial density, but not useful, because the coefficients in
the series contain zeros of Bessel functions that are not known analytically and must be computed numer-
ically (Carslaw and Jaegetl959. In other more complex geometries such as the case of square/slot trap
geometry, analytical solutions do not exist, and therefore one must resort to numerical techniques anyway
(Strauss2008.

Petrovskii et al(2012 studied trap efficiency between the circular and square cases, by computing the
numerical solution to the diffusion equatioh 1.3 and comparing the flux through the trap boundary, over
the time interval O< t < 3. It was deduced that trap counts do not depend much on the details of the trap
shape, and thus the impact of corners in case of square geometry is not important. The results showed that
the circle trap was slightly more efficient, but the difference was far too negligible to suggest otherwise.
Here, the flux was compared with fixed diffusion coefficiBnt 1, and for fixed time incremedit = 0.01
(as usedin Fig4.1.3, which corresponds to a mobility rate= 1£§ ~ 0.141 calculated from4.1.4). This
value of g is far too low (c.f. Fig.4.1.3, to observe any considerable changes in trap counts, also, see
Tab. 4.1.1square vs. circle, Wher@\]} is well below 1%. Although the claim can be substantiated for
these chosen parameters or other cases of low mobility, our results demonstrate that this conclusion is not
necessarily true for ground-dwelling arthropods which are highly active. Trap shape can indeed affect the
efficiency of trap counts, but only noticeable provided the mobility cate /Dt is sufficiently large.

In relation to observations in the real field, relatively lower mobility rates are typically reported for
a variety of taxa, e.g. the lady beetlEp(lachna sparsa orientaljso = 0.12 (D = 0.71) (lwao and
Machida,1963, native tree hoppeublica concavpo = 0.07 (D = 0.23) (McEvoy, 1977, leaf beetle
(Galerucella pusillaand Galerucella calmariens)so = 0.10 (D = 0.46) (Grevstad and Herzjgl997).
These diffusion coefficient® are recorded in these texts (measured fiiany), but have been converted
to o using @.1.4 with At = 0.01, as used in our simulations. There is empirical evidence that insect
activity can depend on habitat structure, for example, the meta-analysiidoya et al.(20195 showed
that mobility rates of Carabid beetleSdrabidag is approximately 5.6 times as high in farmland as in
woody habitat. In particular, those species associated with forested habitats had greater mobility than
those associated with open field habitats, both in arable land and woody habitat. In case of forested habitat
with arable landg is observed to typically vary betweéh29,2.63] (D = [83,347). The implication is
that, impacts of trap geometry may be magnified in specific habitats, particularly where ground-dwelling

arthropods are known to exhibit faster movement.
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4.2 Impact of trap geometry for non-Brownian Motion

To compare between two distinct movement processes, scale parameters must be related by some type o
‘condition of equivalence’. In case of BM and the CRW this can be done easily, as both are scale-specific
processes, and a relation can be sought by equating the mean squared displacemenKavsmR) §nd
Shigesadal983. AppendixS2provides a derivation of the result

1
l1(k) 1_ 11(k)\" 2
veogd1a T 1_}.M (4.2.1)
2 q1_ hk) n q_ <|1(K)>
lo(K) lo(K)

which relates the CRW distribution parametein terms of the mobility parameter for BM, aftern
steps, given some concentrationlf k = 0, then the CRW reduces to BM with= o, as expectedg(K)
andly(k) are defined through the integig() = - ™ coq pB)ek°°%de, which denotes the'" order
modified Bessel function of the first kind.

Since LWs are essentially scale-free, in the sense that the variance of step lengths is divergent (and
therefore so is the MSD), it follows that the usual methodology outlined above cannot be applied. In
Appendix S3we derive a new and unique equivalence condition which can be used, more generally, to
relate between any two movement processes when the variance of at least one of them does not exist, base
on minimizing the ‘distance’ in the sense_&b norm, between the corresponding step length distributions.

In case of BM and the LW with Folded-Cauchy distributed step lendtl&3), we compute the following
relation
y=1.5360 (4.2.2)

wherey s the distribution parameter for the LW. This improves on previously used approaches, where such
relations are arbitrarily derived and therefore ambigudsifigues et al 2015 Bearup et al.2016.

Now that the movement mechanisms for the CRW and LW alongside these inter scale parameter re-
lations have been introduced.2.]) - (4.2.2), the next step is to analyse how trap catch patterns alter if

insect movement behaviour is correlated or éf/i type.
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(ii) CRW
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Figure 4.2.1: Snapshots of the spatial distribution in the case of circular trap geometry. Individual position
ri is shown at times$ = 1,3,10,20 with corresponding total number of steps- 100,300, 100Q 2000.

The type of movement processes considered are: (i) BM with mobilityaatel.5 (i) CRW with low
forward persistence = 1.5 (iii) CRW with high forward persistence = 5. In both cases, for the CRW,

the mobility ratev is determined by4.2.1) (iv) LW with y found from @.2.2. Other details: Initial
populationN; = 1244, trap radiu}; = 2, time incremeniAt = 0.01, arena radiu®, = 20, constant
population density = 1.

Fig. 4.2.1shows the evolution of the spatial distribution with time, in the case of circular geometry,
whilst considering the following movement processes: (i) BM with mobility @mte 1.5, (i) CRW with
low forward persistence = 1.5, (iii) CRW with higher persistency =5, (iv) LW with y= 2.304. For (ii)
- (iv) scale parameters are related to the BM case, through the conditions of equivdl@naOd @.2.29.
For case (iii) CRW for small time, there is a tendency for the individuals to move in the rightward direction,
as expected, since the turning angle distributjors centered aboulp = 0. On comparing population
numbers at = 20, it is clear that the inclusion of forward persistence has an impact on trap captures,
with less counts recorded for higher persistency - indicating the importance of movement behaviour. For
brevity, the cases of square and slot traps are not shown here - but intuitively, the implications are the
same. It is unclear from these snapshots, what impact may result from switching from BM to LW due to

similar counts, therefore, further analysis of trap count trajectories is required.

20



a1 4.2.1 Impact of trap geometry

(a) BM o =15 (k=0) (b) CRW k = 1.5
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Figure 4.2.2: Trap counts (%) falifferent trap geometry, partitioned by type of movement process: (a)
BM with mobility ratec = 1.5 (b) CRW with low forward persistenee= 1.5 (c) CRW with high forward
persistenc& = 5. In both cases, for the CRW, the mobility ratés determined by4.2.7) (d) LW with y
found from @.2.2). Trap geometries: circle, squase= 1 and slotw = 5,10. Details of trap dimensions
are shown in Fig3.1.1 All other details are the same as in the caption of Big.1

(AJ) %
Movementprocess || Square v&ircle | Slot = 5) vs.Circle | Slot (@ = 10) vs.Circle
BMo=15(k =0) 1.86 6.18 10.76
CRWk =15 1.88 4.19 8.10
CRWk =5 1.25 1.83 3.71
LW y=2.304 4.70 12.10 17.90

Table 4.2.1: Relative normalized trap counts averaged oveB00 recordings ant¥l = 20 simulation

runs (AJ). These values are listed for different movement processes, each related to the BM case with
mobility parameteo = 1.5.

2 Fig. 4.2.2shows trap count trajectories for different trap geometries, partitioned by type of movement
a3 process. On comparing the order of the trajectories in terms of efficiency, we observe that the hierarchy
«aa  Of trap shapes is ranked as: (1) circular, (2) square and then (3)ustet5) with less counts recorded

ws for a (4) thinner slot(w = 10). Tab. 4.2.1also confirms this, which lists the values of the statistic
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defined earlier in4.1.2 - since the magnitude of relative normalized trap coqms‘} Increases across

each row, irrespective of the movement type. On comparing (a) - (c), we observe that if individuals
persist in a localized direction, then the chances of being trapped are lower, as less counts are registered
if the movement model is correlated. Also, from Tab2.1, on the Whole,<AJ> decreases with higher
forward persistence, which means that the impact of trap geometry is less significant for heavily correlated
movement paths. Note that, the ‘indent’ in the trajectory shown in (c), is a direct consequence of the
condition of equivalence as depicted in Appendix F8R.1(a), since the mobility rat& reduces and
approaches a constant value, see asymptotic relation Apped@ik]. Trap counts accumulate rather

fast on a short time scale, with a sudden reduction in the rate of accumulation forming such an ‘indent’,
which is more prominent for larges. In the case of the LW shown in (d), there is relatively large variation

in trap counts for different geometries, also supported by those values ir4Tal.(shaded), compare

<AJ> with the other cases of BM or CRW. This shows that the impact of trap geometry is more realised
when the step length distribution exhibits a slower rate of decay i.e. if the movement pattern allows for
occasional large steps. This is a typical example of how theoretical ecology and simulations in particular,

can provide information that is sometimes difficult or near enough impossible to obtain from field studies.
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w1 4.2.2  Effect of mobility rate
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Figure 4.2.3: Trap counts (%) for varyimgobility rates o = 0.3 (black),o = 1.5 (blue), partitioned by
type of movement process: (a) BM with mobility rate= 1.5 (b) CRW with low forward persistence
k = 1.5 (c) CRW with high forward persistenee= 5. In both cases, for the CRW, the mobility ratés
determined by4.2.7) corresponding to eaatn (d) LW with y found from @.2.2, y=2.304 forc = 1.5
andy = 0.461 foro = 0.3. Trap geometries: circle (solid), square= 1 (dashed-dotted) and thin-slot
w = 10 (dotted). Details of trap dimensions are shown in Big..1 All other details are the same as in

the caption of Fig4.1.1

(AJ) %
Movementprocess || Square vEircle | Slot @ = 10) vs.Circle
BM o =0.3(k =0) 0.38 0.52
CRWk =15 —0.02 0.10
CRWk =5 0.19 0.17
LW y=0.461 1.26 5.34

Table 4.2.2: Relative normalized trap counts through the trap boundary averaged-0860 recordings

andM = 20 simulation runiAJ}. These values are listed for different movement processes, each related
to the BM case with mobility parameter= 0.3.

452

Fig. 4.2.3demonstrates that the impact of trap geometry is only significant if the mobility rate is suf-

«s3 ficiently large, as previously discussed at the eng4ol. For BM and the CRW, see plots (a) - (c), and
s« low mobility parameter such as = 0.3, the trajectories are almost indistinguishable. This holds whether
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the movement paths are correlated or not. Bab.2shows that the relative normalized trap counts is well
below 1% (unshaded). The negative recording{lfsﬂ} = —0.02 technically means that trap counts are

on average greater in the square geometry, however, this difference is far too small and most likely due to
stochastic fluctuations. For the LW with= 0.461 (corresponding to = 0.3), there is a noticeable differ-

ence in trap counts, see plot (d) and compare to (a) - (c), with considerably larger percentage differences
in Tab. 4.2.2(shaded). This can be explained by the higher frequency of rare but large steps, resulting
in a faster movement pattern. In terms of mobility rates, even thquigrconditionally equivalent ta

through @.2.2, it is still large enough so that the impact of trap geometry is realisegislisufficiently

small, then we expect the details of trap shape to have little or almost no impact on trap counts.

4.2.3 Impact due to movement type

(a) Circle trap

(b) Square trap
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Figure 4.2.4: Trap counts (%) fdistinct movement processe9artitioned by trap geometry: (a) circular

(b) squarew = 1 (c) slotw = 5 (d) thin-slotw = 10. Details of trap dimensions shown in F§ 1.1 All
other details are the same as in the caption of &if.1
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(DJ)mp%

Trapgeometry|| CRWK = 1.5)vs.BM | CRW (k =5) vs.BM | LW vs. BM
Circle (k =0) 4.50 12.44 —0.88
Square 4.53 11.83 1.97
Slot (w=15) 2.51 8.08 5.04
Slot (w = 10) 1.84 5.38 6.25

Table 4.2.3: Relative normalized trap counts through the trap boundary averaged-0860 recordings
andM = 20 simulation runiAJ}. These values are listed for different movement processes, each related
to the BM case with mobility parameter= 1.5.

Fig. 4.2.4shows trap counts for different movement processes, partitioned by trap geometry. Evidently,
capture rates can vary significantly depending on the type of movement behaviour adopted. To quantify

this, we can compute the average normalized trap counts (relative to the conceptual case of BM) as

(DI o= lem p(iAt) Zl (JBM uay J“TPISAU) (4.2.3)

here the label ‘MP’ refers to the ‘movement process’, such as CRW or LW, and the total population
N = N¢, Ns or N, depends on each respective trap shape, as mentioned in the caption4flFigPlots

(a) - (c) demonstrate that the CRW yields less trap counts in comparison to BM, irrespective of the type of
geometry (compare black trajectories), which is exacerbated with greater forward persistence. Note that,
the value of<AJ}MP Is magnified across each unshaded row in aB.3with increasing concentration

K. Moreover, the impact of this movement type is lessened for thinner slots, and in the extreme case
of severely elongated slots, it may not matter whether persistence mechanisms are present or not, as
demonstrated by the ‘overall’ decrease{mJ}Mp unshaded columns. For the LW, the order of trajectories
alternate, depicting an irregular pattern, suggesting that trap counts are heavily dependent on details of
trap shape. From plot (a) in the case of the circular tregyLwalking behaviour yields optimal trap
counts, whereas, there is better trapping efficiency with BM in case of square trap geometry. The impact
of movement type is more realised for slot traps, and grows for thinner slots, sde?Taghaded column.

This is in strict contrast to the CRW vs BM case, where the opposite effect is observed. In summary, the
above describes the typical interplay between movement type and trap shape in the context of trapping

efficiencies.

5 Summary of results

To summarise, our main findings are as follows:
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1. Contrary to the assumption often made in field studies, for e.gBls@shaw et al(2018, slot-

shaped traps are significantly less efficient compared to circular or square-shaped traps of the same
perimeter. For the same population, the counts obtained with a slot-shaped trap can be more than
twice less than the traps obtained with the equivalent circular trap (cf. #ig.2. To notice

significant impacts of trap shape, we find that insect activity must be large enough, (séd.RBg.

. For a given trap shape, the trap count significantly depends on the type of insect movement but

the hierarchy of movement types (i.e. which movement types are trapped more efficiently) can be
different for different trap shapes. A general observation is that the rate at which the population
is being trapped decreases with an increase in the persistency of the movement (as quantified by
parametel); in particular, the population of insects performing CRW is trapped at a slower rate
compared to the population of insects performing BM (see #i8.4). In specific cases, such as for

thin slots with movement patterns incorporating low forward persistence mechanisms, the impact

on trap counts are somewhat negligible.

. The rate of trapping of the LW population strongly depends on the trap shape. In case of a circular

trap, the populations of LW individuals is trapped at the fastest rate, i.e. providing, on average, the
largest trap count. However, in case of a slot-shaped trap, the rate of trapping of the LW population
is the lowest, c.f. Figs4.2.4(a) and4.2.4(d). For thinner slots, this movement type can severely

exacerbate the impact on trap counts, but inconsequential if movement paths are correlated.

These results are primarily based on theory through modelling and simulations, and we hope that other
researchers, primarily ecologists and/or entomologists, will be motivated to test these predicted patterns
using well selected model species, whilst considering different movement activities, to evaluate them

under field or at least laboratory conditions.

6 Discussion

1. In this study, we focused on trapping efficiency of different trap shapes, and how capture rates

are affected by movement behaviour, and to what extent. Our results, as outliedave some

broader implications. Traps are widely used for surveying insect diversity, detection of invasive pests
and as a form of pest management in agricultural fields (using either e.g. sticky traps, pitfall traps,
or alternatively trap crops). In this context, simulation models of insect movement have been used
to optimize the spatial distribution and other features of traps, but, the geometry of these structures
have hardly ever been assessed on trapping efficidhagr(unen2009. The logic in this study

could be applied to determine the optimal physical design of trap systems, which would constitute
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an important line of direction for future research work. Also, impacts of trap geometry would
be a crucial aspect to be considered, for those who seek to propose a unified trap Besign (

and Matthews2016. More generally, a good understanding of the interplay between trap shape,
adopted movement types and the subsequent effect on captures, would facilitate better trap count

interpretations - which is known to be a challenging isfReti(ovskii et al.2012).

. Through simulationsiMiller et al. (2015 found that slot traps (line traps) of equal perimeter to

have similar or even higher efficiency rates than circular shaped traps. Moreover, capture rates for
square traps were shown to be noticeably higher §4e®in that book). Both of these observations
apparently contradict with our results, but can be explained with a closer look at the simulation
methodology used therein. Some of the issues include: (i) A total number of 5000 random walkers
were seeded into an environment, and those individuals happening to originate within the confines
of the trap were excluded from the data. The resulting population is less than the original total, and
varies due to differences in trap area. Therefore the population density is not constant, which is fun-
damentally required for comparisons across different geometrie§¥s®e(ii) The movement type

used is a Weston random walwith circular standard deviation of 20corresponding to a heavily
directed movement path with extremely high concentration (relative to those used in this study).
We know from Fig.4.2.2(a) - (c), that strong correlations can reduce the impact of trap geometry,
making trap count trajectories more difficult to differentiate. (iii) Trap counts were simulated for a
single simulation run and were not averaged, allowing for considerable stochastic fluctuations. Note
that, the simulations conducted Miller et al. (2015 were designed for a specific goal, that is, to
show that catch rates are related to perimeter length. For intricate information, such as comparing
trapping efficiencies, much more care must be taken. Taking the above (i) - (iii) into account, we do

not see a clear contradiction as our purposes are different.

. By computing the diffusive flux through boundaries, and on compaRedyovskii et al.(2012

showed that the impact of trap geometry is not so important (in the circular vs. square case) -
which is correct in case of low insect activity. For substantial differences to be realised, we find
that mobility rates must be sufficiently large (sg&1). If mobility is much smaller than those

rates which determine these movement types to be conditionally equivalent, then the impact of
trap geometry can possibly be non-existent, even for faster movement types such as the LW. The
implication is that for field studies, the choice of trap shape may become important depending on

the movement capabilities of the type of species and thus habitat specific, e.g. high dispersal rates

3A Weston random walk is a CRW with fixed step length and each new heading is randomly generated from a normal
distribution centered on the previous heading. The concentration parameter is defined through the circular standard deviation.
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547 have been recorded for Carabid beetl€sléoptera: Carabidagin farmland in contrast to lower

548 rates measured in woody habitats, see Tab.Alema et al.(2015.

549 4. Capture rates are strongly influenced if the movement paths are correlated, i.e. if insects exhibit

550 memory, such as recollection of previous locations. In such a scenario, trap counts tend to accumu-
551 late at a much slower rate. With greater persistency, not only is there a gradual reduction in captures,
552 but also the impact of trap geometry is lessened (seed2gd). In terms of trap data interpretation,

553 low catches can arise due to a multitude of reasons, e.g. low population densities, if abundant food
554 resources are available, due to the biological state of insects such as lack of need for mating, or
555 can even be more complicated, such as a composition of the above. These factors directly influence
556 insect mobility and in turn impact trap counts. We find that, alongside these reasons, the underlying
557 movement mechanisms play a major role in how trap counts are formed, and thus provides an alter-
558 native explanation for low counts i.e. if forward persistence is prevalent. To unravel, which of these
559 is ‘most’ responsible for low counts, is more difficult to answer, and should be the subject of another
560 study. As a starting step, one would need to identify exactly how these factors influence mobility
561 rates and to what extenli@aso, 2015.

562 5. Many recent studies (but not all) which have reported LW behaviour in animal movement data have

563 been criticized, partly due to usage of inappropriate statistical techniques and misinterpretations of
564 data Edwards201]). In some cases, movement has been incorrectly identified\astipe as other

565 movement models produce a similar pattern, such as the composite correlated random walk (CCRW)
566 (Plank and Codling2009. In the context of trapping, it was recently shown that almost identical

567 trap counts are reproduced for inherently different movement models, such as BM with time depen-
568 dent mobility rate and the LW, which suggests that the type of underlying movement pattern is not
569 that important after all, unless placed under some ecological context, e.g. pest monAdmmeo(

570 et al.,2018. Although controversy persists, our motivation for including LWs stems from the fact

571 that such mechanistic processes have received much attention in the movement ecology literature
572 (Reynolds 2018. Our results show that, if animals switch té\ty type movement (typically ob-

573 served in resource scare environments), then trap counts strongly depend on trap shape. In the case
574 of circular geometry, optimal trap counts are recorded for a systeréwf Walkers, but for square

575 geometry, BM yields the optimal (see Fig.2.4). This suggests that individuals can avoid portions

576 of the trapping region if corners are present. Intuitively, the frequency of ‘avoidance’ increases for
577 slot traps, and even more so for thinner slots, possibly a by-product due to a reduction in ‘effective
578 size’. Moreover, the impact of trap geometry grows with time, with the opposite effect observed for

579 correlated movement paths with increasing strength of forward persistence. These results have some

28



580

581

583

584

585

586

587

588

589

590

591

592

593

594

595

596

597

598

599

600

601

602

603

604

605

606

607

608

609

610

611

wider implications which are applicable, more generally for animal movement. For instance, if we
think of the trapping region as a circular area which contains a food patch at the centre, and the trap
radius as a detection boundary, then the problem is analogous to random searches. If in addition we
assume that any animal which enters the boundary, remains in the close vicinity of the food source
(non-revisitable) - then this essentially functions as a ‘trapped’ individual. In this context, our results
agree with the fact thatévy type movement allows for a more efficient random search of a target,
which is well known and documented in the literatuvs(vanathan et gl1999 Bartumeus et al.

2005. However, this may not be true in general, as searching success could depend on the shape
of the target boundary (see Fig.2.4. This is not uncommon, as Brownian search strategies are
known to become more advantageous under some conditions (e.g. presence of global bias), where

it is shown that levy searchers can easily overshoot the tafgalyulin and Metzler.2014).

On a final note, we would like to mention some limitations to this study which can possibly motivate

further research work:

1. This study is limited to trap shapes which have been used in the field, namely, circular, square and

slot, but, it would be interesting to consider other shapes, which are also used on occasion e.g. cross
shaped trapsRerner and Schulg2004 Blackshaw et a).2018.

. Baars 1979 recorded that circular traps are slightly more efficient than square type, but this result

could not be reproduced in a multi-trap setting with traps of the same shape. It is unclear whether
our results on trap efficiency hold in such a scenario. This opens up additional questions related to
how trapping efficiencies may alter with respect to various spatial arrangements. Our study provides
a better understanding at the single trap level and thus a conceptual basis for investigating more

complex settings, such as multi-trapping systems.

. Our results are relevant to pitfall trapping studies with use of conventional traps. However, traps

can be tailored to meet experimental requirements, and various designs have been developed to
influence capture rates, e.g. baited tradpegke and Raffal 993, time-sorting trapsGhapman and
Armstrong,1997), barrier trappingDesender and Maelfait 986, drift fences Melbourne 1999,

ramps Bostanian et al1983. Although applications are context specific and they are not as widely
used, these alternatives still exist. For a better understanding of trap efficiencies in these cases, the
modelling framework would need to be refined to account for the response due to these specific trap

functions.

. This study is primarily based on individual based modelling, but it is well known that the mean-field

dynamics for BM, is well described by the diffusion equati®eirovskii et al.2012 Bearup et al.
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2015 2019. It would be interesting to see a complimentary study that can reproduce our results
in §4.1 at this level. In addition, trap counts could be further explored by considering more com-
plicated movement types, which incorporate composite and/or intermittent behaviour, time/density

dependent movement, interactions with the environment, Bth@n et al.2008 Codling 2014).

5. Shlesinger and Klafted @86 first introduced the concept of a LW in the biological literature with
the proposal that such movement mechanisms could be observed in the foraging behaviour of ants.
To the best of our knowledge, the extensive ecological literature does not contain empirical evidence
that ground-dwelling arthropods perform LWSs, even for a single species. Admittedly, any practical
implications derived from our theoretical results on insects may be limited, but can be useful, more

generally for animal movement.

6. From a more practical viewpoint, ‘small’ differences in trap efficiencies are not so much of a seri-
ous problem for field entomologists. There are other aspects linked to pitfall trapping still poorly
understood, that need to be solved by both theoretical and field ecologists, e.g. why trap counts
of ground-dwelling arthropods assemblages can provide a different record compared to techniques
measuring population densities? Why some ground-dwelling arthropods are completely missing in
pitfall trap samples and others are overestimated i.e. have low population densities but relatively

high catches?
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Supplementary information

S1 Homogeneously distributed insects over the arena

In our simulations we assume that insects are homogeneously distributed over the aren& atQinte
mathematical terms, each initial position can be described as a random vector, written in polar co-ordinates
ro= (ro,?), whererg is the distance from the centre of the field, ahds the angle subtended from the
horizontal. The probability distribution can easily be written in the case of a circular arena with circular

trap installed at the centr&.(.1),

2rg 1
Ao(rg) = =5——=, Ri <ro <Ry, d)=—, —n<I <, S1.1
o(ro) g_r <<k Yo(9) =5 (S1.1)
where the subscript ilg and yj refers to ‘initial’. For simulations, each individual position can be

independently and randomly generated by

fo ~ <\/(R§—R§)u +R§,2nu> (S1.2)

whereU is the uniform distribution defined over the interval from 0 to 1. This corresponds to uniformly
distributed individuals over an annulus. In more complex geometries (asymmetrical under rotation) such
as the square or slot trap cases, the probability distribution cannot be expressed analytically. Therefore,
we devise the following methodology: a populationNf individuals are uniformly distributed around

the whole circular field g ~ (Rz\/U,ZnU), prior to the installation of the trap. Those individuals which
happen to be situated within the trapping region are removed. As a result, the remaining population is
uniformly distributed about the arena, with population, &y < N, wherew = 1 corresponds to the
square trap, and) > 1 for the slot trap. On assuming a constant population depsjtpumber of insects

per unit area), it follows that

_ Ni _ Neo Nt Ne

P A A PTmR T R wE? (51.3)

whereA denotes total area. From this we can determine an estimalg,for

w [ E\?
Ne = Ns (1— g (ﬁz) > (S1.4)

which expresses the remaining populatinin terms of the population distributed around the whole field

N¢, in the absence of a trap.
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S2 Condition of equivalence: Correlated random walk vs Brownian motion
Consider the random walk framework as describegPinThe total displacement aftarsteps is given by,
n—1 n—-1

R= 3 (fisa=10) = 3 (41) (S2.1)

where(Ar); is the step vector as defined @ @.1). The corresponding mean squared displacement (MSD)
derived byKareiva and Shigesaq&983 reads,

c—c?—s’)n—c
(1—c)?2+¢?

, 224 (R+2)"7
[(1-c)2+¢?2

E (R%) =E(|Rnf%) :nE(I2)+2E(I)2-( +2E(I) -F(s,c) (S2.2)

where
F(sc)= ((1-c)*>~5) cos((n+ 1) arctan@)) —2s(1—c)sin ((n+ 1) arctan(S)) .
Here,

E(I):/oml)\(l)dl, E(IZ):/OMIZ/\(I)dI (S2.3)

are the #'and the 29 moments of the step length distributions, respectively. For turning angles, such linear
statistics cannot be used since any angular value is defined moduso 2 — T and 6 + 1T correspond to

the same directionGodling et al, 2008. Useful moments for circular distributions include the mean sine
sand mean cosine defined as

s:E(sinG):/nsinGw(G)dG, c:E(cose):/" cosOw(6)ds, (S2.4)

and once these are computed for some giyealongside $2.3, then the MSD can be computed through

(S2.2. Now consider the following cases:

Case 1 MSD for BM: Uniform turning angley(6) = %T with zero mean sines and cosingss ¢ = 0.
With this, (S2.2 reduces to

E(RY) = nE(12) = n/owlzx\ (I;0)dl = 2ng2. (S2.5)

Case 2 MSD for the CRW:((0; k) is the VMD given by 2.2.1) and due to symmetry we have ttgat 0
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and from §2.2 we obtain

E(R) = nE(I2)+2E(|)2L (n_ 1_Cn) . (S2.6)

On computing moments, we have that

E(|2):/OOOI2)\(I;v)dI:2v2, c:/lcos@-;ﬂc:li)de_ :;Ei;7

20 :/OOOI/\(I;v)dI _V 22",

wherelo(k) andly(k) are defined through the integrigd(k) = 2 /™, cogpB)eX°?dh, which denotes
the p" order modified Bessel function of the first kind. Substituting ir88.6 we find that

la(k) 1 <:1(K))”
E(R) = v2{2n+ .o (n <f((K))> ) } (S2.7)
_ lilK) 1— (4 K

lo(k) To(K)

The condition of equivalence is obtained by equating the MSDSh§ and §2.7), and on rearranging

1
11(K) (0™ ) 2
veg{ 14D, T 1—5M . (S2.8)
—g A" ()

Finally, we can express the ratio of scale parameters in terms of concentkation

we have that

iy

—
X

N

1
i T2

l1(K) _ (k) A
Y_l1: o) ot ) ('°K>) (S2.9)
o 2 1 _ k) t; 1_('1(K)> '
lo(K) lo(K)

with discretized time; instead of the number of stepssee 2.0.]). In case of large timg and small but

finite value ofAt, we have thaft% ~ 0, and therefore an approximation f&2.9 reads,

I1(K) _%
V. T T
o~ (1+ > ,1(K)) (S2.10)

and in the infinite limit; — o, &' — 0, (S2.9 reduces to

'
1
I1(K) T2
vV _ T ol
~ - (1+ > |1(K)) (S2.11)
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Figure S2.1: Plot (a) Condition of equivalen@®2(9 plotted against timg@ with At = 0.01, for varying
concentrationg =0,1,2,5. Plot (b) Sample random walks with= 1000 steps for (i) BMo = 0.3 (black),
(i) CRW with low forward persistence = 1.5 (blue) and (iii) CRW with high forward persistenge=5
(red). Note that, the CRW parameteraries at each time step, and is determined fr821 9.

which is constant for fixed. As a result, the ratio of scale parameters is time invariant for sufficiently
large time, as observed in Figs2.1a). Note that, in the special cage= 0 (no forward persistence)

the VMD in (2.2.]) is the uniform distributiony(8;k = 0) = %T and the CRW reduces to BM with
equal scale parametens= o, as expected. FigS2.1b) illustrates typical sample paths for BM and the
CRW with low/high forward persistence. Here, the scale parameters are related through the condition of
equivalence $2.9 which ensures that each trajectory has the exact same MSD. We observe completely
random movement for BM, whereas, for the CRW the movement is more directed with less ‘tangles’ and

‘turns’.

S3 Condition of equivalence: levy walk vs Brownian motion

As atechnical note, the terminologyévy flight or * Leévy walkis synonymous in the biological literature.

The subtle difference is thatgy flights allow for arbitrarily large steps, which can theoretically result in
non-physical infinite velocities, whereas LWs ensure that the propagation velocity is finite. Note that, in
the physical sciences more caution is taken and a clear distinction is Dylie¢ et al, 2017). To avoid

any unnecessary confusion, throughout the study, we ésg Wwalks as a reference to a random walk

whose step distribution has the asymptotic prope2t8.(), although technically, this is advy flight.
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Léevy walks are scale-free in the sense that the variance of the step length distribution is divergent. The
MSD is unbounded and grows ballistically or sub-ballistically over tilkkafter et al, 1987. The usual
methodology used to relate scale-specific movement processes through equating the MSD (as outlined in
§S2) cannot be applied. To overcome this, an alternative approach allows a characteristic scale tength

be defined, by fixing the probability of executing a step not exceedibg

Pl<L)=¢ (S3.1)

also known as a survival or exceedance probability. In the literature on individual animal movement, there
are some arguments that LWs are never really scale-free, since terminology can be misleading. A char-
acteristic step length can ‘always’ be defined, but may be described somewhat differently, either through
the median, geometric-averages, or even based on dimensional ankbses @nd Petrovskji2012).
Although such approaches are plausible, they are hardly ever used and not favourable. A quick scope of
recent literature will demonstrate that the usual methodology is through equating survival probabilities,
e.g. Rodrigues et al(2015; Bearup et al(2016; Choules and Petrovski2017); Ellis et al. (2018 and
there are many others. The motivation stems from the idea that step lengths can be divided into two classes,
short range steds< L and long range steps> L, with probabilitiese and 1— &, respectively.

To obtain a condition of equivalence between BM and the LW, firstly, we need an expresslan for

From (S3.1) we can derive the following for Brownian step lengths,

L)I I I - 1 I 2]
/o (I,0)d :/o Fexp(—ﬁ)d =& = L:\/—Za n(l—eg), (S3.2)
and for the levy step length distribution,
L - L 2y e
/o )\(I,V)dl—/o ad=E = L_ytan<?>. (S3.3)

To enforce equivalence, we assume that this characteristic length is the same, and therefore we can

eliminateL from (S3.2 - (S3.3 and rearrange to obtain

{(e) = g =+/-2In(1—¢) cot<%> , (S3.4)

which expresses the ratio of scale-paramefemirely in terms of probabilite. The basic idea is that
for choseng, the value of¢ can be computed fronS@.4, and therefore a conditional relation of the
form y = (o can be sought. The issue is that the value @ always chosen arbitrarily, without any
clear reasoning. Some typical choices are 0.1,0.5,0.9 (Rodrigues et al(2015; Bearup et al(2016);
Choules and Petrovski017); Ellis et al. (2018). To overcome this issue, we introduce the following
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optimization technique to uniquely determine the optimal probakality

Firstly, consider theZ, norm defined as,

Boy,0) = ( I <A<I;v>—A<|;o>>2dl)2 (S3.5)

which computes the squared distance between the step length distributions. For the LW (with Folded

Cauchy distribution) and BM we have that,

e 2y | 2\\2 )\ ?
which can be evaluated analytically,
1
Vi 2y y y 1?2
Xz(y, U) (E—Wexp 27‘_2 E1 27‘_2 —|—Fy (837)

where B(2) = [, eT_tdt is a form of the exponential integrahlbramowitz and Steguyri972. On substi-

tuting{ = % the above can be written as
1 (mym z (), 1Y

with { = {(&) given by §3.4. We now seek to solve the following optimization problem, that is, to
determine the value &f = £* which minimizes the normS3.98.
The derivative of §3.8 reads,

d% d% ol Ge) &

de ~ dZ de 2nod de (3.9)
where
1 {? ?
G(e) = 2—2(1+Z )exp( )El( 2) 4 (S3.10)

is the optimality function. It follows that the optimal probability is a solution of the equaBi(et) =
which can easily be computed numerically.

Fig. S3.1(a) - (c) shows that th&>, norm is minimized at* = 0.342 (to 3.d.p), and is invariant with
respect too. Plot (d) shows the optimality functioB(¢e), and this optimal probability is a zero of this
function. Plot (e) demonstrates equivalent step length distributions in the case of BM with.5,1, 3

and the LW withy = 0.768 1.536,4.608, respectively. The condition of equivalence between these scale
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Figure S3.1: Semi-log plots of th&, norm given by £3.8 for different values of (ap = 0.5 (black),

(b) 0 =1 (blue) and (c)o = 3 (red). (d) Optimality functiorG(¢) given by §3.10. (e) Equivalence
obtained between step length distributions, namely, the Weibull distribu2idni) with o = 0.5 (black
solid), o = 1 (blue solid)o = 3 (red solid) and Folded-Cauchy distributidh3.2 with y = 0.768 (black
dashed)y = 1.536 (blue dashedy,= 4.608 (red dashed). Corresponding parameters are determined from
y = (*o with {* = 1.536 and optimal probabilitg* = 0.342.

parameters is given by,
y={"c with {*=1536 (S3.11)

which ensures that for both movement processes, the probability of executing the same step size of at most
lengthL is fixed ate* = 0.342, subject to the ‘similarity’ constraint that the squared distance between the
step length distributions is minimized. The advantage of this methodology istigbptimal and now

unique, rather than chosen arbitrarily. Of course, other constraints are possible such as minimizing the
norm, which is equivalent to minimizing the area between the distributions, however, in this case the norm
is not analytically tractable, and also cannot be generalized sihearies witha. The methodology
outlined in this section can be easily extended to compare random walks for a variety of step length
distributions where at least one of them has a divergent variance. An upcoming paper aims to deal with

this issue in more detaibhmed and Bearu019.
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