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Abstract

Three-dimensional movement is increasingly measurable for flying insects. However,
modelling approaches have lagged behind, limiting mechanistic understanding of how flight
behaviour influences interception by planar trapping surfaces. We simulate insect movement
in three-dimensional space using biased and correlated random walks, distinguishing panel
contact from edge leakage and accounting for repeated encounters and probabilistic retention
upon contact. Using biologically plausible parameters for short-range flight by insects (such
as whiteflies, thrips and mosquitoes), we examined how movement behaviour, panel size and
retention jointly influence trapping outcomes. Encounter and capture probabilities increased
with panel size relative to movement persistence length (the characteristic distance over
which successive flight directions remain correlated), but remained low without directional
bias, showing that larger panels cannot compensate for weak attraction. Stronger directional
bias towards the panel increased encounters, repeated contacts and capture, whereas greater
persistence generally reduced capture by producing straighter trajectories less readily
redirected towards the panel, despite shortening time to first encounter among successful
trajectories. Increasing retention enhanced capture but could not compensate for low
encounter rates, while also truncating repeated-contact sequences. Interception failure due to
edge leakage peaked at intermediate directional bias and greater persistence, and declined
with stronger bias or larger panels. These results show that planar trap performance in flying
insects depends jointly on movement behaviour, finite trap geometry and retention. The
framework provides a mechanistic basis for interpreting trap catches, generating
experimentally testable predictions, and exploring how context-specific differences in
movement behaviour may influence planar trap performance across monitoring and control
initiatives.

Keywords Three-dimensional movement, insect trapping, biased correlated random walk,
directional persistence, directional bias, edge leakage, planar traps



40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83

1. Introduction

Growing interest has emerged in analysing flying insect movement in three-dimensional
space (Zuo et al., 2026), facilitated by technological advances that are transforming insect
ecology and monitoring (Van Klink et al., 2022). These include advances in high-resolution
imaging (Dedic et al., 2024), multi-camera tracking systems (Batista et al., 2019; Bredt et al.,
2025), lidar-based tracking (Kirkeby et al., 2016), and harmonic radar tags (Hurst et al.,
2024), which increasingly allow behavioural and spatial patterns to be resolved that are
difficult or impossible to capture from two-dimensional observations alone (Chen et al.,
2024). Such approaches have been applied across a range of taxa, including vector
mosquitoes (e.g. Aedes aegypti; Jimenez-Vallejo et al., 2026; Anopheles gambiae; Spitzen et
al., 2013), fruit flies (e.g. Drosophila melanogaster; Vaxenburg et al., 2025), and bees (e.g.
Apis mellifera; Sun and Gaydecki, 2021; Bombus terrestris; Stiemer et al., 2023), enabling
detailed reconstruction of three-dimensional flight trajectories (Butail et al., 2012). Together,
these advances provide a strong empirical foundation for three-dimensional insect movement,
informing both ecological understanding and management, while motivating the development
of theoretical movement models that link observed flight behaviour to ecological processes
and outcomes (Ahmed et al., 2021; Lennox et al., 2025).

Despite recent advances in three-dimensional imagery approaches, modelling tools to
analyse these data have not kept pace. While two-dimensional movement models have
provided considerable insight for terrestrial insects (Petrovskii et al., 2014; Van Klinken et
al., 2023; Ahmed et al., 2023b), with some applications to flying insects (Reynolds and Frye,
2007; Byers, 2012), their two-dimensional representation of movement is increasingly
recognised as an oversimplification of airborne behaviours (Chen et al., 2021; Ahmed et al.,
2023a). The vertical dimension influences flight behaviour, including differences between
ascending and descending flight arising from gravitational and aerodynamic constraints (Shen
et al., 2018; Walker and Taylor, 2021), as well as environmental exposure and encounters
with ecological targets such as resources, conspecifics, and trapping surfaces (Wainwright et
al., 2017; Jimenez-Vallejo et al., 2026). Accordingly, recent theoretical developments have
extended movement models into three dimensions, particularly stochastic trajectory-based
approaches such as biased and correlated random walks, enabling a more realistic
representation of directional persistence, bias, and spatial exploration (Benhamou, 2018;
Ahmed et al., 2021; Klappstein et al., 2026). Although knowledge gaps remain in the
practical integration of random walk frameworks in three-dimensional contexts, these
developments provide a theoretical basis for linking individual-level movement processes to
emergent ecological processes in vertically structured environments.

One important practical application of three-dimensional movement modelling is
insect trapping. Traps are widely used in ecological monitoring and pest management to
assess population abundance, detect invasive species, and inform control strategies
(Southwood, 1978; El-Sayed et al., 2006; Radcliffe et al., 2008). For flying insects, traps are
typically elevated and often consist of finite planar surfaces, such as sticky panels or coloured
cards. These planar surfaces attract individuals, induce a landing response or intercept
individuals mid-flight (Epsky et al., 2008). Planar surfaces are also increasingly used within
larger traps with more complex three-dimensional structures to monitor for pathogens,
particularly in vector mosquitoes via baited FTA cards that enable surveillance from pooled
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samples based on expectorated saliva (Manzi et al., 2023). Moreover, their practical
application can be of significant public health importance. For instance, highly successful
control campaigns against human African trypanosomiasis (‘sleeping sickness’) use
insecticide-impregnated planar surfaces to attract and kill the tsetse fly vectors of
Trypanosoma parasites (Esterhuizen et al., 2011; Bessell et al., 2021). These targets are
carefully designed to incorporate the vector’s known behavioural responses to specific visual
features (Lindh et al., 2009) and have reduced disease incidence by up to 25% in some areas
(Bessell et al., 2021). Although planar trap systems are widely used across taxa (e.g. aphids,
whiteflies, thrips, and mosquitoes; Rehling et al., 2025; Roberts et al., 2025), the mechanistic
relationship between trap catches and movement behaviour that generates encounters with
trapping surfaces remains insufficiently characterised. In practice, trap counts are often
interpreted as indices of abundance or activity, with limited consideration of the behavioural
processes underlying encounter and capture, or the influence of trap placement and design. A
stronger mechanistic understanding of how movement behaviour influences interception
could improve interpretation of trap data and provide a basis for evaluating trap performance
and improving their design (Ahmed et al., 2021).

From a theoretical perspective, trap encounter is a first-passage process in which a
movement trajectory intersects a target region in space, while successful capture additionally
depends on retention following contact. Consequently, trapping outcomes depend on the
interaction between movement characteristics and trap geometry (Petrovskii et al., 2012;
Ahmed and Petrovskii, 2019), and in broader monitoring contexts, the spatial configuration
of traps (Hohbein and Conway, 2018; Ahmed et al., 2023b). Previous modelling studies have
largely focused on two-dimensional systems, particularly pitfall traps for ground-dwelling
insects, where links between movement processes and trap counts have been extensively
explored (Petrovskii et al., 2014; Miller et al., 2015). Although three-dimensional approaches
have been developed for specific trapping and encounter contexts (Byers, 2009; Cribellier et
al., 2018), comparatively little attention has been given to general movement-based
frameworks for planar interception by traps in three-dimensional space. Existing work has
demonstrated that trap counts for three-dimensional volumetric traps depend nonlinearly on
trap size and movement properties (Ahmed et al., 2021), but a mechanistic framework for
planar interception remains lacking, despite the widespread use of panel traps in practice.
Empirical studies further indicate that flying insect movement is structured and influenced by
multiple interacting drivers, including environmental conditions, visual and olfactory cues,
and physiological state (Wainwright et al., 2017). For example, mosquito flight behaviour
exhibits strong responses to microclimatic gradients and visual, thermal or olfactory stimuli,
leading to non-uniform space use, sensory synergisms and directional bias (Carnaghi et al.,
2021; Jimenez-Vallejo et al., 2026). Infection or reproductive status of vectors has also been
shown to alter flight speed and distance along with general locomotor activity (Lima-Camara
etal., 2011; Somerville et al., 2019; Tallon et al., 2020; Dong et al., 2025). Such inputs
operate over different spatial scales and interact with each other in non-linear ways, and the
emergent behaviours can directly influence the probability of encountering and interacting
with a trap surface (Spitzen et al., 2013; van Breugel et al., 2015; Carnaghi et al., 2024).
Therefore, a mechanistic understanding of trapping requires integrating context-dependent
movement dynamics with the finite geometry and potential attractant properties of trapping
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surfaces.

We develop a three-dimensional modelling framework for insect trapping by planar
surfaces based on correlated and biased correlated random walks. Movement is represented
as a stochastic process with directional persistence and directional bias towards a target,
while trapping is formulated geometrically as the intersection between trajectories and a finite
panel. Within this framework, we examine how panel size, directional persistence, bias and
retention influence panel encounters, repeated contact, capture probability and time to first
encounter, together with edge leakage, defined as crossing the panel plane outside the finite
panel boundaries. We further examine panel size relative to the persistence length of
movement to characterise how movement scale and trap geometry jointly influence
interception. This work provides a mechanistic link between three-dimensional movement
processes and trapping outcomes, offering a basis for interpreting trap catches and exploring
how movement behaviour, trap geometry and retention jointly influence the performance of
planar trapping surfaces. More broadly, it contributes to the development of three-
dimensional movement ecology by showing how movement behaviour, finite panel geometry
and post-contact retention interact to determine trapping outcomes.

2. Methods

The modelling framework simulates insect movement in three-dimensional space using
biased and correlated random walks, incorporating directional persistence and attraction
towards a finite planar trapping surface, representing responses to trap-associated
environmental cues. The model accounts for panel encounters, repeated contacts,
probabilistic retention upon contact, and edge leakage when flight paths cross the panel plane
but miss the trapping surface.

2.1 Three-dimensional random walk movement model

We model individual insect movement as a discrete-time stochastic process in three-
dimensional Cartesian space. The position of an individual after movement step i is denoted
by x; = (x;,¥;, Z;), and successive locations are connected by the displacement vector Ax; =
X; — X;_1. The corresponding step length is [; = ||Ax;]|, while the direction of movement is
represented by the unit heading vector u; = Ax;/!;. Positions are updated at fixed time
intervals At according to

X; =X, 1 + liui. (1)

The resulting trajectory is therefore represented as a sequence of straight-line displacements
over fixed movement intervals At, with the step length and heading specified probabilistically
at each movement update. The corresponding velocity vector is given by v; = [;u; /At, which
accounts for both flight speed and direction.

For the baseline isotropic movement process, the Cartesian components of each
displacement are assumed to be mutually independent Gaussian random variables with zero
mean and the same standard deviation o, such that Ax;, Ay;, Az; by N(0,0?). The parameter
o therefore controls the characteristic spatial scale of movement during one time interval At.
Under these assumptions, the displacement vector is isotropically distributed, and the step
length follows a Maxwell distribution,
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Al) = —=exp (-3). 1>0 )

which is equivalent to the variable [/o following a chi distribution with three degrees of
freedom. The mean and mean-squared step lengths are

E(]) = % E(I2) = 302, 3)

respectively. The corresponding variance is var(l) = (3 — 8 02, and the coefficient of
V3

.o . 3
variation 18 ’?— 1.

Because the three Cartesian increments are independent and identically distributed,
the isotropic process has no preferred direction. The heading vector is therefore uniformly
distributed over the surface of the unit sphere. In spherical coordinates, the azimuthal angle
0; € (—m, m ] is uniformly distributed, while the polar angle ¢; € [0, 7w ] has probability
density %sin(q,’)i). The displacement components may then be written as

Ax; = l; cos(0;) sin(¢;), Ay; = [; sin(6;) sin(¢;), and Az; = [; cos(¢;). 4

For an unbiased and uncorrelated walk, the mean-squared displacement (MSD) after n steps
is

MSD = E[||x,, — X,l|*] = nE(I?) = 3nc?2. (%)

Since the elapsed time is t = nAt, comparison with the three-dimensional diffusion relation
2
MSD = 6Dt gives the effective diffusion coefficient D = :—At. Hence, o determines both the

typical displacement per movement update and the long-term rate of spatial spread. This
formulation follows the three-dimensional random walk framework used for animal
movement and encounter processes (Ahmed et al., 2021).

2.2 Directional updating through persistence and panel-oriented bias

Let u;_; denote the unit heading vector of the previous step. The direction of step i was
determined by combining persistence in the previous direction with attraction towards the
panel. The resulting directional vector was defined as

m; = K,U;_q1 + Kpg;, (6)

where k,, = 0 controls directional persistence, kj, = 0 controls the strength of attraction
towards the panel, and g; is the unit vector pointing from the individual’s current position
towards its assigned target on the panel. In the biased movement model, each trajectory is
assigned a fixed target point, while g; is recalculated at every step as the individual moves.
The attraction parameter K represents the net directional response to trap-associated
environmental cues, without distinguishing between individual sensory mechanisms.

The resultant vector m; determines both the mean direction and concentration of the
VvMF distribution. Provided that ||m;|| > 0, these are given by

m;

W= kg =l (7)

(I’
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The new heading is then sampled according to
u; ~ vMF(p;, k), (8)

with density
fQuglpg, ;) = meXP(MF?“i)- 9)

The parameter k; controls angular concentration around p;. Small values produce widely
dispersed headings, whereas larger values produce headings more closely aligned with the
resultant direction. Because k; = ||m;||, the concentration is not necessarily constant: it
increases when persistence and attraction act in similar directions and decreases when they
oppose one another.

When k;, = 0, Eq. (6) reduces to m; = k,u;_1, so that movement is governed solely
by short-term directional persistence and the process is a three-dimensional correlated
random walk (CRW). When k; > 0, the new heading reflects a compromise between
persistence and attraction towards the panel, producing a biased correlated random walk
(BCRW). In the absence of both components, k,, = k;,, = 0 and hence |[[m;|| = 0; the heading
is then sampled uniformly over the unit sphere, corresponding to an unbiased simple random
walk (Ahmed et al., 2021; Klappstein et al., 2026).

2.3 Persistence length

For the CRW, directional persistence is quantified using the mean cosine of the angle
between successive headings in the absence of directional bias. When the new heading is
sampled from a three-dimensional von Mises—Fisher (vMF) distribution centred on the
previous heading with concentration parameter k,,, the directional correlation is

p = coth(i,) — é (10)

Here, p measures the expected alignment between successive headings: p = 0 corresponds to
no directional persistence, whereas values approaching 1 indicate increasingly straight
movement. This relationship follows directly from the mean resultant length of the three-
dimensional vMF distribution (Mardia and Jupp, 2000).

For a CRW with constant directional correlation, the expected correlation between

headings separated by k steps decays geometrically as p*. The corresponding characteristic
1

persistence time, measured in numbers of steps, is therefore n, = — Tog(p)" Multiplying this
by the mean step length gives the persistence length,
_ __E®
P log(p) (1

Using the step-length distribution given in equation (3), the persistence length becomes

4o
b=~ sty (12)
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The persistence length therefore represents the characteristic distance over which the effect of
the previous heading is retained. Larger values of k,, produce larger values of p and hence
longer persistence lengths, whereas k, — 0 gives p — 0, corresponding to an uncorrelated
random walk. In the BCRW, the realised direction depends on both the previous heading and
attraction towards the panel. Consequently, the correlation between successive headings is no
longer determined by k,, alone. For consistency, we therefore define [, using the
corresponding baseline correlated random walk with k; = 0. This isolates the intrinsic
persistence of the movement process from the additional effect of directional attraction.

2.4 Panel-target specification

For biased movement, each individual was assigned a fixed target point selected uniformly at
random over the panel surface, allowing for variation in where insects orient towards the
panel, while assuming no spatial differences in attractiveness across its surface. For a
rectangular panel of width W and height H, centred at the origin in the plane x = 0, the target
was defined by

. w w . H H .
Ytar ~ Umf(_ ;';)a Ztar ~ Umf(_ ;;;), with q = (0, Ytar» Ztar)- (13)

The target remained fixed during the individual’s approach to the panel. At step i, the
direction of attraction was the unit vector pointing from the current position X;_; towards q:

q—Xi—1
S PR (14)
Assigning targets across the panel surface represents attraction towards the panel as an
extended object, rather than concentrating all trajectories towards its centre. Directional
attraction was removed after the trajectory first interacted with, or passed through, the panel
plane, representing the loss of attraction following an initial approach event, after which
movement continued as a CRW. In the numerically degenerate case where ||q — X;_; || was
effectively zero, g; was replaced by the panel-normal unit vector (1,0, 0).

2.5 Initial conditions and trajectory termination
Individuals were released uniformly within a circular region of radius R in the plane x = —d.
Uniform sampling over the release disc was achieved by drawing

r = RVU, U ~ Unif(0, 1), together with 1 ~ Unif(0, 2m). (15)
The initial position is then
Xy = (—d,rcosy,rsiny). (16)

Initial headings were sampled uniformly over the unit sphere. Thereafter, positions were
updated according to Eq. (1). Each trajectory was simulated for a maximum of n,

movement steps and was terminated earlier if the individual left the computational domain,
defined by
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Xi > Xmax» Xi < Xmin» O [[x;]| > Rescape- (17)

Thus, a trajectory ended upon capture, escape from the computational domain, or completion
of the maximum number of movement steps.

2.6 Panel interception, capture, and post-contact movement
The trap was represented as a finite rectangular panel centred at the origin in the plane x = 0,
with width W in the y-direction and height H in the z-direction. The panel therefore occupied
the region

w
vl <% 1zl < 2 (18)
At each movement step, the line segment joining the successive positions X; and X;,; was

tested for intersection with the plane x = 0. If the segment crossed this plane, the intersection
parameter was calculated as

Xi

) 19
Xi+1—X{ ( )
where x; and x;,; denote the x-coordinates of the two positions, and 0 < t < 1 specifies the
location of the intersection along the movement segment. The corresponding intersection
point was

Xint = X; + T(Xj41 — X;). (20)

An intersection was classified as contact with the panel when

21)

Yintdl < - zinel < 5.
If the segment crossed the plane outside these bounds, the event was classified as edge
leakage. In this case, no contact occurred, attraction towards the panel was removed, and the
trajectory continued as a CRW. When contact occurred, the attempted movement step was
truncated at X;,¢. The individual was then captured with probability pgick, in Which case the
trajectory terminated at the contact point. Otherwise, a post-contact heading uposc Was
sampled from a vMF distribution centred on the outward panel normal, ppesc = (—1,0, 0),
with concentration parameter kposc. Sampling was restricted to headings satisfying upostx <
0, so that the individual moved away from the panel after failed capture.

To prevent immediate numerical re-contact, the position was displaced slightly from
the panel according to

X = Xijnt T+ EUpost, (22)

where € > 0 is a small displacement constant. A new step length was then sampled, and
movement continued using Uy, as the reference heading. Panel-oriented attraction was
removed after the first interaction with the panel plane, but subsequent intersections with the
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finite panel could still occur through the correlated movement process. Thus, failed capture
could generate repeated contact opportunities, whereas edge leakage represented crossing the
panel plane outside the finite trapping surface without interception. All simulations were
implemented in MATLAB R2016a.

2.7 Simulation design and ecological parametrisation

While flight behaviours vary among species and individuals and are highly context-
dependent (Martinez-Pérez et al., 2022; Oram and Card, 2022; Polidori et al., 2022; MacLeod
and Luong, 2024), the relative conservation of wingbeat kinematics across dipteran taxa,
despite substantial variation in wing and body morphology, suggests that similar aerodynamic
principles may govern aspects of dipteran flight (Le Roy et al., 2026). We therefore selected
parameters to represent short-range flight by relatively small insects interacting with a finite
panel-type trap, rather than to reproduce the behaviour of a specific species.

Spatial quantities were expressed in centimetres and time in seconds. The baseline
movement interval was At = 0.02 s, providing fine temporal resolution for changes in flight
direction near the panel (Ings and Chittka, 2008). A nominal mean flight speed of v = 25 cm
s~ was used, consistent with the order of magnitude reported for short-range flight in small
insects. For example, mean horizontal forward speeds of approximately 24 cm s™! have been
reported for Bemisia tabaci, while Anopheles gambiae reached a mean ground speed of 27
cm s~ under combined odour and heat cues (Isaacs et al., 1999; Spitzen et al., 2013). This
corresponds to a mean step length of E(l) = vAt = 0.5 cm. The selected speed was intended
as a phenomenological baseline rather than a species-specific calibration, allowing the effects
of panel size, directional persistence and movement bias to be examined independently.
Although absolute spatial and temporal scales would vary with flight speed, the qualitative
relationships among these movement and trapping parameters are expected to be broadly
retained. Using the mean step length given in Eq. (3), the corresponding scale parameter was
o =~ 0.313 cm. These values therefore define the baseline spatial and temporal scale of the
simulations rather than an exact representation of flight behaviour for any particular species.

Directional persistence and bias were varied over ranges intended to represent
contrasting short-range flight behaviours rather than species-specific fitted estimates.
Directional persistence was explored from k,, = 0, corresponding to no directional
persistence, to k, = 5, producing strongly persistent and relatively straight movement. Such
variation allows the model to represent contrasting degrees of directional continuity and is
consistent with observed insect search behaviour. For example, starved fruit flies (Drosophila
melanogaster) explore their surroundings for resources through a series of relatively straight
flight segments separated by rapid turns, with the resulting movement pattern consistent with
a Lévy-like search strategy (Reynolds and Frye, 2007). The encounter with a cue can then
modify this exploratory behaviour, introducing directional bias into the insect’s movement
and guiding it toward a resource or other biologically relevant target (Reynolds and Frye,
2007; Reynolds and Rhodes, 2009). In our model, directional bias was varied from k; = 0,
representing no attraction towards the panel, to k;, = 1, representing strong orientation
towards the target. This parameter represents the overall tendency to orient towards the panel
in response to environmental cues, rather than explicitly modelling specific flight behaviours
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such as upwind orientation, casting or visually guided turns. Olfactory cues from floral
resources, for example, were observed to provide directional information during bumblebee
(Bombus terrestris) foraging, with more experienced individuals showing a tendency to fly
upwind toward specific floral resources (Osborne et al., 2013). Therefore, the ranges of both
Kp and k;, parameters were chosen to span contrasting movement behaviours (i.e., weakly
structured, persistent and strongly biased) while retaining stochastic variation in heading,
thereby capturing key features of the variation in flight patterns and directional responses
observed across insects in different ecological contexts.

The trapping surface was represented by a finite square panel, with L = 10 cm used
as a representative panel size and L varied in some analyses to examine the effect of panel
size. Practical sticky cards are often rectangular and measure approximately 10 X 20 or
10 X 25 cm, with larger formats also available (Pobozniak et al., 2020). Square geometry
was adopted to simplify the model and facilitate scaling of panel size relative to movement
persistence.

The simulations were designed to represent short-term, short-range flight during local
approach to a planar trapping surface rather than long-range dispersal. Individuals were
released at distances on the order of tens of centimetres from the panel, with distances up to 1
m considered when examining the effect of approach distance. These distances represent the
local spatial scale over which insects may detect, orient towards, or otherwise respond to the
surface. Individuals were released uniformly across a finite circular release region of radius R
in the plane x = —d, rather than from a single point, thereby incorporating spatial variation in
the location and angle of approach. In the primary simulations, the release region had radius
R = 20 cm, giving a diameter four times the baseline panel width (L = 10 cm). This
provided a spatially dispersed source of insects while retaining a local scale relevant to short-
range panel approach. This design reduced dependence on a highly constrained initial
configuration and allowed interception outcomes to arise from the interaction between
movement behaviour and finite panel geometry.

The framework has broad ecological and agricultural relevance, since planar trapping
surfaces are widely used to estimate insect abundance or activity and to inform population
monitoring, pest management and vector surveillance (Heinz et al., 1992; Roberts et al.,
2025). For example, continuous monitoring of Aedes aegypti using sticky traps provides
abundance indices capable of tracking seasonal population dynamics and predicting dengue
disease occurrence (Da Cruz Ferreira et al., 2017). However, contact with a sticky trap does
not necessarily result in retention. When testing the efficiency of yellow sticky traps,
agricultural pests such as western flower thrips (Frankliniella occidentalis) can escape after
initial contact, with escape depending on adhesive properties (Rehling et al., 2025). This
highlights the need to account for imperfect retention when designing insect monitoring and
abundance estimation strategies using planar traps, a broadly applicable methodology for a
wide range of insects of agricultural importance (Benthall et al., 2022). To account for
variation in capture following contact across sticky and other panel-like trapping
methodologies, the model includes a conditional probability of retention following contact,
Pstick» Which can represent incomplete adhesion, escape after impact, surface deterioration or
other trap-specific factors affecting retention. Similar distinctions between attraction and
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successful capture have been demonstrated for mosquito suction traps (Cribellier et al., 2018,
2020). In our simulations, an intermediate value of pgicx = 0.5 was used as a representative
retention probability, while values from 0 to 1 were explored to span the full range from
complete capture failure to certain retention after contact.

2.8 Characteristic movement scale relative to panel distance
For independent step lengths and directional correlation p, the large-n mean squared
displacement of the baseline CRW is

MSD ~ n [IE(IZ) + 2E(1)? ﬁ] (23)

Because the baseline CRW is isotropic, one third of this displacement is associated with the

panel-normal direction. Thus, MSD,, = §MSD and the corresponding characteristic

displacement along the x-axis is ./ MSD,.. For o = 0.313 ¢cm and k,, = 3, this gives
characteristic panel-normal displacements of approximately 11.5 cm after 300 steps and 14.8
cm after 500 steps.

A baseline reachability scale can then be obtained by setting the characteristic panel-

normal displacement equal to the initial panel offset, ,/ MSD, = d. This gives

Nreach ~ 302 |E(12) + 2E(D)? ﬁ] . (24)

with the corresponding characteristic time given by treach = NreachAt. This provides a
baseline of a characteristic number of steps, or elapsed time, required for the typical
displacement of an unbiased CRW to become comparable to the distance from the panel. It is
not a first-passage time or a guarantee of contact, since individual trajectories may reach the
panel earlier, later or not at all. This applies only to the baseline CRW, because directional
bias introduces a systematic tendency towards the panel.
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(a) Initial configuration (b) Correlated random walk
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Figure 1. Three-dimensional illustration of the movement and panel-interaction framework. (a) Initial
configuration, showing 10 positions sampled uniformly within a circular release region of radius R =
10 cm in the plane x = —d = —50 cm. The square panel is centred at the origin in the plane x = 0,
with W = H = 10 cm. (b) Example trajectories generated by a correlated random walk with
directional persistence k,, = 3 and no panel-oriented bias (k;, = 0). (¢) Example trajectories
generated by a biased correlated random walk with k,, = 3 and bias strength k;, = 0.5, where each
trajectory is assigned a fixed target selected uniformly over the panel surface. Directional bias is
removed after the trajectory first intersects or crosses the panel plane. (d) Representative outcomes
from the full panel-interaction model: capture following contact with the panel (blue) and edge
leakage following passage through x = 0 outside the panel boundaries (black). Across all panels, the
step-length scale was ¢ = 0.313 cm, the movement interval was At = 0.02 s, and trajectories were
simulated for at most n,,,x = 300 steps, corresponding to duration 6 s. For panel (d), the probability
of capture following contact was pgic = 0.5, the post-contact directional concentration was kposc =

5, and the numerical displacement used to prevent immediate re-contact was € = 1073 ¢m.
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Figure 2. Two-dimensional projection of the movement and panel-interaction framework onto the
x,y plane. Panels (a—d) show the same trajectory realisations and parameter values as Figure 1. The
projection shows movement towards the panel along the x-axis and lateral displacement along the y-
axis, with variation in the z-direction omitted. In panel (d), the blue trajectory represents capture
following panel contact, whereas the black trajectory represents edge leakage through the plane x = 0
outside the panel boundaries.

3. Results

3.1 Encounter probability and panel size—persistence scaling

Both encounter probability (Figure 3a) and capture probability (Figure 3b) increased with
panel size relative to the persistence length of movement. Here, encounter probability is the
probability that a trajectory intersects the finite panel, whereas capture probability is the
probability of eventual retention following panel contact. Encounter probability increased
nonlinearly with the panel size—persistence ratio v, with the largest gains occurring at lower
values of v and progressively smaller gains at larger values. However, increasing panel size
alone produced only limited interception in the absence of directional bias x;, = 0, with
encounter probabilities remaining low across the full range of v. In contrast, increasing k;,
substantially elevated encounter probability at all panel sizes, with stronger bias producing
consistently higher probabilities across the entire range. Thus, the effect of panel size
depended strongly on movement behaviour rather than on geometry alone.

Capture probability showed the same overall dependence on v and kj,, but remained
lower than encounter probability under intermediate retention pgiicx = 0.5. For each value of
Kp, the capture curve closely followed the corresponding encounter curve. Thus, imperfect
retention reduced the magnitude of trapping success, while the overall dependence of capture
on panel size and directional bias largely reflected the underlying encounter process.
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Figure 3. (a) Encounter probability and (b) capture probability as functions of the panel size—
persistence ratio v = L/l,,, where L is the side length of the square panel and [,, is the persistence
length of the baseline correlated random walk (equation 12). An encounter occurs when a trajectory
intersects the finite panel, whereas capture denotes retention following panel contact; crossings of the
panel plane outside the panel boundaries are classified as edge leakage. Panel side length was varied
from L = 2 to 30 cm in 2 ¢cm increments. Directional persistence was fixed at k;,, = 3, while
directional bias was varied across k; = 0,0.1,0.2,0.5 and 1. Movement used a time step At = 0.02 s
and mean step length E(l) = 0.5 cm, corresponding to a step-length scale parameter ¢ = 0.313 cm.
Individuals were released from a circular region of radius R = 20 cm at d = 30 cm. Capture
following contact occurred with probability pgiicx = 0.5, with failed contacts followed by post-
contact movement with ko5 = 5 and € = 1073 cm. Trajectories were simulated for a maximum of
2500 steps or until capture or escape, and probabilities were estimated from 1000 independent
trajectories for each parameter combination.

3.2 Contact frequency and repeated panel interactions

Contact frequency varied with panel size, directional bias, and retention (Figure 4). In the
absence of retention pgicx = 0, the mean number of contacts increased with panel side length
L across all values of k;, although the magnitude of this increase was strongly bias-dependent
(Figure 4a). Contact frequencies remained low for k;, = 0, even for large panels, whereas
increasing directional bias produced progressively higher numbers of contacts. Under strong
bias, repeated interactions became common, with mean contact numbers exceeding five for
the largest panels. At larger L, the curves for k;, = 0.5 and 1 converged, indicating
diminishing increases in contact frequency at high bias. The contact-count distributions at

L = 10 cm showed the same shift in interaction structure (Figure 4b): unbiased trajectories
were dominated by zero-contact outcomes, whereas increasing kj reduced the probability of
no contact and increased the probability of one or more contacts, with higher bias producing
broader distributions and more frequent repeated interactions.

When retention was introduced at pg;x = 0.5, mean contact frequency remained
positively related to both L and k;,, but was substantially reduced relative to the non-retentive
case (Figure 4c). This reduction reflects termination of trajectories following successful
capture, thereby limiting subsequent contact opportunities. Under stronger bias, mean contact
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numbers approached a plateau at larger panel sizes, with little additional increase beyond
intermediate values of L. The corresponding contact-count distributions were compressed
towards zero and one contact (Figure 4d), with multiple-contact events becoming markedly
less frequent than under pgicx = 0. Retention therefore altered the structure of panel
interaction by truncating trajectories that would otherwise have contributed to repeated
contacts.

(a) pslick =0 (b) pslick =0
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Figure 4. (a, c) Mean number of panel contacts per trajectory as a function of panel side length L, and

(b, d) corresponding contact-count distributions for L = 10 cm. Directional bias was varied across

kp = 0,0.1,0.2,0.5 and 1. Panels (a, b) show no retention pgicc = 0, whereas panels (c, d) show

intermediate retention pgicr = 0.5. Panel side length ranged from L = 2 to 30 cm in 2 cm increments

in panels (a) and (c). Individuals were released from a circular region of radius R = 20 cm at d = 30

cm, and trajectories were simulated for a maximum of 2500 steps or until capture or escape. Each

parameter combination was simulated using N = 1000 independent trajectories. All movement

parameters were as in Figure 3.

3.3 Bias—persistence trade-offs in capture probability
Capture probability varied jointly with directional persistence k,, directional bias k;,, and
retention pgick (Figure 5). Across all retention levels, capture increased with k;, but generally
declined with increasing k,,. Consequently, high capture was concentrated at combinations of
strong directional bias and low persistence, whereas weak bias and strong persistence
produced consistently low capture. The contour structure reflected this interaction, with
progressively greater k;, required to maintain a given capture probability as k,, increased.
This pattern is consistent with stronger persistence producing straighter, more ballistic
trajectories that are less readily redirected towards the finite panel, particularly when their
initial directions are not aligned with the target, while directional bias counteracts this effect
by maintaining attraction towards the target.

Increasing pgtick €xpanded the region of parameter space associated with moderate
and high capture. At pgicx = 0.1, capture remained low across most combinations of k,, and
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Ky, with the 25% contour largely restricted to strong bias and relatively low persistence
(Figure 5a). At pgtick = 0.5 and 0.9, the 25%, 50%, and 75% contours extended
progressively towards weaker bias and higher persistence (Figure 5b—c), indicating that
improved retention reduced, but did not eliminate, the movement constraints on capture.
Thus, retention increased overall capture while preserving a strong dependence on the
balance between directional bias and persistence.

pstick & stick

0.1 o) =0.5

05 =

&
0.4
0.3

0214

Ky (bias strength)
capture probability (%)

0.1

0

0 1 2 3 4 5 0 1 2 3 4 5

x_ (directional persistence) x_ (directional persistence) x_ (directional persistence)

i

p p

Figure 5. Heat maps showing capture probability as a function of directional persistence k,, and
directional bias k;, for three values of the sticking probability: (a) pstick = 0.1, (b) Pstick = 0.5 and
(©) Pstick = 0.9. The panel was square with side length L = 10 cm, and capture probabilities were
estimated from 1000 independent trajectories for each parameter combination. Contours indicate
25%, 50%, and 75% capture probability. Release conditions, trajectory duration, and all other
movement and post-contact parameters were as in Figure 3.

3.4 Retention-mediated capture dynamics

Capture probability increased with pgc across all movement regimes, but the magnitude of
this increase depended strongly on directional bias and persistence (Figure 6). At fixed k,, =
3, increasing k; produced a pronounced upward separation of the capture curves across the
full range of pgick (Figure 6a). In the absence of bias, capture remained low even as pPggick
approached unity, whereas stronger bias substantially increased capture and produced
diminishing gains at higher retention. Thus, increasing retention alone did not compensate for
movement conditions that generated few panel encounters.

At fixed k; = 0.2, capture probability declined progressively with increasing
directional persistence (Figure 6b). Low-persistence trajectories achieved the highest capture
probabilities across most of the pgicx range, whereas strong persistence substantially limited
capture even under high retention, consistent with straighter, more ballistic trajectories
reducing opportunities for panel interception and re-contact. The separation between
persistence levels increased as pgicx increased, indicating that the benefit of improved
retention depended on the underlying probability of encountering the panel. Retention
therefore amplified differences generated by movement behaviour rather than eliminating
them, with directional bias promoting capture and strong persistence constraining the
effectiveness of increased pgijck-
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Figure 6. Capture probability as a function of the sticking probability pgick for (a) directional bias
strengths k;, = 0,0.1,0.2, 0.5 and 1, with directional persistence fixed at k,, = 3, and for (b)

directional persistence strengths kp =0, 0.5,1, 3 and 5, with directional bias fixed at x;, = 0.2. The

panel was square with side length L = 10 cm, and capture probabilities were estimated from 1000
independent trajectories for each parameter combination. Release conditions, trajectory duration, and
all other movement and post-contact parameters were as in Figure 3.

3.5 Encounter times and search efficiency

Mean time to first encounter increased with the initial distance from the panel d across most
movement regimes (Figure 7). At fixed k;,, = 3, increasing directional bias substantially
reduced encounter time across the full distance range (Figure 7a). Strongly biased trajectories
K, = 0.5 and 1 showed relatively smooth, approximately linear increases in encounter time
with d, whereas weaker bias produced longer and more variable encounter times. In the
unbiased case k;, = 0, encounter-time estimates became highly irregular and were undefined
at several larger distances because few or no trajectories reached the finite panel. Thus, mean
encounter times in these cases were based only on the small subset of trajectories that
successfully encountered the panel.

At fixed k;, = 0.2, mean encounter time also increased with d, but declined
progressively as directional persistence increased (Figure 7b). Low-persistence trajectories
required the longest times to reach the panel, whereas strongly persistent trajectories reached
it more rapidly across most distances. The separation among persistence levels was
maintained over the distance range, with k,, = 5 generally producing the shortest encounter
times and k,, = 0 the longest. These results show that, among trajectories that successfully
encountered the panel, both stronger directional bias and greater persistence reduced the time
required for first interception.
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Figure 7. Mean time to first panel encounter ¢, as a function of the initial distance d from the panel
for (a) directional bias strengths x;, = 0,0.1,0.2, 0.5 and 1, with directional persistence fixed at Kp =
3, and for (b) directional persistence strengths kp =0, 0.5,1, 3 and 5, with directional bias fixed at
Kp = 0.2. The panel was square with side length L = 10 cm. Encounter time was calculated only for
trajectories that intersected the finite panel before edge leakage or escape, and mean encounter times
were estimated from 1000 independent trajectories for each parameter combination. Release
conditions and all other movement and simulation parameters were as in Figure 3.

3.6 Movement and panel-size effects on edge leakage

Edge leakage varied jointly with directional persistence, directional bias and panel size
(Figure 8). For all panel sizes, leakage showed a non-monotonic dependence on k;, and k.
Leakage was generally low at very weak bias, increased across intermediate bias strengths
and declined again at stronger bias. The low leakage under weak directional bias is consistent
with relatively few trajectories reaching the panel plane, rather than more effective
interception by the trapping surface. Increasing persistence shifted regions of elevated
leakage towards higher bias strengths, such that stronger directional bias was required to
maintain low leakage as persistence increased. For the smallest panel (L = 10 cm), leakage
exceeded 50% across a broad region of parameter space and exceeded 75% under some
combinations of intermediate bias and moderate-to-high persistence.

Increasing panel size substantially reduced leakage and contracted the regions of high
leakage. At L = 20 cm, leakage above 50% was largely restricted to intermediate bias
combined with moderate-to-high persistence, and the 75% leakage region was absent. At L =
30 cm, leakage remained below 50% across almost the entire parameter space, with values
above this threshold confined to a small region of intermediate bias and high persistence.
Edge leakage therefore depended jointly on movement behaviour and the spatial extent of the
trapping surface.
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Figure 8. Heat maps showing edge leakage probability as a function of directional persistence Kk, and
directional bias K}, for three square panel sizes: (a) L = 10 cm, (b) L = 20 cm and (¢) L = 30 cm.
Contours indicate 25%, 50% and 75% edge leakage probability, calculated as the proportion of all
simulated trajectories that crossed the panel plane outside the trapping surface before any panel
contact. Individuals were released at an initial distance d = 30 c¢m from the panel, and edge leakage
probabilities were estimated from 1000 independent trajectories for each parameter combination.
Release conditions, trajectory duration and all other movement parameters were as in Figure 3.

4. Discussion
The present study builds on animal movement models by applying three-dimensional
correlated and biased correlated random walks to flying insects interacting with finite planar
surfaces. This approach, for the first time, links movement structure to panel encounter, edge
leakage, repeated contact and capture. Our results show that movement persistence and
directional bias jointly govern panel encounter and capture, while geometric interception
distinguishes successful contact from edge leakage. Larger panels (relative to persistence
length) generally increased encounter and capture probabilities but could not compensate for
weak attraction. While increased retention enhanced capture, it could not offset low
encounter rates and reduced repeated contacts. This approach mechanistically demonstrates
the flight processes that could mediate the efficacy of planar traps, in a framework relevant to
movement ecology, trapping theory and other contact-driven ecological processes.
Correlated random walks have played a central role in the development of movement
ecology by providing a tractable link between individual stepwise behaviour and emergent
spatial displacement (Kareiva and Shigesada, 1983; Fagan and Calabrese, 2014). Their appeal
lies not in reproducing the full complexity of animal movement, but in providing a
mechanistic baseline against which directional persistence, bias and other structured
behaviours can be identified. For many years, however, the mathematical properties
underpinning this approach—particularly the relationship between path structure and mean
squared displacement—were established primarily for movement in two dimensions.
Extending these ideas into three-dimensional space required an appropriate treatment of
directional changes on the sphere and led to corresponding expressions for the mean squared
displacement and sinuosity of balanced three-dimensional correlated random walks
(Benhamou, 2018). This theoretical development subsequently supported broad ecological
formulations of simple, correlated and biased random walks in three dimensions, together
with initial applications to animal trapping and encounter processes (Ahmed et al., 2021),
while also reinforcing the importance of such models as baselines for analysing the growing
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volume of three-dimensional movement data (Ahmed et al., 2023a). More recently, these
foundations have been extended into a general inferential framework for estimating three-
dimensional movement and habitat-selection processes from empirical tracking data,
including attraction towards multiple directional targets (Klappstein et al., 2026).

According to our results, the probability of encountering a planar surface depended
strongly on how individuals moved through three-dimensional space. Directional bias was the
main determinant of encounter probability, consistently enhancing capture and indicating that
planar traps tend to be more effective when associated with biologically meaningful cues that
attract insects (e.g., color and odor; Frye and Dickinson, 2004; Takikawa et al., 2021).
Increasing panel size increased encounter probability and substantially reduced edge leakage,
but produced limited gains when directional bias was weak, showing that larger surfaces
cannot compensate for the absence of attraction toward the target. This suggests that
inadvertent capture of non-target insects may also be low even by large traps, provided
species-specific attractants are used, as they are unlikely to express directional orientation
towards these, though empirical evidence is mixed and indicates variability by taxonomic
order of the by-catch (Gonzalez et al., 2020). Larger panels may nevertheless be particularly
important for insects exhibiting persistent flight, since a greater trapping area intuitively
reduces the probability of trajectories passing beyond the panel boundaries in addition to
factors such as trap shape and material (Sbaraglia et al., 2025). Conversely, evidence from
riverine tsetse (Glossina species within the palpalis group) indicates that target effectiveness
does not scale proportionally with target area (Esterhuizen et al., 2011); although reductions
in target size reduced overall catch size, killing effectiveness per m? of cloth was greatly
improved, highlighting the importance of tailoring trap design to target species flight
behaviour and ecology and improve economic efficiencies around trap deployment.

The simulations also showed that greater directional persistence reduced the time to
first encounter among trajectories that successfully reached the panel, indicating that
straighter movement can facilitate rapid interception when individuals are sufficiently aligned
with the target. However, under conditions of weak directional bias, persistent and straighter
trajectories were more likely to overshoot the target. Taken together, our results inform how
shifts in movement strategy can affect not only how quickly insects encounter a trapping
surface, but also whether they encounter it at all, with consequences for trap effectiveness.
Understanding the relationships between flight characteristics (including the mechanisms
underpinning them) and encounter rates is critical for pest management and biodiversity
monitoring, since insects can alter directionality and persistence of their flight depending on
behavioral context, which is a product of endogenous state and exogenous stimulation
(Reynolds and Frye, 2007; Osborne et al., 2013). For instance, mosquitoes (Anopheles
coluzzii) in a physiological state primed for blood-feeding will fly with consistent and
relatively low angular velocities and weak bias towards planar visual targets in clean air,
resulting in low target approach rates, but switch to directionally oriented and more tortuous
flight trajectories when host odour is introduced, which produces frequent target approaches
(Hawkes and Gibson, 2016). Consequently, trap captures do not necessarily reflect species
abundance or species richness in an area alone, as they are also influenced by context-
dependent flight activity, which alters the likelihood of individuals encountering the trap
according to their directional bias and persistence (Winterbourn and Crowe, 2001; Petrovskii
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et al., 2012), and the intrinsic biases of trap designs that influence these. Assuming that trap
counts resemble empirical ecological communities without accounting for these behaviours
may thus lead to spurious interpretations.

Encounter, however, represents only the first stage of the trapping process, because
contact with a panel does not necessarily result in capture. Our simulations showed that
imperfect retention reduced capture probability across movement regimes and fundamentally
altered the structure of panel interactions. Without retention, strongly biased trajectories
frequently contacted the panel multiple times before escaping, whereas retention truncated
these trajectories by removing individuals after successful capture. Importantly, increasing
retention could not compensate for movement regimes that generated few encounters,
demonstrating that capture depends on both the probability of reaching the surface and
capture once contact occurs. This distinction has direct relevance to planar trapping methods
used for insect monitoring. For example, western flower thrips (Frankliniella occidentalis)
can escape after initial contact with yellow sticky traps, with escape varying according to
adhesive properties (Rehling et al., 2025). In other empirical studies, a similar distinction
between attraction, encounter and retention was found in laboratory experiments on the
effective capture area of mosquito (4nopheles coluzzii) suction traps (Cribellier et al., 2018;
Cribellier, 2021) and has been well-characterised in tsetse traps through field research using
electric nets to passively and objectively quantify trap interactions (summarised in Torr and
Vale, 2015). However, data on such post-contact losses are scarce but important as they can
affect the number of individuals retained by a trap and, consequently, the interpretation of
trap-based observations, as well as the efficacy of interventions based on pest contact with,
but not retention on, surfaces impregnated with insecticides or insect growth regulators, for
instance. More generally, separating encounter from capture allows our framework to
distinguish low trapping success caused by limited exposure to the trapping surface from low
success caused by failure to capture individuals after contact. Inter-species and inter-
individual variation in flight behaviour can thus be parameterized according to differences in
expression of these two modalities, alongside differences in the retention capabilities of traps
themselves.

Although our approach explicitly assesses the implications of key flight behavioural
traits for trap efficiency, it is important to acknowledge the myriad biotic and abiotic contexts
that the model does not currently integrate and that provide future research avenues. Firstly,
while we aimed to demonstrate a generalised framework that applies to various short-range
model flight taxa that are commonly targeted by traps, including aphids, whiteflies, thrips,
and mosquitoes, variations in flight behaviour can result from both interspecific and
intraspecific differences, including those related to different sexes, reproductive statuses, and
ontogenic stages (Vance et al., 2009; Rund et al., 2012; Dong et al., 2025). Nevertheless,
dipteran flight diversity among species has been shown to be governed by similar
aerodynamic principles and scaling laws, allowing for potential application and parameter
tailoring to various study systems (Le Roy et al., 2026). Future extensions could account for
systematic differences between horizontal and vertical movement, including asymmetries
between ascending and descending flight arising from gravitational and aerodynamic
constraints (Shen et al., 2018; Walker and Taylor, 2021), as well as distinct flight behaviours
such as alternating periods of relatively straight flight and rapid saccadic turns (van Breugel
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and Dickinson, 2014; Cribellier et al., 2026), which may influence three-dimensional
movement trajectories and subsequent encounters with trapping surfaces. Secondly, as
ectotherms, insect behaviours and morphological traits are mediated by environmental
conditions, both experienced acutely and over their life history, including abiotic limits for
activity. For example, flight performance of the vector mosquito Aedes aegypti has been
found to be mediated by temperature and humidity regimes (Rowley and Graham, 1968), and
fruit fly pests (Tephritidae) exhibit temperature-dependent performance (Malod et al., 2025).
Larger-scale weather patterns (i.e., wind) may also mediate insect migration dynamics and
subsequent short-range flights in new destinations (Jones et al., 2026). However, detailed
assessments of responses within and between species is limited in the vast majority of insect
taxa, with thermal performance potentially differing markedly between populations, and
typically non-linearly (Fay et al., 2024). Finally, landscape structure and complexity is also
likely to shape the evolutionary context in which insect flight behaviours emerge. For
example, there are fundamental differences in the host-oriented behaviour of riverine versus
savannah species of tsetse flies (Torr et al., 2011), and it is hypothesised that forest groups of
the Simulium damnosum sensu lato complex of blackflies primarily use odour during host
location, in contrast to savannah groups, which are thought to be more reliant on visual
stimuli that are more easily observed in open savannah-type landscapes (Thompson, 1977).
Trap design may therefore require adaptations to the differential opportunities for insect
movement, cue dispersal and cue detection according to landscape structure.

Aside from organismal and environmental context-dependencies, variations related to
the trap surface itself (beyond size and shape) could mediate responses. Considering sticky
traps, where applications of our models are intuitive given their relevance for monitoring and
mass-trapping pests, colouration and texture may substantially mediate attraction and thus
flight dynamics towards a focal surface, with the best performing colours likely differing
among target species given innate variations in light receptors and sensory structures (Santer,
2014; Santer et al., 2019; Roberts et al., 2025). This means that colour-driven variation
among pests likely underpins trap efficacy, and thus could introduce further variability into
our model framework (Yudin et al., 1987). The same principles apply considering variations
in attractiveness to surfaces, including through the use of bait, or conversely, potential
reductions in stickiness or attractiveness over time within traps that dissolve their efficacy.
This suite of context-dependencies, while being necessary caveats on our theoretical advance,
provides for a fruitful array of research directions to further refine and apply our framework.
For example, they may help to reduce non-target effects if resolved traps can be better
tailored towards target pest taxa flight traits and their innate surface preferences. Our study
also highlights the importance of developing effective ways to distinguish between trap
attraction and trap retention, as these processes ultimately determine the efficiency of a given
trap design.

In light of these variables, we encourage future applications that refine and validate
our model predictions, including assessing the relative efficacy of single versus multiple traps
and those of different sizes; as well as experimental trials both in controlled laboratory and
in-field scenarios. Calibrating the model against empirical three-dimensional flight
trajectories could further improve its biological realism and predictive capabilities. Moreover,
applications to other study systems that comprise a three-dimensional movement space,
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particularly in aquatic realms, could offer intuitive future avenues to improve monitoring and
catches in freshwater and marine settings, considering other taxonomic groups.

5. Conclusion

This study contributes to movement ecology and insect trapping research by providing a
mechanistic framework linking three-dimensional insect flight behaviour to encounter and
capture probabilities on planar surfaces using biased and correlated random walks. Our
results demonstrate that panel geometry, directional persistence, directional bias and retention
probabilities jointly influence trapping success, with edge leakage representing an additional
source of interception failure. Importantly, stronger attraction increased encounters and
capture, whereas greater directional persistence generally reduced capture, and improved
retention could not compensate for low encounter rates. This approach provides opportunities
to improve trap design, refine the interpretation of trap-based monitoring data and inform
more targeted monitoring and management strategies for both pest and beneficial insects.
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