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Virtual fencing technologies offer a promising alternative to traditional physical
barriers for managing livestock, enabling dynamic and non-invasive control over
grazing behavior. However, current systems often rely on simpli ed assumptions
about animal responses, neglecting the cognitive, perceptual, and social
dynamics that shape cattle behavior in complex herd environments. This study
introduces a biologically grounded modeling framework designed to capture
core processes in uencing cattle response to auditory cues—speci cally
frequency sensitivity, amplitude saturation, associative learning, habituation,
individual behavioral variability, and social in uence. These factors are
formalized through modular equations; and integrated into agent-based and
differential equation simulations to examine individual and herd-level outcomes.
By calibrating the model against empirical behavioral data, we reproduce known
learning patterns and explore cue effectiveness under variable conditions. The
framework offers an interpretable and exible foundation for optimizing next-
generation virtual fencing systems, improving both functional control and
animal welfare.

virtual fencing, cattle behavior, herd dynamics, agent-based modeling, learning
and habituation

1 Introduction

Virtual fencing technologies offer a promising alternative to traditional physical
barriers for managing livestock movement, enabling dynamic and non-invasive control
over grazing patterns (Harland et al., 2025; Musinska et al., 2025). Central to the
effectiveness of these systems is the ability to elicit consistent and predictable behavioral
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responses from animals using sensory cues—most commonly
auditory stimuli (Bishop-Hurley et al., 2007; Campbell et al.,
2018). Yet, current virtual fencing systems often rely on
simpli ed assumptions about animal behavior, failing to account
for the nuanced biological and social dynamics that shape cattle
responses to environmental inputs (Hamidi et al., 2024; Simonsen
et al,, 2024). This gap limits their reliability, particularly in complex
herd settings where individual variation, learning, and social
facilitation play signi cant roles (Keshavarzi et al., 2020; Fuchs
et al., 2024; Aaser et al., 2022; Gadzama et al., 2025).

This stems partly from a reliance on behaviorist models that
emphasize stimulus-response associations without adequately
considering cognitive, perceptual, and social processes. For
instance, studies have shown that cattle exhibit a wide range of
sensitivity to acoustic frequencies (Bishop-Hurley et al., 2007,
Waynert et al., 2009), habituate to repeated cues (Lomax et al,
2019; Campbell et al., 2017), and adapt their responses based on
prior learning and herd context (Verdon and Rawnsley, 2020; Lee
et al., 2009). Furthermore, individual differences in temperament
and leadership roles signi cantly in uence herd movement and
responsiveness to cues (Keshavarzi et al., 2020; Colusso et al., 2020).
Despite these ndings, many current virtual fencing systems
operate on xed-threshold algorithms, limiting their
responsiveness to dynamic and heterogeneous behavioral patterns
in real-world conditions (Wilms et al., 2024). Moreover, failure to
model these dynamics accurately has raised welfare concerns, with
critics noting the risk of chronic stress or misuse when animals are
unable to predict or interpret cues effectively (Lee and Campbell,
2021; Aaser et al., 2022; Grumett and Butterworth, 2022; Gadzama
et al, 2025; Musinska et al., 2025). In recognition of these
limitations, an Australian government-commissioned review
recommended that virtual fencing systems avoid features like
rapidly moving boundaries, and many states currently permit
their use only under research exemptions or strict welfare
oversight (Fisher and Cornish, 2022).

Several previous efforts have attempted to address behavioral
control in livestock using computational (Butler et al,, 2006) or
empirical (Campbell et al., 2018; Lee and Campbell, 2021)
approaches. Rule-based systems and threshold-triggered cues have
been used to initiate aversive stimuli once an animal crosses a
prede ned boundary (Bishop-Hurley et al., 2007). While effective
under controlled conditions, these systems often lack robustness in
more variable eld settings, particularly when animals learn to
ignore or work around stimuli (Butler et al., 2006). Some models
have incorporated learning rates or response decay, but typically
without accounting for perceptual saturation, social feedback, or
variation across individuals (Colusso et al., 2020; Verdon and
Rawnsley, 2020; Hamidi et al., 2024). As a result, virtual fencing
remains unreliable in complex environments where cognitive and
social factors play central roles in decision-making and
movement coordination.

To address these limitations, we present a biologically grounded
modeling framework that captures the core perceptual, cognitive,
and social processes underlying cattle responses to auditory cues.
Drawing from principles in ethology, sensory neuroscience, and
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behavioral conditioning, the model incorporates frequency
sensitivity, amplitude saturation, associative learning, habituation,
social in uence, and personality variation. These components are
synthesized into a set of modular equations that simulate both
motion magnitude and the probability of turning behavior—key
indicators of effective boundary avoidance. The model is further
embedded within agent-based and differential equation simulations
to explore herd-level dynamics under various cue conditions and
environmental contexts. While prior work such as Butler et al.
(2006) demonstrated the feasibility of virtual fencing through rule-
based simulations using nite state machines and potential elds,
their approach lacked explicit modeling of perceptual processing,
learning, or individual variation. In contrast, our framework
introduces biologically interpretable mechanisms that allow for
dynamic, individualized responses and social facilitation effects,
grounded in empirical behavioral data. Through extensive
calibration, our approach not only replicates known behavioral
trends but also enables predictive simulation of cattle behavior in
real-world virtual fencing scenarios. In doing so, this work provides
a biologically interpretable and exible foundation for the design
and optimization of next-generation animal management systems.

2 Materials and methods
2.1 Model overview

We developed a biologically informed simulation framework that
integrates four interrelated behavioral processes—auditory perception,
associative learning, habituation, and social facilitation—to predict
cattle responses to virtual-fencing cues. The model represents each
cow as an autonomous agent that responds probabilistically to sensory
inputs according to empirically derived parameters from behavioral
and physiological research (Supplementary Table S1). Its structure
combines established functional forms from ethology and sensory
neuroscience—Gaussian functions for frequency sensitivity, logistic
or exponential curves for learning, and exponential decay for
habituation—to capture key mechanisms of perception and
adaptation. These equations were newly formulated for this study,
rather than adapted directly from previous models, to represent learned
associations, sensory tuning, and socially modulated movement.
Parameter values were derived and validated using data from 20
peer-reviewed studies on animal behavior, auditory processing, and
virtual fencing (Lee et al., 2009; Waynert et al., 1999; Campbell et al.,
2017; Hamidi et al., 2024; Colusso et al., 2020; Mota-Rojas et al., 2024;
Lee et al., 2008; Gibbons et al., 2009; Aaser et al., 2022; Umstatter et al.,
2009; Moreira et al., 2023; Crouch et al., 2019; Nyamuryekung’e et al.,
2023; Keshavarzi et al., 2020; Lange et al., 2020; Broucek, 2014;
Umstatter et al., 2013; Olczak et al., 2023; Ciborowska et al., 2021;
James et al., 2025). Collectively, these components form a uni ed,
biologically grounded simulation capable of reproducing empirically
observed patterns of cattle behavior under auditory stimulation.

The framework consists of four modules—auditory perception,
learning and habituation, sound type and social context, and
behavioral outputs—each represented by one or more equations
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(Equations 1-9). The nal subsections describe model calibration,
validation, and computational implementation.

2.2 Auditory perception

This module quanti es how stimulus frequency and amplitude
in uence a cow’s ability to detect and respond to sound.

2.2.1 Frequency sensitivity Hf)

F(f) models the frequency-dependent auditory sensitivity of
cattle. Studies show that bovines respond most to sounds between
500 and 8000 Hz, with peak sensitivity near 1000 Hz. This aligns
with audiogram data from Heffner and Heffner (1983), Boivin and
Braastad (1996), and Psenka et al. (2016), and is supported by
Waynert et al. (1999); Moreira et al. (2023), and Olczak et al. (2023).
While audiometric data indicates peak sensitivity near 1 kHz, some
behavioral studies have found heightened responsiveness to sounds
in the 6-8 kHz range, likely due to differences between auditory
threshold sensitivity (the lowest detectable sound pressure level)
and behavioral salience (the frequency range at which sounds are
most likely to provoke attention or aversive responses).

To formalize this sensitivity, the model adopts a Gaussian
function centered at the optimal frequency fo, , which re ects
the maximum auditory responsiveness. De ned as:

2
(F fop) 1)

2s{

F(f) = exp

Here, f is the stimulus frequency (e.g., 784 Hz in Lee et al,
2009), and sf de nes sensitivity bandwidth, with values in the
range of 500 to 1500 Hz which are considered appropriate based on
the known auditory range of cattle. It peaks at f =fopt and
decreases symmetrically, assuming auditory sensitivity is normally
distributed, which is in accordance with standard models of
auditory perception.

2.2.2 Amplitude saturation S(A)

S(A) models how cattle responsiveness increases with sound
amplitude, following a sigmoidal curve that re ects diminishing
sensitivity at higher intensities:

SA) = Ay @

A is stimulus amplitude (dB), and Asy is the midpoint where
response probability reaches 0.5, typically around 70 dB. The
parameter s controls steepness; higher s yields sharper transitions.
As A Ay, S(A) nears zero; at A= Agy, S(A) =0:5; and as
A Asy , S(A) approaches 1, indicating response saturation.

This logistic form re ects known sensory physiology and
behavior, modeling how responsiveness plateaus at higher
amplitudes. It mirrors neural response functions and logistic
regressions of binary behaviors (e.g., turning or alerting) on
amplitude. Studies by Broucek (2014); Waynert et al. (1999), and

Frontiers in Animal Science

10.3389/fanim.2025.1708415

Ciborowska et al. (2021) show cattle react to 85-95 dB aversive
sounds (e.g., shouting, clanging), while enrichment sounds fall
around 65-70 dB; startling noises may exceed 110 dB. The model
is further justi ed by recent ndings in sensory neuroscience and
nonlinear systems (Carandini, 2024; Perez-Flores et al., 2022).

Beyond perception, cattle behavior also depends on experience —
whether they have learned to associate a cue with a boundary, or have
habituated to non-reinforced signals.

2.3 Learning and habituation

This module describes how cattle form and maintain cue—
boundary associations over repeated exposures.

2.3.1 Learning curve L(t)

L(t) models how cattle learn to associate stimuli—like auditory
cues—with spatial boundaries over repeated exposures. This
conditioned learning is key to virtual fencing. A biologically
grounded form for this process is a logistic function:

— 1
L(t) T T+exp¥ag (t tsp) (3)

In this function, t represents time or exposures, g controls
curve steepness, and tsy marks the point where the probability of a
learned response reaches 0.5. This in ection point re ects the phase
of fastest learning. The logistic form captures typical learning
curves: slow initial progress, rapid acquisition around tso, then
saturation. When t tso , L(t) is near zero; when t tsg, it
nears one, indicating full conditioning.

An alternative expression is the exponential learning function:

Lt)=1 exp( [It) (3:1)

This formulation solves the differential equation % = 11

L), assuming no decay. It models learning as a continuous,
monotonic process with rapid initial gains that plateau over
time. While both I (exponential) and ¢ (logistic) represent
learning rates, 1 describes continuous acquisition, and g controls
curve steepness near the midpoint. Studies by Lee et al. (2009);
Campbell et al. (2017); Verdon and Rawnsley (2020), Gadzama
et al. (2024), and Hamidi et al. (2024) support both forms,
showing cattle initially respond inconsistently, then
progressively develop stable avoidance behavior. Logistic models
suit threshold-based learning, while exponential forms t
smoother, continuous learning patterns.

2.3.2 Habituation function H(t)

H(t) models the decline in behavioral response after repeated,
non-reinforced exposures. In virtual fencing, this re ects how cows
gradually ignore auditory cues that lack consistent consequences.
Habituation is critical in design, as unreinforced cues may lose
effectiveness. A biologically grounded model for this process is
exponential decay:

H(t) =exp( 1t) 4)
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Here, t is time or cumulative exposures, and I is the
habituation rate. At t = 0, H(t) = 1, indicating full initial
response; as t increases, H(t) declines toward zero, re ecting
desensitization. This exponential curve matches observed declines
in response to non-reinforced stimuli and aligns with classical
habituation models in ethology and neuroscience (\Waynert et al.,
1999; Thompson, 2009; Dissegna et al., 2021). The differential form
of this model is given by:

dH

= IH (4:1)

This rst-order process models a decline in responsiveness
proportional to the current response level. The parameter 1 sets
the habituation rate: higher values mean faster desensitization. In
cattle, repeated unreinforced stimuli (e.g., tones) lead to reduced
response. In virtual fencing, tones without consequences may be
ignored over time. Modeling H(t) is essential for maintaining
effective cue-response conditioning (\Varnon et al., 2012).

Behavioral responses also depend on contextual and individual
factors, such as the sound type, group behavior, and
personality differences.

2.4 Sound type and social context

This module incorporates variation due to sound category, herd
in uence, and temperament.

2.4.1 Sound-type N(n)

N(n) captures how different sound types elicit varying
responses in cattle. Some sounds—Ilike shouting or clanging—are
more aversive than neutral tones. To re ect this, each sound
category n (e.g., “tone”, “clanging”, “shouting”) is assigned a
scalar modi er N(n): . In this model, it is de ned as:

N(n) = a, ®)

Where a, is an empirically derived scalar representing the
aversiveness of sound type n. Based on behavioral data, typical
values are: N(tone) = 1:0, N(clanging) = 1:1, and N(shouting) =
1:3, as informed by Waynert et al., 1999 and Lange et al., 2020.
These coef cients come from regression models tted to cattle
responses—such as movement, heart rate, or startle—to
controlled sounds. This weighting re ects average behavioral
disruption per sound type, allowing the model to capture
meaningful differences in stimulus salience and improve
behavioral predictions in diverse auditory contexts.

2.4.2 Group in uence (g)

The scalar g captures the in uence of social context on
behavior, modeling social facilitation in cattle. As herd animals,
cattle often adjust responses based on nearby conspeci cs, which
can amplify or suppress individual reactions. Group in uence is
modeled as:

g=1+ bR~ (6)
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Here, R is the average response of nearby cattle, and b
quanti es an individual’s susceptibility to group behavior. The
multiplier g scales the individual’s response, ranging from 0.8
(isolation) to 1.3 (strong mimicry). Isolated cattle are typically more
cautious, while those in cohesive groups respond more readily,
aligning with herd behavior. This assumes a linear relationship
between group and individual responses, supported by studies in
virtual fencing and cattle learning (Colusso et al., 2020; Keshavarzi
et al, 2020; Aaser et al., 2022). Including g allows the model to
re ect variability in herd dynamics and social positioning.

2.4.3 Personality sensitivity a

The scalar a captures individual variability in behavioral
sensitivity, re ecting temperament traits like reactivity or
fearfulness. These traits in uence how strongly cattle respond to
sensory cues. Each animal is assigned an a value to represent this
personality-driven responsiveness.

a w7, 15 @)

The range a &7, 1:5 re ects temperament variation in
cattle, based on studies like Burrow and Dillon (1997) and Lee et al.
(2009). Values a <1 indicate less reactive animals, while a > 1
signal more excitable ones. This scalar modulates motion and turn
responses, scaling behavior by temperament. a values can be drawn
from temperament scores, latency tests, or other validated
measures. Including a captures individual differences and
improves the model’s realism and predictive accuracy in
simulating cattle responses to virtual fencing.

These perceptual, learning, and social factors combine to
generate observable behaviors — primarily movement and turning.

2.5 Behavioral outputs

The outputs of the preceding modules combine to generate
overall movement intensity and turn probability.

2.5.1 Motion response (M(t))

M(t) models the magnitude of a cow’s response—e.g.,
movement or alertness—to an auditory cue. It integrates multiple
biologically informed components to estimate stimulus impact
under varying sensory, contextual, and individual conditions. It is
de ned as:

M(t) = ky - F(f)-S(A)-H(t) - N(n) ®)

Here, k; is a gain constant calibrated to match observed
response levels. The terms F(f), S(A), H(t), and N(n) capture
effects of frequency sensitivity, amplitude, habituation, and sound
type. Their product assumes independent contributions, where
attenuation in any factor reduces the overall response—consistent
with cattle behavior. k1 is tuned using empirical data (e.g., step
count, latency, posture change). This integrates key in uences into a
dynamic, interpretable model for simulating cattle responses in
virtual fencing systems.
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2.5.2  Turn probability (Pturn)

Pturn models the probability a cow turns or avoids in response
to sound—a key behavior in virtual fencing. It is represented by a
sigmoid logistic function:

_ 1
Pt = Trexp7ag - K SAFOLD g )

In this equation, k2 controls the slope of the sigmoid, and q is
the threshold at which a turn becomes likely. The term g re ects
group in uence, while S(A), F(f), and L(t) represent amplitude,
frequency, and learning effects. The logistic form enables a smooth
increase in turn probability as stimulus strength (modulated by
learning and context) exceeds q. When input is below ¢, Py
approaches 0; above q, it nears 1. At S(A)F(f)L(t) = q, Py = 0:5,
marking a behavioral threshold. This structure captures how
avoidance emerges gradually through perception, learning, and
social cues. Parameters k2 and q can be t from behavioral data
to re ect variability in response thresholds.

2.6 Model calibration

The model converts sound frequency and amplitude into
perceptual inputs that are then modulated by learning,
habituation, sound aversiveness, and social context. These
components jointly determine two behavioral outputs: motion
response (M(t)) and turn probability (Pturn). Key control
parameters include the gain constant (k;), which scales overall
movement intensity, and the sigmoid steepness (k,), which de nes
how sharply Pturn increases near the decision threshold (qg). A
higher k, value produces abrupt behavioral transitions, while a
lower value yields more gradual, uncertain responses. The threshold
parameter (q) sets the stimulus intensity required to elicit turning
behavior. Individual differences are captured through the
personality sensitivity scalar (a), which modi es L(t) to re ect
variation in learning and responsiveness. Animals with higher a
values learn more quickly and respond to weaker cues, whereas
lower a values indicate slower learning and greater tolerance to
repeated or weaker stimuli.

2.6.1 Parameter estimation and calibration

Behavioral parameters—including learning rate (I, g),
habituation coef cient (h), and learning latency (d)—were
estimated using a constrained tting procedure. Initial
parameter ranges were derived from published experimental
data on cattle learning, auditory sensitivity, and stress
physiology (see Supplementary Table S1). For each validation
study, the model was applied under the same stimulus conditions
(frequency, amplitude, sound type, and group size) reported in the
literature. Parameters were iteratively adjusted within their
biologically supported ranges until the simulated outcomes (e.g.,
avoidance probability, learning latency, or turn response rate)
closely matched the empirical data. This procedure ensured that
each tted parameter remained biologically interpretable and
empirically grounded.

Frontiers in Animal Science

10.3389/fanim.2025.1708415

2.6.2 Validation against empirical data

Model calibration and validation were performed using 20
independent behavioral and physiological studies, representing
diverse acoustic conditions and herd contexts. Each dataset was tted
independently to con rm that the model could replicate key empirical
patterns across different studies, breeds, and sound environments.

The nal parameter set successfully reproduced observed
learning rates, habituation trends, and social-facilitation effects
within the con dence ranges reported in the literature. The
complete list of parameters, their empirical ranges, and the
behavioral or physiological rationale for each value are
summarized in Supplementary Table S1.

Table 1 summarizes the empirical studies used for model
calibration and validation, showing observed and model-predicted
values for each behavioral component.

2.7 Computational environment

All analyses and simulations were conducted in Google Colab
using Python 3.12.12 on a Linux-based platform (GCC 11.4.0, glibc
2.35). The following libraries were used: NumPy 2.0.2, Pandas 2.2.2,
Matplotlib 3.10.0, and SciPy 1.16.3.

The complete simulation script and example data are provided
in a publicly accessible GitHub repository: https://github.com/
HannahJames123/Biologically-Informed-Algorithms-for-
Modeling-Cattle-Response

3 Results
3.1 Model validation

Building on the framework described in Section 2, we evaluated
the model’s predictive accuracy using 19 quantitative behavioral and
physiological outcomes drawn from 10 peer-reviewed studies on
cattle responses to auditory cues, aversive stimuli, and spatial learning
—Xkey behaviors in virtual fencing. These outcomes were simulated
under the experimental conditions reported in each study (e.g.,
stimulus frequency, amplitude, group size), and the model’s
predicted responses were then compared with the published results
to assess hiological validity. To generate model predictions, each
study’s experimental conditions (e.g., cue frequency, amplitude,
duration, group size) were input into the parameterized equations
described in Section 2. The model produced predicted values for the
corresponding behavioral metrics (e.g., avoidance probability,
learning latency, motion ratio, turn probability). These simulated
values were then compared directly with the published empirical
outcomes using coef cient of determination (R ) and mean absolute
percentage error (MAPE) as measures of t. Model-data alignment
was evaluated both visually (Figure 1) and numerically, with each
outcome treated as an independent validation point. This procedure
allowed consistent, quantitative comparison of predicted versus
observed hehavioral responses across all studies. The 17 validation
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TABLE 1 Summary of validation studies associated model components, and comparison between observed and model-predicted values.

Study

V1 - Lee et al., 2009

Observed

Avoidance 44 % (S1) to 73 % (S4); tsp 2.5

Model

46 % t0 71 %; tso = 2.6

Eq. Ref.

Equation 3

Key use

Fit g, tso (learning)

V2 — Waynert et al.,
1999

HR: 107/101/95 bpm (voice/clanging/silence); movement
peaks +35 %

108/100/96 bpm; +34 %

Equation 8 (with
Equations 2, 5)

Amplitude & noise-
type multipliers

V3 — Campbell et al.,

2017

V4 — Hamidi et al.,
2024

V5 — Colusso et al.,
2020

Avoidance 96.7 % at 48 h; ~82 % at 24 h

Mode change 13.9 h to 5.6 h; success 79 % to 99 %

Turn 88 % (group) vs 36 % (individual); AT-EP 45 % to 14
%

97 % at 48 h; 81 % at 24 h

142 hto 5.5 h; 80 % to 98 %

87 % vs 37 %; 46 % to 15 %

Equation 9 (with
Equation 3)

Equation 3

Equation 9 (with
Equation 6)

1/avoidance
calibration

Phase-speci ¢ g, tso

Group multiplier g

V6 — Mota-Rojas
et al., 2024

V7 - Lee et al., 2008

V8 — Gibbons et al.,
2009

Cortisol 18 %, serotonin +22 %, milk +55 %

No cortisol/b-endorphin change; HR + 8 bpm; ight 1.8s

Sensitivity scalar 0.7-1.5; r = 0.65

17 %, +23 %, +54 %

0 change; +9 bpm; 1.7 s

0.72-1.48; rank matched

Equation 8 (with
Equation 5)

Equation 8 (with
Equation 5)

Equation 8 (with
Equation 7)

Calm N(n)< 1

Shock multiplier

Personality a

V9 — Aaser et al.,
2022

Warnings 58 %, pulses 71 %

56 %, 70 %

Equation 9 (with
Equations 6, 7)

Herd + personality

V10 - Umstatter
et al., 2009

Turn success 49 %, 58 %, 53 % overall

48 %, 57 %, 53 %

Equation 9 (L(t)
omitted)

Audio baseline (no
learning)

V11 — Moreira et al.,
2023

V12 - Crouch et al.,
2024

V13 -
Nyamuryekung'e
et al., 2023

V14 - Keshavarzi
et al., 2020

V15 — Lange et al,,
2020

8 kHz: 64.3 % vs 100 % ear orientation (Bt taurus vs
indicus); 65 Hz alert 67.6 % vs 100 %

Tongue-rolling 2.01 to 0.04; locomotion +840-900 %;
positive social +494 %

Containment 70.7 % to 98.0 %; cues 66 to 75 %

Turn 76.2 % (social) vs 52.6 % (solo)

HR drop 5 bpm (live) vs 1.5 bpm (playback); HF power +30
% (live)

F(f): 1.0 (8 kHz), ~0.02 (65 Hz)

M(t) decreased by 39.6%; social
behavior increased

P_turn 0.43 to 0.82; cues 65
to 75%

75 % vs 50 %

M_live 0.40 k1; M_playback
0.44 ky

Equation 1

Equation 8 (with
Equations 4, 5)

Equation 9,
Equation 8

Equation 9 (with
Equation 6)

Equation 8 (with
Equation 5)

Breed-level F(f)

Enrichment effect

Learning + motion

g for social
ampli cation

Speech nuance via N

Q)

V16 — Broucek, 2014

V17 - Umstatter
et al., 2013

V18 - Olczak et al,,
2023

V19 - Ciborowska
et al.,, 2021

>85 dB: milk/feed; cortisol ; agitation persists

Zone-use 53.9 % to 36.2 % ( 17.7 %) near speaker

110 dB shouting: strong withdrawal; 90 dB machinery:
physiological habituation, residual agitation

Calm: cortisol , milk +12.6 %; Rock: stress , milk

M, 0.96 ki; Ms 0.672 ky

Predicted drop 16-18 %

Acute M 1.296 ky; chronic M
0.261 k, (Day 5)

Calm M 0.225 ky; harsh M
1.066 k,

Equation 8 (with
Equation 4)

Equation 8

Equation 8 (with
Equations 4, 5)

Equation 8 (with
Equation 5)

Chronic strEquations
pro le

Speaker deterrent

Acute vs chronic

Genre effect

V20 - James et al.,
2025

8 kHz/13 kHz tones: minimal response in alley

M 0 (F(8-13 kHz)
your f_opt)

1 with

Equation 8 (with
Equation 1)

Cue-design check

Together, these modules, parameter sets, and computational procedures form the basis for the simulation experiments and sensitivity analyses described in Section 3.

means decreased;

means increased.

outcomes encompassed behavioral and physiological metrics such as
avoidance probability, turn success rate, learning latency, step count,
heart rate change, habituation slope, social ampli cation ratio, and
containment rate, corresponding to the measures de ned in Section
2.6. Several studies reported multiple quantitative endpoints under
distinct experimental conditions, while others contributed only
qualitative or contextual data; therefore, 19 quantitative outcomes
were derived across 10 total studies. As shown in Figure 1, model
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predictions aligned closely with observed values (R = 0.998),
demonstrating strong external validity across diverse behavioral
domains. A study key linking each validation point in Figure 1 to
its corresponding publication and behavioral measure is provided in
Supplementary Table S2. While high, this predictive accuracy re ects
that the model was calibrated using established behavioral functions
and then tested against discrete published endpoints, rather than

attempting to reproduce raw trial variability.
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FIGURE 1

Observed versus model-predicted values (in the same units reported in source studies) for 19 quantitative behavioral outcomes drawn from 10 peer-
reviewed studies on cattle responses to auditory cues and virtual-fencing stimuli. Each point represents a distinct published outcome paired with its
corresponding model prediction under matched experimental conditions. Response types are color-coded: learning (blue), avoidance (orange),
motion (green), and social (red). The dashed line indicates the 1:1 relationship (y = x). The model achieved high predictive accuracy (R = 0.998).
Numbered data points correspond to the studies listed in Supplementary Table S2.

To evaluate the robustness and interpretability of the model, we
conducted a global sensitivity analysis based on partial rank
correlation coef cients (PRCC; Supplementary Figure S1). The
PRCC results showed that learning rate (g), half-learning time
(tso), and amplitude threshold (Asy) exerted the strongest
in uence on model outputs (|r| > 0.7), consistent with their roles
in shaping cue-response dynamics and auditory perception
thresholds. Habituation (H) and the social facilitation multiplier
(9) showed moderate effects (r = 0.35-0.5), whereas parameters
related to noise type, temperament, and chronic stress contributed
minimally (r|< 0.3). Complementary one-at-a-time perturbation
tests (— 20%) con rmed the model’s stability, with mean prediction
variation of 12.4 — 7.9% and no parameter producing deviations >
40%. Leave-one-study-out (LOSO) analyses yielded a median cross-
study variance of 0.008 — 0.004 in global parameter ts,
demonstrating that model calibration was not dominated by any
individual dataset. Together, these results indicate that the model
generalizes well across behavioral contexts while remaining
biologically interpretable.

It is important to note that the results in Figure 1 re ect
comparisons between model predictions and published outcomes
expressed in their original reported scales (e.g., percentages for
avoidance, hours for learning latency, ratios for motion,
probabilities for turn success), rather than normalized values, in
order to preserve delity to the empirical literature.

These validation results demonstrate that the model accurately
reproduces a wide spectrum of behavioral responses observed in
empirical studies, con rming that the underlying equations capture
both individual learning and socially modulated behavior.
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Building on this validation, we next applied the framework in a
dynamic simulation to explore how individual and group-level
factors shape herd responses to virtual fencing stimuli over time.

3.2 Conceptual framework for herd
simulation

To apply the validated model in a dynamic context, we simulated a
herd of 50 autonomous cattle agents, each with individualized
behavioral traits drawn from empirically grounded distributions.
Each agent evaluated auditory cues and social inputs in real time
according to the equations de ned in Section 2. The virtual paddock
contained a 30 m boundary, with auditory warnings initiated at 5 m
and increasing in both frequency (8-13 kHz; 200 Hz m %) and
amplitude (60-85 dB; 2 dB m 1) as animals approached the fence.
Individual differences were introduced via random draws for frequency
sensitivity (fo,e  N(8000, 1000 Hz)) and temperament (a  [0.7, 1.3]).
Learning rate (g), habituation rate (I), slope (s), and threshold
amplitude (Asp) followed biologically validated parameter ranges.
The simulation proceeded for 100 time steps, during which each cow
continuously updated its learning (L(t)) and habituation (H(t)) states
and computed the probability of turning (P_turn) in response to the
current auditory intensity and social in uence. When P_turn exceeded
a stochastic threshold, the animal turned back; otherwise, it advanced
toward the boundary. This dynamic implementation allowed us to
assess how sensory and social factors jointly shape spatial distribution
and boundary compliance over time. The simulation is governed by a
set of behavioral assumptions summarized in Table 2:
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TABLE 2 Core behavioral assumptions underlying cow agent dynamics
in the virtual fence simulation.

Component Assumption

Stimulus Frequency and amplitude increase linearly with distance
Delivery from 5m to 30m
Learnin . . . . .

.g Learning follows a sigmoid curve given by Equation 3
Dynamics
Habituation Response decay over time: H(t) = e '

Social In uence Group factor g increases with nearby cow responses

Each cow moves —1m per time step along heading;

Motion Behavior I . .
direction shifts only when turn or social forces apply

In the simulated trials, cattle exhibited clear spatial learning and
group coordination consistent with empirical observations. Most
animals began turning 10-15 m before the virtual boundary,
indicating effective conditioned avoidance of the auditory zone.
Movement patterns stabilized where stimulus intensity supported
learning without overstimulation, producing a steady boundary
offset over time. Social in uence promoted coordinated retreat,
with groups turning nearly simultaneously and then reorienting as a
herd. These outcomes replicate key behavioral trends reported in
pasture-based virtual fencing studies: early avoidance conditioned
by repeated cues (Lee et al., 2009; Campbell et al., 2017), enhanced
responsiveness under group conditions (Colusso et al., 2020;
Keshavarzi et al,, 2020), and progressive improvement across
repeated exposures (Hamidi et al., 2024; Nyamuryekung'e et al.,
2023). Together, these patterns demonstrate that the model
reproduces empirically documented learning and social dynamics,
providing a predictive tool for testing alternative virtual-
fencing strategies.

3.3 Simulating cow and herd behavior

To demonstrate how the biologically informed response functions
generate emergent herd-level patterns, we embedded them within a
spatially explicit Boid-style simulation. The equations below
(Equations 12-17) describe the resulting dynamic behavior of
simulated cattle as they interact under virtual-fence stimuli.

To simulate herd-level movement and behavioral contagion, we
embed individual cow response functions within a spatially explicit
agent-based model inspired by the classic Boid algorithm (Silva
et al., 2009; Vande Moere, 2004; Hartman and Benes, 2006). Each
cow is treated as an autonomous agent whose movement is
governed by three core behavioral forces: separation, alignment,
and cohesion. Separation drives cows to steer away from nearby
individuals to avoid crowding and potential collisions. Alignment
causes cows to adjust their heading to match the average direction
of their local neighbors. Cohesion encourages cows to move toward
the center of mass of nearby herd members, thereby maintaining
group structure.

These three forces are combined to compute the overall
movement vector for each cow i at time t, according to the equation:
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Vi(t):WS . Si+ Wy - Ai + W, - Ci+ Mi (10)

Here, w,, w,, and w, represent the respective weights for
separation, alignment, and cohesion. M; is a stimulus-modulated
movement vector derived from the biologically grounded response
model. This incorporates directional reactivity and is oriented along
c'i\i a unit vector pointing away from the stimulus, such as an
auditory cue or virtual fence. At each timestep, the model also
evaluates the turn probability Py, for every cow, using the
integrated response model described earlier. If Py, exceeds a
de ned threshold - typically t = 0:7 - the cow rotates its heading
vector away from the fence stimulus by an angle between 45 and 90
degrees. This probabilistic turning rule enables realistic, individual-
level variation in behavior and allows reactive behavior to propagate
through the herd under certain conditions. Social in uence is
incorporated through a dynamic parameter g;(t) which adjusts
each cow’s sensitivity to stimuli based on the behavior of nearby
herd members. Speci cally, if a substantial proportion of a cow’s

neighbors have recently turned, the value of g;(t) increases
according to the equation:
_ Nturning neighbours
gl(t) - 1 + h ' ntotalgneig:bours (11)

where h controls the strength of social contagion. This feedback
loop allows cascading avoidance, where cow decisions depend on
both direct stimuli and herd reactions. The model captures
emergent behaviors observed in virtual fencing trials (Jensen,
2018; Stephen et al., 2011; Sowell et al., 2000; Schein and
Fohrman, 1955; Couzin et al., 2005; Hall, 2002), including
synchronized turns, increased turn probability from group
reinforcement, and shifts in movement M(t) based on tone
frequency, amplitude, and habituation. By embedding biologically
informed response functions in a boid-style spatial model, we
reproduce both individual variability and realistic herd-level
dynamics under virtual fencing stimuli.

Together, these equations do not introduce new model structure
but illustrate the mechanisms driving the simulated outcomes
shown in Figure 2—namely, synchronized turning, cascading
avoidance, and realistic group reorientation consistent with
empirical observations.

3.3.1 Simulation 1: personality driven Boid
simulation

We implemented the above model in a custom Python
simulation to re ect realistic herd behavior under virtual fencing
cues. Each cow is modeled as an agent with a 2D position and
heading vector. Behavioral variation is introduced via a personality
sensitivity scalar a, drawn from a Beta(6,2) distribution (Gupta and
Nadarajah, 2004; McDonald and Xu, 1995), which emphasizes
moderate-to-high reactivity while allowing variation. Each cow is
also assigned a behavioral role—Leader, Dominant, Shy, or Normal
—that affects both behavior and visualization. At each timestep t,
learning L(t) and habituation H(t) are updated and used to calculate
motion M(t) and turn probability. This dynamic process captures
adaptive responses to cumulative exposure, allowing behavior to
vary with both stimulus history and social context.
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FIGURE 2

Cow positions at four time steps (Frames 0, 26, 43, 62) from the personality-driven Boid simulation (Supplementary Video 1). Colors denote roles:
Leader = green, Dominant = red, Shy = purple, Normal = blue. The pale orange circle indicates the attraction goal, and red shaded zones mark the

virtual-fence buffer.

Cow movement is guided by a modi ed boid-based model,
where each individual responds to the positions and headings of
local neighbors within a 12-unit radius (Vande Moere., Hartman
and Benes, 2006; Silva et al., 2009). The classic ocking rules —
separation ( S), alignment ( A;), and cohesion ( C) — are calculated
and contribute to each cow’s movement vector. In addition, goal-
directed behavior is implemented through a vector G; pointing
toward a designated resource location, such as a food or water site
positioned at coordinates (60, 60). Cows assigned the Leader role
are more strongly attracted to this site, helping to initiate
coordinated motion within the herd.

The total movement vector for each cow i is then computed as:

A+ 2. G+ 18- G+ 18- M(t)- 8
(12)

VEL5 - §+ 1

where & is the cow’s current normalized heading direction.
This formulation allows the simulation to capture a realistic blend
of environmental, social, and internal motivational in uences
on movement.

The coef cients (1.5, 1.0, 2.0, 1.8, 1.8) are empirically derived
scaling factors representing the relative strength of each behavioral
component. The cohesion vector ( 2.0) received the largest weight
to maintain group integrity, whereas separation ( 1.5) prevents
spatial overlap while allowing uid movement. Alignment ( 1.0)
provides moderate directional coordination without enforcing rigid

ocking. Goal attraction ( 1.8) re ects a moderate motivational
pull toward resources (e.g., food or water), consistent with the
tendency of leaders to initiate group movement. The M(t) term, also
scaled by 1.8, modulates responsiveness according to the adaptive
learning process de ned in Equations 10, 11. These coef cients were
tuned through iterative pilot simulations to reproduce realistic
inter-animal spacing, group cohesion, and response latency
observed in Bos taurus herds (Handcock et al.,, 2009; Gygax et al.,
2010) and should be interpreted as biologically informed behavioral
gain parameters rather than tted constants.

Behavior is regulated through a probabilistic turn mechanism. If

Pwm exceeds a random threshold, the cow reverses direction.
The sigmoid function is centered at g = 0.3, giving a 50% chance of
turning at that stimulus level. Above g, turning likelihood nears 1;
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below, it approaches 0—capturing real-world behavioral variability.
If a cow stays near the fence for over ve steps, it is forced to turn,
simulating reinforcement (e.g., low-energy shock or tone
escalation). When most neighbors turn, g; rises to 1.3, enabling
herd-wide cascades. A fence repulsion vector also activates near
boundaries, increasing retreat probability. Visualization uses
colored dots for roles—green (Leader), red (Dominant), purple
(Shy), blue (Normal)—with orange showing goals and red
indicating virtual fence zones (Figure 2).

As shown in Figure 2, the Boid algorithm’s separation and
limited cohesion parameters caused the herd to gradually disperse
over time, even as some individuals remained oriented toward the
goal. Early clustering (Frame 0) transitioned to broader spacing and
more variable orientations by Frame 62. This Python model
generates dynamic visualizations of herd behavior and responses
to virtual fencing cues. Learning and habituation modulate
movement, while local alignment and goal attraction shape
coordinated motion. However, limited sensory range and
personality differences can lead to dispersed but stable
formations. Such spread is typical of decentralized systems like
boid models and mirrors realistic animal spacing under low-
stimulus conditions.

3.3.2 Simulation 2: cloud-form herd motion with
visual synchronization

Alongside the biologically detailed model, we built a second
simulation to replicate the “cloud-like” motion seen in drone
footage of grazing cattle. This version shifts focus from internal
states to emergent group behavior, emphasizing visual alignment
and smooth collective movement. Instead of modeling learning or
sensory response, it captures large-scale spatial dynamics. The
simulation initializes 120 cows clustered in the upper-middle

eld, with slight variation in heading and speed. Movement is

driven by classic boid rules: separation prevents crowding (strong
repulsion within 4 units), alignment causes cows to match heading
within 16 units, and cohesion gently pulls cows toward local center,
preserving herd structure.

A fourth component, directional movement, is introduced
through a time-activated vector M7= M(t) - 6\. where M(t) scales
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over time, and c’i\l isa xed direction vector pointing toward a target
area in the lower portion of the eld. This directional in uence is
initially dormant but becomes active after the 7-second mark,
gradually increasing in strength as the simulation progresses.

The full movement vector for each cow is computed as a
weighted combination of these four components, with time-
varying in uence:

VEw - Ci+ Wy M) &  (13)

S+ w, - A+ ow, -

Here the weights wg, w,, w,, and w,, are adjusted dynamically
over the simulation’s 34-second window, enabling the herd to
transition through distinct behavioral phases.

In Phase | (0-7 seconds), cows drift forward with loose spacing
and little coordinated direction, re ecting an early-stage herd. In
Phase Il (7-20 seconds), cows begin turning toward the lower
corner of the eld, with variation in individual rotation angles to
re ect natural differences in movement. During Phase Il (20-28
seconds), alignment forces increase, causing the herd to compact
and move more cohesively, mimicking real-world acceleration and
group coherence. In Phase IV (28-34 seconds), cohesion decreases,
and a dispersal vector prompts cows to spread out in a loosely
coordinated exit pattern. Additional behaviors enhance realism.
Cows pause intermittently to graze, especially in early phases, with
the probability of pausing decreasing over time. Small angular
deviations (up to —25 per timestep) add natural variation to
paths. A smoothing factor blends 85% of each cow’s previous
heading with 15% of the new direction, ensuring gradual,

uid motion.

Unlike the earlier stimulus-driven models, this simulation does
not use turn probabilities or sensitivity functions. Instead, cow
movement is governed by scheduled phases and local proximity
rules, enabling exible tuning and calibration against drone footage.
To validate the model, we rendered the simulation alongside real-
world footage for direct comparison. The output aligned well
with key metrics: timing and angle of reorientation, compaction
during the turn, and nal dispersal patterns. This match con rms
the model captures both the visual ow and structure of natural
herd behavior under non-stimulus-driven conditions (see
Supplementary Video S1). A simulation screenshot appears
in Figure 3.

To quantitatively compare the simulated herd to drone footage,
we used frame-wise group dispersion which is the mean Euclidean
distance of animals to the herd centroid per frame. In the
simulation, blue boids were segmented via HSV masking; in the
aerial video, cow centroids were extracted using adaptive
thresholding. The two videos were trimmed to equal length of
2,040 synchronized frames (1.1 min at 30 fps)—, smoothed with a
Savitzky—Golay Iter (window = 31, poly = 3), and compared via
Pearson correlation, yielding strong agreement (r = 0.86). This
indicates the model captures the herd’s tightness and spread over
time. This cloud-style simulation supports the view that herd-wide
behavioral coherence can arise from simple time-staged rules and
local forces, even without individualized personality or explicit
auditory stimulus modeling.
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3.3.3 Simulation 3: extension toward differential
equation based dynamics

While previously described agent-based simulations were
grounded in biologically calibrated rules, we now present an
equivalent differential equation formulation that enables a
continuous-time perspective on herd motion. This bridges our
simulation with feedback control theory and enables real-time
behavior modulation via continuous system dynamics. We
integrate in discrete time with Dt = 0.2 s and take 500 steps as
one simulated “day” for rate metrics.

The state of each cow i f1, ..., Ng attimetisde ned by its
position x;(t) R? and velocity v;(t) R?governed by the
standard kinematic system:

o _ v

w= Vit w= a® (14)

Each cow is in one of three behavioral states: Grazing, Walking,
or Reacting. These states modulate movement speed, the relative
in uence of various forces, and exposure to biologically inspired
stimuli. Upon entering the Reacting state, cows experience a
cooldown period, which suppresses sensitivity to further stimuli
and re ects natural ethological recovery.

The total acceleration vector a;(t) is calculated as a weighted
combination of biologically grounded forces:

a; (t) = W Fsep TWe Fcoh T Wy Falign + Wy Fbond +
(15)
Wg Fgraze+ Wi Ffence+M(t)' Fwander

Each force re ects an ethological mechanism: Fg, enforces
personal space (Couzin et al., 2005), F,, promotes local cohesion
(Couzin et al., 2005), and Fuiy, aligns heading with neighbors
(Hartman and Benes, 2006). Fpyng captures pairwise social ties
(Schein and Fohrman, 1955; Colusso et al,, 2020), and Fyq,, directs
cows toward preferred grazing zones (Hamidi et al., 2024). Fence
avoidance is modeled by Fn, driven by aversion to auditory cues
(Aaser et al., 2022). We implement an auditory- rstcue shock policy:
an audio cue isissued on  rst entry into the 16-unit warning band; after
a brief grace window of 4 steps ( 0.8 s), a short electric pulse may be
delivered once per cue only if the animal (i) remains in the warning
band and (ii) is still moving toward the nearest boundary (dot-product
criterion). Each shock starts a refractory period of 10 steps ( 2 s).
Escalation probabilities are phase-speci ¢ and adapted online by a
simple feedback controller: during training (' rst 30% of timesteps) the
controller scales the escalation probability to target ~1-6.5
shocksrcow “day *: during post-learning it is bounded so that only
~10-30% of cues escalate and the rate targets ~0.06-0.12
shocksicow “day * (audio remains primary; pulses are a minority)
(e.g., Aaser et al., 2022; Umstatter et al., 2013; Campbell et al., 2017;
Nyamuryekung'e et al., 2023). Calibration targets: training  1-65
shocksicow “day *; post-learning  0.06-0.12 shocksccow “day ?,
with ~10-30% of cues escalating. Fyanger introduces individual
variability in movement (Gonzalez et al.,, 2015). Exploratory drive M
(t) (Equation 8) integrates auditory frequency response F(f)
(Equation 1), amplitude saturation S(A) (Equation 2), habituation
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FIGURE 3

Cow positions at four timesteps from Supplementary Video 2 of side-by-side comparison between real-world herd movement and simulated cloud-
like motion: Frame O, Frame 641, Frame 1213, and Frame 1797. Left: Drone footage of a cattle herd exhibiting coordinated movement across a
pasture (Jones, 2019). Right: Output from the “Cloud-Like Motion” simulation, showing 120 agent-based cows governed by local separation,
alignment, cohesion, and a time-dependent directional drift. The simulation replicates the group’s spreading, turning, and density-shifting behavior

to visually match the observed dynamics.

H(t) (Equation 4), and noise type N(n) (Equation 5), scaled by gain
ky. Turn probability is given by Equation 9, which combines stimulus
salience, frequency sensitivity, and learning L(t) (Equation 3) with
group in uence g; (Equation 6) and individual threshold g. Behavioral
states apply different force weightings. Grazing cows move slowly
toward food (5; = 0:4 V). Walking cows rely on alignment,
cohesion, and wander forces. Reacting cows are strongly in uenced
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by separation and fence repulsion, triggered by high Pym ,
accumulated arousal, prolonged fence exposure, or cue-gated electric
reinforcement, and is followed by a short cooldown (refractory) period.
Arousal accumulates over time via neighbor in uence as follows:

gi(t+1)=0:95 a(t)+ oh-a(t) (16)
A

J
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