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We study existing sheep herding algorithms.
By implementing a fatigue-augmented shep-
herding model, we simulate how muscular
properties of sheep influence flock dynamics
while herding.

The purpose of this project is to study, implement, and evaluate existing shepherding algorithms
based on various flock properties. In order to do so, we implemented a fatigue-augmented
shepherding model inspired by the three-compartment controller model for describing muscle ac-
tivation, fatigue, and recovery that takes into account the muscular properties of individual sheep.
In this report we investigate how the parameters influence the flock properties in shepherding.
Results show that different fatigue and recovery rates highly influence the cohesion of the flock.

Sheep herding | Flock behavior | Collective behavior

Introduction

Collective escape responses are a hallmark of group living, where a dog repeatedly
induces coordinated movement of the flock [1, 2]. Recent experiments with high-

resolution tracking reveal that, even though the dog chases from behind, directional
information propagates from the front of the flock toward the rear on short timescales,
and the dog adjusts its motion in response to flock dynamics [2]. These findings have
been captured by an agent-based shepherding model.

Herding is also a sustained locomotor task for both sheep and dog, suggesting that
movement capacity may vary over time due to fatigue. Incorporating fatigue into
shepherding models is therefore interesting, as a mechanism for history-dependent
locomotion under repeated threat.

Here, we extend the discrete-time shepherding model of Jadhav et al. [2] by adding
an internal fatigue state to each agent while leaving all interaction rules unchanged.
Fatigue modulates only locomotor speed. We implement fatigue using the three-
compartment controller (3CC) model [3], interpreting its three compartments not
as explicit muscle pools but as an abstract, whole-body locomotor capacity. Task
demand is derived from behavioural context in the shepherding task, and fatigue re-
duces achievable speed while preserving the directional decision-making of the baseline
model.

Related work

Sheepherding offers an opportunity to study collective escape under a repeatable, con-
trollable "predator-like" stimulus. Empirical work shows that sheep perceive herding
dogs as threatening and respond with increased stress markers and fear-related behav-
ior [1, 4].

On the modelling side, foundational shepherding models formalize how a dog can
gather and drive a group using simple heuristics and local interactions [5]. Building
on this tradition, Jadhav et al. developed an agent-based model that reproduces key
collective observables (cohesion, polarization, elongation) and captures directional
information flow within the flock [2].

Energy constraints are increasingly recognized as important in agent-based mod-
eling [6]. In biomechanics and ergonomics, a computationally efficient approach to
peripheral fatigue is the three-compartment controller (3CC) model, which represents
resting, activated, and fatigued capacity and uses a bounded proportional controller to
track a target load while producing fatigue and recovery dynamics [3].

Methods

To achieve the goal of this project, we implemented the original algorithm from [2],
and then integrated fatigue modeling.

For fatigue dynamics, we adopted the three-compartment controller (3CC) model
of Xia and Frey Law [3]. We selected 3CC for the following reasons: It is explicitly
formulated to handle variable loading conditions through a time-varying target-load
input, producing both fatigue and recovery within one dynamical system [3]. Addi-
tionally, the original work reports that endurance-time predictions are relatively in-
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sensitive to wide changes in certain controller gains, supporting use in settings where
parameters cannot be individually fit for each agent [3].

Original model. The discrete-time shepherding proposed by Jadhav et al. [2] calculates
the sheep positions based on Selective Social Interactions among sheep flock including
attraction to the center of local neighbors, of the velocity direction to the average of
neighbors and repulsion from the herding dog.

The herding logic of the shepherd works on assessing whether the dog needs to
drive the flock forward or collect the strays. This mechanism splits the behavior into
two modes:

1. Collecting mode: the dog moves to collect stray sheep. This mode takes place
when the group is not cohesive.

2. Driving mode: the dog moves behind the herd to push it forward. This mode
occurs when the group is cohesive.

Fatigue-augmented shepherding model. We extend the original model by adding an
internal fatigue state to each agent (sheep and dog). All interaction rules that deter-
mine the heading ϕn+1

i are left unchanged; fatigue modulates only locomotor speed
(step length). This choice preserves the directional and social-interaction mechanisms
of ref. [2] while enabling state-dependent locomotion.

Three-compartment fatigue dynamics (3CC). For each sheep i ∈ {1, . . . , N} (and the dog
D), we track three compartment fractions: resting Mn

R,i, active Mn
A,i, and fatigued

Mn
F,i, with the simplex constraint

Mn
R,i + Mn

A,i + Mn
F,i = 1, Mn

R,i, Mn
A,i, Mn

F,i ∈ [0, 1]. [1]

We adopt the three-compartment controller (3CC) model [3] and discretize it via
explicit Euler using the same timestep as the base shepherding model, ∆t = 1 s [2]:

M̃n+1
R,i = Mn

R,i + ∆t
(
−Cn

i + RiM
n
F,i

)
, [2]

M̃n+1
A,i = Mn

A,i + ∆t
(
Cn

i − FiM
n
A,i

)
, [3]

M̃n+1
F,i = Mn

F,i + ∆t
(
FiM

n
A,i − RiM

n
F,i

)
, [4]

where Fi > 0 and Ri > 0 are fatigue and recovery rates, and Cn
i is the activation-

deactivation drive (defined below).
To enforce Eq. (1) with a simple implementation, we recompute the resting com-

partment by conservation: Mn+1
R,i = 1 − Mn+1

A,i − Mn+1
F,i .

Task demand (target load) for sheep. In the 3CC model, the target load T L is a unitless
demand signal, under our normalization we take T L ∈ [0, 1] and interpret it as a
required activation fraction [3]. In the base shepherding model, sheep respond both to
the dog and to nearby sheep [2]. We therefore define sheep demand as the sum of (i)
dog-induced demand and (ii) a smaller sheep to sheep proximity demand.

Dog-induced demand. Let dn
iD denote the distance between sheep i and the dog at

timestep n, and RD the dog-interaction radius. We define

T Ln
i,dog =

0, dn
iD ≥ RD,

T Lmax
dog

(
1 − dn

iD

RD

)
, dn

iD < RD,
[5]

where T Lmax
dog ∈ [0, 1].

Sheep to sheep proximity demand. Let dn
ij be the distance between sheep i and j,

and define the nearest-neighbour distance dn
i,min = minj ̸=i dn

ij . Using the repulsion
distance drep from ref. [2], we set

T Ln
i,soc =


0, dn

i,min ≥ drep,

T Lmax
soc

(
1 −

dn
i,min

drep

)
, dn

i,min < drep,
[6]

with T Lmax
soc ∈ [0, 1] chosen smaller than T Lmax

dog , reflecting that collision avoidance
should impose a weaker locomotor demand than fleeing the dog.

Overall sheep demand. We then combine both contributions into a single target
load for 3CC:

T Ln
i = min

(
1, T Ln

i,dog + T Ln
i,soc

)
. [7]
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Activation drive. We compute Cn
i using the bounded proportional controller of ref. [3]:

Cn
i =


LD

(
T Ln

i − Mn
A,i

)
, Mn

A,i < T Ln
i ∧ Mn

R,i ≥ (T Ln
i − Mn

A,i),
LDMn

R,i, Mn
A,i < T Ln

i ∧ Mn
R,i < (T Ln

i − Mn
A,i),

LR

(
T Ln

i − Mn
A,i

)
, Mn

A,i ≥ T Ln
i ,

[8]

where LD and LR are fixed tracking gains.

Dog task demand. The dogs behaviour follows the mode logic of ref. [2]. We prescribe
a mode-dependent dog target load that does not use the same distance-based mapping
as sheep:

T Ln
D =


T Lgather, gathering a separated sheep,

T Ldrive

(
vn

B

vD,max

)
, driving a cohesive flock,

0, idle/rest,

[9]

where T Lgather, T Ldrive ∈ [0, 1], vn
B is the barycenter speed of the sheep flock, and

vD,max is the dog’s maximum speed. In our setting vD,max is chosen larger than typ-
ical flock speeds, so vn

B/vD,max ∈ [0, 1]. This captures the intended distinction that
gathering is energetically demanding, whereas driving can be performed at lower inten-
sity while maintaining control of the flock.

Coupling fatigue to locomotion. Positions are updated as in ref. [2], but with fatigue-
modulated speed:

rn+1
i = rn

i + vn
i ∆t e(ϕn+1

i ). [10]

We define residual capacity RCn
i = 1 − Mn

F,i, and a fatigue-scaled candidate speed

vn
i,fat = vi,max (ϵv,i + (1 − ϵv,i)RCn

i ) , ϵv,i = vi,min

vi,max
. [11]

Sheep speed: demand gating, fatigue scaling, and minimum speed. We gate sheep
locomotion by task demand (grazing/rest corresponds to T Ln

i = 0), while enforcing a
positive minimum speed under demand:

vn
i =

{
0, T Ln

i = 0,

max
(
vS,min, min

(
vS,max, vn

i,fat
))

, T Ln
i > 0.

[12]

Dog speed: always moving, fatigue scaling, and close-range cap. The dog is assumed
to move continuously to execute the herding policy. We combine a fatigue-dependent
lower bound with the close-range slowdown rule of ref. [2]. Let la be the dog–sheep
close-distance threshold and define

vn
D,cap =

{
vD,close, mini dn

iD < la,

vD,max, otherwise.
[13]

Then the dog speed is

vn
D = min

(
vn

D,cap, max
(
vD,min, vn

D,fat
))

, [14]

with vD,min chosen to match the close-range minimum vD,close, ensuring vn
D > 0 even

under maximal fatigue while preventing unrealistic overlaps during close pursuit.

Comparison metrics. To compare the performance of the algorithms, we utilized the
following metrics:

Cohesion defined as the average distance of all sheep from the flock’s barycenter
at each time step, elongation of the sheep flock, polarization of the sheep flock,
lateral movements of the dog, average relative spatial position of sheep i

di = 1
N

∑
j

⟨(xj − xi) · vflock⟩t,

where xi, xj are the position of sheep i and j respectively and vflock is the average
speed of the flock, all averaged in time t. If di > 0, the sheep tend to be in the front of
the flock, whereas di < 0, the sheep is in the rear.
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Results

The experiments were performed on a sheep flock of size 14 since different sizes did
not lead to any significant changes in observed metrics. We compared the original and
fatigue-augmented model with different parameters settings.

In terms of fatigue-augmented model, we observe that the highest influence on the
flock behavior arises when tuning the values of fatigue rate Fi and recovery rates Ri of
sheep i. The highest difference appears when the fatigue rate varies among sheep.

Figure 1 compares the original and Fatigue-augmented model with Fi of the first
half of the flock equal to 0.5 and 0.1 for the second half and Ri = 0.01 for all sheep.

We see that the polarization reaches higher values than in the original model. This
is connected to the average relative spatial position, it is clear that sheep with higher
fatigue rate stay at the rear of the flock.
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Figure 1. The comparison of PDF of cohesion (first row) and average relative spatial position (second row) of original
model (left column) and fatigue-augmented model (right column). Number of runs: 300, number of iterations in each run:
370. Flock size: 14

Discussion

A limitation of our current approach is that it represents fatigue as a single process.
Extending to a four-compartment controller that separates central and peripheral
fatigue would likely be more realistic, especially for sustained or dynamic tasks [7].
More empirical data is also needed to tune and validate parameters, including field-
derived endurance metrics from tracking collars and speed-duration relationships [8],
as well as energetic costs during pursuit and evasion [9].

Finally, incorporating rapid, repeated turning and collective direction-change dy-
namics as an additional locomotor load could improve realism, because maneuvering
can raise energetic costs and may accelerate fatigue accumulation [9, 10]. The entire
source code and other related materials are available in our GitHub repository.

CONTRIBUTIONS. JF performed the experiments and wrote the results section and plotted
graph OG wrote code infrastructure, polished the reports and conducted the presentation,
MM developed both models and wrote all of the related sections
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