
 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

22
 M

ay
 2

02
3 
royalsocietypublishing.org/journal/rsif
Research
Cite this article: Avinery R, Aina KO, Dyson
CJ, Kuan H-S, Betterton MD, Goodisman MAD,

Goldman DI. 2023 Agitated ants: regulation

and self-organization of incipient nest

excavation via collisional cues. J. R. Soc.

Interface 20: 20220597.
https://doi.org/10.1098/rsif.2022.0597
Received: 16 August 2022

Accepted: 24 April 2023
Subject Category:
Life Sciences–Physics interface

Subject Areas:
biophysics, computational biology

Keywords:
fire ants, cellular automata, excavation

dynamics, behavioural model
Author for correspondence:
Daniel I. Goldman

e-mail: daniel.goldman@physics.gatech.edu
© 2023 The Author(s) Published by the Royal Society. All rights reserved.
Agitated ants: regulation and
self-organization of incipient nest
excavation via collisional cues

Ram Avinery1, Kehinde O. Aina2, Carl J. Dyson3, Hui-Shun Kuan4,
Meredith D. Betterton4, Michael A. D. Goodisman3 and Daniel I. Goldman1

1School of Physics, 2Institute for Robotics and Intelligent Machines, and 3School of Biological Sciences,
Georgia Institute of Technology, Atlanta, GA, USA
4Department of Physics, University of Colorado Boulder, Boulder, CO, USA

RA, 0000-0002-9580-4989; H-SK, 0000-0003-2604-6448; MDB, 0000-0002-5430-5518;
MADG, 0000-0002-4842-3956

Ants are millimetres in scale yet collectively create metre-scale nests in
diverse substrates. To discover principles by which ant collectives self-
organize to excavate crowded, narrow tunnels, we studied incipient
excavation in small groups of fire ants in quasi-two-dimensional arenas.
Excavation rates displayed three stages: initially excavation occurred at a
constant rate, followed by a rapid decay, and finally a slower decay scaling
in time as t − 1/2. We used a cellular automata model to understand such
scaling and motivate how rate modulation emerges without global control.
In the model, ants estimated their collision frequency with other ants, but
otherwise did not communicate. To capture early excavation rates, we intro-
duced the concept of ‘agitation’—a tendency of individuals to avoid rest if
collisions are frequent. The model reproduced the observed multi-stage
excavation dynamics; analysis revealed how parameters affected features
of multi-stage progression. Moreover, a scaling argument without ant–ant
interactions captures tunnel growth power-law at long times. Our study
demonstrates how individual ants may use local collisional cues to achieve
functional global self-organization. Such contact-based decisions could be
leveraged by other living and non-living collectives to perform tasks in
confined and crowded environments.
1. Introduction
A variety of complex systems display collective behaviours [1–4]. These collec-
tive activities often originate through the process of self-organization [1,5,6].
Self-organization represents a remarkable phenomenon whereby individuals
engage in relatively simple interactions leading to sophisticated, collective
actions [2,7,8]. The emergence of collective behaviours through self-organiz-
ation represents an important phenomenon across physical and biological
systems and scales [1–3].

Highly social animals are key systems for studying collective behaviours.
For example, highly social insects, which include all ants and termites, as
well as some bees, wasps, thrips, beetles and aphids, are remarkable in their
ability to coordinate activities and self-organize to behave as a single ‘super-
organism’ [9–11]. The tremendous success of many social insects relies
critically on the collective actions that lead to nest construction [10–19]. Nests
provide protection and hospitable environments for rearing offspring [20,21].
Nests may also contain networks of tunnels and chambers used to house indi-
viduals and food [19,22–30]. In general, the social insect nest represents a
fundamental part of the extended phenotype of the society [16].

The behaviours leading to the successful construction of nests by social
insects are remarkable [7,12,31–36]. No single individual has a conception of
how the nest should be built or what it should look like when completed
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[34,37]. Instead, social insects self-organize by using behav-
ioural rules that lead to the formation of complex structures
[1,3,5,34,38,39]. Higher-level nest patterns emerge from
simple, lower-level interactions and environmental cues
[3,7,31,34,35,39–41]. The evolutionary success of insect super-
organisms such as an ant colony relies on adaptive regulation
to manage competing priorities including safety, rest, hunger
and reproduction [42,43]. Uncovering the mechanisms of
coordination underlying such regulation is key to under-
standing social behaviour and serves as inspiration for
protocols to be implemented in synthetic collectives.

A major goal of the study of collective behaviour is to
understand the rules governing group activities. For example,
during fresh nest excavation, it may seem straightforward
that ants which cannot find existing tunnels would choose
to dig new ones; however, it is not as obvious how ants col-
lectively deprioritize excavation when a system of tunnels is
sufficiently developed. Early nest excavation in ants and ter-
mites displays consistent rate regulation [44–46]. This has
previously been attributed to a recruitment process and mod-
elled using a logistic model, without mechanistic explanation
[44]. More recently, Bruce et al. [45] suggested that ants regu-
late excavation rate through encounters in a manner that is
collective-size dependent and sensitive to existing tunnels
for small collectives. The excavated area over time was con-
cluded to follow a Michaelis–Menten curve [47], suggestive
of a self-inhibiting mechanism whereby the existence of exca-
vated area inhibits further excavation. Bruce et al. interpreted
their results as an indication that the ants attempted to mini-
mize contact with each other; however, few studies have
directly provided a window into the individual decision
making and how it affects an emergent collective outcome.

Interactions between individuals could occur through a
variety of communication mechanisms including chemicals,
sound and contact. Underground and in the absence of
light sources, vision is unlikely to contribute to individual
interactions, as evidenced by the evolved blindness of termite
soldiers [48]. Instead, chemicals, such as pheromones, are
often cited as the dominant mode of communication for col-
lective task regulation [48,49]. However, the proximate
mechanisms used to convey information across biological
collectives remain poorly understood.

The goal of this investigation was to gain a greater under-
standing of the dynamics underlying the successful
excavation of nests in biological collectives. We wished to
understand the proximate biological and physical mechan-
isms that ants use to regulate nest excavation, and to
determine how various individual and group behaviours
affect the overall dynamics. Our interest was specifically to
determine if excavation regulation could emerge from
independent individual decisions without invoking com-
munication through chemical, visual or acoustic signals.
Inspired by our recent studies on contact-responsive robotic
collectives [50,51], we explored how contact sensing, as an
information source, may contribute to global excavation regu-
lation without other communication. To discover a minimal
model, we make a simplifying assumption that ants make
decisions based on their recent experiences, where encounters
with others are registered but no information is actively
passed between them. Our research makes use of exper-
iments of ant excavation and subsequent mathematical
modelling and computer simulation used to interpret the
experimental results. Our models exhibit remarkable
agreement with the experiments, suggesting that collectives
can successfully rely on simple contacts to coordinate their
group activities, and Further, our model can generate testable
predictions for further experimental studies.
2. Methods
2.1. Ant excavation experiment
We investigated substrate excavation dynamics in small groups
of the fire ant Solenopsis invicta [52]. Solenopsis invicta ants are
master builders. They successfully construct complex nests in
soils or granular substrates found around the world using a
diversity of materials [14,46,48,52–54]. The S. invicta nest is a
complex, sophisticated structure that allows individuals to
move and rear offspring. The nest is fundamentally important
to the success of S. invicta colonies and is one of the most
conspicuous features of this social insect.

Three colonies of S. invictawere collected from Atlanta, Geor-
gia, USA during the fall of 2020. Individuals were separated from
soil using the drip flotation method [55]. Collected individuals
were then housed in plastic containers and supplied with
water and food as needed to ensure their continued survival.

We sought to visualize the behaviours that S. invicta workers
engaged in while excavating tunnels, to gain a greater under-
standing of the processes they use to construct nests. To do so,
we monitored ant substrate excavation dynamics in experimen-
tally created arenas, over many hours. Experiments were
conducted inside set-up consisting of two areas accessible by
the fire ants: an open entrance area to which ants were added
for each trial and a digging area connected by a tunnel where
excavation behaviours could be monitored through an acrylic
wall (figure 1). The excavation arena consisted of a 195 × 145 ×
2.5 mm3 quasi-two-dimensional space, defined by a three-dimen-
sional-printed frame, to allow for monitoring of tunnel growth
and ant activity. Glass particles measuring 0.7 ± 0.1 mm in diam-
eter were used as an artificial substrate to be manipulated by the
ants. Moisture content of the substrate was maintained at 10%
water by weight across all trials; we have previously shown
that S. invicta ants’ excavation rate is insensitive to moisture con-
tent in the range of 5–20% [56]. The walls of the arena and
entrance area were coated with talcum powder to ensure that
ants could not climb out of the designated spaces. During exper-
imental excavation trials, a controlled number of ants were
transferred manually from the collected colony to the digging
arena. Non-warming LED light sources were directed at the dig-
ging area to offer illumination for recording.

We allowed groups of S. invicta workers to excavate within
the artificial arenas. For each trial, groups of 40–70 randomly
selected worker fire ants were transferred into the apparatus.
In total, nine experimental trials were included in this study,
using ants from three colonies, each used in at least two trials.
Recording was started immediately following the addition of
ants to the entrance area of the experimental set-up. Once intro-
duced into the entrance, the ants were allowed to migrate
independently down into the digging arena. Fire ant excavation
in the digging arena was monitored and recorded for up to 70 h
in each trial, which was recorded at 24 frames per second (fps)
using a consumer computer camera (Logitech C920), at a
resolution of 1920 × 1080 pixels.
2.2. Video analysis
To elucidate behavioural patterns involved in nest construction,
we quantified collective excavation, ant spatial distribution,
tunnel morphology, as well as individual ant–ant interactions,
through manual and automated video tracking.



0.7 mm glass
particles

entrance
chamber

14 cm

21 cm

Figure 1. Experimental set-up—three-dimensional rendering. A custom-
made plastic frame holds acrylic sheets 2.5 mm apart. The accessible part
of the system is 14 cm wide and 21 cm tall. Approximately two-thirds of
the volume is filled with a substrate—0.7 mm glass particles with the moist-
ure content adjusted to 10% by weight. A top container serves as an
entrance chamber where 40–70 ants are placed to start the experiment.
The experimental trials are recorded using a commercial webcam.

1 cm(a)

(b)

(c)

+1 s +2 s +3 s

Figure 2. Experimental recording and tracking. Each trial was recorded at 24
frames per second using a commercial webcam. (a) The digging arena is
enclosed between acrylic sheets and composed of glass beads. A green back-
ground is used to generate suitable contrast between the substrate and
excavated tunnels. Image 40 min after the introduction of ants into the
apparatus is shown. (b) The colour difference between ants, substrate and
background allows for substrate tracking (shaded purple) as well as ant track-
ing (shaded blue). Together, the number of pixels associated with ants below
the substrate is used to quantify the participation in the excavation activity.
(c) Motion detection of ants was found to be a robust method to track the
exploration of the system, and thereby allowed us to quantify the excavated
area over time. We calculate the difference between each pair of sequential
frames, apply a threshold and accumulate the result over time (purple
shade). See Methods for additional details.
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To estimate ant participation in excavation, we used captured
colour differences to classify image pixels belonging to ants, as
well as to detect the substrate interface. We used a bright green
sheet as the background for the digging arena, which produced
a visual contrast with the substrate, as well as with the ants;
this contrast made for convenient video analysis based on
colour differences (figure 2a,b).

Within our experiments, we defined ants as participating in
some aspect of the excavation process if they were below the sub-
strate interface. Once pixels were classified as belonging to ants
below the substrate interface, the pixel count was converted to
an estimate of the number of ants, using a calibration curve
from a linear fit of manually counted ants versus detected
pixel count, tabulated over multiple time points, for each
recorded video.

We were interested in observing the excavation progression
and rate regulation by detecting the excavated tunnels over
time. This was done by following areas in the digging arena
newly explored by the ants. Procedurally, we could accumulate
a map of pixels that were classified as belonging to an ant at
any given time in the past. However, the small amount of
noise inherent in that technique, when accumulated, produces
too many spurious detections of newly explored areas. Instead,
we found that calculating and accumulating motion detection
produced much less noise. To calculate motion detection, we
down-sampled our videos in time to 12 fps by averaging sub-
sequent frames, and then calculated the difference between the
resulting frames. The result was then subjected to Gaussian filter-
ing and a threshold was applied. The threshold was determined
dynamically as five times the standard deviation of the Gaussian
filtered values, over a region of the video determined to not have
been excavated throughout the recording (manually). Figure 2c
shows an example of motion-detected pixels, red (blue) indicates
pixels that became lighter (darker) between successive down-
sampled frames. A map of accumulated motion-detected pixels
was recorded over each recorded trial.

Ants occasionally reversed and backed out of a tunnel when
their path was blocked by other ants. Reversal is an important
behaviour that minimizes traffic clusters [57] and we wanted to
observe its relation to the number of ants in the tunnels and
the overall excavation rate. We, therefore, tabulated event
counts of ants reversing without excavating a bolus of substrate
material, following an encounter with another ant. This was
done for several non-branching tunnels, in multiple experiments,
by visual inspection.
2.3. Cellular automata model
To gain an understanding of the ant excavation dynamics, particu-
larly in the earlier times of excavation, we employed a cellular
automata (CA) model adapted from that in our previous work
[57]. A CA model allows us to focus on the behavioural aspect,
without a need to implement detailed mechanics of walking
and digging. The simulation process boils down to a small set
of time-evolution and interaction rules that are applied at every
discrete step. Using this model, we may conveniently test various
behavioural rules and then test how the CA model’s emergent
collective behaviour matches experimental observations.

In the simulated system, ants walk through a linear tunnel
that is composed of discrete cells that accommodate two ants
each, going in either the same or opposite directions (figure 3).
A tunnel has an entry into a sequence of ‘substrate-free’ cells, fol-
lowed by cells filled with substrate. At each time step (TS), ants
move along the tunnel until they reach substrate; at which point
they pause and excavate pellets. Once a substrate cell is drained



(a) (b)

+1

T T + 1 T + 2 T + 3

Figure 3. Cellular-automata simulation of ant excavation. Within this model,
ants from the outside reservoir (circle on top) randomly decide to enter the
system, with a probability determined by each individual. Once inside, the
ants (blue half-arrows) move along a tunnel composed of discrete cells.
Each cell accommodates up to two ants. An ant moves from the entrance
(top) towards the substrate (bottom, in grey), but cannot move into the sub-
strate. Once an ant reaches the first substrate cell, it removes (i.e. excavates)
pellets from it, one every time step. After reaching its pellet holding capacity,
an ant reverses and moves back towards the entrance to deposit the exca-
vated pellets. Substrate cells are initialized to contain a consistent number
of pellets, which are then depleted by the incoming ants. The number of
pellets remaining in the first reachable substrate cell is indicated by the
degree of filling of lighter grey. (a) Four consecutive time steps, showing
four ants in a single tunnel, at first (time T ) with one heading out towards
the entrance, two on their way towards the substrate and one already at the
substrate interface. At T + 1, another ant reaches the substrate, and the third
is a cell behind. Since the next cell is occupied by two ants, the latter ant, at
time T + 2, decides to reverse and head back towards the entrance without
excavating. Also at T + 2, an ant steps outside and increases the count of
ants in the outside reservoir (number in circle). The ants at the interface
remain there to excavate until either the cell is depleted or their individual
capacity is full. (b) In a multi-tunnel model, ants from the outside reservoir
randomly decide to enter, as before, and also randomly uniformly choose
which tunnel to go into. Once inside, the dynamics are as in a single inde-
pendent tunnel.
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of its pellets, it becomes available for ants to walk into. In this
way, the tip of the tunnel, where the substrate starts, elongates
over time.

Within this computational model, a cell represents a single
ant body-length’s (BL) worth of tunnel. Tunnels made by
S. invicta generally converge to approximately two ant body-
widths (BW) [46] and allow most ants to pass each other unhin-
dered. We, therefore, take cells to represent an area of BL × BW
and allow two ants to occupy each. At each TS, an ant will
move to the next cell, if it is empty, and will thereby be
moving at a speed of BL/TS. By quantifying the typical ant
speed within tunnels, we relate the simulation timescale to the
excavation experiment timescale. Within the simulation, we para-
metrize the number of pellets in a cell full of the substrate and the
number of pellets an ant will excavate each time; these, respect-
ively, represent the typical accumulated time it takes the ants to
excavate a BL length of the tunnel, and the typical time spent
at the tunnel tip by each ant.

As mentioned above, two ants may occupy the same cell and
pass each other unhindered under this model. Three (or more)
body collisions occur when an ant tries to move into a cell that
is already occupied by two other ants. In response to such a col-
lision, an ant that is heading towards the tip of the tunnel
randomly chooses whether to reverse course without digging,
with a predetermined probability. We find that our results are
not sensitive to this reversal probability within the range (0.1,
0.9), and choose to fix this value to 0.34, as previously used
[57]. An ant that is headed towards the exit never relents. In
our previous work, we used only a single simulated tunnel
[57], but here we use multiple tunnels to capture the observed
experimental behaviour, as discussed below. Within the multi-
tunnel CA model, when ants enter a tunnel, they first randomly
and uniformly choose which of the multiple tunnels to go into.
From there, the simulation proceeds as previously discussed.
2.4. Ant speed measurements
We analysed image maps to estimate an ant’s walking speed
within tunnels. Given tracked exploration maps (figure 4), we
extracted an example of a long branch-less tunnel and generated
a linearized profile through the following steps: (i) fit a centre-
line spline, (ii) generate perpendicular cross-sections at equal
longitudinal intervals (figure 5a), and (iii) sum binarized pixel
values across each cross-section. As ants walk through the
tunnel, the linearized profile displays a travelling cluster of
high values. We lay out these linear profiles over time as a
space–time diagram (figure 5b,c). We then use a sliding time
window of 1 min and for each window run a line-detection
algorithm (figure 5). Ant walking speeds are captured as the
detected line slopes. We accumulated the distribution of
observed speeds for well-detected lines. Through thousands of
detected slopes, we observed a mean speed of 0.27 ± 0.09 BL s−1.
2.5. Model fitting
To fit the experimentally observed excavation rate, we iterated
through randomly generated values for the free parameters of
the simulated model and compared with the observed curves.
Other fixed parameters have been determined either in previous
work or in this study (table 1). The CA simulation time has
been rescaled such that the ant nominal speed BL/TS is the
experimentally determined mean ant walking speed. The
model we fit then has four free parameters—number of tunnels,
work–rest imbalance constant (τ0), relaxation length (L0) and
steady-state participation level (we discuss the meaning of
these parameters in Section 3).

We started by generating 10 000 uniformly random sampled
sets of parameters, in a wide range. To test a fit over multiple
timescales, we first converted both the observed curve and
each simulation curve to log-rate over log-time, by averaging
within exponentially spaced bins and then taking the log of the
average rate in each. The corresponding squared-error for each
bin was taken to be the average of squared-errors, weighted by
number of observations. The error of the log-rate was taken to
be Δlog(r) = Δr/r, where Δr is the error of the rate and r the rate.

For each simulation excavation rate curve, we calculated the
average of squared differences from the observed curve,
weighted by (Δr)−2, in log–log, over the range of 0.5–35 h, as a
measure of the quality of fit. In each refinement iteration, we
used enough sampled parameter sets to display a clear trend in
at least one parameter. Following each iteration we narrowed
the search for those parameters that displayed a clear minimum
(figure 6).



0 10 20 30 40 50 h

(a)

(b)

Figure 4. Flow morphology tracked by ant motion detection and colour thresholding. (a) Tunnel exploration over time in a single experiment. Left to right—the
system, as it evolves in time slices of 3 h, over the course of the first 9 h. The substrate is tracked using colour thresholding (see Methods) and displayed in grey.
Above-substrate is coloured in light green. Tunnel colour represents a spatial mapping of first-exploration time, ranging from darkest for earliest and brightest brown
for latest (3 h) within the time slice. Newly detected flow indicates freshly excavated passages. Missing flow in existing tunnels may indicate a loss of interest, due
to a blocked entrance or other reasons. (b) Tunnel formations mapped by first-exploration time, over 50 h. Left to right—three independent experiments. Unex-
plored areas are in black. The colour indicates first-exploration time, according to the colour map below the bottom panels.
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Figure 5. Analysis of space–time detection maps. (a) A branch-less tunnel was divided into strips of equal longitudinal distance, shown in alternating black and white
strip colour. (b) Ant pixels were determined based on a darkness threshold, and binarized pixels were summed over every longitudinal strip, to generate a density profile
over time. Ant presence was observed deeper in the tunnel as it grew through excavation. (c) The space–time detection maps revealed distinct tracks when observed at
minutes-long windows. We used a Hough transform [58] to detect straight (i.e. constant speed) trajectories fragments (green dashed lines). From the collected line
slopes we calculated an average observed ant walking speed in tunnels.

Table 1. Parameters used to calibrate the cellular-automata simulation to
the experiment.

parameter value source

average body-length (BL) 3.95 mm [46]

tunnel width 2.2 mm [46]

reversal probability 0.34 [57]

average ant

walking speed

0.27 BL s−1 space–time analysis

(figure 3)

average time spent

excavating

8.5 s visual observation

number of ant trips

per cm excavated

206 visual observation
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3. Results and discussion
Our overall goal was to understand the mechanisms that
animal collectives use to coordinate their activities. We investi-
gated this issue by studying patterns of tunnel excavation in
fire ant societies. We combined theoretical and empirical
approaches to gain insight into the possible proximate mech-
anisms used by fire ants to accomplish important group tasks.
3.1. Ant excavation experiments
Our first aim was to gain insight into the rate of excavation of
tunnels by the ant collectives. Following the introduction of
ants into the system through the entrance chamber
(figure 1), ants explored the container and went through a
narrow hole into the digging arena in the lower chamber, in
view of the camera (see Methods). We observed that all
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Figure 6. Least-squares (χ2) optimization of the model fit through random parameter sampling. In each iteration, we sampled thousands of parameter variations
and calculated the mean-square distance between the simulated excavation-rate trend and the experimental one. We plotted χ2 distances versus each one of the
fitted parameters (blue points), as well as an outline of their basin as a guide (black dashed line). After each such iteration we narrowed the search range for
parameters with a clear single-minimum in their basin.

royalsocietypublishing.org/journal/rsif
J.R.Soc.Interface

20:20220597

6

 D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//r

oy
al

so
ci

et
yp

ub
lis

hi
ng

.o
rg

/ o
n 

22
 M

ay
 2

02
3 
ants entered the lower chamber within the first hour and
many engaged in excavation after a few minutes of
exploration.

Within the first few hours, approximately half of the ants
seemed to be excavating through multiple tunnel entrances
and occasionally tunnels wide enough to accommodate three
to five ants (figure 4a). At longer times, the tunnels grew
through excavation and deposition until a few tunnel entrances
remained at the top substrate interface. As the level of activity
decayed, the tunnels converged to the typical width of a
single BL, approximately accommodating the width of two
ants [54]. Maps of first-exploration time (figure 4b) capture
the features of tunnel formation over the course of each trial.

The area excavated over time in all the trials follows a
trend of rapid increase, followed by a slower increase
(figure 7a, non-black colours). In a few trials, additional
waves of rapid excavation appear, but eventually, those too
settled into a slower rate of expansion. By averaging the
area excavated in all trials, this trend appears even clearer
(figure 7a, black). Excavation (area growth) rates reveal
additional subtleties when viewed over multiple timescales
(figure 7b), where we observe three regimes: high and
almost constant excavation rate, followed by a rapid decay,
and then a slow decay at long times. The transition between
the rapid and slow decays is quite distinct, especially consid-
ering the noise involved in experiments comprising living
systems.

Previous studies of ant excavation reported similar trends
[44,45,59], where the excavation rate started high or peaked,
and then decreased slowly over time. Buhl et al. [44] model
their observations empirically as a classical Verhulst logistic
model. The logistic model predicts that the excavation rate
should vanish exponentially in time, which is not supported
by our observations (figure 7). The same model was used
before by Rasse et al. [60], though on a much longer timescale
of tens of days. Bruce et al. [45] empirically model the exca-
vation rate as a power-law which predicts a t −2 decay in rate
over time, which is also inconsistent with our observations.
Neither of these previous models is derived from explicit be-
havioural rules, though Bruce et al. allude to a state of
‘arousal’ that may follow a disturbance or introduction into
an unfamiliar system. Bruce et al. also make important obser-
vations about the initial excavation rate depending on group
size and initial tunnel length. We will show below that these
observations of arousal and length/number dependencies
can be explained by a single behavioural rule that originates
from the local experience of collisions.
3.2. Participation trend
To investigate the apparent regulation of excavation rate over
time, we suspected two possible modulated parameters—
participation level in excavation and walking speed. A pre-
vious study showed a weak decay of walking speed in time
[45], not significant enough to explain our observed exca-
vation rate. Our limited observations of walking speed did
not reveal any trend in time. By contrast, we quantified the
collective participation level in excavation, and discovered a
distinct trend.

At all times during an experiment, a significant portion of
the ants was above the substrate and not actively participating
in excavation. While above the substrate, many of the non-
excavating ants were found in clusters. This aggregation
behaviour has been reported in previous studies, for multiple
ant species [44–46,59–61]. Approximately 2–3 h into each
trial, participation in excavation peaks at approximately 50%
(figure 8a). Coincidentally, roughly at the same time, the slow
excavation-rate decay begin (figure 9a). At later times, the
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average participation trend appears to fluctuate around a mean
value of approximately 27.8% (green dashed line in figure 8a),
calculated as the average participation between 5 and 35 h; this
participation rate is consistent with previous reporting [46]. The
early peak in participation correlates with the initial high exca-
vation rate and its rapid decay, but then the rate decays further,
while, surprisingly, participation remains constant.
3.3. Cellular automata behavioural model
To probe the effect of individual dynamics on participation in
excavation and the emergent excavation rate, we built upon
our CA model simulations in [57] (see Methods). In our pre-
vious work, we experimentally resolved the activity of ants at
the individual level, while excavating a single tunnel, and
consistently observed a highly unequal workload distribution
among excavating ants [57]. In corresponding CA simu-
lations, individuals were initialized to have a preset equal
or unequal tendency to enter tunnels; an unequal tendency
to enter the tunnels was crucial for avoiding long-duration
clogs and maintaining optimal traffic flow conditions.
Recently, we reported on the implementation of reinforce-
ment rules in a collective of excavating robots that results in
unequal workload distribution and improved group per-
formance [51]. In fire ants, it was reported that groups
adapt to the removal of the most active workers by
upregulating the activity of others [57], though we do not
know what mechanism they use to accomplish that.

The model we developed (below) generates unequal
workload at any given moment, but the turnover between
ants equalizes the workload quickly, compared with previous
observations of persistent inequality over 12 h [57]. Notably,
in [57] (electronic supplementary material), some turnover
in levels of activity was also observed. This inconsistency
can be regarded as a level of abstraction, where we capture
the collective level of activity but not the workload distri-
bution. The collective rate of excavation, which is of interest
here, scales as the number of actively excavating ants, or
mean participation level, at low ant densities. Workload
inequality—the individual deviations from the mean partici-
pation—is a second-order effect which we do not consider
in this work.

First, we compared unmodified CA model simulations
(figure 3a) [57], originally developed to reproduce excavation
in a single tunnel, to the observed experimental trend and
found the excavation rate trend produced by the CA model
was far below that actually observed (figure 9). Expanding
the CA model to include multiple independent tunnels sharing
an ant reservoir results in a higher excavation rate, where a
model with 10 tunnels captures the experimental long-time
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average trend (figure 9). Interestingly, both the unmodified and
multi-tunnel CA models already capture the experimental
long-time decay trend (figure 9). This result suggests that
the slow decay is an inevitable result of excavation in an
elongating tunnel.

Our multi-tunnel CA model still did not capture the early
time rate trend that coincided with regulated participation.
Moreover, the participation of ants in excavation saturates
at 100% in the CA model, regardless of number of tunnels
and in contrast with the experiment (figure 8). We thus
posit that a stable and low participation in excavation
requires a self-limiting process.

We observed in experiments that most of the ants above the
substrate aggregated together in clusters of inactive individuals;
this inactivity invoked the possibility of a resting behaviour.
Therefore, we implemented a self-limiting process in the CA
simulations, maintaining a fixed work-to-rest ratio R. We
define a work–rest imbalance as timbalance= twork−R · trest,
where twork (trest) is the time an ant spent working (resting).
An ant is set to go excavate with probability Pgo=
exp(−timbalance/τtolerance), where τtolerance is a timescale for the tol-
erance of a work-to-rest imbalance. Inclusion of this parameter
indeed results in a low and stable participation in the CA simu-
lation at long times (figure 8, green line), and an excavation-rate
trend consistent with most of the experimentally observed
curve (figure 9, green line). This model can also accommodate
previous observations of an unequal workload distribution
among ants [57] by replacing the work–rest imbalance ratio
with a distribution.

While the CA model with regulated participation is
consistent with the observed rate, it does not capture the
steepness of the observed rate decay at early times
(figure 9, up to third hour). This mismatch implied an
additional mechanism is at play that maintains high exca-
vation rate at early times and generates a sharp transition
to the long-time behaviour.

We propose that the ants are willing to delay rest when
excavating a fresh system of tunnels, until they detect the tun-
nels are large enough, at which point they revert to a nominal
behaviour pattern. Such a mechanism implies that the insects
become agitated without shelter, and relax into nominal
behaviour when sheltered, consistent with the concept of
‘arousal’ described before [45].

We, therefore, amended our CA simulations to include
a digging probability with an ‘agitation’ override:
p = (1− α) · pgo+ α, where α∈ [0,1] is an override parameter.
Setting α = 1 completely overrides the effect of a work–rest
imbalance on the decision to go dig excavate. But what exactly
do the ants detect, and does communication play a role?

Here, we define communication broadly as when one
individual receives information from another, and this infor-
mation affects the future actions of the focal individual. A
reasonable type of information that can be obtained by an
individual ant is its collision with other individuals and its
surroundings. These collisions are accounted for through
the success rate of moving forward, the inverse of which is
essentially an estimate for mean free path. We, therefore, set
α to be α = e−l/L0, where l −1 is a move success-rate estimator
and L0 is a length constant. By defining an ant’s response
this way, we obtain a unified view of collisions with other
ants, as well as with the end of the tunnel.

The expected mean free path in any single tunnel is L/f,
where L is the tunnel length and f is the (expected) number
of failed moves, cause by the tunnel end and cells occupied
by two ants. A single ant in a tunnel will experience f = 1
failed moves, and will, therefore, estimate l≈ L. In a mean-
field calculation, f is expected to be L · P(two ants in one
cell)∝ L · (N/L)2, where N is the number of ants in the tunnel,
which would result in l∝ L2/N2. This mechanism effectively
has a quadratic sensitivity to the density of ants in the tunnels.
In practice, our move success-rate estimator (l −1) implemen-
tation uses an exponential moving average with a memory
time constant of 2L0 to avoid infinitely long memory.

The result of this length-dependent relaxation mechanism
is a higher tendency for the simulated ants to excavate at
short tunnel lengths, overriding the steady-state work–rest
behaviour. As the length of a tunnel increases, the partici-
pation of ants in excavation relaxes to its steady-state value.
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As noted above, the mean free path estimator is highly den-
sity dependent through three+ body collisions, since there
is no penalty (delay) for two-body collisions in the simu-
lation. At tunnel lengths reaching the designated relaxation
length L0, some ants decide to rest, which further reduces
density in the tunnel, and as a result a cascade of relaxation
into the steady-state behaviour occurs. This cascade gives
rise to a sharp transition in excavation rate, closely matching
the observed experimental trend (figure 9, blue line).

Our developed CA model captures the subtleties of
observed collective ant excavation behaviour, and its success
suggests a behavioural mechanism employed by the individ-
uals. Parameter variation around the best-fit solution
demonstrates the observed features associated with each par-
ameter, and in particular—that the relaxation length (L0)
modulates the steepness of the transition between early and
long-time stages (figure 10). In figure 10a, we observe a scal-
ing of the curve for more than 15 tunnels, but a qualitatively
different trend at early times for 10 tunnels. This qualitative
change highlights the necessity of many tunnels to alleviate
traffic congestion and achieve the high excavation rate at
early times. Branching is prevalent in the experimental
trials at early times (figure 4), and probably increases the
effective number of tunnels needed for the CA model to
match. In figure 10b, we show that the steady-state partici-
pation level does not affect early times, as a result of the
‘agitation’ override. The overall response to varying L0 in
figure 10c is nonlinear and saturates at a value of 10 due to
the nonlinear dependence of the mean free path in the den-
sity of ants in the tunnel, and the mechanism of its
estimation by the modelled ants.

It is worth noting that our ‘agitation’ override captures
previous concepts of ‘arousal’ and initial tunnel-length
effect. The model also predicts faster relaxation with fewer
ants, as fewer ants would result in fewer collisions for the
same number of tunnels. Whether they would relax faster
or not depends on the actual number of tunnels they
generate, which may be affected by the width of the arena.

In this work, we introduced a resting mechanism
employed homogeneously by all simulated ants, which
results in a nearly equal workload distribution (data not
shown). This is in contrast with previous findings of unequal
participation in work and the potential rules leading up to it
[51,57]. Our focus in this work was on emergent global regu-
lation, rather than emergent workload distributions. The CA
model here essentially captures the same global inequality as
low participation rates at any moment, but the work is spread
among all individuals. The same can be implemented with
an unequal workload, by setting target work-to-rest ratios
heterogeneously among the simulated individuals.
3.4. The one-at-a-time model
We turn our attention back to the seeming inevitability of the
long-time excavation rate decay, which appears in experiment
as well as in all of our CA model variation. Ants working
inside a narrow tunnel can be considered as one-dimensional
asymmetric exclusion processes with few lanes [57,62,63]. Let
us consider an unregulated excavation-rate behaviour with a
single ant, digging in a single tunnel. This ant performs a
consistent walking and excavation procedure over time,
going back and forth, digging at the tip of the tunnel and
depositing dug pellets at the entrance (figure 11). We call
this scenario the one-at-a-time (OAT) model, which we
found experimental support for [57].

In this scenario, each digging cycle takes a time of
ð2L=vÞ þ tdd, where L is the tunnel length, v is the ant
moving speed and τdd is the time it takes to manipulate the
substrate while digging and depositing at either end of the
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Figure 11. Illustration of the one-at-a-time model. A single ant walks back
and forth from the entrance of the tunnel to the tip. It digs at the tip and
deposits the dug pellets at the entrance. The time for digging and deposition
τdd is assumed to be constant. In between the entrance and the tip, the ant
walks at speed v across the length of the tunnel L that extends over time.
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tunnel. The average excavation rate for K non-interacting ants
will then be dL=dt ¼ K=ð2L=vþ tddÞ.

The corresponding tunnel growth follows the length–time
relationship: LðtÞ ¼ 1=2 �vtdd þ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
v2t2dd þ 4Kvt

q� �
, where the

initial condition is set to L(t = 0) = 0. By taking the long-time
limit t→∞ we see that in the OAT model, the tunnel length
asymptotically grows as t1/2, and the corresponding tunnel
excavation rate follows 1/L∝ t−1/2 at long tunnel length or
late time. Though this was derived for an ideal situation, it
clearly extends to any scenario with a constant number of
participating ants and negligible time spent on collisions or
any activity other than walking and manipulating substrate.
Remarkably, this derived long-time rate trend agrees with
both experiments and the CA model (figure 9, red dashed
line). We posit that our observation of an OAT-like trend at
long times (figure 9) is most likely a consequence of
negligible interactions between active ants and a stable
participation level, which our CA model generates.
4. Summary and conclusion
The goal of this study was to understand the dynamics of
excavation behaviour by collectives of ants as model social
insects which regularly confront crowded traffic conditions
in a confined space. We performed ant excavation experiments
in a quasi-two-dimensional system and observed a pattern of
excavation-rate modulation [44,45,60]. Our experimental exca-
vation rate trend reveals signs of regulation across timescales,
including a high and constant initial rate, a fast decay, and a
slow decay at long timescales (figure 7).

We developed a detailed, behavioural, CA model, carefully
motivated and with most of its parameters derived from inde-
pendent observations. Our model captures the experimental
excavation rate trend very well across timescales, and suggests
ants modulate their participation in excavation based on their
recent history of collisions. Crucially, this modulation, which
we refer to as an ‘agitation override’, addresses observed
effects of both initial tunnel length and ant group size, and
serves as a mechanistic description of the concept of ‘arousal’
which is referred to in [45].
Previous studies employed empirical models such as a
logistic model or a power-law to describe their excavation rate
observations without being clearly motivated by behavioural
rules at the individual level [44,45,60]. We derive a quantitative
fit, by introducing resting behaviour, which can be overridden
in a state of agitation. Both the regulation of work–rest and agi-
tation is done by each individual in our model. Agitation is
determined from length estimates based on collisions with
others, as well as with the end of the tunnel. Moreover, we
showed that an idealized ‘one-at-a-time’model, derived by con-
sidering the fundamental timescales in the system, predicts that
the excavation rate at long times should decay like t−1/2. This
prediction fits our experimental observation and expectations
at long timescales surprisingly well.

Our models do not include many aspects of the tunnel
system, such as width variations, formation of branches,
and unequal investment in the excavation of each tunnel.
Despite that, the success of CA models in this (figure 9)
and previous work [57] is promising, and could be extended
to include other behaviours and additional details. We pro-
pose that CA models with similar rules might be applied to
other social insects that perform tasks in crowded confined
environments.
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