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Abstract

Tracking the behavior of animals and their group dynam-
ics in nature offers a crucial look into the delicate ecolog-
ical networks that compose wildlife diversity. The velvety
tree ant (Liometopum occidentale) is an ecologically dom-
inant ant species found in South Western North America;
their extensive foraging activity shapes forest communities,
and their nests are a biodiversity hot-spot for a multitude
of symbiotic invertebrates (myrmecophiles). Despite their
vital role in the ecosystem, their activity is largely unstud-
ied. In this work, we develop a multi-sensor camera trap,
named ’Ethocam,’ to capture ant behavioral patterns in the
field, and combine this technology with a computer vision
approach to track colony activity in an undisturbed fash-
ion. We demonstrate an accurate system for counting ants
built with minimal human labeling. We show that L. oc-
cidentale activity drops rapidly through the morning and
study the effect of environmental conditions on ant count.
We also report the occurrences of the ants’ interactions with
other invertebrates in our camera trap data. Together, these
findings demonstrate the potential of our system to capture
the behavior of Liometopum occidentale as well as its com-
plex associations with various local species including sym-
bionts, potentially at landscape scale. Our study provides
proof of concept for the promise of low-cost remote moni-
toring of social insect populations.

1. Introduction

Studying animal activity patterns in natural habitats is a
crucial complement to studying behaviors in the lab, since
it is usually impossible to recapitulate the complex web
of interspecies associations under laboratory conditions
[26][30][21]. Moreover, quantifying animal behavior in
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natural contexts is critical for understanding how a given
species contributes to the dynamics of ecological commu-
nities and higher-level ecosystem processes. This is espe-
cially true for ecologically important social insects such as
ants, bees and termites, where colonies are often large and
exert major effects on the habitat at large by way of their
associations with other species and impacts on nutrient dis-
tribution and habitat structure. In many terrestrial ecosys-
tems, ants in particular are keystone organisms that control
the populations of diverse other invertebrates, both via pre-
dation and by forging beneficial symbioses with mutualis-
tic herbivores [24]. The ramifications of these interactions
can permeate whole communities, even re-configuring the
predator-prey dynamics in large mammals [16]. Ecosys-
tems can thus be especially sensitive to changes in the com-
position of the ant fauna. Human-mediated habitat loss and
fragmentation, climate change, and the introduction of ex-
otic species, including invasives, have all been shown to
disrupt native ant communities, with often dramatic con-
sequences for the native ecosystem [24].

The ability to monitor the collective behavior and eco-
logical interactions of ants in the field, long term, is hugely
desirable [31]. Such data would not only illuminate natural,
colony-level behaviors that are impossible to reconstitute in
the lab, but could also permit quantification of the ecosys-
tem services that ants provide, as well as lead to predictive
models for how ant species may respond to different types
of disturbance. Potentially, such a monitoring system could
be implemented at a large scale, across multiple colonies
within a habitat. To our knowledge, no such automated ap-
proach has to date been developed.

The velvety tree ant (Liometopum occidentale) is an eco-
logically dominant ant species in Southern California, form-
ing extensive colonies containing hundreds of thousands to
millions of workers. Despite the high prevalence of this
ant species in semi-intact ecosystems across its range, lit-
tle is known about its biology and behavior in the wild
[12]. These ants are known to have large foraging areas, are
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