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Introduction

The conservation of Bengal tigers (Panthera tigris) has
been a success story in southern Nepal, with as many as

Abstract

Tiger (Panthera tigris) attacks are a frequent source of injuries and fatalities
among villagers in Nepal, where many communities make extensive use of
dense forests for foraging and grazing of livestock. As conservation efforts have
boosted the tiger population in the country, a conflict exists between maintain-
ing traditional practises whilst ensuring human safety and protecting endan-
gered predators. Hence, there is a need for cost-effective management strategies
that do not reduce habitat use by humans or wildlife. Passive acoustic monitor-
ing (PAM) offers a promising approach to mapping tiger presence in real-time
and providing a warning system for villagers. Although tigers vocalize infre-
quently, their presence triggers alarm calls from prey species, meaning these
alarm calls could potentially act as a proxy for detecting tigers. To explore the
potential for tracking tigers and other dangerous predators such as leopards
using these alarm calls, we designed and tested a PAM system in the Terai
region of southern Nepal. We implemented a TinyML low-memory convolu-
tional neural network (~1000 parameters) for chital deer (Axis axis) automatic
detection—a species that reliably produce loud predator-specific alarm calls—
and deployed a distributed network of 10 autonomous interconnected sensors
for continuous operation over 3 months. The network transmits chital deer
alarm call events via a cellular-connected gateway to a remote base station to
generate a heatmap of predator risk. Incidences of high predator risk can be
used to alert local forest rangers, who can then inform nearby villagers of areas
with a higher likelihood of predator presence. The neural net achieved an F1
score of 0.91 in training and 0.72 in the field. We suggest that this proof of
concept indicates that automated PAM could be an effective tool for detecting
and tracking tigers and other predators and a potentially valuable tool for facili-
tating human-wildlife co-existence.

100 animals in the area of Bardia National Park alone
(Shah et al., 2024). Tigers are both a keystone species,
maintaining prey populations and supporting biodiversity,
and are also a significant source of income for local
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An autonomous network of acoustic detectors to map tiger risk by eavesdropping on prey alarm calls

communities via ecotourism (Thapa et al., 2017). None-
theless, tigers remain listed as Endangered throughout
their range (Goodrich et al., 2022), and rising tiger popu-
lations in Nepal have escalated conflicts with humans,
with 32 confirmed human fatalities between 2007 and
2014 (Dhungana et al., 2018). Local populations that are
at most risk from tiger attacks are those that use the for-
est as a subsistence resource, but traditional beliefs of
human-nature balance lead such communities to remain
generally supportive of tiger conservation (Maiti, 2008).
Tiger tourism can also bring significant benefits to the
community (Dangaura, 2025).

One way to prevent injury from tiger attacks while
maintaining traditional forestry practises is to provide
local communities with a risk map of their local forests.
By avoiding areas with higher predator risk, villagers can
maintain access to forest resources more safely. However,
tigers are difficult to locate and track, both because of
their solitary nature and their large home ranges.
GPS-collared tigers can be tracked with precision, but
GPS collars are invasive and costly—requiring capturing
and sedating individual tigers—cover only those captured
individuals and cannot be applied realistically to large
tiger populations, such as those of southern Nepal. Cam-
era traps, especially those with automatic recognition of
tigers in images, can also be used to identify areas of tiger
activity (Linkie et al., 2010). However, camera traps only
survey a small area in front of the camera, and so while
useful for surveying (Riley et al., 2017), can easily miss
detecting tigers when they are present in a specific place
at a specific time. What is required is a non-invasive
method that can monitor tiger presence reliably over large
spatial scales and in close to real-time, which could allow
communities living alongside tigers to make informed
decisions about where and when it is safest to enter the
forest.

Passive acoustic monitoring (PAM) is an important
and growing field in wildlife research, and is a
non-invasive way to gather large amounts of data
remotely on animal behaviour and distribution (Sugai
et al., 2019). Large numbers of inexpensive recording
devices can be deployed over large areas and will record
audio continuously to be recovered and analysed offline.
PAM has been shown to be effective at monitoring land-
scape use, interspecific interactions and conservation pri-
orities for a wide range of terrestrial species (Clink
et al, 2017; Kershenbaum et al., 2019; Root-Gutteridge
et al., 2024). However, to be useful for widespread moni-
toring of animal activity, acoustic devices need to be able
to detect vocalizations of the focal species, and those
vocalizations need to be made frequently enough for loca-
tion and movement inferences to be made. Although
many species, including social predators such as wolves
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(Harrington & Mech, 1979) vocalise regularly and at high
volume such that PAM can be highly effective, ambush
predators tend to remain silent when moving through
their territory to avoid detection by their prey. Among
these, tigers can vocalise loudly, but do so primarily in
territorial contexts (Walsh et al., 2003) and so these loud
roars are of limited use for tracking via PAM.

Many prey species, however, have evolved natural pred-
ator vigilance behaviours, including loud vocal alarm calls
to alert conspecific group members in response to preda-
tor presence (Fichtel & Kappeler, 2002; Macedonia &
Evans, 1993; Walton & Kershenbaum, 2019). In southern
Nepal, chital deer (Axis axis), grey langurs (Semnopithecus
schistaceus) and rhesus macaques (Macaca mulatta) issue
loud alarm calls in response to predator presence, typi-
cally tigers and leopards (Panthera pardus) (Fugate
et al.,, 2008; Newton, 1989). The chital deer alarm call
(Newton, 1989) is loudest and most characteristic
(Fig. la), being a strongly modulated narrowband chirp
between 0.75 and 1.25 kHz. Rhesus macaque alarm calls
(Fugate et al., 2008) (Fig. 1b) are noisy, broadband
sequences lasting 1-5 s and given repeatedly. Each call is
a series of short pulses (about 200 ms). Grey langurs pro-
duce shorter, single alarm calls (Newton, 1989) (Fig. 1c),
each about 200 ms in length, very broadband (with sig-
nificant energy well beyond the 8 kHz Nyquist limit of
our recordings), but with a concentration of energy in a
chirp at similar frequencies to the chital call.

Here we suggest that eavesdropping on these alarm
vocalizations, as a proxy for predator presence, can be
used to assess the risk of a tiger or leopard being present.
In fact, local villagers, nature guides and forest rangers
routinely listen for prey alarm calls to alert them to the
presence of large predators (R. Chaudhary, pers. comm.).
We therefore implemented a system to eavesdrop on the
alarm calls of prey species and use their naturally evolved
response to predators, automating and computerising
detection, and translating this into a central digitised
interface where predator risk can be visualised and con-
veyed to at-risk populations such as local villagers forag-
ing in the forests. It should be noted that while the most
dangerous predator for forest-going villagers is the tiger,
leopards also cause injury, and so in this study we con-
sider the risk of either as worth reporting.

Reliable automatic detection of animal calls is a
well-developed technology (Kershenbaum et al., 2025),
possible using large convolutional neural networks
(CNNs), and has been demonstrated across a diverse
range of species, for example, BirdNet (Kahl et al., 2021).
However, such large neural networks require substantial
amounts of microprocessor memory and consume large
amounts of power and are therefore difficult to imple-
ment on small, low-powered edge devices. For example,
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Figure 1. Spectrographic representation of alarm calls. (a) Chital deer alarm calls, showing their characteristic 0.75-1.25 kHz chirp. (b) Rhesus
macaque alarm calls, being a series of short pulses, repeating in sets of 1-5 s length. (c) Langur alarm calls, very broadband short bursts.

the BirdNet CNN uses more than 27 million parameters,
well beyond the capacity of the CARACAL’s 128 kB
RAM. Therefore, one of the main goals of this project
was to test whether an ultra-small CNN (about 1000
parameters) could perform automatic detection with
acceptable performance.

Before deploying a functional system, we needed to
determine whether prey species alarm calls are reliably
generated in response to tiger presence. To do this, we
presented an artificial tiger model to chital deer, grey
langurs, and rhesus macaques, and recorded their vocal
responses, also monitoring the vocal activity of these
species in the absence of tiger presence. As our results
strongly suggested that chital deer alarm calls can be
used as a reliable indicator of the prey species’ percep-
tion of predator risk, we then deployed 10 sensor
devices for 3 months in a community forest adjacent
to the Bardia National Park buffer zone in southern
Nepal.

In this study, we deployed PAM devices with onboard
automatic detection of prey alarm calls in forests in the
Terai region of southern Nepal, with a high occurrence of
tiger-human conflict. The devices are based on the
open-source CARACAL hardware (Wijers et al., 2021),
but also include a LoRa sub-Gigahertz radio so that alarm
notification events can be communicated to the outside
world without the need to download and process audio
recordings manually. The approach known as edge com-
puting (Shi & Dustdar, 2016), in which complex proces-
sing is performed on peripheral devices to minimise
communication overhead, has seen a rapid increase in
popularity in recent years, including in the field of con-
servation technology (Raghav & Chauhan, 2025). Our
remotely deployed acoustic sensors then communicate
with a base station, which gathers alarm vocalisation
events and generates a heat map indicating the likelihood
of tiger presence, based on the frequency and intensity of
alarm calls.

This study therefore had three goals: (a) to determine
whether chital deer produce alarm calls reliably in

response to model predator presentations, (b) to deter-
mine whether a very small (1000 parameter) CNN is suf-
ficient to detect chital deer alarm calls automatically and
(c) to test the feasibility of using a distributed mesh net-
work of low-cost sensors to perform automatic detection
and report to a remote monitoring station for generation
of a predator risk map.

The experimental protocols were approved by IACUC
#19102023, and carried out with a permit from the Nepal
Department of Forests and Environment, #059/022.

Materials and Methods

Study site

The study was carried out in the Dalla (28.40421° N,
81.22958° E) and Khata (28.36813° N, 81.21630° E) com-
munity forests around Bardia National Park in southern
Nepal (Fig. 2). Community forests are maintained by
local trained rangers employed by the Nepal Division For-
est Office and provide an opportunity for villagers to for-
age for food and firewood, as well as grazing livestock.
Community forests are an important resource for tradi-
tional communities and maintain a productive balance in
the natural ecosystem (Nagendra, 2002). However, work-
ing in these forests inevitably exposes villagers to injury
from wildlife, including tigers as well as rhinoceroses
(Rhinocerous unicornis), leopards and elephants (Elephas
maximus) (Acharya et al, 2016). Community forest
rangers are also tasked with monitoring for the presence
of these potentially dangerous species. The vegetation in
the forests is dominated by sal (Shorea robusta), silk cot-
ton trees (Bombax ceiba) and kamala (Mallotus philippen-
sis) (Joshi et al., 2019). In addition, various grass species
(e.g. Tripidium bengalense) and edible and medicinal
plants are collected by villagers for traditional uses (Bhat-
tarai et al., 2011; Brown, 1998). The various aspects of
the study took place during the dry season (December—
March) with mean daily temperatures between 20°C and
30°C.
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Figure 2. (i & ii) Location of the study area in Nepal, showing the Dalla Community Forest (A) and Khata Community Forest (B) within the Khata

Terai Arc Landscape Corridor southwest of Bardia National Park. i
deployment period in the Dalla Community Forest.

Tiger presentation

In the first phase of the project, we implemented an
experimental protocol to determine whether prey alarm
calls are reliable indicators of a response to tiger presence.
Previous studies have shown that prey animals respond
strongly to artificial predator models (Berthet et al., 2022;
Book & Freeberg, 2015; Dassow, 2014). Therefore, we
presented wild chital deer, rhesus macaques and grey lan-
gurs with a tiger model in the form of a faux tiger skin
(Fig. 3) draped over one of the researchers. Once we had
identified a group of the focal prey species who were
showing normal (non-stressed) behaviour close to the
side of the road, one of the researchers would then
descend from the vehicle, typically at a distance of more
than 50 m from the animals, and hide while putting on
the faux tiger skin. The researcher would then slowly
approach the animals through the forest, attempting to
imitate the motion of a tiger. A presentation was consid-
ered successful if the animals did not bolt before seeing
the tiger model. The predator presentation continued for
15 min, or until the prey animals had left the area. Dur-
ing this time, another researcher was recording the prey
animal vocal responses on a DR-44WL handheld record-
ing device (TASCAM, CA, USA) with an AT8035 shotgun
condenser microphone (Audio-Technica, OH, USA). We
also recorded this audio on CARACAL devices so that we
could train an automatic detector based on the acoustic
properties of the CARACAL devices. The tiger

i) Locations of the acoustic recorders and repeater during the 3-month

presentations were carried out both in the Dalla and
Khata community forests. As a control, we also per-
formed presentations to prey with the same human with-
out the tiger costume, to ensure that the prey responses
were due to the visual cue of the tiger skin, rather than
olfactory. We carried out 7 successful predator presenta-
tions to chital deer, 5 to rhesus macaques, and 2 to grey
langurs, and 14 presentations to chital deer with a human
without the tiger costume, 10 to rhesus macaques, and 11
to grey langurs.

Automatic detection of alarm calls in situ

We deployed 10 CARACAL acoustic recording devices in
the Dalla community forest from December 2024 to
March 2025 (Fig. 2) at a mean distance of 160 m. CARA-
CAL devices have been shown to detect dogs, coyotes and
owls at distances of over 2000 m (Smith et al., 2021).
Each CARACAL device was solar powered with a backup
battery and required no maintenance during the 3-month
deployment (Fig. 4). These devices are equipped with four
solid-state microphones and integrated GPS clock syn-
chronization (Wijers et al., 2021). Of the species tested,
chital deer most often alarm called in response to the
faux tiger presentation (see Results); hence, we implemen-
ted an automated PAM system based on detecting the
alarm calls of this species only.

To do so, we implemented a lightweight (<1000
parameter) CNN for automatic detection of chital deer

© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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Figure 4. Left: A CARACAL acoustic recording device deployed in the Dalla community forest. Right: the inside of the device showing the

various components.

alarm calls that ran on the CARACAL microcontroller
using TensorFlow (Abadi et al., 2016) and using Edgelm-
pulse command line interface to generate embedded C
code. Rather than using a full spectrogram image for clas-
sification, we instead used a small subset of the entire fre-
quency range (typically from 600 to 1400 Hz) that were
aggregated into 10 equally spaced frequency bins using a
512 point real FFT. A sliding window (typically with a
stride of 1024 samples) was used to stack 10 of these fre-
quency bins, yielding a 10 x 10 matrix which effectively
is a low resolution spectral ‘image’ of the target call as
shown in Fig. 5. This is then supplied to a small deep
learning model (typically one or two CNN layers, fol-
lowed by max pooling and subsequent dense connections)
to output a binary classifier output. Based on a threshold,
the class confidence is then used to indicate whether a call
has been detected or not. To optimise the hyper-
parameters of the TinyML model, sweeps of various
model configurations (number and size of different
layers) were conducted to choose a model which showed
a good Fl-score, whilst being compact enough to run in

real-time (typically taking 20 ms to process a 10 x 10
spectral image frame) on the ARM M4F microcontroller
running at 80 MHz. A selected configuration is shown in
Supplementary S1.

We trained the detector on 26 one-hour audio files,
containing 992 chital deer alarm events, and the same
number of randomly chosen non-alarm windows. Each of
these recordings was collected from CARACAL devices in
the Dalla and Khata areas, which were manually scanned
for incidents of chital alarm calls. When the CARACAL
CNN detects an alarm event, a message is sent to a
838 MHz LoRa radio transmitter (iLabs Challenger
RP2040, Invector Labs, Tomelilla, Sweden) that transmits
the alarm message once every 30 s.

The repeater device was installed on the edge of the
forest at a point with cellular reception. This repeater also
contained an RP2040 LoRa device, connected to a Rasp-
berry Pi Zero 2 W single board computer, that monitored
the LoRa radio messages and transmitted them via a cel-
lular modem using the AWS SNS protocol. As this system
is designed to be installed in forest and jungle areas with

© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 5
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Figure 5. Figure showing the downsampled spectrogram matrices as input to the CNN. Top row: Positive (Chital deer) calls. Middle row:

Confounding calls. Bottom row: Negative (background) samples.

no cellular reception, each CARACAL device was pro-
grammed to monitor the LoRa frequency and re-transmit
any messages from other CARACAL devices, so that even
messages from devices far from the cellular-enabled
repeater could be transmitted onwards. This kind of mesh
network allows information to be extracted from distrib-
uted devices, even if each individual device has no inter-
net connectivity.

Once the 3-month deployment period (December
2024-March 2025) was concluded, we gathered all the
recorded audio and detailed log files from the CARACAL
devices for offline analysis of detection and false alarm
rates. We examined the audio files manually to measure
how well the system responded to chital deer alarm call
presence. We randomly selected 10% of the daytime
audio files and manually marked the occurrence of chital
deer alarm calls using Raven Pro (‘Raven Pro: Interactive

Sound Analysis Software (Version 1.6.5)” 2024). We then
calculated the false positive rate (FPR) and true positive
rate (TPR) for a wide range of detection thresholds
(0.5-1.0). These FPR-TPR values were plotted as a
receiver operating characteristic plot for varying thresh-
olds of CNN output.

Results

Predator presentations

In total, we made 79 attempted presentations to prey spe-
cies groups. In 30 of these cases (38%), the animals spot-
ted us preparing the experiment and fled without making
any vocalizations, leading to the presentation being
aborted. However, we succeeded in carrying out seven
successful predator presentations to chital deer, five to

6 © 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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rhesus macaques and two to grey langurs. In each of these
successful cases (100%) where the animals saw the tiger
model before bolting, they produced characteristic alarm
calls.

In addition to predator model presentations, we per-
formed 14 presentations to chital deer with a human
without the tiger costume, 10 to rhesus macaques and 11
to grey langurs. In only one of these cases (3%) did the
animals (chital deer) give a single, short alarm call in
response to the humans.

CNN performance

After training the 1000 parameter CNN with a 60/40
training/testing split, the network achieved an F1 score—
defined as the harmonic mean of precision and recall
(Powers, 2020) —of 91%, 54 false negatives (out of 992
alarm calls) and 2068 false positives over the 26 h of
training data. Deploying the system in the field, the CAR-
ACAL devices recorded c. 11,000 h of audio in total.
Manually reviewing 10% of the daytime files from the
field recordings, we found 360 chital alarm calls in 10
separate files out of the 1-h recordings. These 360 calls
fell into 23 separate alarm calling bouts, where a bout
was defined as a series of calls separated by at least 30 s
of silence. Running those 10 files through the CNN oft-
line, and varying the detection threshold from 0.5 to 1.0
(Fig. 6), the maximum F1 achieved was 0.72 at a detec-
tion threshold of 0.725, with the maximum true positive
detection rate 0.87, that is, a maximum of 20 out of the
23 alarm bouts were detected. The maximum FPR was
4.1 per hour, and at the threshold with the maximum F1
score, the false alarm rate was 2.5 per hour.

Mesh network system

The system ran continuously over the 3 months of
deployment (December—March), and alarm messages were
received at the remote monitoring station in the United
Kingdom throughout that period. Alarm incidents were
displayed on a map (Fig. 7) using kernel density estima-
tion with user-specified bandwidth, and allowing alarm
signals to decay temporally with a user-specified decay
constant. These parameters can be varied to allow time
and space correlations between alarms to be investigated.
The multi-hop mesh network was effective in allowing
messages from distant units to reach the repeater by being
retransmitted by intermediate detector units.

A number of technical challenges remain. For example,
the repeater unit suffered from consistent daily downtime
during the middle of the day, presumably due to over-
heating (Fig. 8). However, as the afternoon progressed,
the repeater inevitably recommenced sending messages.

An autonomous network of acoustic detectors to map tiger risk by eavesdropping on prey alarm calls

Discussion

Predator presentations

Alarm calls were initiated in the target prey species using
a predator model, as has been shown in previous studies
(Berthet et al., 2022; Book & Freeberg, 2015; Das-
sow, 2014). Our experiments indicated that the alarm
calls appear to be specific to predator presence, as chital
deer almost never alarm called in response to human
presence without the faux tiger skin in our experiments.
This is a strong indication that prey alarm calls can act as
a proxy for inferring predator presence, as a form of
interspecific eavesdropping. Furthermore, since local vil-
lagers make use of the forest for daily activities, it is
important that any predator warning system distinguishes
between human presence and true predator presence, to
avoid false identification of high-risk areas. In more than
a third of presentations, the deer fled without making any
alarm calls. This could indicate either that the animals
identified the researchers and fled silently with no need
for an alarm call, or that the deer sometimes do flee iden-
tified tigers without giving any call. In the latter case, deer
alarm calls would provide an underestimate of tiger risk;
however, it is not possible to distinguish these two cases
from our experiments.

Validation of tiger presence while prey species are
alarm calling is unrealistic, as tiger presence is difficult to
predict. However, the use of prey alarm calls by wildlife
guides to direct tourists to tiger locations is an indication
that prey do indeed alarm call in response to real tiger
presence, as well as to artificial model presentations.
Although many animal predator alarm calls are highly
specific (Fichtel & Kappeler, 2002; Macedonia &
Evans, 1993; Walton & Kershenbaum, 2019), leopards are
another large feline predator common in the study area
that also prey on both monkeys and deer. As such, it is
not yet known whether the alarm calls are specific to
tigers or predators, and it seems likely that prey animals
would not distinguish in their alarm calls between differ-
ent types of big cats. However, as leopards also pose a
threat to humans working in the forest, we consider that
listening for prey alarm calls, which could be a response
to either tiger or leopard presence, is an advantage rather
than a limitation of the system.

CNN performance

The CNN implemented within a very small memory foot-
print (1000 parameters) was remarkably successful in
detecting chital deer alarm calls. Although detection vs.
false alarms will inevitably not approach the performance
of a full-size CNN, the system running on low-cost,

© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 7
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Points closest to the upper-left corner show the best performance. (b) F1 statistic plotted against detection threshold. (c) True positive rate
(proportion) against detection threshold. (d) False positive rate (number of false alarms per hour) against detection threshold.

low-power edge devices still detected alarm calls reliably.
Reduction in the false alarm rate is essential to the
long-term operation of an automated system, to prevent
alarm fatigue in operators. Although further studies
would be necessary to determine an acceptable alarm rate,
it should be noted that community rangers are present
patrolling the forests throughout much of the day, and
the system would mostly fulfil the role of directing them
to areas of concern. One principle of edge computing is
that further analysis is always possible at the remote sta-
tion, and in this case, it would be possible to reduce false
alarm rates even further by looking for temporal and spa-
tial correlation between CNN alarms (Kershenbaum
et al., 2025), that is, to trigger an alarm only when multi-
ple calls are detected, or only when calls are detected
simultaneously on adjacent devices. In our system, we
provided a limited form of such post-analysis by allowing

the user to configure the spatial and temporal smoothing
of the alarm maps, but further work is required to find
optimal criteria for alerting local populations of predator
risk. The ability of the CARACAL device to localise the
sound source using time difference of arrival (Smith
et al., 2021; Wijers et al., 2021) would provide additional
validation via spatial correlation between devices.

Mesh network system

Effective edge computing systems require communication
with a remote base station, and cellular reception is both
power-intensive and not always available at remote loca-
tions. We have conclusively demonstrated the effective-
ness of using a mesh network of detector devices
equipped with short range, low-power wireless communi-
cation, routing messages from one device to another until

8 © 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London.
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Figure 7. An example alarm map as generated at the remote base station, using a kernel bandwidth of 100 m. Older alarms decay in intensity
according to user-defined parameters, as can be seen in the southern and western alarms, whereas the northern alarm is more recent.
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Figure 8. Number of messages received from the repeater as a function of time of day. The reduced number of messages in the middle of the
day represents times when the repeater shut itself down unexpectedly.

they reach a single repeater device, equipped with cellular
connection to the internet. The ability to monitor from
across the world the precise CNN output from devices
deep in the forest shows the power and potential of the
edge computing paradigm. Power consumption did not
seem to be a problem: modest 20 W solar panels with
backup batteries were sufficient for both the CARACAL
units and the repeater.

Some technical challenges inevitably remain. In particu-
lar, temperature control is problematic in hot climates
without active dissipation technologies, which would
require substantially increased power supply. The envi-
ronmental extremes of the monsoon season may cause
additional challenges. Our team is currently working on
addressing these challenges. A future version of the system
traps with automatic predator

could use camera

© 2026 The Author(s). Remote Sensing in Ecology and Conservation published by John Wiley & Sons Ltd on behalf of Zoological Society of London. 9
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recognition both to validate the system and to improve
detection.

Conclusions

We have demonstrated a proof of concept large predator
risk monitoring system, based on eavesdropping on the
alarm calls of prey species. We successfully implemented
automatic  detection software on ($60),
low-power edge devices, which communicated alarm
events via a wireless mesh network to a repeater device,

low-cost

and then via cellular to the internet. Such a system can
be used to monitor predator movement and alert local
populations to avoid high-risk areas of the forest. Despite
the challenges of validating a monitoring system based on
eavesdropping alone as a proxy for predator presence, we
are currently investigating the possibility of using the
small number of GPS-collared tigers as a reference sam-
ple. The next step is creating a scalable, practical system
for protecting vulnerable villagers by reducing false posi-
tives and establishing robust reporting and alerting proto-
cols that are accessible to populations in high-risk areas.
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