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Abstract: Grazing has long been recognized as an effective means of modifying natural habitats and,
by extension, as a wildlife and protected area management tool, in addition to the obvious economic
value it has for pastoral communities. A holistic approach to grazing management requires the
estimation of grazing timing, frequency, and season length, as well as the overall grazing intensity.
However, traditional grazing monitoring methods require frequent field visits, which can be labor
intensive and logistically demanding to implement, especially in remote areas. Questionnaire surveys
of farmers are also widely used to collect information on grazing parameters, however there can be
concerns regarding the reliability of the data collected. To improve the reliability of grazing data
collected and decrease the required labor, we tested for the first time whether a novel combination of
autonomous recording units and the semi-automated detection algorithms of livestock vocalizations
could provide insight on grazing activity at the selected areas of the Greek Rhodope mountain range.
Our results confirm the potential of passive acoustic monitoring (PAM) techniques as a cost-efficient
method for acquiring high resolution spatiotemporal data on grazing patterns. Additionally, we
evaluate the three algorithms that we developed for detecting cattle, sheep/goat, and livestock bell
sounds, and make them available to the broader scientific community. We conclude with suggestions
on ways that acoustic monitoring can further contribute to managing legal and illegal grazing, and
offer a list of priorities for related future research.
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Livestock grazing is an activity of profound economic considerations for pastoral
communities [1] and an important ecosystem service provided by public lands [2]. In
addition, by virtue of its impact on individual plant growth, survival, and reproduction
(and therefore on plant population dynamics and community succession [3,4]), grazing
has also long been valued as an effective means of modifying habitats [5]. By extension,
grazing can influence the abundance, spatial ecology, and the behavior of wildlife [6–8].
The impact of livestock grazing on natural ecosystems depends on the grazing regime.
Light to moderate grazing can be beneficial for wild herbivores that predominate in early
successional forest habitats, such as lagomorphs [7] and geese [6], but could have an
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adverse effect on woodland and riparian species by limiting—for instance—available
understory vegetation needed by ground foraging birds [9,10]. Beyond mammals and
birds, the effects of grazing, beneficial or not, have been documented for a broad taxonomic
range of animals, including reptiles [11,12], amphibians [13], and invertebrates [14,15].
Considering the potential ramifications of livestock grazing on natural ecosystems, a
holistic approach to grazing management requires the estimation of several parameters
such as the grazing intensity, stocking rates, grazing and carrying capacity, the grazing
system, and others [16,17]. Under this requirement, the evaluation of the diel, seasonal
periodicity frequency, the duration and timing of grazing, and the length of resting periods
at a site are of prime importance in order to successfully integrate the provision of livestock
forage with ecosystem sustainability and the provision of goods [18–20].
Collecting such fine spatial and temporal resolution information on the grazing patterns of livestock—especially in remote areas and at a landscape level—can be labor
intensive and logistically demanding, as it would require frequent field observations. Alternatives, such as recently developed livestock tracking technologies (e.g., GPS-enabled
ear-tags), are still prohibitively expensive for small scale farmers. They are also less suitable
for areas where multiple herds utilize the same rangeland, as all would need to be tagged
to deduce the overall grazing activity. Questionnaire surveys or interviews of farmers are
widely used to collect information on grazing patterns, however, there can be concerns
regarding the reliability and accuracy of the data collected.
In recent years, the use of passive acoustic monitoring (PAM) methods, where unattended acoustic sensors (often also referred to as autonomous recording units-ARUs) are
deployed to record the soundscape for extended periods of time, has gained global recognition as a reliable, low-cost, non-invasive tool for monitoring anthropogenic activities
in natural landscapes [21,22]. A requirement for the use of PAM is that the activity of
interest needs to produce a tell-tale detectable sound signal (e.g., a gunshot during hunting
or a chainsaw engine revving during logging). Moreover, while manual browsing of the
acoustic data for the detection of sounds is possible, even a moderate sized grid of a
dozen acoustic sensors would generate over 100,000 h in a year, making this approach
impractical [21]. Therefore, if PAM is to be used at a landscape scale, it is imperative that
detection algorithms are developed to scan the data for the putative sounds of interest.
These algorithms are typically semi-automated. Putative events flagged by the algorithms
are reviewed by a human user who separates true and false positive detections. Such
algorithms have been developed to detect sounds emitted by wildlife species [23–25] as
well as by certain human activities, such as gunshots, vehicles, and chainsaws [21,26,27].
To the best of our knowledge, up to now, no study has used PAM techniques for estimating livestock grazing activity. The aim of this paper is to present findings on this novel
application of PAM for estimating diel and seasonal periodicity, and the duration of grazing
by small ruminants (sheep/goats) and cattle, monitored for an entire summer grazing
season at the remote natural meadows of the Rhodope Mountain Range, in northern Greece.
In addition, we describe, evaluate, and make publicly available detection algorithms for
the sounds of these livestock species (i.e., cow lowing/“mooing”, sheep/goat bleating,
livestock bells). Finally, we identify priority areas for related future research and suggest
additional uses of PAM by rangeland and protected area managers tasked with the design
of management strategies for grazing.
2. Materials and Methods
The study was conducted within the Rhodope mountain range in northern Greece, one
of the most biodiverse forest regions of the country, and a natural border with Bulgaria to
the north. Designated as a national park in 2009 (1.731 km2 ), the region incorporates seven
Natura 2000 network sites and Greece’s most productive timber forests. Historically, livestock grazing was extensive in the region, under a traditionally transhumant pastoralism
practice that used the higher elevation meadows from May to October. However, grazing
has decreased significantly over the last decades and the area has been largely depopulated.
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a tool for the automatic detection of putative audio events we used Kaleidoscope Pro v.5.1.9
2019. As a tool for the automatic detection of putative audio events we used Kaleidoscope
software (Wildlife Acoustics). Kaleidoscope extracts features by transforming the acoustic
Pro v.5.1.9 software (Wildlife Acoustics). Kaleidoscope extracts features by transforming
signal in the time-frequency domain and then relies on a combination of the k-means
algorithm with hidden Markov models (HMM) in order to group multiple similar audio
events detected in a long audio recording into multiple clusters. The result of unsupervised
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clustering is then combined with manual verification in order to construct classifiers that
may detect the specific acoustic patterns of interest. Following this typical procedure, we
used Kaleidoscope by first feeding it with a subset of our audio data [28], ensuring that all
patterns of interest were present in them. The proportion of positive to negative samples
in the training data set was 1:0.5 (n = 264) for livestock bells, 1:4 (n = 240) for sheep/goat
bleats, and 1:4.2 (n = 264) for cow lowing. In a second step, the phrases detected and
clustered by the software were manually reviewed by listening and by visually inspecting
spectrograms. Among several clusters, there were clusters populated with sheep/goat
bleating, cow lowing, and livestock bell events. Using the result of cluster analysis and
the parameter settings of Table 1, we developed three detection algorithms (advanced
classifiers) for each pattern of interest: sheep/goat bleating; cow lowing; and livestock
bells [29].
Table 1. Parameter settings used for cow lowing, sheep/goat bleats and livestock bell rings acoustic
detection algorithms built in Kaleidoscope software.
Parameter

Sheep/Goat

Cow

Bells

FFT size
Max states
Max distance to cluster center
Max clusters
Frequency minimum (Hz)
Frequency maximum (Hz)
Min length of detection (s)
Max length of detection (s)
Max inter-syllable gap

128
9
0.5
500
400
4000
0.3
2.5
0.35

128
9
0.5
500
500
4000
0.5
2.5
0.35

128
9
0.5
500
500
4000
0.5
2.5
0.35

Based on the preliminary analysis of a subset of data during the detection algorithms’
development stage, we opted for a moderately high threshold of 0.5 for all three algorithms
(range: 0.0–2.0; maximum distance from cluster center for an event to be included in the
output file of putative detections). While lower thresholds (i.e., <0.5) are more suitable for
rare events, as they result in more true positive detections, they also generate significantly
more false positive detections. This makes them impractical as a tool in “noisy” soundscapes, due to the additional time-commitment required for review by the human listener.
Thus, the higher threshold used in this study offers a good balance between usefulness and
practicality, since the duration of monitored activity (grazing) is long (i.e., a herd will stay
minutes or hours in a field) and therefore many signals are generated over time and are
consequently available for detection.
Once the algorithms were developed, we used them to scan all of our data. The
putative events flagged by the algorithms were reviewed acoustically and visually (spectrogram) by a single human listener (IV) and either confirmed as true positives or rejected
as false positives. As a final dataset, we had information on the site, date, time, and the
type of each call.
We evaluated the three detection algorithms by calculating their recall rate (“sensitivity”), precision and F-Score (with β = 1) as per Knight et al. [30]. To achieve this, we
manually identified all true events (sheep/goats: 1.031; cows: 1.024; bells: 302) in 72 h
(1 day from each of the three sensors, with the exception of the sheep/goats for which all
72 h were from one sensor—the only one where they were detected).
Finally, we estimated the effective detection range of the cow and sheep/goat calls
using the detection algorithms by placing the same type of acoustic sensors (and with
the same recording settings) at incremental distances from a cattle and a sheep livestock
pen. At the sheep pen, we placed 13 acoustic sensors “upwind” and “downwind” at
distances from 0 m to 375 m. The sensor at 0 m was located at the “downwind” side of
the pen (20 × 20 m), as this is where the ~75 animal herd was positioned during the data
collection—feeding at the troughs. As we could not identify the individual animals that
vocalized, for the purposes of the analysis we treated all calls as originating at 0 m, even
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though some could be from animals as much as 10–15 m “upwind” from the 0 m sensor.
The five “downwind” sensors were placed at 50 m intervals, starting at 50 m. The six
“upwind” sensors were also placed at 50 m intervals, starting at 75 m for safety reasons
related to the operation of the farm. We recorded ambient background noise using a decibel
meter (PeakTech 8005) and wind speed using an anemometer (ClimeMet CM2030). Since
the wind remained constant both in speed (2 m/s) and direction, we considered the wind
as a binomial variable with 0 denoting a sensor being “downwind” (leeward from the
calling sheep), and 1 “upwind” (windward). At the cattle pen, we placed five acoustic
sensors from 0 m to 200 m, recording the background noise. Since there was no wind on
the day, all sensors were placed along one line.
We analyzed the data using logistic regression models in R [31], considering the
distance to the call source (pen), wind (upwind/downwind), and background noise as
predictors of the probability of detecting an individual call. In addition, we estimated
the probability of detecting at least one call in a given minute with one or more calls,
considering the same parameters (i.e., distance, wind, background noise) plus the number
of calls in any given minute.
3. Results
3.1. Grazing Patterns
Using the detection algorithms, we detected cow lowing (n = 513) and livestock bells
(n = 74,708) at three of the four sites (Livaditis, Zaras, Plakes) and sheep/goat bleats
(n = 1141) at one (Livaditis). The results provide unprecedented resolution on the periodicity (diel and seasonal) and the duration of grazing across sites.
Specifically, at Livaditis, livestock calls were recorded throughout the study period
(July to October) (Figure 2). Most cattle calls were recorded in 20 almost consecutive days
beginning July 10th, but were then recorded only sporadically (16 days in 2.5 months).
On the other hand, sheep and goat bleats were recorded most days beginning in early
August, but their frequency was highest in September and October (54% and 42% of calls
respectively). Cow and sheep calls were primarily concentrated during the early morning
(06:00–08:00) and the afternoon (16:00–19:00) hours, which suggests both types of livestock
were brought at the beginning and the end of the grazing day to the watering point nearby.
One third of the bells were recorded during nighttime (22:00–4:00), especially in August
Information 2021, 12, x FOR PEER REVIEW
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At Zaras, cow lowing and bells were detected only during the daylight hours and only
on three days—two in August and one in September (Figure 3). Most calls (87%) occurred
within two hours in the morning (08:00–10:00), suggesting that the herd was transient, on
their way to their main grazing area. No sheep/goat calls were detected.
At Plakes, cow lowing and bells were detected only on 11 non-consecutive days from
mid-July to mid-August (Figure 4). All detections occurred during the daytime (8:00–19:00),
of which 61% were from 9:00 to 10:00 and from 16:00 to 18:00 h. On only two days did the
herd stay in the area for the whole day. On the remaining days it was transient, probably
moving to and from a large seasonal cattle pen located 2 km to the east. No sheep/goat
calls were detected.
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Table 2. Diel calling activity of livestock across all sites and for the duration of the survey period as
deduced by the ratio of livestock calls to bell rings.
Time

Bells

Livestock Calls

Calls/Bells Ratio

1:00
2:00
3:00
4:00
5:00
6:00
7:00
8:00
9:00
10:00
11:00
12:00
13:00
14:00
15:00
16:00
17:00
18:00
19:00
20:00
21:00
22:00
23:00
0:00

3655
3929
4174
2057
1275
3481
5900
5042
3514
2029
1136
920
946
519
1371
2992
6814
6272
4084
3554
3583
3932
3325
3226

11
1
1
1
3
15
100
95
104
41
8
3
5
14
65
163
286
381
294
100
7
9
18
21

0.30%
0.03%
0.02%
0.05%
0.24%
0.43%
1.69%
1.88%
2.96%
2.02%
0.70%
0.33%
0.53%
2.70%
4.74%
5.45%
4.20%
6.07%
7.20%
2.81%
0.20%
0.23%
0.54%
0.65%

Table 3. Number of identified putative livestock calls/bells flagged by the detection algorithms for
each site, true positive events among them, % precision as confirmed by the human listener, and % of
total acoustic dataset that had to be reviewed manually. Bold rows denote total count or mean % per
call type.

Sheep/Goats (Livaditis)
Cows (Total)
Livaditis
Zaras
Plakes
Bells (Total)
Livaditis
Zaras
Plakes

Putative

True Positive

Precision

% Data Reviewed

45,224
37,166
33,271
2498
1397
93,044
86,266
2182
4596

1141
513
416
96
1
74,708
70,847
437
3424

2.5%
1.4%
1.3%
3.8%
0.1%
80.3%
82.1%
20.0%
74.5%

0.5%
0.1%
0.4%
<0.1%
<0.1%
0.4%
1.1%
<0.1%
0.1%

Precision was highest for the livestock bell detector (overall 80.3%), possibly because of
the natural low pattern variability in this artificial sound compared to animal calls (Table 3).
For sheep/goat bleats and cow lowing the precision was 2.5% and 1.4%, respectively. The
precision was markedly higher for sheep/goat and cow calls when calculated based on the
data from the subset of data where all “true events” had been manually located (Table 4).
Using that same dataset, the recall rate for bells was more than nine in ten rings, and for
livestock calls approximately one in five (Table 4).
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Table 4. Evaluation metrics of the sheep bleat, cow lowing, and livestock bell detection algorithms
against events located manually (“truth” dataset) in data from multiple days and sensors (TP = true
positive detections; FN = false negative detections; FP = false positive detections).

Sheep/Goat
Cow
Bell

Events 1

TP

FN

FP

Precision

1031
1024
302

219
196
275

812
828
27

1221
146
68

15.2%
57.3%
80.2%

Recall Rate

Recall Rate 3

(β = 1) 2

(Call)

(Hours >1 Event)

17.7%
28.7%
85.3%

21.2%
19.1%
91.1%

78.6% (n = 14)
82.4% (n = 17)
100% (n = 31)

F-Score

1

Events detected via manual browsing, representing the “true” dataset against which the detector algorithms are
evaluated. 2 β = weighted factor used to balance the weighted average of precision and recall [29]. 3 Recall rate of
the detector based on correctly identifying at least one call of interest in an hour where two or more calls of a
given types had been manually located.

3.3. Detection Range
The manual data review of the sensor placed at 0 m distance from the sheep pen
identified 1307 sheep calls in a total of 49 min with at least one call (mean 26.7 ± 17 SD,
range 1–55 calls). In addition to distance, being “upwind” had a significant negative effect
on the detection probability at both the level of the individual calls and minutes (Table 5).
The number of calls in a given minute had a significant positive effect on that minute’s
detection probability (i.e., at least one of those calls being detected by the algorithm).
Table 5. Coefficients and standard errors of logistic regression models for detecting or not detecting
sheep and cow calls at the individual call level and at minute level—i.e., detecting at least one call in
minutes with one or more calls. All coefficients are significant (p < 0.001).
Model
Sheep—Individual call
Sheep—Minute
Cow—Individual call
Cow—Minute
1

Intercept

Distance (m)

Wind 1

Calls/Min

0.572 ± 0.081
1.99 ± 0.401
−2.444 ± 0.244
−2.747 ± 0.527

−0.023 ± 0.001
−0.031 ± 0.003
−0.025 ± 0.006
−0.024 ± 0.007

−0.843 ± 0.084
−1.134 ± 0.285
-

0.077 ± 0.01
0.268 ± 0.127

Wind is included as either 0 (downwind), 0.5 (no wind) and 1 (upwind).

Calls up to 250 m (downwind) from the sheep pen were detected by the algorithm.
However, the effective detection range (p = 0.5) for periods with 10 calls/minute—a
conservative number based on the mean reported in our data—was between 52.5 m and
89 m, depending on whether a sensor was upwind or downwind from the livestock pen
(Figure 5). Therefore, based on the mean detection range (70.8 m), the effective acoustically
surveyed area of each sensor is estimated to be about 1.57 ha for sheep calls.
Similar analysis for the cattle pen acoustic data manually identified 210 cow calls
(lowing) at the 0 m sensor, in a total of 82 min with at least one call (mean 3.6 ± 1.8 SD,
range 1–8 calls). Only distance had a significant negative effect on the detection probability
of calls at both the level of the individual calls and minutes (Table 5), as wind and noise
did not differ significantly across sensors. As with the sheep calls, the number of cow
calls in a given minute had a significant positive effect on the probability of the algorithm
flagging at least one of those calls for review. Although some calls were detected manually
up to 200 m, the cow (lowing) detector algorithm only detected calls up to the 50 m sensor.
Assuming a detection range (p = 0.5) of 25 m (Figure 6), the effective survey area of each
sensor is estimated to be about 0.2 ha for cow (lowing) calls.
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Figure 5. Fitted logistic regression of the probability of at least one of ten sheep calls in a minute of
acoustic data being detected using the sheep/goat detection algorithm, plotted as a function of the
acoustic sensor’s distance to the calling animals. The regression is plotted for wind values of 0
(downwind), 0.5 (no wind), and 1 (upwind).

Similar analysis for the cattle pen acoustic data manually identified 210 cow calls
(lowing) at the 0 m sensor, in a total of 82 min with at least one call (mean 3.6 ± 1.8 SD,
range 1–8 calls). Only distance had a significant negative effect on the detection probability of calls at both the level of the individual calls and minutes (Table 5), as wind and noise
did not differ significantly across sensors. As with the sheep calls, the number of cow calls
in a given minute had a significant positive effect on the probability of the algorithm flagging at least one of those calls for review. Although some calls were detected manually
up to 200 m, the cow (lowing) detector algorithm only detected calls up to the 50 m sensor.
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Similar analysis for the cattle pen acoustic data manually identified 210 cow calls
(lowing) at the 0 m sensor, in a total of 82 min with at least one call (mean 3.6 ± 1.8 SD,
range 1–8 calls). Only distance had a significant negative effect on the detection probability of calls at both the level of the individual calls and minutes (Table 5), as wind and noise
did not differ significantly across sensors. As with the sheep calls, the number of cow calls
in a given minute had a significant positive effect on the probability of the algorithm flagging at least one of those calls for review. Although some calls were detected manually
up to 200 m, the cow (lowing) detector algorithm only detected calls up to the 50 m sensor.
Assuming a detection range (p = 0.5) of 25 m (Figure 6), the effective survey area of each
sensor is estimated to be about 0.2 ha for cow (lowing) calls.

Figure 6. Fitted logistic regression of probability of at least one of ten cow (lowing) calls in a minute of
acoustic data being detected using the cow detection algorithm, plotted as a function of the acoustic
sensor’s distance to the calling animals.

4. Discussion
Livestock grazing is an important ecosystem service provided by public lands to
pastoral communities, and therefore it needs to be carefully managed in order to sustain
it. Monitoring is key to all natural resource management strategies. Traditional grazing
monitoring methods are labor intensive, and even more so in remote areas where logistical
challenges are more pronounced. Our study demonstrates, for the first time, the potential
of passive acoustic monitoring (PAM) as a tool for monitoring diel and seasonal periodicity
and the duration of grazing in an area. However, for any tool to be adopted widely by
front-line personnel, in addition to being useful, it needs to be affordable, reliable, and user
friendly. Critically, it needs to be better than the alternatives at hand. We believe that PAM
meets the above criteria.

Information 2021, 12, 290

12 of 15

In terms of cost, each sensor requires ~€8/month worth of batteries for 24 h recordings.
The initial equipment acquisition cost in our case was ~€450/sensor (incl. import tax and
2 SD cards). Alternative sensors exist in the market (e.g., by Wildlife Acoustics, Frontiers
Lab, AudioMoth), both more and less expensive, but as far as we know none can record
continuously for 90 days. A long deployment capability is important, as it reduces the
number of field trips needed to maintain an acoustic grid. With just five trips (or only
three if recordings are limited to the daytime), one can collect year-round data. The cost of
obtaining similar temporal resolution data with field visits even in easily accessible sites
is orders of magnitude more expensive in personnel time and transportation. For remote
sites, it is just not possible.
In terms of reliability, PAM offers low levels of data collection biases as it eliminates
observer variation, observer fatigue, and temporal sampling—the latter by monitoring
entire seasons. Analysis biases can be very low as well, especially if a single analyst reviews
all algorithm outputs. Achieving similar levels of data replicability would require very well
trained (and periodically re-trained) personnel if data were to be collected in-person. Even
if detection algorithms are modified in the future (for instance, by improving their efficiency
by reducing false positives and/or increasing their recall rate by reducing false negatives),
comparability across sites can be ensured by reanalyzing legacy datasets with the new tools
at hand—something that is rarely possible for data collected by field personnel.
In terms of user friendliness, training field personnel to operate, deploy and maintain
most of the acoustic sensors available in the market is just a matter of a few hours. This is
in contrast to the significant training required to use the passive infrared (PIR) triggered
photographic sensors (camera traps) widely used for recording wildlife and human activities. Camera trap users must learn by trial and error how to balance the need for direct line
of sight with the target’s anticipated line of movement, PIR sensitivity and wake-up time,
and sensor concealment to reduce risk of vandalism or theft. Acoustic sensors are simply
attached to a tree, with the users paying attention to minimize exposure to the wind or
constant background noise (e.g., a nearby stream). As non-directional microphones are
used and sounds are recorded through vegetation over distance, acoustic sensors can be
easily hidden a few meters off trails, increasing their survivability. Setting the recording
schedule of the sensors requires basic computer navigation skills for some sensors, while
some can even be programmed via smartphone using Bluetooth or onboard menus. Data
organization is not different than with camera traps, where data from the SD cards need to
be backed up and catalogued by site.
Data analysis, on the other hand, does require some advanced computer skills, including learning how to use an acoustic data review program such as Raven Pro (Cornell
University) or Kaleidoscope Pro (Wildlife Acoustics). The latter is required for using the
algorithms of this study. From our experience, computer literate personnel with attention
to detail can be trained in 1–2 days.
PAM is not without its limitations, however. As we have demonstrated with our
study, the patterns of livestock presence in an area can be readily deduced with high
spatiotemporal precision using PAM. However, a holistic approach to grazing management
requires the estimation of other parameters, such as current stocking numbers, which
cannot—at least currently—be obtained acoustically.
Moreover, efficient acoustic data analysis requires the use of detection algorithms. If
such algorithms are not available for the livestock of interest, they will need to be developed.
This is a process that requires advanced planning, possibly interdisciplinary collaborations
with acoustic engineers, and human and financial resources that need to be anticipated and
budgeted for. Even if algorithms are available, as for example the ones that we developed
during this study, it is prudent that their performance at a new site be assessed prior to
broader use.
We believe that future PAM-grazing projects should focus on developing detection
algorithms for more livestock types (e.g., water buffalo, pigs, horses, camels), and on
improving existing algorithms to increase the efficiency of analysis and the sensitivity of
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detection (e.g., locating fainter calls over a wider range). Having said that, the current,
imperfect, recall rates of our algorithms are not a reliability concern for monitoring an
activity like grazing, where hundreds of signals (calls, bells) are often produced per hour.
Certainly, the detection probability is imperfect. It is possible that a herd without livestock
bells may pass by a sensor without a single animal vocalization. However, that possibility
decreases the longer the herd stays in the area (i.e., grazing rather than passing through)
and the larger the herd is. So, while not perfect, PAM can reliably detect herds that graze
in an area for a substantial amount of time (minutes to hours) whether or not the herd is
fitted with livestock bells.
Finally, while we are currently unable to reliably estimate herd size acoustically, it
is possible that the number of calls per hour is consistently correlated with the livestock
present, across seasons. We suggest that future studies explore this relationship so that
detected herds can at the very least be categorized in size clusters (e.g., small, medium,
large) with some level of confidence. However, considering the large variation in the
proportion of animals fitted with bells in our study area, which is indicative of the variation
across Greece, we advise against using livestock bell rings as an indicator of herd size.
5. Conclusions
The estimation of the optimal solution for a problem (like the determination of grazing
duration, timing, rest periods, etc.) among different and, in many cases, multi-parametric
solutions is a task which can be difficult and complex. Nevertheless, such problems are
common when there is a need for the application of forest policy. Thus, there is a constant
need for modern innovative tools which can help policy makers in the decision-making
process. We are confident that acoustic sensors can play that role, and that it will be quickly
adopted widely as a tool for grazing surveys, following a broader recent trend to use
PAM for anthropogenic activities in natural environments. Bundling acoustics with other
monitoring technologies will further increase PAM’s versatility. For instance, the on-board
acoustic signal detection of livestock could be used to wirelessly trigger a wide-angle
camera to photograph a herd to estimate its size, or a water trough to be filled on an as
needed-basis, reducing the waste of valuable natural and human resources.
Additionally, there is an ongoing need for data on grazing lands in order to establish
and apply several European policies (Nitrates Directive, European Union climate policies,
Common Agricultural Policy, Biodiversity Policies, and the Renewable Energy Directive).
The data required include the area and yield of grazing lands, biodiversity value, area
grazed, non-herbaceous grazing lands, livestock density, etc., that are linked to grazing
duration, timing, and resting periods. PAM can help gather some of the aforementioned
data or validate the impact of grazing on ecosystem components and services.
Furthermore, under the framework of the new European Union’s Common Agricultural Policy (CAP), which dictates that all member states must improve biodiversity
protection and move towards a more efficient and sustainable usage of natural resources,
PAM can help managing authorities combat illegal grazing. By helping identify hotspots
of illegal grazing activity, PAM can assist managers in directing patrols to where they
are likely to have more impact. This is especially needed in remote areas where random
patrolling could be very inefficient. In the future, managers could use PAM to examine
possible correlations among grazing and other anthropogenic activities in an area, such as
poisoning incidents, poaching, and illegal logging—the latter two also detectable using
acoustic grids. The PAM findings can also be used to assess the reliability of farmer interview/questionnaire responses regarding the timing and duration of the grazing season,
for instance, or whether a certain area is grazed or not. This is especially important at the
landscape level, where ground truthing could be a very onerous task.
Regardless, we do not advocate a fully automated sensor-based grazing monitoring
strategy. Boots on the ground are needed, particularly for maintaining communication
with farmers. PAM has the capacity to serve as a force multiplier, freeing personnel from
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routine monitoring tasks, so as to focus on community-interaction activities or to enforce
grazing regulations.
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