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Abstract: Animal welfare is becoming an increasingly important requirement in the livestock sector
to improve, and therefore raise, the quality and healthiness of food production. By monitoring the
behaviour of the animals, such as feeding, rumination, walking, and lying, it is possible to understand
their physical and psychological status. Precision Livestock Farming (PLF) tools offer a good solution
to assist the farmer in managing the herd, overcoming the limits of human control, and to react early
in the case of animal health issues. The purpose of this review is to highlight a key concern that occurs
in the design and validation of IoT-based systems created for monitoring grazing cows in extensive
agricultural systems, since they have many more, and more complicated, problems than indoor
farms. In this context, the most common concerns are related to the battery life of the devices, the
sampling frequency to be used for data collection, the need for adequate service connection coverage
and transmission range, the computational site, and the performance of the algorithm embedded in
IoT-systems in terms of computational cost.
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1. Introduction

“In recent years, animal welfare has become a central objective at a global level” (OIE
Global Conference on Animal Welfare, 2004). Beyond the need for a common definition of
animal welfare, the international scientific community has engaged in research aimed at
improving the welfare of animals reared at various stages of production, from breeding
to transport and slaughter, as well as developing and validating automatic systems for
assessing animal welfare during the breeding process. In this regard, ICT-based monitoring
systems have been created recently for the assessment of animal welfare at the farm level.
These systems vary from one another in their specific task: to certify the level of well-
being; evaluate the various housing systems; diagnose welfare problems on individual
farms; and serve as a support tool for the breeder to find, prevent, or solve problems
related to herd welfare. Consumers are also interested in achieving animal welfare because
they value a proactive approach to managing animal health and welfare [1-3]. Recent
research investigations have demonstrated that enabling dairy cows to express their natural
behaviour in a natural setting is essential in the eyes of the public. Understanding how
dairy cattle social behaviour relates to animal health, productivity, and welfare, as well
as knowing farm managers’ and consumers’ perspectives on dairy cattle welfare and
behaviour, allow for the development of management-relevant indicators for farmers’
decision-support systems, as well as the targeting of communication about “natural”
animal behaviour to downstream chain actors, including consumers.

Animal behaviour is a clear sign of an animal’s physiological and physical state:
cows’ major activities include feeding, rumination, lying, and walking, and their daily
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monitoring is crucial for farmers to evaluate cow welfare conditions. Operators can examine
cows’ behavioural activities directly by visual examination, but it is a time-consuming
and labour-intensive operation [4], especially on extensive farms. In the scientific field of
precision livestock farming (PLF), ICT-based solutions are being developed and validated
to increase the efficiency of livestock monitoring and management [5]. Such modern ICT-
based solutions are becoming more and more efficient, ensuring the acquisition of a large
amount of data that, when controlled by optimized algorithms, may be of tremendous
assistance to farmers in monitoring the herd in an efficient and lucrative manner.

The fourth industrial revolution had a significant impact on industries and economic
rules, as it allowed, through new technologies, the interconnection between machines,
devices and people and laid the foundations for intelligent automation. This has led to a
lesser presence of human help in the execution of repetitive actions, delegating these tasks to
intelligent machines. Some of the pillars of the fourth industrial revolution are the Internet
of Things (IoT), big data and analytics, autonomous robots, and cloud computing [6].

In recent years, solutions that integrate loT systems with artificial intelligence tech-
niques have been increasingly present. Advanced Al techniques have proved to be an
efficient tool in the analysis of the large amount of data acquired from sensors producing
new knowledge that cannot be obtained through traditional techniques [7,8].

The IoT is quickly evolving in the field of PLF. IoT-based systems connect computing
devices, mechanical and digital equipment, items, animals, or humans to a network and
transfer data without requiring human-to-human or human-to-computer contact [9].

The main elements of an IoT-based system are object identification, sensing, communi-
cation, computation, service, and semantics, as described in Figure 1.
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Figure 1. Main elements of an IoT system [9].

Farmers’ animal management practices have clear limits in the context of cow breeding.
Most existing solutions are time-consuming, labour-intensive, and hence costly. Many live-
stock producers rely on stockperson observations to discover health and welfare concerns,
although many commercial facilities have high stockperson-to-animal ratios.

The three main hurdles to efficiently monitoring cow welfare are cost, validity, and
timeliness of insights [10].

The use of IoT-based sensors enables the early diagnosis of cow sickness, allowing
farmers to intervene earlier and optimize antibiotic administration, milk supply, and
veterinary care costs [11].

As a result, the use of wearable sensors is becoming a critical tool for monitoring the
health and well-being of cows in housed systems. In most situations, such technology
consists of (i) a device (sensor) that measures certain parameters; and (ii) software that
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processes the sensor’s data, generating information, warnings, and suggestions for the
breeder [5]. Monitoring changes in cow behaviour with IoT-based wearable sensors pro-
vides unique insights into the study of an animal’s condition and well-being. Such changes
may be caused by health and welfare issues, as well as dangers and changes in their envi-
ronment [12]. Farmers can now monitor vital indicators, including blood pressure, heart
rate, and hormonal levels; animal behaviours, including feeding, standing, rumination,
and walking [13]; abnormal food and water consumption behaviours, e.g., limited feed
ingestion influenced by unappetizing pasture quality, ruminal inactivity, and excessive
water consumption due to increased walking activity [14]; and other parameters, such as
geolocation information that can be recorded and further analysed [15]. Obviously, by
knowing the time spent by animals on each behaviour, it is possible to carry out assessments
of their state of health.

Only a few research projects have focused on extensive livestock systems, although IoT-
based solutions for monitoring cow behaviour and well-being have been created exclusively
in intensive housing systems. In this latter situation, the grazing animal monitoring faces
several issues connected to the expansion of the grazing area and the animals’ ability to
show their natural behaviour. Furthermore, because there is less human oversight, it is
difficult to monitor and analyse the reasons for any unusual behaviour.

The aim of this review, structured as reported in Figure 2, is to highlight the main
challenges that arise in the design and validation of IoT-based systems developed for
monitoring grazing cows in extensive agricultural systems, because the issues to be faced
are many and more complex than those encountered with animals housed in intensive
systems.
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Figure 2. Review structure.

A wide range of literature reviews revealed the most common concerns, including
device battery life, sampling frequency for data collection, the need for adequate ser-
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vice connection coverage and transmission range, and the performance of the algorithm
embedded in IoT-systems in terms of detection accuracy and computational cost [16-18].

2. Materials and Methods

The examination of published articles focused on the monitoring of cattle behaviour
was carried out from January 2022 until July 2022, by using electronic repositories such as
Web of Science, Scopus, Science Direct and Google Scholar. The articles analysed cover a
timespan of about 16 years, from 2006 to 2022. The keywords used were “cow behaviour

o a7

monitoring”, “animal welfare”, “monitoring cows in extensive farms”, “cow sensors”, “cow
accelerometers”, “cow Global Positioning System”, “PLF and Internet of Things”. Only
articles focused on research studies related to the monitoring of ruminants were selected,
and among them, a further selection was made by considering only those carried out on
the monitoring and analysis of cattle behaviour. The focus was placed on articles dealing
with cow monitoring systems in extensive farms; however, some interesting systems tested

in indoor farms were also considered as they could also be used in extensive farms.

2.1. Animals Considered in the Review

PLF research begins with the assumption that, while direct visual observation of
animals by ethologists is critical for evaluating animal healthiness, it also produces findings
that take, on average a long time, with substantial economic effort [19]. The large number
of work hours necessary for visual monitoring means substantial expenses; hence, the
adoption of ICT systems based on wearable sensors is becoming increasingly popular.
However, the sensors in the devices should be constructed to avoid injuring animals, since
this might impact their behaviour [20].

PLF has a wide range of applications, from continuous animal monitoring to environ-
mental issue surveillance, whether for a single subject or an entire herd [21]. PLF may be
used in many forms of farming, such as monitoring the scratching behaviour of laying hens
within the cage, analysing the frequencies of vocalizations made during their productive
life, quantifying animal weight, and predicting slaughter weight. PLF may be utilized in
cow breeding to monitor the movements of the animals within the farrowing boxes in the
hours before the calf’s delivery, as well as to diagnose laminitis events by analysing the
animals’ locomotor profiles [22]. The most recent PLF applications in the cattle field involve
the use of software for herd management and data collected by autonomous wearable
sensors. Herd management software allows for real-time monitoring of cows on the farm,
allowing for the identification of specific behaviours (such as feeding, drinking, lying, and
rumination) with the goal of assessing the presence of heat, the relationship between food
ingestion and milk production, and the level of well-being of the bred animals.

In the selected articles focused on the monitoring of cattle behaviours, approximately
80% used Holsteins, 10% unspecified crosses, Japanese Black Beef Cattle, and Angus, and
the remaining 10% unspecified breeds. The average number of animals utilized in the study
was around 30; however, this varied between studies.

2.2. Behavioural Activities Monitoring

As mentioned in the previous paragraphs, monitoring animal behaviour is critical for
measuring animal welfare as well as successful herd management, particularly in extensive
grazing systems. In this regard, ongoing automated behaviour analysis is a critical task
since farmer-to-animal interaction is likely to be less frequent than in indoor breeding
systems. As a result, today’s extensive farms are broader than in the past. It is not always
easy to monitor animal behaviour by direct visual inspection by farmers.

In the articles found in the literature, several behavioural activities of cows were
monitored:

e Jocomotion: helpful for identifying cow fertility, which is characterized by an increase

in walking activity [23,24];

e feeding: a good indication of cow well-being since unwell cows eat less [25];
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e rumination: a crucial phase of the digestive process [26] that is distinguished by
a continual rhythmic chewing activity. Chewing action contributes to rumen pH
remaining at a level optimal for microbial activity [26];

e lying: cows can be monitored for limb abnormalities by lying for lengthy periods of
time in the absence of movement [27]

2.3. Devices

Sensors have played an important role in improving agricultural conditions and,
more broadly, farm management since the introduction of PLF. Furthermore, with the
advancement of increasingly effective IoT-based technologies, it has become feasible to
employ sensor networks even in hostile settings such as barns, which are characterized by
dust, a lack of energy, and a lack of an internet network. The literature review showed that
there are various ICT-based monitoring systems developed for cows kept in indoor systems,
but relatively only limited applications in extensive grazing farms. This is most likely due
to the difficulties of employing ICT-based monitoring systems in rural locations where
telecommunication network coverage is typically poor. Furthermore, the use of wearable
sensors powered by batteries may result in management and maintenance expenses for
farmers if the ICT-based systems are not optimized for energy savings [23].

Wearable sensors can collect a significant volume of data, as well as evaluate the raw
data and inform farmers if the cattle’s behaviour is odd within a certain range [11].

In animal husbandry, several biometric and biological available sensors are often used,
and they can be classified as non-invasive or invasive, as reported in Neethirajan et al. [10].

Invasive sensors are generally ingested or implanted in the animal’s body for tracking
physiological measurements such as internal temperature. Non-invasive sensors are gener-
ally applied to an animal’s body by using collars or other attachment system to monitor
livestock behaviour; moreover, non-invasive sensors are often installed in the breeding en-
vironment to monitor environmental parameters such as air temperature, relative humidity,
and ventilation.

Since invasive sensors can directly measure animal health factors, they generate more
accurate data than non-invasive sensors. However, non-invasive sensors are the most used
macro-category because they are easily worn, have a lower cost, can be reused, and, most
importantly, they cause less stress to animals than invasive ones.

Table 1 contains the major non-invasive sensors utilized in PLF applications, as well
as the animal aspects monitored. Cameras and accelerometers are the most frequent non-
invasive sensors used to monitor cow behaviour in indoor environments. Video-recording
systems are low-cost solutions to observe the behavioural activities of several animals at
the same time with a small number of cameras. An issue to consider when employing
such non-invasive systems is animal identification, which is challenging and not always
possible, even with the most advanced computer vision-based methods. Obviously, in
extensive farms, it is not possible to install efficient video surveillance systems, due to both
the extent of the grazing areas and unavailability of a constant and reliable energy source.

However, in recent years, with the introduction of increasingly efficient unmanned
aerial vehicles (UAVs) equipped with cameras, some animal monitoring systems in ex-
tensive pastures based on the use of UAVs have been proposed [28,29]. The UAV-based
systems just mentioned still needs improvement and development, as the limitation, to
date, is in the very short battery life.

The non-invasive sensors most used in the field of cow monitoring in extensive farms
are GPS (Global Positioning System) and accelerometers. Examples of GPS-based and
accelerometer-based monitoring systems are reported in Table 2.

Accelerometer-based systems are extremely flexible and inexpensive. They can be
installed in an animal’s leg or neck to monitor behavioural activity (Figure 3). Pedometers
are often attached to barn animals in the distal portion of the left hind limb and moni-
tor the number of steps made by the cow; collars are attached to the neck and monitor
head movements.
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Table 1. Non- invasive sensors in PLF applications.

Sensor/Device Aspect of Animal Disease/Used for
Cattle’s position, inside the barn or Grazing, feeding, lying, behaviour and
GPRS, GPS and transponders, P . 8 &y g .
) ‘ outside the barn welfare monitoring
accelerometers Motion changes Lameness, oestrus
Pressure - Feeding and drinking monitoring
. . . ing, pai 1f itions,
Microphone, UHF sensors Monitor sound levels in barns Mooing path and we are C(?ndltlons
rumination, breathing disease
Temperature Temperature monitor Fever, ovarian cysts, pneumonia, retained

Thermal infrared camera, 2D cameras, 3D

placenta, mastitis

- Behaviour monitoring, lameness, oestrus

cameras
Load sensor Weight distribution Lameness
Gas sensor Breathe ketones, methane emission Displaced abomasum, ketosis
Radio-frequency identification Identification Behaviour and welfare monitoring

Figure 3. Example of pedometer and collar worn by cows [30,31].

GPS sensors are used to locate grazing animals in extensive breeding systems; as in
the case of accelerometers, they, too, can be worn by the animal by using collars. GPS is
beneficial in those situations when the territorial extent of the grazing grounds does not
allow for frequent and exact management of the herd.

For example, GPS devices can be used to decrease the likelihood of theft, defend
against animal trespassing, and rescue injured animals when they are no longer able to
move. The key challenge limiting GPS application to experimental domains is the short
battery life of devices equipped with GPS sensors.

2.3.1. GPS-Based Monitoring Systems

In several places in the world, GPS devices have been used to prevent cattle theft. In
one study, a GPS collar was linked to the Global Mobile Communication System (GSM),
and animals were followed by using a software application that informed the farmer when
an animal left its grazing area, which was represented by a virtual fence [18].

Porto et al. [31] proposed a technique for tracking cows of a cow—calf line by using GPS,
which allows for the collecting of data obtained at 20 min intervals. In particular, the gadget
employed in the study includes the following characteristics: the GPS system and receiver
are omnidirectional, with an integrated antenna, a temperature sensor, and a high-capacity
Li-SOCL2 battery. The purpose was to identify the animals” positions and determine
the preferred regions of agricultural land where the animals spend the most time. Cow
monitoring and location are critical pieces of information for studying the environmental
implications of grazing cows as well as improving regular farm management. It is also
feasible to identify in real time the cow’s oestrus period, which is marked by an increase in
walking activity, or to tackle the problem of animal theft using GPS-based devices.
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Hassan-Vasquez et al. [32] studied the environmental effect of livestock production;
the goal of this study was to assess the capacity of commercial GPS collar data, combined
with farm features and meteorological conditions, to define the distribution of cow dung
in paddocks. Seven animals were tracked by using commercial GPS tracking collars that
included a GPS unit, a lithium battery pack, and a Sigfox communications module. These
collars transmitted animals’ positions to the server in near real-time. If Sigfox coverage was
available, GPS devices were set to obtain a location fix for each animal every 30 min.

Miliward et al. [33] studied cattle distribution over the landscape by using a GPS
tracking-based system. The final aim was to assess the suitability of the guidelines proposed
by Holecheck et al. [34], developed in order to help farmers to manage the stocking rate.

The communications network utilized is a crucial issue in this type of application, as
some portions of the world, particularly rural areas, are currently underserved by efficient
and dependable telecommunication networks [31].

2.3.2. Accelerometer-Based Monitoring Systems

Several automatic monitoring systems based on the use of accelerometers have been
created in state-of-the-art PLF applications, some of which are briefly detailed in Table 2.

Simanungkalit et al. [35] investigated the capacity of an ear tag accelerometer to
detect licking behaviour at a block supplement in grazing cattle and validated the length
of individual licking state predicted by an accelerometer and a system radio frequency
identification system (RFID). Four Angus steers were fitted with an ear tag carrying a
three-axis accelerometer.

In Riaboff et al. [24], the aim was the development of a framework for the prediction
of cows’ behaviours, such as grazing, walking, rumination while lying, rumination while
standing and resting while lying, by using 3-axis accelerometer data. The experimental
trial was carried out on 4 different farms, and the considered number of cows was 86.

Benaissa et al. [36] provide an example of an animal monitoring system in which a
new simple decision tree algorithm was developed for real-time classification of feeding
and ruminating behaviours of dairy cows. In detail, the data used as model input were
collected by using a neck-mounted accelerometer. Each cow was fitted with two devices: a
RumiWatch (Agroscope, Switzerland) halter and an accelerometer. A RumiWatch halter is
intended to be a measurement instrument for automated ruminant health monitoring.

A study of Y. Peng et al. [25] developed a recurrent neural network (RNN) model
to detect and recognize calving-related behaviours by using inertial measurement unit
sensors (IMU), i.e., a 3-axis accelerometer, a 3-axis gyroscope, a 3-axis magnetometer, and a
wireless Bluetooth connection. The IMU data were collected from three expectant Japanese
Black Beef Cattle that were placed in two barns in pairs and fitted with the same type of
IMU sensor [37] attached to the collars. The RNN classified behaviour patterns, such as
feeding, ruminating (lying), ruminating (standing), lying, and standing. Moreover, the
RNN classified lying and standing behavioural activities during the last 24 h before calving,
since they are generally modified when the calving is approaching. The monitoring of the
calving is very important in extensive systems, where there is the highest mortality rate of
calves due to a lack of immediate assistance during difficult calving.

Smith et al. [38] utilized behaviour monitoring collars with a 20-channel GPS, a
915 MHz microprocessor and transmitter, a 4 GB micro-SD card for data storage, and
a Honeywell compass module HMC6343 with a 3-axis MEMS accelerometer and a 3-axis
magneto resistive sensor installed on dairy cows (magnetometer). The inertial measuring
unit was the compass module of the behaviour monitoring collars (IMU). The acceleration
was measured in a three-axis inertial and gravitational system, with the x-axis sensing
forward-reverse, the y-axis sensing left-right, and the z-axis sensing up—down. The device
proposed by Smith et al. [38] was used to perform behaviour classification by using only
the accelerometer data.
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2.3.3. GPS and Accelerometer Combined Systems

The use of GPS sensors is not sufficient to understand the behavioural activity of
grazing animals; therefore, over the years, other systems have been proposed by combining
mainly GPS sensors and accelerometers. The integration of motion sensors in GPS devices
can provide the best method for evaluating some behavioural activities, such as feeding,
walking, and lying, in relation to the grazing conditions.

As reported by Bailey et al. [39], the combination of GPS monitoring and accelerom-
eters appears to be useful for recognizing changes in animal behaviour connected with
livestock illnesses and other welfare problems. Such integrated systems might help farmers
in making agricultural management decisions, such as food additions.

Most studies to date have focused on the use of GPS collars with accelerometers in
small pastures and during short time periods; bigger pastures and longer time periods are
needed to evaluate this technology.

Brennan et al. [15] wanted to determine whether a low-cost, non-commercial, lab-built
GPS collar paired with a high frequency 3-axis accelerometer could predict regular cattle
behaviour.

Riaboff et al. [40] investigated the relationship between the behaviour of grazing cows
and pasture characteristics by using a combination of accelerometer and GPS data. They
were acquired through an RF-Track 3D accelerometer and GPS sensor attached to the collar
on the cow.

Various machine learning algorithms were used by Dutta et al. [41] to categorize
cattle behaviour patterns collected by using collar systems with a 3-axis accelerometer,
magnetometer, and GPS fitted to individual dairy cows to infer their physical behaviours.
This study demonstrated that by using supervised machine learning techniques, cow
behaviours can be categorized with great accuracy.

2.4. Sampling Rate and Data Collection
2.4.1. GPS-Based Monitoring Systems

In GPS-based monitoring systems, the time acquisition interval affects the precision
of the distance travelled by cows, the battery life, and how quickly farmers can respond
to theft and trespassing [42]. If the device sends the positions at very long intervals, the
risk is that any data loss could negatively affect the monitoring, so as to make the device
inefficient. The sampling intervals normally used for GPS-based devices are between 1 and
60 min.

The system developed by Porto et al. [31] guaranteed long-term monitoring of the
animals by allowing a collection of waypoints, such as latitude and longitude, of the cows
selected in the study, the date and time of the survey, and the distance travelled by each
animal. The time interval of data acquisition was set at 20 min to both ensure a long battery
life and make possible further analyses carried out in a Geographical Information Systems
(GIS) environment; i.e., the application of Kernel Density Estimation (KDE) algorithms.
After receiving position information, the device sent it to a cloud server by using the Sigfox
telecommunication network.

In Tangorra et al. [43], a GPS/GSM collar prototype was worn, using suggested
commercial hardware and customized software, in order to follow animals” movements
beyond their grazing area and to alert when animals trespassed outside virtual perimeters.
A standard customizable embedded firmware layer provided support for the hardware
layer components. In fact, by using the created program, it was feasible to set the GPS
acquisition interval from 1sto 1 h.

Maroto-Molina et al. [44] developed a low-cost IoT-based system to monitor the
location of each head of the herd. The system was based on GPS collars connected to a
Sigfox network and low-cost Bluetooth tags. To preserve the battery life, the collars were
configured to send data at a temporal resolution of 30 min. This time interval was reduced
in Millward et al. [33], where GPS-sensors were set to acquire and send animal locations at
5,10, or 15 min intervals.
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2.4.2. Accelerometer-Based Monitoring Systems

The sampling rate of the accelerometers in devices that monitor animal behavioural
activities affects not only battery life but also the ability to correctly determine some
behaviours. High sampling rates make it possible to acquire a lot of information, and
therefore have more samples; however, they negatively affect battery life. On the other hand,
low sampling rates help to preserve battery life but do not always allow the acquisition of
good-quality data for classification purposes, as proved in Benaissa et al. [36].

In the studies reported in the literature, the accelerometer sampling rate ranges be-
tween 1 Hz [26] and 100 Hz [45]. Most of the works focused on a sampling frequency value
between 10 Hz and 25 Hz.

A sampling frequency of 20 Hz is frequent, as demonstrated by Y. Peng et al. [25], who
fitted each IMU sensor with a wireless Bluetooth connection to a computer. The IMU sensor
was set to collect the 9-axis data points and send them instantaneously at 20 Hz. The IMU
sensor’s battery life was about one week.

In Riaboff et al. [24], a sampling frequency of 59.5 Hz was used, and the total period
of observation was about 34 days.

In Simanungkalit et al. [35], the battery life was a little bit longer. Four 3-dimensional
accelerometers with a sampling rate of 25 Hz were used in their study. Each accelerometer
was embedded into an ear tag. The ear tags were removed at the end of the trial, and the
data were downloaded by using the proprietary software. The expected battery life for this
setting was around 28 days.

In Smith et al. [38], the collars were set to collect accelerometer data at 10 Hz. The
accelerometer data were saved on an onboard 4 GB micro-SD card and then downloaded
when the trial ended. The effective battery life was approximately 14 days.

Recently, studies operating at frequencies of 4 Hz [46,47] have been reported. Raw
data were acquired by collars embedded with a three-axis accelerometer and then sent to a
cloud service by using a GPRS telecommunications network, which is known to be very
energy consuming. The battery life of the proposed device was about 7 days; however,
repetitions of the trials after the recharge of the devices made it possible to collect data for
the classification of several behavioural activities, such as walking, feeding while walking,
feeding in a standing position, rumination, and rumination in a lying position.

2.4.3. GPS and Accelerometer Combined Systems

Some research studies described the development of combined systems, i.e., devices
embedded with accelerometers and GPS sensors.

Gonzélez et al. [48] used collars for monitoring cow location and behavioural activities
by using GPS data acquired at 4 Hz (i.e., 345,000 data points/day) and accelerometer data
at 10 Hz (i.e., 862,500 data points/day). Data were saved in a memory storage card installed
in the devices and downloaded at the end of the trial. The battery life of the device was
around 12-14 days.

Dutta et al. [41] employed location and behavioural tracking collars in their study
(GPS, 3-axis accelerometer, 3-axis magneto resistive sensor, and 4 GB micro-SD card for
data storage). GPS data were obtained at 4 Hz, while accelerometer data were recorded at
10 Hz. Data on grazing behaviour were collected by using the WhatlSee digital application.
After the experiment, the data were saved on an SD card and downloaded. The battery life
was around 12 days.

Brennan et al. [15] fitted tracking collars with a GPS data logging device and a high-
frequency accelerometer. The GPS logger was set to gather a fix (latitude/longitude)
every one minute. The accelerometers were programmed to capture data at a rate of
12 Hz. The accelerometer data were saved on an onboard 8 GB micro-SD card and then
downloaded when the trial ended. The battery life was around 50 days by using two
independent batteries.

In Riaboff et al. [40] fitted 26 cows with a 3D accelerometer and a GPS sensor mounted
to a collar. The accelerometer data were paired with GPS data to predict the behaviours
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every 10 s. The data in this study were saved on a secure digital card and had to be
manually extracted. The sampling frequency of the accelerometer was 59.5 Hz and that of
the GPS was 1 Hz. The system’s battery life was barely 5 days.

In Cabezas et al. [49], the animals wore a low-cost commercial device equipped with
3D accelerometers and GPS sensors. The accelerometer sampling frequency used was
10 Hz and the GPS acquisition interval was set to 5 min. The battery life was approximately
2-3 months.

In the research studies reported above, data were mainly stored in memory cards. It is
obvious that automatic data transfer through a telecommunication network would be more

convenient for a long-term experiment and, above all, for practical use by farmers.

Table 2. Main analysed IoT systems designed to perform animal monitoring.

No. Sampling . N
Devices Monitored Rate/Time Data Collection Aim Momt.ormg References
and Storage Period
Cows Interval
GPS 10 20 min Sigfox/On Cloud Cow position 45 days [31]
tracking
GPS 6 10 min Sigfox/On Cloud Cow position 45 days [50]
tracking
GPS 7 30 min Sigfox/On Cloud Cow position 5 months [32]
tracking
GPS 180 5/10/15 min On Device Cow position From 1 to [33]
tracking 4 months
GPS 5 - GSM Virtual fencing 5 months [43]
Sigfox and Cow position
GPS 50 30 min Bluetooth/On L 3 months [44]
tracking
Cloud
Accelerometer 12 25 Hz On Device Detect l{cklng 28 days [35]
behaviour
Accelerometer 10 10 Hz On Device Detect f‘?ed‘T‘g and 5 days [36]
rumination
Classify feeding,
IMU sensor 3 20 Hz Bluetoo;)}z:/External rumination, lying, 7 days [25]
and standing
Classify feeding,
Accelerometer 4 4Hz GSM/On Cloud  rumination, walking, 7 days [46,47]
and lying
Accelerometer 86 59.5 Hz On Device Classify SX different 3—4 days [24]
behaviours
Accelerometer 24 Acc. 10 Hz On Device Mgnltor cows 14 days [38]
behavioural activities
GPS + Acc. Predict animal
5 12 Hz/GPS On Device behaviour and 3 months [15]
Accelerometer . . .
1 min animal tracking
Acc Understand relation
GPS + 26 59.5 Hz/GPS On Device between behaviour 5 days [40]
Accelerometer and pasture
1Hz L.
characteristics
GPS + Acc. Classify animals’
24 10 Hz/GPS On Device ya 12 days [41]
Accelerometer 41y behaviours
GPS + Acc. Monitor cows’
14 10 Hz/GPS On Device location and 12-14 days [48]
Accelerometer . .
4 Hz behavioural activities
GPS + Acc. Monitor tracking
30 10 Hz/GPS On Cloud movement and 2-3 months [49]
Accelerometer . . .
5 min tracking location
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2.5. Data Analysis
2.5.1. GPS-Based Monitoring Systems

The data collected by GPS sensors are mainly analysed by using statistical and geo-
spatial tools, such as GIS tools.

In Porto et al. [31], all information was transmitted to a custom AppWeb operating
on mobile devices or a personal computer. The data were then imported and processed
by using statistical and geospatial analysis. In detail, to better understand the interaction
between livestock activities and the environment, spatial analyses were carried out by
using the QGIS software, which allowed data processing and visualization at the territorial
level. Analyses on the location of each animal equipped with the created devices were
performed by using the KDE tool. In particular, the KDE analyses allowed the computation
of the home range of the species and offered an estimate of the territorial areas mostly
occupied by the animals.

Recently, clustering methods, which are part of the unsupervised machine learning
(UML) category, have been used to process the data acquired through GPS sensors.

In Xu et al. [51], unsupervised machine learning algorithms were used to analyse
location data in order to understand the social structure of a small group of cattle and an
individual’s social behaviour. Based on logical and physical distance, k-means clustering
was employed. The leader animals and their influence on an individual in a cattle herd
were discovered by comparing the clustering results based on logical distance and physical
distance, which provides significant information for understanding animal herd behaviour.

2.5.2. Accelerometer-Based Systems

Through the sensors described in previous Section 2.3, the data required for study-
ing animal behavioural activities were acquired during the experimental trials and then
processed. The main data elaboration phases have been identified and reported here,
as follows:

e  Pre-processing that usually included:

Filtering: to remove noise or minor behaviours.
Data augmentation: techniques used to increase, in an artificial manner, the
amount of data by adding slightly modified copies of the original data.

o Grouping samples in windows: to extract more significant information from
groups of samples instead of a single sample.

o Feature selection and computation: to select and compute the subset of relevant
features which were used in model building.

o Dataset splitting in subset: to determine which portion of the dataset to train

and on which portion to test the performance of the developed model.

e Recognition: consists in the classification of the behaviours of the interested parties
using the information acquired in the previous steps. The recognition process is
performed by a specific model or method. In the state-of-the-art applications, different
methods were used: identification of thresholds, statistical analyses, and, more recently,
application of machine and deep learning techniques.

Over the years, various techniques have been used to process the acquired data and,
thus, to be able to draw knowledge from them. As previously mentioned, most of the
studies have been focused on the use of accelerometers; the data collected through the latter
show acceleration values for each instant in time, so the data collected were time series.
There are several methods for processing time series; however, the most used to process
the data acquired through accelerometers in the PLF research field can be grouped into six
main categories [52] (Table 3):

e  Statistical Model (SM): SM provides a set of statistical assumptions about how sam-
ple data are generated. Typically, a statistical model is defined as a mathematical
relationship between one or more random variables and other non-random variables.
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Manual Thresholding (MT): MT is widely used in the real world, since it has the
advantage of requiring simple calculations, which is important for devices with low
computational capabilities and energy-saving requirements. The thresholds were de-
termined by descriptive statistics, such as medians, means, maximum, and minimum,
carried out on the acquired dataset.

Machine Learning (ML): ML is a subset of artificial intelligence (AI) that concerns the
creation of systems that learn or improve their performance based on the data they
use. There are three sub-categories of ML:

° Supervised Machine Learning (SML): SML consists in using, as input to the
model, labelled data; i.e., the label summarizes the nature of that data. Usually,
tasks relating to classification are tackled by using supervised approaches.

o Unsupervised Machine Learning (UML): UML consists in using input data
that have no label; thus, an UML algorithm that inputs unlabelled data will
reclassify and organize the inputs based on common features to try to make
statistical predictions about future inputs. Clearly, it is applied to the extraction
of information not yet known.

o Supervised Ensemble Machine Learning (SEML): SEML is a collection of al-
gorithms used to improve overall performance by combining the predictions
from multiple models.

Deep Learning (DL) is a type of machine learning based on artificial neural networks
(ANN), in which multiple processing layers are used to extract progressively higher-
level features from data. ANN are inspired by the way the human brain analyses
information and learns. In recent years, DL algorithms have become very popular
because they make it possible to reach good performance in classification problems.
However, is not always possible to apply them in firmware embedded in IoT-based
systems as they require large computational resources and large amounts of data to be
processed. The most used ANN are reported here, as follows:

o Multi-layer perceptron (MLP): a feedforward ANN that consists of an input
layer of neurons, one or more hidden layers of neurons, and an output layer of
neurons, where each layer is fully connected to the next layer.

) Convolutional Neural Network (CNN): CNN, also known as ConvNet, is a
type of feed forward neural network that excels at processing input with a
grid-like architecture, such as images. To summarize the process, neurons in a
CNN receive inputs, perform scalar products using weights learned throughout
the training, and then apply a non-linearity function to the created result. The
CNN's distinctive aspect is the convolution layer, which divides the input into
several little parts and then superimposes a filter called the kernel. As a result,
each component can be used to extract features, or the main characteristics of
the input data.

) Recurrent Neural Network (RNN): This is a class of ANN, different from the
previous, which provides the presence of cycles within the network; i.e., in
certain layers, the output provided by the latter becomes the input for the
same layer or for lower layers; i.e., there is feedback. The interconnection
between layers allows the use of one of them as a state memory, and allows, by
supplying a temporal sequence of values as input, the modelling of a dynamic
temporal behaviour dependent on the information received at previous instants
in time.
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Table 3. Methods used for the processing of data acquired through accelerometers to detect

cow behaviour.
Technique Sub-Type Methods References
Threshold methods [46,53]
Statistical models Logistic Regression (LR), Hl.dden Markov Models (HMM), Linear [38,54]
Mixed Models
Linear Discriminant Analysis (LDA), Quadratic Discriminant

Supervised Analysis (QDA), Support Vector Machine (SVM), k-Nearest [55,56]

Machine learning Neighbour (k-NN), Naive Bayes models (NB), Decision Trees (DT)

Unsupervised k-means [57]
Ensemble Random Forest (RF), Extreme(igil)ent Boosting (XGB), Adaboost [24,58]
Multilayer Perceptions (MLP), Convolutional Neural Networks
Deep learning (CNN), Recurrent Neural Networks (RNN), Long short-term [59,60]
memory (LSTM)

2.5.3. GPS and Accelerometer Combined Systems

In the studies found in the literature, the analysis of data collected by devices that
are equipped with GPS and accelerometer sensors was carried out by using mainly sta-
tistical models and machine learning methods, as previously reported for the GPS and
accelerometer sections.

Gonzalez L. et al. [48] developed an algorithm which classified data acquired from
collars into five behavioural activities. The aim of the study was to obtain the proportion of
the daily time that individual animals spent on each activity. They employed two different
datasets in the experimental trial, where data from accelerometers and GPS were first ag-
gregated by computing the mean and standard deviation (SD) over 10 s time intervals. The
first dataset, which included a subset of data in which behavioural activities were identified
based on visual observations, was used to determine differences between activities from
sensor data values; to inspect frequency distributions (histograms) of data with different
activities; to select variables suitable for decision trees; and to construct conceptual decision
trees. The second dataset, containing all data related to unknown behavioural activities,
was used to fit probability density functions in mixture models that determined threshold
values to separate populations of data points.

The aim of Cabezas et al. [49] was to develop a general approach to recognizing numer-
ous activities based on accelerometer and GPS sensor data. The accelerometer signals were
collected, and the data from each axis were individually analysed to extract 108 temporal
and frequency domain properties. A total of 238 activity patterns, corresponding to grazing,
ruminating, laying, and steady standing, were captured on video and matched with raw
accelerometer data. Accelerometer signal features were utilized to train a Random Forest
(RF) algorithm for behavioural pattern categorization, and GPS position data were analysed
by using an UML technique to discover abnormal activity patterns. The clustering method
k-medois was adopted to analyse the GPS data; the authors chose k-medois over k-means
because k-medois is more stable in the presence of outliers.

Dutta et al. [26] proposed the combination of a temperature sensor, a GPS module, and
a 3-axis accelerometer. The datasets for all the animals were used on each day of the study,
and all the datasets acquired were appropriately integrated and used without any filtering.
By following the data collection phase, the most important attributes were selectively
extracted for improving data interpretation. Each dataset included sensor values for
temperature, walking speed, and acceleration along the X, Y, and Z axes. Extreme Gradient
Boosting (XGBoost) and Random Forest classifiers were used to categorize behaviours
like ‘standing’, ‘lying’, ‘standing and ruminating’, ‘lying and ruminating’, ‘walking’, and
‘walking and grazing’.

To predict behaviour, Brennan et al. [15] choose four classification algorithms: Random
Forest (RF), Linear Discriminant Analysis (LDA), Quadratic Discriminate Analysis (QDA),
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and Support Vector Machines (SVM). The response variable was livestock behaviour, and
the predictors were metrics derived from accelerometer and GPS devices. The datasets
utilized to generate these models only comprised data by including observational, GPS,
and accelerometer data. Algorithms were adopted to categorize behaviour as graze or
non-graze. A validation set technique was used to verify the accuracy of each model by
randomly partitioning each dataset into an 80% training, 20% test dataset.

In Riaboff et al. [40], the goal was to investigate the relationship between cows’ be-
haviours and the pasture characteristics. The study can be divided in two steps: in the first,
the cows’ behaviours were classified, and in the second were computed the time-budgets
expressed in each zone by each cow per day and behaviour. The behaviour was predicted
among six different classes by using the Extreme Gradient Boosting (XGB) proposed in
a previous study [24]. The behaviour classification considered samples of accelerometer
data grouped into windows. Afterwards, the predicted behaviours in successive windows
from the same cow were smoothed by using the Hidden Markov Model (HMM)-based
Viterbi algorithm. The predicted behaviours were combined with the GPS data and the time
budgets expressed in each zone were calculated. In order to investigate the relation between
the time budgets and pasture characteristics, a Linear Mixed Model (LMM) was used.

3. Discussion

The PLF technologies applied to monitor the behavioural activities of cows have found
some common problems with their application in extensive farms, which imply a more
restrictive use than the indoor environment. Although awareness of the potential of these
tools is still limited, the demands of farmers and researchers are increasing, and positive
results are expected from the spread of PLF in grazing systems in terms of animal welfare
and work optimization.

Several studies in the literature have adopted GPS [16,61,62] for the localization of
cattle, demonstrating the common need to solve problems related to miniaturization of
sensor technologies and the development of high energy density batteries [50].

As reported by Raizman et al. [63], to extend the battery life of the devices, in some
research studies, the position of the animal was detected only once an hour (or a little
more), with the result that in reducing the number of detections, it is impossible to achieve
an efficient monitoring of the grazing animals. Another method to improve battery life is
to apply a standby/sleep mode that deactivates the device when the sensors it is not be
used, in addition, adapting the alarm rate to the activity performed by the animal [46].

A critical problem with these types of applications is certainly the telecommunication
network used, because there are vast areas of the world, in particular rural areas, where
the coverage of an efficient and reliable telecommunication network is lacking [18]. In the
specific case of mobile tracking systems for livestock, it is necessary to have a telecommu-
nications network that is not associated with high power consumption as it may result in
reduced battery life. To overcome the above problems, different Low-Power Wide-Area
Networks (LPWAN) [64] have been proposed, which are types of long-range wireless
telecommunication networks characterized by low power consumption and low bit rate
(Figure 4). Sigfox and LoRa [65,66] are two of the most widely used LPWANSs in IoT
applications in PLF because they offer real-time and low-power monitoring of animals in
extensive farms.

In Porto et al. [31] and Castagnolo et al. [50], the priorities were to study the battery life
and the feasibility of a Sigfox-based tracking system in extensive farms. By using the Sigfox
network, it was possible to have a battery life of about 4 months by using a 10 min time
interval for data collection. Furthermore, the proposed system was tested in an area where
the coverage of the telecommunications network was poor and by installing a repeater in
the area, it was possible to continuously monitor the animals without incurring significant
data loss.
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Figure 4. Communication techniques in IoT classified by data rate, power consumption, and range.

The most recent, LoRall, offers the potential to derive object position by triangulating
the arrival time of packets via highly synchronized base stations. The position accuracy
provided by LoRalI (10 m to 30 m) may be adequate for applications involving animals con-
fined to a specific area (e.g., locating sick cows or farrowing), but may become inadequate
when grazing areas are wider and not enclosed by fences.

An interesting application of devices embedding GPS sensors are virtual fences. These
new technologies are aimed at confining grazing animals (e.g., cows, sheep) without
physical fences. Virtual fences are based on animals’ associative learning by using audio
signals and an electrical discharge delivered if the animal trespasses and does not change
direction after the acoustic signal.

Since devices embedded with GPS sensors could also provide animal identification,
each animal position could be tracked during the monitoring period and located within the
grazing farm by software based on GIS [67].

The GPS data acquired through the various devices proposed in state-of-the-art appli-
cations are certainly important, because by knowing the position of the animal, it is possible
to reduce the probability of theft or trespassing. However, by managing GPS data within
GIS tools, it is possible to highlight crucial aspects, such as the environmental impact, the
social aspects, and the forage ingested by animals.

Through the GPS data, if well known, it is possible to make evaluations about the
habits of the animals, but it is not sufficient to give information about the behaviour of
grazing animals.

The integration of motion sensors with GPS data can provide the best method for
determining animal activity on extensive farms. These types of devices are an unde-
niable advantage for the farmer, who can be immediately alerted in case of abnormal
behaviour [31]. Ongoing research has shown that IoT-based devices embedded with ac-
celerometers can remotely monitor livestock behaviour and detect changes in activity
associated with disease and calving. GPS tracking can also detect calving by monitoring the
distance between a cow and the rest of the herd or identify when cattle gather in sensitive
areas. Combinations of GPS and accelerometer data can be more accurate than either device
used alone.



Sensors 2023, 23, 3828

16 of 21

To date, studies that combine GPS data and accelerometers are a very low percent-
age [15,68], compared to works that use single types of data. In Cabezas et al. [49], as
described above, an ML-based procedure to recognize multiple activities by using ac-
celerometer and GPS data was proposed. The results obtained confirmed that the proposed
methodology could be generalized to other behavioural models, but it is necessary to test
the method by using further data samples, implementing the availability of labelled data,
as well as improving battery life.

One of the biggest challenges in monitoring livestock behaviour by using sensors,
but above all, by using combined systems, is the management of the large volume of
generated data, as reported by Brennan et al. [15]. The collection of a large amount of data
implies problems not only in management but also in processing and storage, as higher,
and therefore more expensive, computational resources are required.

Nowadays, most studies have focused on the use of GPS collars embedded with
accelerometers in small pastures over short periods of time; assessment of this technology
on bigger pastures over longer periods of time is required. In Riaboff et al. [40], it was
only tested for 5 days as the battery ran out. This period of observation, as evidenced
by the authors of the work, is not enough to explore the relationship between cows and
their environment, especially in herding, where cows graze continuously for a long period
of time.

By analysing the studies present on the state of the art, it emerges that, when a new
system and method of data processing is proposed, it is not always possible to make
comparisons, since the software tools and the acquired data are not always shared. This
does not allow a full understanding of the limits of the proposed studies, as well as a
replicating of the results later.

Ultimately, from the descriptions of the studies proposed above, it is clear that the
aspects to be considered and investigated are how to improve both battery life and the
reliability of the telecommunications network. Regardless of the existing technological
limitations, the solutions to the first problem are to be found in the use of low-power
telecommunications networks; the creation of highly optimized firmware aimed at energy
saving; the energy optimization techniques of the devices; and a reduction of the sampling
frequency in devices with the acquisition and use of high-efficiency batteries. Obviously,
high acquisition frequencies involve greater energy consumption; however, they allow
greater precision in behaviour detection, such as rumination or walking. Therefore, it is
necessary to investigate a compromise between precision and energy consumption [24,53]
(Figure 5).

As reported in Section 2.5, recently, ML and DL techniques have been proposed to per-
form cow activity detection, instead of traditional techniques based on statistical methods
or threshold identification. ML and DL techniques, despite their higher computational cost,
provide more generalizability and less human intervention in their design since discrimi-
native features are learnt by the model itself. However, the need for more computational
resources poses a challenge in terms of battery life. To solve this issue, the necessary com-
putations are often carried on cloud platforms by using the telecommunications network to
send the raw data acquired by the sensors.

This solution could be valuable to monitor cow behavioural activities in intensive in-
door systems because the devices that transfer the data (gateway) acquired by the wearable
sensors to the cloud could be fed by the electrical network. In extensive grazing systems,
this solution is not always possible because data transfer to the cloud should be carried
out by using GSM telecommunication networks that are highly energy consuming for the
wearable devices. Though personal area networks (PAN) or local area networks (LAN) fed
by electrical networks should be used to collect and then transfer data, they assure a short
communication range, often not suitable when the grazing area is very extended. Finally,
also, when LPWANSs are used to transfer the data from sensors, their payload is generally
small and does not allow transferring the big data required for ML and DL models.
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Figure 5. Future key aspects in the adoption of animal monitoring systems in extensive farms.

Based on this observation, models working with pre-determined thresholds could be
a solution for monitoring the behavioural activities of grazing cows in rural areas because
threshold-based firmware with low computational costs could be implemented in the
wearable devices, with the processed data transferred via an LPWAN. However, in order to
have thresholds that can allow a good classification, it is necessary to have a lot of data.

As far as the reliability of the LPWAN telecommunications network is concerned, a
possible solution to the coverage lacking in rural areas could be the installation of network
repeaters, equipped with energy accumulators powered by energy from renewable sources
such as wind or photovoltaic systems.

4. Conclusions

As previously mentioned, the combined systems, which have GPS and accelerometers,
allow monitoring of the activities of grazing animals in a more complete way, compared to
systems that use only one type of sensor. To date, it has emerged that in the state-of-the-
art applications, various prototypes of GPS collars have been proposed which send the
positions of the animals in real time, while in the case of accelerometers, the prototypes
which send the data in real time are numerically smaller. In many studies, the data
acquired with the accelerometer were downloaded at the end of the tests, as the objective
of the studies was to propose methodologies for behaviour detection. Therefore, the data
were not sent in real time. Sending raw data from real-time accelerometers requires a
telecommunications network capable of transferring large amounts of data. If, instead, the
computation is performed on-site, it is necessary to deal with the computational cost of the
processing and the relative performance of the batteries.

In addition, as far as the combined systems are concerned, in this case, the devices
that jointly process the data acquired by the accelerometer and GPS are very few. In this
case, many of the acquired data are processed subsequently, and, moreover, not always
jointly; i.e., two different processes are carried out based on the nature of the data.

In the future, it is hoped that researchers will focus on real-time behavioural analysis,
using joint position and movement data, to respond to farmers’ needs. What has been
said involves, in part, low-power networks, battery optimization techniques, and low-
computational-cost firmware.

Animal monitoring systems, as reported in the previous sections, must therefore be
able to work in rural areas, where the electricity grid and telecommunications network
are not reliable. They must be simple to use and plug-and-play, and, very importantly,
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they must be low-cost. Costs have not been examined in this work as most of the analysed
devices were prototypes; however, this aspect is crucial for farmers to adopt this type of
system, especially when there are numerous animals to be monitored.

Greater collaboration among farmers, animal scientists, agronomists, engineers, and
other experts would aid in the development of strong technology suitable for long-term use
in the agricultural environment. The use of digital technology in livestock systems could
provide useful support to investigate and completely understand the dynamics and impact
of climate change on farm animal ecology, in addition to better manage grazing animal
behaviour.

Author Contributions: Conceptualization, S.M.C.P.; methodology, G.C.; validation, G.C. and D.M,;
investigation, D.M.; data curation, D.M.; writing—original draft preparation, G.C. and D.M.; writing—
review and editing, G.C. and D.M.; visualization, S.M.C.P; supervision, S.M.C.P; project adminis-
tration, S.M.C.P,; funding acquisition, S.M.C.P. All authors have read and agreed to the published
version of the manuscript.

Funding: The research study was funded by the PRIN 2017 project “Smart dairy farming: innovative
solutions to improve herd productivity” (ID: E64118002270001), coordinated by Prof. Simona M.C.
Porto for the University of Catania; the CHANCE project (ID: 5A722192146) “Piano per la Ricerca
2016-2018—Linea I”, funded by the University of Catania; and by European Union (NextGeneration
EU), through the MUR-PNRR project SAMOTHRACE (ECS00000022).

Informed Consent Statement: Not applicable.
Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Clark, B;; Panzone, L.A.; Stewart, G.B.; Kyriazakis, I.; Niemi, ].K,; Latvala, T.; Tranter, R.; Jones, P.; Frewer, L.J]. Consumer Attitudes
towards Production Diseases in Intensive Production Systems. PLoS ONE 2019, 14, 0210432. [CrossRef]

2. Brusselles: European Commision Attitudes of EU Citizens towards Animal Welfare, Report; Special Eurobarometer 442; 2016.
Available online: https://europa.eu/eurobarometer/surveys/detail /2096 (accessed on 5 April 2023).

3.  European Commission Online Consultation on the Future of Europe; Second Interim Report; 2019. Available online:
https:/ /commission.europa.eu/about-european-commission/get-involved /past-initiatives/ citizens-dialogues/list-citizens-
dialogues-events-2015-2019/progress-reports-citizens-dialogues_en (accessed on 5 April 2023).

4.  Riaboff, L.; Aubin, S.; Bédere, N.; Couvreur, S.; Madouasse, A.; Goumand, E.; Chauvin, A.; Plantier, G. Evaluation of Pre-
Processing Methods for the Prediction of Cattle Behaviour from Accelerometer Data. Comput. Electron. Agric. 2019, 165, 104961.
[CrossRef]

5. Rutten, C.; Steeneveld, W.; Vernooij, ].; Huijps, K.; Nielen, M.; Hogeveen, H. A Prognostic Model to Predict the Success of Artificial
Insemination in Dairy Cows Based on Readily Available Data. J. Dairy Sci. 2016, 99, 6764-6779. [CrossRef] [PubMed]

6. Vaidya, S.; Ambad, P; Bhosle, S. Industry 4.0—A Glimpse. Procedia Manuf. 2018, 20, 233-238. [CrossRef]

7. Neethirajan, S. The Role of Sensors, Big Data and Machine Learning in Modern Animal Farming. Sens. Bio-Sens. Res. 2020,
29,100367. [CrossRef]

8.  Almalki, F; Soufiene, B.; Alsambhi, S.; Sakli, H. A Low-Cost Platform for Environmental Smart Farming Monitoring System Based
on IoT and UAVs. Sustainability 2021, 13, 5908. [CrossRef]

9.  Al-Fuqaha, A,; Guizani, M.; Mohammadi, M.; Aledhari, M.; Ayyash, M. Internet of Things: A Survey on Enabling Technologies,
Protocols, and Applications. IEEE Commun. Surv. Tutorials 2015, 17, 2347-2376. [CrossRef]

10. Neethirajan, S.; Kemp, B. Digital Livestock Farming. Sens. Bio-Sens. Res. 2021, 32, 100408. [CrossRef]

11. Jorquera-Chavez, M.; Fuentes, S.; Dunshea, FER.; Jongman, E.C.; Warner, R. Computer Vision and Remote Sensing to Assess
Physiological Responses of Cattle to Pre-Slaughter Stress, and Its Impact on Beef Quality: A review. Meat Sci. 2019, 156, 11-22.
[CrossRef]

12.  Doulgerakis, V.; Kalyvas, D.; Bocaj, E.; Giannousis, C.; Feidakis, M.; Laliotis, G.P.; Patrikakis, C.; Bizelis, . An Animal Welfare
Platform for Extensive Livestock Production Systems. CEUR Workshop Proc. 2019, 2492, 1-7.

13.  Arcidiacono, C.; Porto, S.; Mancino, M.; Cascone, G. Development of a Threshold-Based Classifier for Real-Time Recognition
of Cow Feeding and Standing Behavioural Activities from Accelerometer Data. Comput. Electron. Agric. 2017, 134, 124-134.
[CrossRef]

14. Oudshoorn, F; Cornou, C.; Hellwing, A.; Hansen, H.; Munksgaard, L.; Lund, P,; Kristensen, T. Estimation of Grass Intake

on Pasture for Dairy Cows Using Tightly and Loosely Mounted Di- and Tri-Axial Accelerometers Combined with Bite Count.
Comput. Electron. Agric. 2013, 99, 227-235. [CrossRef]


http://doi.org/10.1371/journal.pone.0210432
https://europa.eu/eurobarometer/surveys/detail/2096
https://commission.europa.eu/about-european-commission/get-involved/past-initiatives/citizens-dialogues/list-citizens-dialogues-events-2015-2019/progress-reports-citizens-dialogues_en
https://commission.europa.eu/about-european-commission/get-involved/past-initiatives/citizens-dialogues/list-citizens-dialogues-events-2015-2019/progress-reports-citizens-dialogues_en
http://doi.org/10.1016/j.compag.2019.104961
http://doi.org/10.3168/jds.2016-10935
http://www.ncbi.nlm.nih.gov/pubmed/27236752
http://doi.org/10.1016/j.promfg.2018.02.034
http://doi.org/10.1016/j.sbsr.2020.100367
http://doi.org/10.3390/su13115908
http://doi.org/10.1109/comst.2015.2444095
http://doi.org/10.1016/j.sbsr.2021.100408
http://doi.org/10.1016/j.meatsci.2019.05.007
http://doi.org/10.1016/j.compag.2017.01.021
http://doi.org/10.1016/j.compag.2013.09.013

Sensors 2023, 23, 3828 19 of 21

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Brennan, J.; Johnson, P.; Olson, K. Classifying Season Long Livestock Grazing Behavior with the Use of a Low-Cost GPS and
Accelerometer. Comput. Electron. Agric. 2021, 181, 105957. [CrossRef]

Schieltz, ].M.; Okanga, S.; Allan, B.F.; Rubenstein, D.I. GPS Tracking Cattle as a Monitoring Tool for Conservation and Management.
Afr. |. Range Forage Sci. 2017, 34, 173-177. [CrossRef]

Evans, ].C.; Dall, S.R.X.; Bolton, M.; Owen, E.; Votier, S.C. Gemeinsame Nahrungssuche Bei Krahenscharben: GPS Ortung Zeigt,
Dass Sich Vogel Benachbarter Kolonien Nahrungsgebiete Teilen. . Ornithol. 2016, 157, 23-32. [CrossRef]

Rivero, M.; Grau-Campanario, P.; Mullan, S.; Held, S.; Stokes, ]J.; Lee, M.; Cardenas, L. Factors Affecting Site Use Preference of
Grazing Cattle Studied from 2000 to 2020 through GPS Tracking: A Review. Sensors 2021, 21, 2696. [CrossRef] [PubMed]
Fontana, I.; Guarino, M. Il punto sulla PIf: Passato, presente e futuro. Inf. Zootec. 2015, 13, 30-35.

Cangar, 0,; Leroy, T.; Guarino, M.; Vranken, E.; Fallon, R.; Lenehan, J.; Mee, J.; Berckmans, D. Automatic Real-Time Monitoring of
Locomotion and Posture Behaviour of Pregnant Cows Prior to Calving Using Online Image Analysis. Comput. Electron. Agric.
2008, 64, 53-60. [CrossRef]

Sherlock, L.; Demmers, T.; Goodship, A.; Mccarthy, I.; Michael Wathes, C. The Relationship between Physical Activity and Leg
Health in the Broiler Chicken. Br. Poult. Sci. 2010, 51, 22-30. [CrossRef] [PubMed]

Pluk, A.; Bahr, C.; Poursaberi, A.; Maertens, W.; van Nuffel, A.; Berckmans, D. Automatic Measurement of Touch and Release
Angles of the Fetlock Joint for Lameness Detection in Dairy Cattle Using Vision Techniques. J. Dairy Sci. 2012, 95, 1738-1748.
[CrossRef]

Tamura, T.; Okubo, Y.; Deguchi, Y.; Koshikawa, S.; Takahashi, M.; Chida, Y.; Okada, K. Dairy Cattle Behavior Classifications Based
on Decision Tree Learning Using 3-Axis Neck-Mounted Accelerometers. Anim. Sci. J. 2019, 90, 589-596. [CrossRef] [PubMed]
Riaboff, L.; Poggi, S.; Madouasse, A.; Couvreur, S.; Aubin, S.; Bédere, N.; Goumand, E.; Chauvin, A.; Plantier, G. Development of
a Methodological Framework for a Robust Prediction of the Main Behaviours of Dairy Cows Using a Combination of Machine
Learning Algorithms on Accelerometer Data. Comput. Electron. Agric. 2020, 169, 105179. [CrossRef]

Peng, Y.; Kondo, N.; Fujiura, T.; Suzuki, T.; Ouma, S.; Wulandari; Yoshioka, H.; Itoyama, E. Dam Behavior Patterns in Japanese
Black Beef Cattle Prior to Calving: Automated Detection Using LSTM-RNN. Comput. Electron. Agric. 2020, 169, 105178. [CrossRef]
Dutta, D.; Natta, D.; Mandal, S.; Ghosh, N. MOOnitor: An IoT Based Multi-Sensory Intelligent Device for Cattle Activity
Monitoring. Sens. Actuators A Phys. 2021, 333, 113271. [CrossRef]

Arablouei, R.; Currie, L.; Kusy, B.; Ingham, A.; Greenwood, P.L.; Bishop-Hurley, G. In-Situ Classification of Cattle Behavior Using
Accelerometry Data. Comput. Electron. Agric. 2021, 183, 106045. [CrossRef]

Marecos, ].T.C.; Utete, S.W. Animal Tracking within a Formation of Drones. In Proceedings of the 2021 IEEE 24th International
Conference on Information Fusion (FUSION), Sun City, South Africa, 1-4 November 2021; pp. 1-8.

Zhou, M.; Elmore, ].A.; Samiappan, S.; Evans, K.O.; Pfeiffer, M.B.; Blackwell, B.E; Iglay, R.B. Improving Animal Monitoring Using
Small Unmanned Aircraft Systems (SUAS) and Deep Learning Networks. Sensors 2021, 21, 5697. [CrossRef]

Bonfanti, M.; Castagnolo, G.; Arcidiacono, C. Preliminary Outcomes of a Low-Power Cow Oestrus Detection System in Dairy
Farms. In Proceedings of the 10th European Conference on Precision Livestock Farming, Vienna, Austria, 29 August-2 September
2022; pp- 753-760.

Porto, S.M.C.; Castagnolo, G.; Valenti, F.; Cascone, G. Kernel Density Estimation Analyses Based on a Low Power-Global
Positioning System for Monitoring Environmental Issues of Grazing Cattle. J. Agric. Eng. 2022, 53, 1323.

Hassan-Vasquez, J.A.; Maroto-Molina, F.; Guerrero-Ginel, J.E. GPS Tracking to Monitor the Spatiotemporal Dynamics of Cattle
Behavior and Their Relationship with Feces Distribution. Animals 2022, 12, 2383. [CrossRef] [PubMed]

Millward, M.F,; Bailey, D.W,; Cibils, A.F.; Holechek, J.L. A GPS-based Evaluation of Factors Commonly Used to Adjust Cattle
Stocking Rates on Both Extensive and Mountainous Rangelands. Rangelands 2020, 42, 63-71. [CrossRef]

Holechek, J.L. An Approach for Setting the Stocking Rate. Rangel. Arch. 1988, 10, 10-14.

Simanungkalit, G.; Barwick, J.; Cowley, E; Dawson, B.; Dobos, R.; Hegarty, R. Use of an Ear-Tag Accelerometer and a Radio-
Frequency Identification (RFID) System for Monitoring the Licking Behaviour in Grazing Cattle. Appl. Anim. Behav. Sci. 2021,
244,105491. [CrossRef]

Benaissa, S.; Tuyttens, F.A.; Plets, D.; Cattrysse, H.; Martens, L.; Vandaele, L.; Joseph, W.; Sonck, B. Classification of Ingestive-
Related Cow Behaviours Using RumiWatch Halter and Neck-Mounted Accelerometers. Appl. Anim. Behav. Sci. 2018, 211, 9-16.
[CrossRef]

Peng, Y.; Kondo, N.; Fujiura, T.; Suzuki, T.; Wulandari; Yoshioka, H.; Itoyama, E. Classification of Multiple Cattle Behavior
Patterns Using a Recurrent Neural Network with Long Short-Term Memory and Inertial Measurement Units. Comput. Electron.
Agric. 2019, 157, 247-253. [CrossRef]

Smith, D.; Rahman, A.; Bishop-Hurley, G.J.; Hills, J.; Shahriar, S.; Henry, D.; Rawnsley, R. Behavior Classification of Cows Fitted
with Motion Collars: Decomposing Multi-Class Classification into a Set of Binary Problems. Comput. Electron. Agric. 2016, 131,
40-50. [CrossRef]

Bailey, D.W.; Lunt, S.; Lipka, A.; Thomas, M.G.; Medrano, J.E; Canovas, A.; Rincon, G.; Stephenson, M.B.; Jensen, D. Genetic
Influences on Cattle Grazing Distribution: Association of Genetic Markers with Terrain Use in Cattle. Rangel. Ecol. Manag. 2015,
68, 142-149. [CrossRef]


http://doi.org/10.1016/j.compag.2020.105957
http://doi.org/10.2989/10220119.2017.1387175
http://doi.org/10.1007/s10336-015-1241-2
http://doi.org/10.3390/s21082696
http://www.ncbi.nlm.nih.gov/pubmed/33920437
http://doi.org/10.1016/j.compag.2008.05.014
http://doi.org/10.1080/00071660903460637
http://www.ncbi.nlm.nih.gov/pubmed/20390566
http://doi.org/10.3168/jds.2011-4547
http://doi.org/10.1111/asj.13184
http://www.ncbi.nlm.nih.gov/pubmed/30773740
http://doi.org/10.1016/j.compag.2019.105179
http://doi.org/10.1016/j.compag.2019.105178
http://doi.org/10.1016/j.sna.2021.113271
http://doi.org/10.1016/j.compag.2021.106045
http://doi.org/10.3390/s21175697
http://doi.org/10.3390/ani12182383
http://www.ncbi.nlm.nih.gov/pubmed/36139243
http://doi.org/10.1016/j.rala.2020.04.001
http://doi.org/10.1016/j.applanim.2021.105491
http://doi.org/10.1016/j.applanim.2018.12.003
http://doi.org/10.1016/j.compag.2018.12.023
http://doi.org/10.1016/j.compag.2016.10.006
http://doi.org/10.1016/j.rama.2015.02.001

Sensors 2023, 23, 3828 20 of 21

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

Riaboff, L.; Couvreur, S.; Madouasse, A.; Roig-Pons, M.; Aubin, S.; Massabie, P.; Chauvin, A.; Bédere, N.; Plantier, G. Use of
Predicted Behavior from Accelerometer Data Combined with GPS Data to Explore the Relationship between Dairy Cow Behavior
and Pasture Characteristics. Sensors 2020, 20, 4741. [CrossRef]

Dutta, R.; Smith, D.; Rawnsley, R.; Bishop-Hurley, G.; Hills, J.; Timms, G.; Henry, D. Dynamic Cattle Behavioural Classification
Using Supervised Ensemble Classifiers. Comput. Electron. Agric. 2015, 111, 18-28. [CrossRef]

McGavin, S.L.; Bishop-Hurley, G.J.; Charmley, E.; Greenwood, P.L.; Callaghan, M.]. Effect of GPS Sample Interval and Paddock
Size on Estimates of Distance Travelled by Grazing Cattle in Rangeland, Australia. Rangel. ]. 2018, 40, 55. [CrossRef]

Tangorra, EM.; Calcante, A.; Marchesi, G.; Nava, S.; Lazzari, M. Design and Testing of a GPS/GSM Collar Prototype to Combat
Cattle Rustling. J. Agric. Eng. 2013, 44, €10. [CrossRef]

Maroto-Molina, F; Navarro-Garcia, J.; Principe-Aguirre, K.; Gémez-Maqueda, 1.; Guerrero-Ginel, J.E.; Garrido-Varo, A,;
Pérez-Marin, D.C. A Low-Cost IoT-Based System to Monitor the Location of a Whole Herd. Sensors 2019, 19, 2298. [CrossRef]
[PubMed]

Andriamandroso, A.L.H.; Lebeau, F.; Beckers, Y.; Froidmont, E.; Dufrasne, I.; Heinesch, B.; Dumortier, P.; Blanchy, G.; Blaise, Y.;
Bindelle, J. Development of an Open-Source Algorithm Based on Inertial Measurement Units (IMU) of a Smartphone to Detect
Cattle Grass Intake and Ruminating Behaviors. Comput. Electron. Agric. 2017, 139, 126-137. [CrossRef]

Porto, S.M.C.; Giulia, C.; Massimo, M.; Dominga, M.; Giovanni, C. On the Determination of Acceleration Thresholds for the Automatic
Detection of Cow Behavioural Activities in Extensive Livestock Systems; Springer International Publishing: Cham, Switzerland, 2022;
Volume 252 LNCE.

Castagnolo, G.; Mancuso, D.; Palazzo, S.; Spampinato, C.; Porto, S.M.C. Cow Behavioural Activities Classification by Convolu-
tional Neural Networks. In Proceedings of the 10th European Conference on Precision Livestock Farming, Vienna, Austria, 29
August-2 September 2022; pp. 48-55.

Gonziélez, L.; Bishop-Hurley, G.; Handcock, R.; Crossman, C. Behavioral Classification of Data from Collars Containing Motion
Sensors in Grazing Cattle. Comput. Electron. Agric. 2014, 110, 91-102. [CrossRef]

Cabezas, J.; Yubero, R.; Visitacién, B.; Navarro-Garcia, J.; Algar, M.].; Cano, E.L.; Ortega, F. Analysis of Accelerometer and GPS
Data for Cattle Behaviour Identification and Anomalous Events Detection. Entropy 2022, 24, 336. [CrossRef]

Castagnolo, G.; Mancuso, D.; Valenti, F; Porto, S.M.C.; Cascone, G. IoT Technologies for Herd Management. In Proceedings of
the 12th International AIIA Conference, Palermo, Italy, 19-22 September 2022.

Xu, H; Li, S.; Lee, C.; Ni, W.; Abbott, D.; Johnson, M.; Lea, ].M.; Yuan, J.; Campbell, D.L.M. Analysis of Cattle Social Transitional
Behaviour: Attraction and Repulsion. Sensors 2020, 20, 5340. [CrossRef] [PubMed]

Riaboff, L.; Shalloo, L.; Smeaton, A.; Couvreur, S.; Madouasse, A.; Keane, M. Predicting Livestock Behaviour Using Accelerometers:
A systematic Review of Processing Techniques for Ruminant Behaviour Prediction from Raw Accelerometer Data. Comput.
Electron. Agric. 2021, 192, 106610. [CrossRef]

Arcidiacono, C.; Mancino, M.; Porto, S. Moving Mean-Based Algorithm for Dairy Cow’s Oestrus Detection from Uniaxial-
Accelerometer Data Acquired in a Free-Stall Barn. Comput. Electron. Agric. 2020, 175, 105498. [CrossRef]

Mattachini, G.; Riva, E.; Perazzolo, F,; Naldi, E.; Provolo, G. Monitoring Feeding Behaviour of Dairy Cows Using Accelerometers.
J. Agric. Eng. 2016, 47, 54-58. [CrossRef]

Shen, W.; Cheng, F.; Zhang, Y.; Weizheng, S.; Fu, Q.; Zhang, Y. Automatic Recognition of Ingestive-Related Behaviors of Dairy
Cows Based on Triaxial Acceleration. Inf. Process. Agric. 2019, 7, 427-443. [CrossRef]

Tian, F; Wang, J.; Xiong, B.; Jiang, L.; Song, Z.; Li, F. Real-Time Behavioral Recognition in Dairy Cows Based on Geomagnetism
and Acceleration Information. IEEE Access 2021, 9, 109497-109509. [CrossRef]

Hou, S.; Cheng, X.; Shi, L.; Zhang, S. Study on Individual Behavior of Dairy Cows Based on Activity Data and Clustering. In
Proceedings of the ACM International Conference Proceeding Series; Association for Computing Machinery: New York, NY, USA, 2020;
pp. 210-216.

Balasso, P.; Marchesini, G.; Ughelini, N.; Serva, L.; Andrighetto, I. Machine Learning to Detect Posture and Behavior in Dairy
Cows: Information from an Accelerometer on the Animal’s Left Flank. Animals 2021, 11, 2972. [CrossRef]

Benaissa, S.; Tuyttens, F.A.; Plets, D.; de Pessemier, T.; Trogh, J.; Tanghe, E.; Martens, L.; Vandaele, L.; Van Nuffel, A.; Joseph, W.;
et al. On the Use of On-Cow Accelerometers for the Classification of Behaviours in Dairy Barns. Res. Vet. Sci. 2019, 125, 425-433.
[CrossRef]

Nogoy, KM.C.; Chon, S.-i.; Park, J.-h.; Sivamani, S.; Lee, D.-H.; Choi, S.H. High Precision Classification of Resting and Eating
Behaviors of Cattle by Using a Collar-Fitted Triaxial Accelerometer Sensor. Sensors 2022, 22, 5961. [CrossRef]

Aquilani, C.; Confessore, A.; Bozzi, R.; Sirtori, F.; Pugliese, C. Review: Precision Livestock Farming technologies in pasture-based
livestock system. Animal 2022, 16, 1. [CrossRef]

Herlin, A.; Brunberg, E.; Hultgren, ]J.; Hogberg, N.; Rydberg, A.; Skarin, A. Animal Welfare Implications of Digital Tools for
Monitoring and Management of Cattle and Sheep on Pasture. Animals 2021, 11, 829. [CrossRef] [PubMed]

Raizman, E.; Rasmussen, H.B.; King, L.; Inwagi, F; Douglas-Hamilton, I. Feasibility Study on the Spatial and Temporal Movement
of Samburu’s Cattle and Wildlife in Kenya Using GPS Radio-Tracking, Remote Sensing and GIS. Prev. Vet. Med. 2013, 111, 76-80.
[CrossRef] [PubMed]

Qadir, Q.M.; Rashid, T.A.; Al-Salihi, N.K.; Ismael, B.; Kist, A.A.; Zhang, Z. Low Power Wide Area Networks: A Survey of Enabling
Technologies, Applications and Interoperability Needs. IEEE Access 2018, 6, 77454-77473. [CrossRef]


http://doi.org/10.3390/s20174741
http://doi.org/10.1016/j.compag.2014.12.002
http://doi.org/10.1071/RJ17092
http://doi.org/10.4081/jae.2013.201
http://doi.org/10.3390/s19102298
http://www.ncbi.nlm.nih.gov/pubmed/31109042
http://doi.org/10.1016/j.compag.2017.05.020
http://doi.org/10.1016/j.compag.2014.10.018
http://doi.org/10.3390/e24030336
http://doi.org/10.3390/s20185340
http://www.ncbi.nlm.nih.gov/pubmed/32961892
http://doi.org/10.1016/j.compag.2021.106610
http://doi.org/10.1016/j.compag.2020.105498
http://doi.org/10.4081/jae.2016.498
http://doi.org/10.1016/j.inpa.2019.10.004
http://doi.org/10.1109/ACCESS.2021.3099212
https://doi.org/10.3390/ani11102972
https://doi.org/10.1016/j.rvsc.2017.10.005
https://doi.org/10.3390/s22165961
http://doi.org/10.1016/j.animal.2021.100429
http://doi.org/10.3390/ani11030829
http://www.ncbi.nlm.nih.gov/pubmed/33804235
http://doi.org/10.1016/j.prevetmed.2013.04.007
http://www.ncbi.nlm.nih.gov/pubmed/23711505
http://doi.org/10.1109/ACCESS.2018.2883151

Sensors 2023, 23, 3828 21 of 21

65.
66.

67.

68.

Gomez, C.; Veras, J.C.; Vidal, R.; Casals, L.; Paradells, J. A Sigfox Energy Consumption Model. Sensors 2019, 19, 681. [CrossRef]
Mekki, K.; Bajic, E.; Chaxel, F.; Meyer, E. A comparative study of LPWAN Technologies for Large-Scale IoT Deployment. ICT
Express 2019, 5, 1-7. [CrossRef]

Barbari, M.; Conti, L.; Koostra, B.; Masi, G.; Guerri, ES.; Workman, S. The Use of Global Positioning and Geographical Information
Systems in the Management of Extensive Cattle Grazing. Biosyst. Eng. 2006, 95, 271-280. [CrossRef]

Navarro, J.; de Diego, LM.; Fernandez-Isabel, A.; Ortega, F. Fusion of GPS and Accelerometer Information for Anomalous
Trajectories Detection. In Proceedings of the ACM International Conference Proceeding Series, Vienna, Austria, 10-12 January
2019; Association for Computing Machinery: New York, NY, USA, 2019; pp. 52-57.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://doi.org/10.3390/s19030681
http://doi.org/10.1016/j.icte.2017.12.005
http://doi.org/10.1016/j.biosystemseng.2006.06.012

	Introduction 
	Materials and Methods 
	Animals Considered in the Review 
	Behavioural Activities Monitoring 
	Devices 
	GPS-Based Monitoring Systems 
	Accelerometer-Based Monitoring Systems 
	GPS and Accelerometer Combined Systems 

	Sampling Rate and Data Collection 
	GPS-Based Monitoring Systems 
	Accelerometer-Based Monitoring Systems 
	GPS and Accelerometer Combined Systems 

	Data Analysis 
	GPS-Based Monitoring Systems 
	Accelerometer-Based Systems 
	GPS and Accelerometer Combined Systems 


	Discussion 
	Conclusions 
	References

