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Technology for monitoring behaviour and health of horses has evolved significantly, presenting new opportu-
nities and challenges in equine management and healthcare. This scoping review consolidates recent findings on
wearable sensors and non-contact technologies, discussing their benefits and limitations. Among these ad-
vancements, heart rate monitors stand out as a key point in equine monitoring. By tracking heart rate variability,
devices help monitor cardiac autonomic regulation, optimise training regimens and allow early detection of
cardiac issues, although accuracy can be compromised by inadequate placement or signal interference. Beyond
heart rate monitors, wearable biometric sensors and smart stable systems are revolutionising equine care. Bio-
metric sensors track vital signs, temperature, and activity levels, offering continuous monitoring of health data.
However, challenges remain regarding data accuracy, device durability, and integration with existing systems.
Non-contact technology like computer vision provides a non-invasive method of analysing images and videos to
detect horses, recognise specific features and track movement over time. This technology helps monitor
behavioural patterns, social interactions, and overall activity. In conclusion, the application of wearable and
remote monitoring technologies has shown specific benefits in supporting equine welfare. This review presents
an overview of current sensors that support daily horse management and promote animal health through the
detection of behavioural changes. These metrics could prevent the development of more serious issues. However,
addressing limitations such as accuracy, reliability, and privacy concerns is essential. Scientific validation is
necessary for guaranteeing the effectiveness of these systems and to maximise their potential to improve equine
health and performance.

1. Introduction

In recent years, animal welfare has become a topic of increasing
interest, evolving into an issue of scientific, regulatory and ethical sig-
nificance. This has stimulated intense research and development in a
variety of areas, including laboratories, farms, zoos, companion animals
and working animals. The increased attention reflects a growing
awareness of the need to improve the living conditions of animals while
promoting environmental sustainability [1-4]. Animal welfare is
defined as a multidimensional concept that includes the physical and
mental state of animals, reflected in their ability to adapt to environ-
mental conditions and meet their natural needs, as determined by their
genetic and behavioural traits [5-7]. This broad concept includes both
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negative aspects, such as fear and stress, and positive aspects, such as
comfort and satisfaction [6,7]. In equines, welfare assessment is still a
challenge, given the complexity of integrating multiple indicators into a
representative framework [5,7,8].

Traditionally, equine welfare has been assessed through direct ob-
servations and physical indicators such as body condition or the pres-
ence of injuries and physiological indicators such as blood
concentrations of cortisol. Although useful, these approaches have sig-
nificant limitations, including time needed for the assessment, necessity
of training new assessors for ensuring reliable evaluation and inability to
ensure continuous monitoring [9,10]. These limitations have led to an
increasing exploration of innovative technologies for monitoring equine
welfare. Over the past 15 years, the introduction of advanced
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technologies, such as wearable sensors and non-contact systems, has
partially filled gaps in clinical practice. These tools, through continuous
and non-invasive monitoring, allow for the collection of physiological
and behavioural data, which can support detection of clinical issues
[11]. However, despite significant advantages over traditional methods,
even these technologies are not without limitations [3,9,12]. These
technologies still face limitations in terms of measurement accuracy and
the restricted range of variables that can be monitored in both an animal
and user-friendly manner. Moreover, these issues include battery life,
often prohibitive costs, and the need for significant storage space for
collected data. In addition, issues related to animal comfort and sus-
ceptibility to environmental factors (e.g., physical obstacles, tempera-
ture, and humidity) pose additional challenges to their in-field
application [13,14]. This scoping review, conducted according to the
PRISMA Extension for Scoping Reviews (PRISMA-ScR) guidelines, aims
to map and summarise currently available technologies for monitoring
equine behaviour and welfare. We describe their operational charac-
teristics, applications, accuracy, and limitations of these technologies,
with a specific focus on two key aspects: validity and applicability.
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2. Scoping review methodology
2.1. Search strategy, inclusion and exclusion criteria

The investigation approach for this literature review was based on
the PRISMA Extension for Scoping Reviews (PRISMA-ScR) standards
[15]. Using Web of Science, ScienceDirect, and Scopus databases, we
carried out an extensive bibliographic search with a specific focus on the
areas “Article title”, “Abstract”, and “Keywords” search fields. No
geographic or temporal restrictions were applied during the searches.

The search criteria for the title, abstract, and keywords were as fol-
lows: ("equine" OR '"horse" OR '"horses") AND ('monitoring" OR
"tracking" OR "sensor" OR "wearable" OR "technology" OR "smart device"
OR "health monitoring" OR "physiological monitoring") AND (one of the
search combinations listed below):

1. (“heart rate” OR “cardiac activity” OR “pulse™)
2. (“respiratory rate” OR “breathing rate” OR “respiration”)
. (“temperature sensors” OR “infrared” OR “body temperature” OR
“core temperature”)
4. (“accelerometer” OR “activity sensor” OR “motion sensor” OR
locomotion sensor™)
5. (“GPS” OR “tracking system”)

w
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Fig. 1. Evidence selection flow diagram of database search, screening and inclusion (adapted from PRISMA-ScR [15]).
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6. (“sound” AND “sensor’)
7. (“vision” AND “camera”) OR ("computer vision" OR "image analysis"
OR "machine vision" OR "pattern recognition").

This first search led to the identification of 414 studies covering the
period from 1995 to 2024. After removing duplicate entries, the total
was reduced to 383. A Python script was used to process the data,
remove duplicates, and save the final file in .csv format. Once the search
in the database was completed, only peer-reviewed articles published in
UK or US English, conference abstracts, and book chapters that
described, evaluated, or applied technologies for equine monitoring
were included. In line with scoping review methodology, no restrictions
were applied by study design. Exclusion criteria also applied to research
not addressing technology development or validation. The literature
considered in this study was published up until 2024, which marks the
conclusion of the search process. The full texts of the selected papers
were then examined to confirm that they corresponded to our inclusion
criteria, resulting in 115 publications determined to be pertinent for this
evaluation. The selection procedure is presented in Fig. 1. using
PRISMA-ScR principles.

2.2. Technologies identified and monitored parameters

Several devices used for the physiological and behavioural moni-
toring of horses were identified and analysed, categorised based on
technology and type of application. These technologies were divided
into two main categories: wearable and non-wearable. Wearable devices
include technology for measuring heart rate, heart rate variability, res-
piratory rate, accelerometers and GPS devices. Non-wearable devices
involve technologies such as microphones and computer vision
algorithms.

3. Results and discussion

Following this selection process, a total of 115 documents were
selected for in-depth analysis and their findings are incorporated into
the later sections of the present review. This timeline reveals a rising
trend in the number of publications over the years, reaching its peak in
the years from 2021 to 2023, and still increasing, although the number
of references for 2024 may be incomplete. The rise in publications from
2020 appears to be associated with the increasing scientific interest in
machine learning, computer vision and deep learning. Reflecting this
trend, the present review includes around 20 articles published since
2020 focusing on these technologies.

Fig. 2 illustrates a detailed visualization of the temporal distribution
of these studies, starting from 1995.

Additionally, Fig. 3 shows the temporal network map of the most
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frequently used keywords in studies focusing on the application,
development and evaluation of technologies in the field of equine sci-
ence over the last 10 years. The size of the nodes corresponds to the
frequency of occurrences, while different colours indicate the years in
which these keywords were most cited. As can be seen from the figure,
recent trends appear to indicate a growing interest in research exploring
machine learning, computer vision and Precision Livestock Farming
(PLF) systems.

Geographically, the sensors reviewed were developed mostly in the
United States and Europe. Overall, 42 different technologies were
identified through the literature search. In detail, among the wearable
devices, 7 were designed for measuring heart rate, 6 for estimating heart
rate variability, calculated from heart rate (HR) or BP data, with some
devices using electrocardiography (ECG) recordings and others using
optical or other sensors, 18 for measuring body temperature, 11 for
accelerometers and 4 for GPS devices. On the other hand, non-wearable
devices include 3 microphones and 15 convolutional neural network
(CNNs) or related datasets, most of which rely on camera or other vision-
based acquisition systems for image or video analysis.

This classification introduces the next sections of the review, where
wearable and non-wearable technologies were discussed. Fig. 4 illus-
trates the countries of origin of the majority of the sensors listed in the
review. Most providers are based in the United States (n = 18) and
United Kingdom (n = 5), followed by Finland (n = 2), France (n = 2) and
Japan (n = 2). Other providers from other countries, such as Ireland,
Canada, Taiwan, Netherlands, Sweden and Switzerland have only one
technology recognised.

3.1. Wearable devices

3.1.1. Heart rate and respiratory rate sensors

A total of 19 articles were analysed in this section, from which we
reported 12 devices relevant to this specific area of application.

Heart rate sensors are essential tools for monitoring the cardiac
autonomic regulation and identifying changes in the physiological stress
response in horses over time. They allow the capture of dynamic fluc-
tuations influenced by environmental and individual factors [16,17].
However, collecting accurate HR data requires careful sensor placement
and continuous quality control. These sensors have demonstrated sig-
nificant potential in improving veterinary monitoring practices, as they
can provide valuable insights into the horses’ overall health in response
to various stimuli [18,19]. In equine applications, there are different
heart rate sensors including ECG sensors, photoplethysmography (PPG)
sensors, and accelerometer-based sensors [18]. ECG sensors detect the
electrical activity of the heart using electrodes placed on the horse’s
body, providing comprehensive ECG waveforms, HR, and heart rate
variability (HRV) [20]. These tools are primarily used for diagnosing
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Fig. 2. Temporal trend of the papers included in the review.
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Fig. 3. Temporal network map of the most used keywords as extracted by the papers included in the review. The size of each node increases based on frequency of
appearances while the different colours represent the years with the highest occurrences.
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Fig. 4. Geographical origins of the PLF technologies included in the paper.

arrhythmias and other cardiac conditions. They also play a valuable role
in research to better understand the horse’s physiological stress
response, including both detrimental chronic stress and beneficial
eustress, such as that experienced during controlled training challenges,
playful social interactions and novel but manageable experiences that
build confidence without overwhelming the horse and emotional con-
ditions through HRV analysis [16,21]. Indeed, HR and HRV data can
provide information on cardiac autonomic regulation, which is influ-
enced by multiple factors including stress, pain, physical activity, low
physical condition, lameness, among others, and may support welfare
assessment [22]. HRM (Heart Rate Monitoring) technology utilised in

devices such as the Polar V800 and Actiheart 5, can provide inter-beat
interval data. However, accuracy can be affected by movement arte-
facts, caused by sensor displacement relative to the skin. The Actiheart 5
records a full ECG waveform and allows manual correction of beat
misidentifications, whereas the Polar V800 requires a 0.4 artefact
correction to maximise data availability [23]. Sensors such as the Polar
H10, which employ electrodes to capture data on the intervals between
heartbeats, may also be used to monitor HRV in horses [16]. Similarly,
PPG is a non-invasive approach that utilises a light source and a
photodetector. The light source illuminates the skin tissue when the
sensor activates and the photodetector captures reflected light from the
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tissue, allowing it to detect changes in light absorption and thus blood
volume alterations [19]. Wearable devices based on PPG technology
have gained popularity in recent years since they can be produced with
less expensive hardware rather than ECG [17]. The optical evaluation
carried out by PPG devices requires two components: light-emitting
diode (LED) and photodetector. Nevertheless, these elements must be
placed closely to each other in contrast to ECG readings to prevent light
dispersion, which would otherwise reduce the recorded signal [17].
Currently, there are several types of sensors available for measuring HR.
An additional sensor that provides detailed data on the animal’s health
and performance is the Equimetre™, which is a device that assesses the
horse’s performance and assists in detecting any potential anomalies
through heart rate monitoring [24,25]. It is a sensor that utilises a single
lead electrocardiogram to monitor horses during exercise and has been
shown to generate ECG recordings with fewer motion artefacts than
those obtained from other devices [24]. Recent studies are developing
smart textiles, such as chest strap with woven electrodes, designed to
detect ECG signals and compared with the Televet™ telemetry system,
which is considered the gold standard [26]. The electrodes provide good
conductivity without the need to use invasive conductive gels [26].
Understanding the heart rate response to exercise allows trainers to
optimise training programs so that horses are trained efficiently without
overexertion, improving performance and avoiding injuries [27].

Other parameters that can be observed to improve horse welfare are
those of respiratory rate and rhythm. Respiratory sensors support the
diagnosis and monitoring of respiratory conditions using various tech-
nologies. Among these, millimeter-wave radar sensors are a recently
developed method capable of detecting respiration with a contactless
method, as demonstrated by [28] for detecting respiration in standing
position and facilitating accuracy even in the presence of body move-
ments. Among the main sensor models, forced oscillation technique
(FOT) [29] represents a portable device that generates pressure oscil-
lations using a servo-controlled ventilator. This technique allows for
non-invasive measurement of respiratory resistance and reactance dur-
ing spontaneous breathing in horses. In addition to FOT, piezoelectric
sensors detect pressure variations across thorax to monitor subtle res-
piratory changes, while impedance sensors, such as those used by [30],
measure lung ventilation based on changes in electrical conductivity.
These are ideal in clinical assisted ventilation settings. Additionally,
[31] contributed by creating a spirometry device with CO flow sensors
capable of managing large volumes of respiratory flow in anaesthetised
horses. Furthermore, advanced diagnostic technologies such as elec-
trical impedance tomography and impulse oscillation system allow
detection of airway obstruction and analyse respiratory mechanics in
detail, as reported by [32].

3.1.1.1. Accuracy and reliability. Many of the sensors assessing equine
health parameters such as HR, HRV, respiration rate (RR), and ventila-
tion of the lungs have been validated in various studies under different
activity levels [16,18,20,22,24,25,28,29]. For example, validation of
the Polar H10 ECG sensor was reported against telemetric ECG (Tele-
vet™ system), with comparable HR and HRV measurements during
groundwork activity, with no significant differences for HR, SDNN, or
RMSSD after artefact correction [16]. The Maxim integrated MAX30102
PPG sensor was reported as validated for HR monitoring against
ECG-derived heart rate during rest and light movement, achieving 94 %
accuracy in resting horses [18]. The 12-lead ECG system was used as a
comparative benchmark alongside multiple wearable ECG devices dur-
ing rest and submaximal exercise; while not explicitly labelled as a
reference standard, it served as a methodological benchmark for
arrhythmia and HRV analysis [20]. The Horse Wearable Systems (HWS)
ECG was used in horses to assess HRV during rest and human-horse
interaction, with high signal quality (< 0.15 % manual R-peak correc-
tion) sufficient for Kubios-based analysis, although no direct validation
against an external gold standard was conducted in the same study [22].
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The Polar V800 and Actiheart 5 ECG sensors were reported to provide
reported to provide HRV estimates closely aligned with the Televet™
100 ECG in horses at rest, during stationary conditions, achieving
intraclass correlation coefficients (ICC) > 0.99 and HR bias < 0.2 bpm
[23]. However, there are some limitations regarding Horsepal sensors in
the measurement of heart rate as this device was not validated so far.
The Equimetre™ sensor was reported as validated when compared to
the Televet™ ECG system in two studies: the first confirming strong
correlation for HR (r = 0.992) and excellent concordance for HRV (Lin’s
concordance = 0.998) during high intensity exercise [25], and the sec-
ond demonstrating high sensitivity (~ 95 %) and specificity (~ 99 %) in
detecting arrhythmia during exercise [24,25]. The Skiin Equine sensor
has also been reported as viable for HR and HRV tracking in horses at
rest and during submaximal exercise, demonstrating strong agreement
with the gold standard Televet™ ECG system, with a mean HR bias of
0.31 bpm and correlation coefficients above 0.87 for HRV parameters
[26]. When monitoring the respiratory rate, satisfactory validation was
reported for the MIMO radar, which showed strong correlation (r >
0.95) and a mean absolute error of approximately 1 breath/min when
compared with thermal imaging in standing horses [28]. The FOT device
was also validated through a pilot study in both healthy and asthmatic
horses, showing significant differentiation in respiratory mechanics,
good tolerability and a maximum invitro measurement error of 0.06
cmH20-s/L for reactance [29]. As for the tidal volume, studies on the
Electrical Impedance Tomography (EIT) sensor have demonstrated its
utility in assessing pulmonary ventilation distribution during alveolar
recruitment manoeuvres under anaesthesia, accurately detecting
optimal ventilation with minimal overdistention between PEEP 17 and
12 c¢cmH20, alongside significant improvements in compliance and
oxygenation [30]. In addition, a novel CO2 flow-based spirometry sys-
tem was reported to show limits of agreement within —1 % to +2 % in
vitro and within +10 % in vivo for clinically relevant tidal volumes in
anaesthetised horses [31]. Finally, a review of I0S, EIT and spirometry
studies supports their validated application in measuring airway resis-
tance, reactance, ventilation, and perfusion in equine diagnostics [32].
Taken together, these observations map a range of these sensors’ tech-
nologies that have been reported across multiple domains of the equine
health and welfare assessment.

3.1.1.2. Applicability. In the analysed sensor stock, 54 % of the sensors
(including Polar H10, Max30102 PPG, Polar V800, Actiheart 5, Equi-
metre™, Skiin Equine) were reported as suitable for field and controlled
stable setting (e.g., prepared soil or barn) use [16,18,23,26,33]. In
contrast, 46 % of the sensors, such as 12-lead ECG, HWS, EIT, MIMO
radar, FOT, and CO5 flow systems, were described as being used mainly
in experimental settings (e.g., laboratories, stables and clinics) [20,22,
28-32]. All sensors were noted to be sensitive to animal movement,
leading to artefacts, and were affected by environmental conditions (e.
g., humidity, sweating, sunlight), particularly for Polar H10, HWS,
Equimetre™, EIT, Skiin Equine [16,22,24,25,30,32]. The MAX30102
PPG was reported as susceptible to interference with ambient light [18].
EIT and 12-lead ECG were noted to require skin preparation and
conductive gel, to ensure optimal performance [16,20,30,32], on the
contrary for the MAX30102 PPG which are without electrodes and
conductive wires and consequently easier to apply [18]. Additional
limiting factors included high cost [26,30,32] and rechargeable lithium
battery with limited operational runtime (8-13 h); especially for Acti-
heart 5, that required frequent recharging [18,23]. Table 1 summarises
the sensors cited in this subsection.

3.1.2. Temperature sensors

This paragraph includes 23 articles and reports 19 devices pertinent
to this area.

Heat stress is a significant performance and welfare concern for a
wide range of animals [13,14,34-36] including horses [37]. Indeed,
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Table 1
Summary of studies validating heart rate and respiratory rate monitoring technologies.
Sensor Parameters Validation context and conditions Applicability Limitations References
monitored
Polar H10 ECG HR & HRV Compared with Televet™ ECG during Applied for HR and HRV Sensitive to environmental conditions and ~ [16]
groundwork; no significant differences for ~ monitoring in short-term or movement; requires skin preparation and
HR, SDNN, or RMSSD after artifact controlled field applications; use of gel
correction limited applicability for long-term
continuous monitoring
Maxim HR Compared with ECG at rest and light Used for HR monitoring (94 % Sensitive to environmental conditions (e. [18]
integrated movement; 94 % accuracy in resting horses  accuracy in resting horses), field g., sunlight) and tail movements; limited
MAX30102 usable (wireless); effective for battery autonomy
PPG real-time monitoring
12-lead ECG HR & HRV Evaluated methodological benchmark Used for HR and HRV detection in Requires animal restraint; sensitive to [20]
alongside multiple wearable ECG devices experimental settings movement and environmental electrical
during rest and submaximal exercise for interactions; requires skin preparation,
arrhythmia and HRV analysis limited recording time
Horse Wearable HRV Tested for HRV analysis (Kubios); high Reported as suitable for Sensitive to humidity and movement [22]
Systems signal quality (<0.15 % manual R-peak monitoring in specific
(HWS) ECG correction); no direct validation against experimental settings
gold standard in same study
Polar V800 and HRV Compared with Televet™ ECG during Applied for HRV measurement in Sensitive to movement (both devices); [23]
Actiheart 5 stationary rest (including dysrhythmic resting horses (both devices) does not provide full ECG trace (Polar
ECG horses); ICC > 0.99 and HR bias < 0.2 bpm V800); sensitivity to artefacts (v800
mostly); rechargeable lithium battery (13
h) (Actiheart 5 primarily); relatively
economical (both devices)
Equimetre™ HR & HRV Compared with Televet™ ECG in two Used in experimental settings (e. Sensitive to movement and to [24,25]
studies: (1) strong HR correlation (r = g., research and monitoring); environmental extreme conditions; ability
0.992) and HRV concordance (Lin’s = effective for HR and HRV to record only one lead; expensive
0.998) during high-intensity exercise; (2) measurement
arrhythmia detection sensitivity ~95 %,
specificity ~99 % during exercise
Skiin Equine HR & HRV Compared with Televet™ ECG during rest ~ Used for routine or prolonged low-  Sensitive to movement (especially during [26]
Smart Textile and submaximal exercise; mean HR bias intensity monitoring; useful for galloping); expensive; Sensitive to
0.31 bpm; HR correlation r = 0.9993; HRV  controlled stable setting (e.g., environmental conditions (e.g., humidity,
correlations > 0.87 prepared soil or barn) wind)
MIMO radar RR Compared with thermal imaging in Applied in experimental settings Sensitive to any body movement; [28]
standing horses; r > 0.95; mean absolute (e.g., laboratories, stables and expensive; complex positioning and
error ~ 1 breath/min clinics) configuration
FOT device RR Validated in vitro (max error: 0.06 Reported as feasible in real-time Manual data review required; complex [29]
c¢mH:0-s/L for reactance) and in pilot monitoring calibration; depends on correct mask
study with healthy and SEA horses placement
EIT Pulmonary Compared during mechanical ventilation Used for advanced analysis of lung  Sensitive to movement and to changes in [30]
ventilation and recruitment manoeuvres; accurately ventilation chest pressure or irregular breathing;
detected optimal ventilation with minimal expensive; complex positioning
overdistention between PEEP 17-12
cmHz0; improved compliance and
oxygenation
CO2 flow sensor  Respiratory Compared with reference spirometry in Applied in clinical and May cause discomfort (high respiratory [31]

tidal volume

anaesthetised horses; limits of agreement
—1 % to +2 % in vitro; within +10 % in
vivo for clinically relevant tidal volumes

experimental settings

resistance); sensitive to movement

equine athletes rely deeply on the thermoregulation mechanism [37].
Sustaining prolonged periods of intense competition can lead to the
accumulation of excess metabolic heat in horses, which may reach
potentially dangerously high core temperature [37,38]. While temper-
ature sensors are useful for detecting critical increases in core body
temperature, it should be noted that by the time these changes are
measurable, the horse has already expended substantial metabolic en-
ergy to thermoregulate. For this reason, it is ideal to use temperature
sensors in combination with other tools, such as heart rate monitors.
Temperature sensors used for core body temperature monitoring are
generally thermocouples, thermistors [39], or infrared thermography
(IRT). Thermistors are typically preferred over thermocouples due to
their higher sensitivity, stability and minimal need for calibration [39].
Moreover, they are largely resistant to interference from external envi-
ronmental factors such as fluid density or pressure. Although thermis-
tors’ response time is rapid, typically within seconds, the detection of
core body temperature changes is determined by the device sampling
intervals, which is often set at 10 minutes in rumen monitoring appli-
cations [39]. IRT sensors, by contrast, are typically used remotely and

have attracted the greatest interest in research on equines [40-43].
These devices can be used to detect temperature variations on the
horse’s skin, which is influenced by the underlying tissue metabolism
and local blood circulation. Consequently, abnormal thermal patterns
are the outcome of the alterations in physiological activity [44,42]. re-
ported that a temperature difference of > 1.25°C between contralateral
limbs can indicate subclinical inflammation. These sensors have the
advantage of not being intrusive to the animal and being able to measure
the surface skin temperature of horse both before and after activity [37].
When there is an excess of inflammation, changes occur in the cutaneous
blood flow and sweating patterns. A thermographic study on the thor-
acolumbar area in horses has been shown to detect heat distribution
changes with a scoring system achieving 61.7 % sensitivity and 90.2 %
specificity in detecting musculoskeletal stress in horses after leisure
riding [45]. Several studies have shown that these sensors can be
effectively used to assess fever or stress in horses by measuring ocular
temperature [46-48]. Additionally, IRT readings have been correlated
with blood lactate concentrations, a recognised and objective
biochemical parameter for assessing a horse’s physiological and
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metabolic responses to exercise-induced stress, offering information on
muscle workload, energy metabolism and thermoregulatory dynamics
[49].

Thermocouples work through the Seebeck effect, which is the pro-
cess of joining two dissimilar metal wires at both ends and exposing
them to varying temperatures to produce a small thermoelectric current
[50]. Investigations, such as those by [51-53], have used thermocouples
by inserting them in different locations of the horse’s body, including the
pulmonary artery, rectum, and middle gluteal muscle. Furthermore,
studies on cold treatment methods for equine digits have utilised ther-
mocouples to monitor temperatures in the digital lamina and venous
system, providing insights into the efficacy of different cooling pro-
cedures in treating inflammation and laminitis [52].

A telemetry-based temperature sensor can transmit data to a remote
receiver through radio or electromagnetic signals when placed inside an
animal. Similarly, horses’ core body temperature can be monitored by
ingesting a gastrointestinal pill that continually measures temperature
during both rest and physical activity [54]. In field conditions, the
transmission range of the gastrointestinal pill has been reported to be 1
m, recording data at ~5-15 seconds intervals [54]. In vivo recording
durations typically extends around 5 days, permitting monitoring under
grazing conditions, as long as the horse wears the receiver. However, the
system is not intended for long range direct transmission [54]. This pill
can be paired with an Equivital Electronic Sensor Module (SEM). The
SEM is positioned in a modified belt that fits firmly around the horse’s
ventral thorax, permitting accurate, reliable and non-invasive moni-
toring of core body temperature and other physiological parameters
throughout activity and recovery [55].

Another innovative method involves implanted microchips with
temperature monitoring capabilities [56,57]. These microchips can help
monitor a horse’s body temperature during and after activity [56]. They
are especially effective in monitoring horses over extended periods [58].
In the study of [58], the thermal sensing microchips were implanted and
then used for daily monitoring over 17 to 23 days in ponies and 19 days
in Quarter Horses without issues. However, their accuracy is influenced
by ambient temperature, with performance being optimal when tem-
peratures exceed 15.6°C [58]. Using this technology, devices such as the
Bio-Thermo microchip provide real-time temperature information that
may be accessed through a handheld scanner.

Although temperature sensors are not widely documented in the
published peer-review literature, several reliable models are available
on the market. Due to their user-friendliness, Horsepal and VetTrue
system are two noteworthy sensors available on the market that have
gained considerable attention. Horsepal, developed in Ireland, is a smart
sensor that can be attached to the horse’s girth or blanket. It keeps track
of and logs the temperature frequently, providing real-time information
to the owner’s smartphone through a specialised app. The VetTrue
system, on the other hand, takes advantage of a non-invasive, wearable
devices that is attached to the horse’s body, under the tail, to measure its
temperature continuously without causing pain to the animal. The
VetTrue system tends to record temperatures that are typically around
0.5°C to 1.0°C lower than the horse’s rectal temperature.

3.1.2.1. Accuracy and reliability. The efficiency and effectiveness of
numerous sensors in animals, including IRT cameras, thermocouples,
telemetered sensors, and implantable microchips, have been described
in several studies, with many devices evaluated against recognised gold
standards or supported by consistent physiological correlations [40,42,
45,46,48,49]. IRT technologies have been applied to the thoracolumbar
region and body surface using devices such as the FLIR Therma CAM
E25, with validation in some studies through physiological changes
assessed by texture and pattern analysis, although no quantitative ac-
curacy metrics were reported [40,45]. In another study, IRT using the
same device showed strong correlations with blood lactate concentra-
tion after exercise (p = 0.83-0.85) [49]. The VarioCam HD Research 775
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infrared camera demonstrated a bias of 0.21°C with limits of agreement
(LoA) from -0.65°C to 1.07°C when calibrated against a blackbody
source [41], while the Fluke PTi120 Pocket Thermal Imager [48] has
been applied in field conditions without direct quantitative validation.
Devices such as the FLIR ThermaCAM EX320, FLIR T420 and FLIR
ThermaCam S60 have been applied for ocular monitoring. Thermo-
graphic eye temperature (IRT) was compared with rectal temperature
and implanted thermal microchip measurements, with a reported
sensitivity of 74.6 % and specificity of 92.3 % for detecting febrile in-
dividuals (> 38.6°C) when using the maximum daily eye temperature
per animal [43]. In horses, IRT measurement at the medial canthus was
compared with rectal temperature, with a significant positive correla-
tion (p < 0.05) and highest accuracy obtained using the smallest region
of interest (2 x 2 pixels) [44]. In dairy cattle, eye temperature measured
with IRT was compared to core body temperature, although no quan-
titative accuracy metrics were reported; changes were detected after
catheterization but not after exogenous HPA stimulation [47]. The NEC
Avio TVS500 has been used to measure lacrimal caruncle temperature in
horses, detecting significant increases after a novel object test (p < 0.01)
compared to baseline; however, it was not directly evaluated against a
gold standard temperature measurement in the same study [46].

Telethermometry or thermocouples have been evaluated for internal
temperature measurement. Physitemp copper-constantan sensors
showed strong agreement with pulmonary artery and rectal tempera-
tures [51]. Tissue-implantable thermocouples were used to measure
laminar and venous temperatures in horses and have been shown to
effectively track these temperatures, with the placement protocol
described in previous work [53] and successfully applied in other studies
[52,53]. In another study, thermocouples attached to Equivital sensors
were tested against a certified RTD (bias —0.14°C in vitro) and a rectal
probe (bias + 0.27°C in vivo; accuracy + 0.1°C) during rest, exercise,
and recovery [54,55].

Microchip-based technologies, such as the PTSM LifeChip® with Bio-
Thermo™ technology, have been compared with central venous tem-
perature (TCV) in multiple anatomical locations, including the pectoral,
gluteal, and splenius muscles, and the nuchal ligament, with post-
exercise correlations ranging from r = 0.85 to 0.92 (p < 0.05) [56].
The Allflex identification microchip has been evaluated against cali-
brated rectal thermometers, showing a mean bias of —0.18°C (LoA:0.88
to +0.53°C) [57]. Preliminary screening of PTSM LifeChip® placement
between the poll and withers reported feasibility, with rectal tempera-
ture as the reference and fever-detection sensitivity up to 87.4 % in
warm ambient conditions [58]. Collectively, these studies map the
reliability of microchip-based temperature monitoring across diverse
anatomical sites in horses.

3.1.2.2. Applicability. The need for continuous monitoring of equine
temperature has led to the adoption of advanced technologies. Among
the previously mentioned technologies, the IRT sensors, such as the
Fluke PTil20 Pocket model (—20 to 400°C) and the VarioCam HD
Research 775 (—20 to 1200°C), were reported as suitable for the mea-
surement of wide temperature ranges [41,48]. However, authors report
that the performance of these sensors is influenced by environmental
factors (e.g., humidity and temperature), limiting their use to experi-
mental settings [40,41,43-47]. Similarly, thermocouple systems have
also been reported as applicable primarily in experimental settings with
the fundamental limitation of being particularly invasive and difficult to
manage [51-53]. In contrast, implantable microchip systems, such as
the PTSM LifeChip® (32°C - 43°C) and Allflex (33°C - 45°C), were re-
ported to have a greater resistance to changes in environmental factors.
In addition, although their detection range is narrower their high cost is
mainly justified by their operational lifespan [56-58]. Table 2 presents
an overview of the sensors cited in this subsection.
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Table 2
Summary of studies validating temperature monitoring technologies.
Sensor Parameters monitored Validation context and Applicability Limitations References
conditions
IRT: FLIR Therma CAM Thoracolumbar Region Compared with Used for individual monitoring  Sensitive to environmental conditions [40,45]
E25 physiological changes in experimental settings (e.g., humidity, temperature), limited
using texture analysis; no battery capacity (2-3 h); long charging
quantitative accuracy times
reported
IRT: VarioCam HD Body surface Calibrated against Reported as suitable for Sensitive to environmental factors (e.g., [41]
Research 775 infrared blackbody source (bias individual monitoring in humidity, sunlight, wind); expensive;
camera 0.21°C; LoA: 0.65°C to + experimental setting complex data management; difficult to
1.07°C) transport
IRT: FLIR ThermaCAM Eye Compared with rectal Reported as appropriate for Sensitive to environmental factors, [43]
EX320 temperature; sensitivity individual monitoring in regular calibration needed; requires
74.6 %, specificity 92.3 % experimental setting specific software for data analysis;
for detecting fever (> expensive
38.6°C)
IRT: FLIR T420 infrared Eye Compared with rectal Applied for individual Sensitive to environmental factors; [44]
radiation camera temperature; highest monitoring in experimental expensive; complex data interpretation;
accuracy with 2 x 2px ROl setting needs regular calibration
IRT: NEC Avio TVS500 Lacrimal caruncle Tested in fear tests; no Used for individual monitoring Sensitive to environmental factors; [46]
direct quantitative in experimental setting; needs trained personnel, no continuous
accuracy vs. gold standard effective for monitoring animal ~ monitoring
welfare through measuring
lacrimal caruncle temperature
IRT: FLIR ThermaCam S60  Eye Tested in stress response Reported as suitable for Sensitive to environmental factors; [47]
experiment with eye individual monitoring in complex data interpretation; no
temperature monitoring experimental setting; ideal to continuous monitoring
measure stress levels
IRT: Fluke PTi120 Pocket Body surface (vulva, eyes,  Compared using body Used for individual monitoring  Sensitive to environmental factors; [48]
Thermal Imager muzzle, and flanks) surface gradients in experimental setting requires trained personnel; no
correlated with pregnancy continuous monitoring
status; no quantitative
accuracy vs. gold standard
IRT: FLIR Therma CAM Body surface Compared with blood Reported as applicable for Sensitive to environmental conditions; [49]
E25 lactate levels during individual monitoring in requires specific software for data
exercise (p = 0.83-0.85) experimental setting processing; no continuous monitoring
Thermocouple: Physitemp Pulmonary artery Compared with reference Reported as feasible for Invasive; requires trained personnel [51]
copper-constantan pulmonary temperature measuring internal body
probes temperature during intense
exercise
Thermocouple: Physitemp Rectal Compared with certified Used for measuring internal Invasive; requires trained personnel
copper-constantan RTD in water baths body temperature during
intense exercise
Thermocouple: Physitemp Muscle No validation reported Applied in experimental setting  Invasive, requires regular calibration
model MT-23 and maintenance; sterility required;
possible discomfort
Thermocouple: Physitemp Skin No validation reported Reported as appropriate for Invasive; sensitive to environmental
model SST-1 experimental setting factors; requires regular calibration and
maintenance; difficult to keep in place
Thermocouple: Tissue- Digital laminar and Tested via digital vein/ Used for clinical or Invasive (local anaesthesia required); [52]
implantable venous laminar cooling during experimental settings needs sterility; no continuous
cryotherapy monitoring; difficult removal
Thermocouple Skin and lamellar Tested using skin/lamellar Applied for clinical and Invasive; requires sterility; expensive; [53]
response under clinical experimental settings under needs experienced personnel
models controlled conditions
Telemeter-based: Paired GI Compared with certified Reported as applicable for Sensitive to extreme environmental [54,55]
with Equivital sensor RTD (bias - 0.14°Cinvitro)  detecting temperature during factors or prolonged sun exposure;
and rectal probe (bias + training, competition and needs compatible reader for data
0.27°C in vivo; accuracy =  recovery collection; expensive installation
0.1°C)
Microchip: PTSM Body temperature Compared with central Used for continuous Sensitive to environmental factors; [56]
LifeChip® with Bio- (Nuchal ligament, venous temperature; post- temperature monitoring accuracy dependent on implantation
thermo™ microchip splenius muscle, gluteal exercise correlations r = site; invasive (local anaesthesia
muscle, and pectoral 0.85-0.92 (p < 0.05) required); significant initial cost
muscle)
Microchip: Allflex Body temperature Compared with calibrated Applied for continuous Accuracy affected by environmental [57]
identification microchip rectal thermometer; (bias -  temperature monitoring factors; significant initial cost
equipped with a 0.18°C; LoA: 0.88 to +
temperature sensor 0.53°C)
implanted in neckline
Microchip: PTSM Body temperature Compared with rectal Reported as feasible for indoor  Sensitive to environmental factors (< [58]

LifeChip® with Bio-
thermo™ microchip

(nuchal ligament,
halfway between the poll
and withers)

temperature for fever
detection; sensitivity up to
87.4 % in warm conditions

or outdoor environments and
continuous monitoring

15.6°C temperature underestimation);
needs trained personnel; temperature
duration dependent on environmental

factors; requires surgical for
implantation
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3.1.3. Accelerometers

In this section, 20 articles were reviewed. We identified 12 acceler-
ometers applicable to this field.

Accelerometers are widely used in equine veterinary research
[59-62] and have become increasingly popular in recent years. These
sensors monitor the acceleration forces operating on the horse’s body,
which may be analysed to evaluate many aspects of movement and
behaviour. Through the use of this data, it is possible to achieve a deeper
understanding of equine activity using a machine learning-based
approach [63,64]. The application of accelerometers in equine science
has provided important insights into the monitoring of locomotor ac-
tivity [65-68]. The research conducted by [65] compared data acquired
from an accelerometer to data collected from a standard pedometer. The
study included 20 horses of various breeds, and the results highlighted
that the accelerometer was highly successful in distinguishing between
different gaits based on the vertical leg movement, with no overlap in
acceleration value ranges for different gaits. Furthermore, the research
indicated that the MSR145 accelerometer is a valid alternative to stan-
dard pedometers for monitoring both locomotor activity and resting
behaviour in horses. Indeed, these sensors are frequently integrated into
wearable devices, allowing continuous and non-invasive monitoring of
horse gait during different activities and in detecting and quantifying
lameness by monitoring asymmetries in the horse’s movement [67]. One
common example is the EquiSense Motion® sensors, which combines
accelerometric and gyroscope technology to provide detailed analysis of
gait, stride length, and movement patterns [33]. While accelerometers
measure linear acceleration, a gyroscope measures angular velocity.
This rotational data improves the ability to distinguish between different
gaits where the body rotates as well as moves linearly. When integrated
with accelerometer data, gyroscopic measurement contributes to a more
complete representation of movement, which improves the accuracy of
activity classification and the detection of minor asymmetries or de-
viations in movements [69]. The application of accelerometers in the
equestrian sector is extensive. For training purposes, accelerometers can
measure the intensity and duration of activity during training, allowing
trainers to create more effective and personalised training protocols [69,
70]. The capacity to automatically recognise and categorise complicated
dressage and jumping activities can considerably improve training and
monitoring methods, allowing for improved assessment of horse
endurance and performance [69]. Accelerometers monitor changes in
the horse’s motion in three axes: forward-backward, vertical, and
lateral. Accelerometer data, when combined with GPS measurements,
can be processed using proprietary correction algorithms to achieve
positional accuracy of about 10 cm, even under dynamic conditions and
vertical oscillations [70]. The system calculates stride length, duration
and count based on the time between hoof strikes and the duration of the
horse’s flight phase [70].

In the context of health monitoring, accelerometers may detect
minor changes in horse’s gait and posture, allowing for early detection
of lameness [66,71,72]. Crecan et al. [71] have developed a device,
named the Lameness Detector 0.1, which has four sensors strategically
placed on the horse’s legs. Using accelerometers that track the motion of
the horse’s legs in three dimensions, the sensors capture dynamic ac-
celeration during key phases of the strides, such as hoof-off, the swing
phase, and hoof-on, and calculating the number of accelerations
throughout each stride. Accelerometric data can help early detect
certain pathologies, such as colic, through the use of data processed by
machine learning algorithm, allowing for prompt intervention before
the condition advanced to a critical stage [73]. The study of [73]
demonstrated that a machine learning algorithm classified pain-related
behaviours with over 99 % accuracy and detected colic on average of 20
minutes before the pain peak and 4 minutes prior to onset. Moreover, the
Equinosis Q system uses accelerometers located on the horse’s body and
is sensitive enough to measure movements differences as small as a few
millimeters [74]. The system compares the horse’s right and left
movements, identifying any discrepancies. Based on the data collected,
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the software assigns a symmetry score to quantify the detected differ-
ences [74]. This system is also used to detect whether asymmetries are
present from a young age, by precisely measuring the differences in
movement between the right and left strides, allowing for early detec-
tion and monitoring of potential gait irregularities [75]. Moreover, ac-
celerometers can help monitor horse welfare by classifying certain
behaviours. They can detect variability in activity count that may show
behavioural patterns associated with signs of discomfort or stereotypies,
suggesting welfare concerns. For example, devices like HoofStep®,
which contain an accelerometer, gyroscope, and GPS, are able to
monitor horse activities and classify them into one of four categories:
“feeding”, “resting”, “active”, and “highly active” [76]. In this study,
which involved geriatric and orthopaedically challenged horses, de-
viations from expected time budgets for feeding (~42 %), resting (~39
%) and movement (~19 %) were connected to management conditions
such as limited access to forage and high stocking density. Meanwhile,
horses housed in greater environmental enrichment showed time bud-
gets more consistent with indicators of positive welfare. Activity peaks
observed just before scheduled feeding times in horses kept on restricted
diets and non-edible bedding likely reflect anticipatory stress response
[76]. Additionally, accelerometers such as HOBO Pendant® G Data
Logger can be used to record data at customisable time intervals,
allowing the monitoring of equine postures, including standing, lying
positions and to identify variations in lying postures, such as sternal or
lateral recumbency [77].

3.1.3.1. Accuracy and reliability. The movement, health, and behav-
ioural patterns of equines can be monitored using various sensor tech-
nologies, several of which have been evaluated against gold standards
with reported quantitative outcomes. The GT3-X+ triaxial accelerom-
eter has been tested for accurate determination of gait by comparing
accelerometer output to direct video observation of horses at rest,
walking, trotting, and cantering [68]. The study demonstrated sensi-
tivity and specificity values exceeding 96 % across gaits (e.g., 100 %
specificity for rest, 96.7 % sensitivity for trotting), confirming its utility
for measuring physical activity levels in horses [68]. The MSR145 sensor
has also been reported in distinguishing between horse movements, with
evaluation against a pedometer and definition of distinct acceleration
value ranges that did not overlap between gaits, supporting its high
precision [65]. To determine levels of physical activity engagement,
inertial measurement units (IMUs) were described as showing compa-
rable or superior accuracy to force plates and optical motion capture
systems, although the specific devices used were not always identified
[67]. The Equisense Motion S®, another IMU-based device, was re-
ported with repeatability values up to 0.72 for elevation traits and a
positive correlation with judge evaluations, supporting its use in
training and gait quality assessment [33] The EquiSense Motion S®,
another IMU-based device, was reported with repeatability values up to
0.72 for elevation traits and a positive correlation with judge evalua-
tions, supporting its use in training and gait quality assessment [33]. The
Axivity AX6 6-Axis logging device was applied in training scenarios for
jumping and dressage, with neural networks yielding 96-100 % classi-
fication accuracy for training movements [69]. In addition, this device
has been used to detect early signs of colic, with a validated algorithm
achieving a detection accuracy of 91.2 % and a colic severity classifi-
cation accuracy of 93.8 % [73]. The INSECO IMU (for indoor use) and
Noraxon MPU-9250 (for outdoor use) have been applied to evaluate
lameness and gait, using machine learning techniques, including
RNN-LTSM and pose estimation models, with lameness detection accu-
racies up to 95 % and joint angle predictions errors under 10° [72]. The
Equinosis Q system was compared with other IMU-based systems and Al
tools such as Sleip Al and Equimoves®, showing agreement in asym-
metry classification and stride analysis [74,75]. To assess time budgets
and activity counts, Hoofstep® has been reported as applied in various
husbandry environments, highlighting its utility for welfare studies
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although quantitative validation metrics were not explicitly reported
[76]. Lastly, the HOBO Pendant® G Data Logger has been compared
with video-based observations, achieving predictive accuracy over 98 %
in detecting equine postures such as sternal and lateral recumbency
[77]. These studies, collectively, highlight the importance of wearable
sensory technologies in advancing the precision monitoring of equine
health, behaviour, and performance.

3.1.3.2. Applicability. The applicability of accelerometer sensors re-
ported in the literature is extensive. In fact, sensors such as MSR145,
Equisense Motion S®, Equinosis Q and Hoofstep® were described as
feasible in outdoor environments, with data collection possible even
under humid or rainy conditions [33,68,74-76]. In fact, sensors such as
MSR145, EquiSense Motion S®, Equinosis Q and Hoofstep® were
described as feasible in outdoor environments, with data collection
possible even under humid or rainy conditions [33,68,74-76]. In
contrast, devices such as the GT3-X+ and the Apple Watch Series 4 were
applied mainly in moderately controlled scenarios, limiting their
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broader use [65,67]. However, the operational runtime of the device is
dependent on the selected sampling frequency that precludes contin-
uous monitoring as reported for the Apple Watch Series 4, the EquiSense
Motion S®, the Axivity AX6, and the HOBO Pendant® [33,65,69,73,77].
In contrast, sensors such as the MSR145 and GT3-X+ have been noted
for greater autonomy, making them suitable for extended periods
without interruption [67,68]. Another important aspect reported con-
cerns the complexity in data management. In particular, devices such as
the Axivity AX6, Equinosis Q, INSENCO IMU (indoor) and Noraxon
MPU-9250 (outdoor) generated large volumes of raw data that could
only be processed with advanced software limiting their practicality in
field applications [69,72,73]. Table 3 summarises the sensors cited in
this subsection.

3.1.4. GPS Devices

A total of 10 articles were analysed in this paragraph, from which we
reported 4 devices relevant to this specific area of application.

In recent years, GPS devices have become more popular in equestrian
monitoring. Wearable GPS sensors utilise satellite signals to identify the

Data Logger

comparison; >98 % predictive
accuracy for recumbency

resting) inside stalls

operational runtime; no real-time
monitoring

Table 3
Summary of studies validating accelerometer technologies.
Sensor Parameters Validation context and Applicability Limitations References
monitored conditions
GT3-X+ Gait Compared with video Applied for field and clinical settings for ~ Sensitive to extreme environmental [68]
determination observation; Sensitivity and pre- and post-treatment monitoring conditions (e.g. heavy precipitation,
specificity > 96 % across gaits temperature >35-45 or <10, high % of
humidity); manual data transfer via USB
MSR145 Horse Movement Compared with ALT pedometer Reported as feasible for short-term Sensitive to extreme environmental [65]
Analysis and acceleration ranges for monitoring in clinical and field settings  conditions (e.g. heavy precipitation,
stand/walk/trot/gallop; non- temperature >35-45 or <10, high % of
overlapping gait ranges humidity); limited operational runtime;
confirmed high accuracy expensive
GT3-X+ Physical activity Compared with video Used in experimental setting Sensitive to environment conditions; [67]
observation; machine learning data management complexity; expensive
models achieved >97 %
classification accuracy
EquiSense Motion Gait detection Tested for repeatability and Reported as useful for training, clinical  Sensitive to extreme environmental [33]
S® correlation with judge rehabilitation and biomechanical conditions (e.g. heavy precipitation,
evaluations; repeatability up to studies. temperature >35-45 or <10, high % of
0.72 humidity);, limited operational runtime;
discomfort from prolonged use;
expensive; limited real-time data
Axivity AX6 6-Axis  Dressage and Tested using neural networks; Applied for performance monitoring in Complex data management; expensive; [69]
Logging Device jumping training 96-100 % classification accuracy ~ experimental setting moderate sensitivity to environmental
movements for movements factors
INSENCO IMU Lameness and gait ~ Tested using RNN-LSTM and Reported as feasible for behavioural Sensitive to vibrations and irregular [72]
(indoor) & detection pose estimation; 95 % lameness ~ monitoring movements; requires significant data
Noraxon MPU- detection accuracy, joint angle storage
9250 (outdoor) errors <10°
Axivity AX6 6-Axis  Early colic Compared through Reported as suitable for experimental Complex data management; expensive; [73]
Logging Device detection experimental induction; setting; possible field use with battery moderate sensitivity to environmental
algorithm accuracy 91.2 % upgrade factors; limited operational runtime
(detection), 93.8 % (severity
classification)
Equinosis Q with Lameness and gait ~ Compared with other IMU Used in clinical and field settings Sensitive to extreme environmental [74]
Lameness detection systems and Al tools; strong conditions (e.g. heavy precipitation,
Locator® & agreement on asymmetry temperature >35-45 or <10, high % of
Equimoves® detection humidity); complex data management;
expensive; limited operational runtime
Equinosis Q with Motion analysis Tested through field comparison  Applied in clinical and field settings Sensitive to environmental conditions [75]
Lameness studies with IMU systems and (e.g. heavy precipitation, temperature >
Locator® subjective evaluation 35-45°C or < 10°C, high % of humidity);
complex data management; expensive;
limited operational runtime
Hoofstep® Time Budgets and Tested through welfare studies; Reported as suitable for experimental Sensitive to extreme environmental [76]
Activity Counts specific quantitative metrics not  setting and open environments (e.g. conditions (e.g. heavy precipitation,
detailed paddocks, pastures, stabling).Reported temperature > 35-45°C or < 10°C, high
as suitable for experimental setting and % of humidity); limited operational
open environments (e.g., paddocks, runtime; requires stable connection
pastures, stabling).
HOBO Pendant® G Postures Tested through video-based Applied in behaviour monitoring (e.g., Sensitive to humidity; limited [77]
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spatial location of horses [78,79] and calculate the total distance
covered [70,80,81]. The main feature of these sensors is to monitor the
horse’s movements, speed and parameters related to the animal’s
overall health. For instance, these systems are frequently combined with
additional sensors, such as photoplethysmography (PPG) technology to
monitor heart rate and accelerometers to measure physical activity [82].
In this study, a PA1010D Mini-GPS sensor with a 10 Hz update rate is
utilised. The GPS data is mostly used to observe how horses move within
the pasture, tracking their paths and identifying areas where they spend
more time [82]. By correlating location data with physiological re-
sponses, the system can identify possible stressors in the environment,
such as proximity to feeding stations. Similarly, the idea of combining
GPS systems with IMUs has been investigated to overcome the limita-
tions of conventional sensors [83]. By developing machine learning
models from data collected across various gaits such as walking, trotting,
pacing, it is possible to have a highly accurate estimate of speed
regardless of where the IMU is positioned and the type of gait [83].
Indeed, in the study of [83], models based on random forest method
using data from all IMU positions reached a root mean square error
(RMSE) of 0.25 m/s and a mean absolute error (MAE) of 0.14 m/s

GPS systems may be quite useful for health monitoring. Indeed,
stride rate data from GPS can provide information regarding potential
musculoskeletal injuries in racehorses; a decrease in speed or stride
length may be associated with this type of injury [84]. Timely mea-
surements of these parameters via GPS systems can help recognise
horses at risk of injury [85]. A recent GPS sensor that has been cited in
literature is the Alogo Move Pro. This device validates the GPS system
and accelerometer data, using an Extended Kalman Filter (EKF) to
guarantee more accurate position and tracking speed over time. This
sensor was validated against a gold-standard optical motion capture
(OMCQ) system, which showed relative accuracy ranging from 5.5 % to
29.2 % for jump parameters and 10.5 % to 20.7 % for stride measures
[86]. Despite occasional GPS signal loss in closed environments, the
Alogo Move Pro proved to be a trustworthy instrument for real-world
applications [86]. GPS sensors can also be incorporated into electronic
collars with a standard GNSS (Global Navigation Satellite System)
module for accurate tracking of animal locations [11]. When integrated
into a modular collar, the GNSS module supports flexible design con-
figurations that can adapt to different species and telemetry needs,
allowing both animal welfare and data collection efficiency.

3.1.4.1. Accuracy and reliability. Several studies have reported on the
performance of various GPS sensors designed for tracking and moni-
toring animal movement. The Mini GPS PA1010D sensor, integrated into
a multifunctional wearable IoT device for horses, was evaluated for
geolocation tracking, achieving a positional accuracy of <3 m. Addi-
tionally, the device’s heart rate sensor (MAX30102 PPG) was compared
with stethoscope auscultation, with a reported accuracy of 95 % across
eight subjects [82]. In terms of speed estimation, the VBox Sport from
Racelogic was assessed in validation studies; stride frequency values
derived from GPS speed fluctuations were compared with IMU pitch
data (Xsens DOT), with bias of 0.0032 Hz and a sample-by-sample
precision of + 0.027 Hz, supporting its suitability for injury risk
studies [85]. Gait detection and analysis in animals was reported using
an Alogo Move Pro device from Alogo Swiss Technology, validated
against a traditional optical motion capture system, with an accuracy for
stride and jump segments ranging from 5.5 to 29.2 % and precision
values of 2.8-18.2 %, corroborating its efficacy [86]. Although the GNSS
module, was not directly validated against a gold-standard GPS system,
it was designed using a rigorous animal-centred engineering approach
and integrated into a modular collar with demonstrated field perfor-
mance, supporting its potential utility in livestock applications [11].
These studies describe the reported contributions of GPS sensors to the
study of animal movement and behaviour.
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3.1.4.2. Applicability. The GPS sensors analysed were reported with
different applications and limitations depending on their context of use.
Some devices such as the PA1010D Mini GPS and the GNSS module were
noted to be highly adaptable for monitoring groups of horses in both
clinical and field settings [11,82]. These devices required the integration
of LoRa and Bluetooth systems to allow real-time data transmission over
long distances. In contrast, the evaluation of the individual performance
during training, particularly in galloping and jumping competitions, was
reported by the Vbox Sport devices [85] and the Alogo Move Pro [86]
except for the lack of real-time monitoring capabilities. Across all sen-
sors, limitations were reported, including relatively short operational
durations before recharging or battery replacement and sensitivity to
environmental factors, such as obstacles and extreme weather condi-
tions, which disrupted signal and data collection. Notably, the GNSS
sensor featured innovative design elements, including airtight, light-
weight materials and a quick release (drop-off) system, supporting its
applicability in different environments [11]. Table 4 presents an over-
view of the sensors cited in this subsection.

3.2. Non-wearable technology

3.2.1. Microphones

In this section, 6 studies were examined. This analysis led to the
identification of 3 microphones relevant to recording equine sound data.

Microphone-based technologies provide a non-invasive method to
monitor welfare of horses. Equine vocalisations, such as snorting or
neighing, may communicate both positive and negative emotional states
[87]. If external noises are not adequately controlled, they can induce
anxiety in horses, which can lead to physical injuries such as escape
attempts or accidents with fences [88]. Exposure to sound can consid-
erably alter HR in horses, with stress levels increasing when the sound
source is close by [89]. To prevent this from happening, environmental
microphones can play an important role, providing immediate feedback
on external noise levels. Although the use of microphones in equine
research is not extensively covered in the literature, some studies have
utilised them incorporated inside micro-cameras to detect various
acoustic occurrences such as biting, chewing or external disturbances
[90]. In this investigation, the microphone recorded sound within the
0-18 kHz range, and the data was pre-processed to remove external
noise [90]. Common alternatives include unidirectional microphones
for analysing respiratory sounds in horses with recurrent laryngeal
neuropathy (RLN). In [91]’s study, a Sennheiser E608 directional
cardioid microphone, placed near the right nostril through an endo-
scope, is used to record respiratory noise during exercise. The micro-
phone is connected to a Tascam DR40 digital recorder, examining sound
energy in different frequencies. Another system described in the litera-
ture is the ThoraView®, an innovative technology designed to dynam-
ically visualise lung ventilation [92]. This system uses an array of 30
microphones placed on a back pad, recording respiratory sounds to map
ventilated and non-ventilated areas in the lungs of animals.

3.2.1.1. Accuracy and reliability. Several sensor technologies have been
tested with respect to the monitoring of selected physiological or
behavioural parameters of animals. The LK-SC100B micro-camera,
manufactured by LKSUMPT and integrated with a microphone (0-18
kHz), was evaluated for the identification and distinction of bite and
chew events in horses using a deep learning model trained on manually
annotated video/audio recordings as the gold standard. The system
achieved 88.64 % accuracy for bite identification and 94.13 % for chew
identification, demonstrating its effectiveness for monitoring grazing
behaviour [90]. The E608 unidirectional cardioid microphone, pro-
duced by Sennheiser UK Ltd., was applied for the respiration noise
monitoring during overground endoscopy, though no formal validation
research has been conducted for it, so far [91] The E608 unidirectional
cardioid microphone, produced by Sennheiser UK Ltd., was applied for
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Table 4
Summary of studies validating GPS technologies.
Sensor Parameters Validation context and conditions Applicability Limitations References
monitored
Mini GPS Location Not validated against gold-standard Reported as feasible for Limited transmission distance (< 3 m); [82]
PA1010D tracking GPS; positional accuracy < 3 m; monitoring grazing herds; sensitive to environmental obstacles; limited
(Adafruit performance supported by field effective for behavioural storage capacity
Industries LLC) deployment monitoring and welfare
assessment
VBox Sport Speed Compared with IMU-derived stride Reported as suitable for Requires good satellite coverage; lacks real- [85]
(Racelogic) estimation frequency (Xsens DOT); bias= monitoring during training; time analysis; limited autonomy (6 h)
0.0032 Hz; precision= 0.027 Hz performance improvement and
effective for monitoring animal
welfare
Alogo Move Pro Gait Compared with optical motion Used for monitoring during Prone to GPS signal loss (e.g., under heavy [86]
(Alogo Swiss detection capture system (Qualisys); accuracy training; Useful for performance metal structures); no real-time monitoring
Technology) for stride/jump segments= 5.5-29.2 improvement in the field (memory store 10 h ride data); limited
%; precision= 2.8-18.2 % transmission distance (10 m), rechargeable
lithium battery (14 h)
GNSS module Tracking Not validated against a GPS gold Applied for monitoring Complex locking system; unsuitable for [11]

standard; field-tested in livestock
applications with reported usability
but without positional accuracy data

individuals and groups; useful for
behavioural and welfare
monitoring in the field

extreme weather conditions (e.g. heavy
precipitation, temperature >35-45°C or
<10°C, high % of humidity); external power is
required, limited transmission distance (< 3
m)

the respiration-noise monitoring during overground endoscopy, though
no formal validation research has been conducted for it, so far [91]. The
Thora Tech GmbH’s ThoraView was tested in piglets against CT and MRI
imaging for identifying ventilated and non-ventilated lung areas, and
has shown a significant discrimination (p < 0.01) between conditions, its
application in equine species remains untested. Nonetheless, its under-
lying acoustic technology presents a promising direction for
non-invasive equine respiratory monitoring [92]. The illustrated studies
illustrate the varying validation approaches and reported accuracy
outcomes of sensor technologies regarding horse health monitoring
applications.

3.2.1.2. Applicability. Microphone sensors have been described in the
literature as versatile tools for monitoring physical and behavioural
parameters in animals. Their versatility lies in the possibility of their
integration with other instruments such as headstocks (LK-SC100B),
endoscopes (E608), and dorsal skin positioning devices (ThoraView)
[90-92]. However, limitations include the LK-SC100B device’s difficulty
in the differentiation between prehension and chewing sounds [90]. In
addition [92], and [91] pointed out that sound analysis is complex in the
presence of multiple dynamic anomalies and that artefact recognition
remains an unresolved problem [91,92]. Table 5 summarises the sensors
cited in this subsection.

3.2.2. Behaviour recognition through computer vision

In this final paragraph, we analysed 19 articles from which we
identified 6 models and 5 datasets.

Equine monitoring has witnessed an increase in the use of computer
vision and machine learning techniques to recognise certain horse be-
haviours [93]. Through the use of deep learning systems, it is possible to
observe and interpret a horse’s behaviour by analysing visual data
captured by cameras [63]. The possibility to recognise certain behav-
iours visually, indirectly allows to identify the animal’s emotions and
issues [94-97].

Reconstructing and extracting properties from images, such as forms,
textures, densities and distances, is the primary concern of computer
vision, through the development of artificial systems that address visual
issues using image processing and analysis techniques [98]. These
cameras continuously capture video data, which provides a sufficiently
large collection of samples required for training artificial neural net-
works. MS COCO is one of the largest object recognition datasets
available today which includes animal classification like horses [99]
(labelled under #horseclass = 17). In terms of pose estimation, other
available datasets that allow detailed tracking of animal parts are
Animal-Pose and Animal Kingdom [100]. In addition to datasets, several
models have been proposed for animal pose estimation. Among these,
there are Lightning Pose [101], which uses semi-supervised learning and
a network architecture with temporal context to make pose predictions
more consistent and realistic, and DeepLabCut, an open-source platform

Table 5
Summary of studies validating microphone technologies.
Sensor Parameters Validation context and conditions Applicability Limitations References
monitored
LK-SC100B micro- Detect and Compared with synchronised video/ Applied for monitoring the grazing and  Difficulty discriminating sounds; [90]
camera (LKSUMPT)  distinguish bite audio recordings; achieved 88.64 % feeding behaviour of individual horses;  significant data storage and
and chew events accuracy for bone identification and effective for real-time monitoring processing systems required.
94.13 % for chew identification
E608 unidirectional Respiratory Not yet validated; applied in clinical =~ Reported as suitable for monitoring Challenges in sound analysis [91]
cardioid sound studies; used for formant-based individual horses in controlled clinical caused by dynamic abnormalities;
microphone acoustic analysis settings; effective for monitoring atmospheric sensitivity (e.g.,
(Sennheiser UK Ltd) respiratory sounds in real time wind, rain); continuous power
supply required
ThoraView (Thora Lung Ventilation Compared with CT and MRI imaging; = Described as feasible for monitoring Complex setup; sensitive to [92]

Tech GmbH) significant discrimination between
ventilated and non-ventilated areas
(p < 0.01); no equine-specific

validation to date

individual subjects in specific clinical
settings; effective for real-time
monitoring of pulmonary ventilation
and detecting unventilated lung areas.

motion and weather; high cost.
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for animal pose estimation [102]. This platform provides
semi-automated interfaces for annotating, improving and verifying
trajectories. To effectively process this information and apply machine
learning models, considerations about cameras and frame rates become
essential. Resolution is not typically a limiting issue in machine learning
applications. Deep neural networks perform efficiently with input of
around 200 x 200 pixels at ~ 25fps. Multi-camera settings are often
useful for capturing opposite perspectives and avoiding blind areas [93].
Convolutional Neural Networks (CNNs) are particularly useful in image
processing tasks such as classification and object recognition, mapping
different individual inputs to distinct outputs [103]. While reading the
input data according to its dimensions, the convolution layer (CONV)
uses filters, also referred to as kernels, that carry out a convolutional
operation [63]. With the use of CNNs it is possible to recognise patterns
in movement that indicate stress or discomfort allowing early inter-
vention and enabling the interpretation of specific behaviours such as
lameness in horses [104,105]. One of the benefits of video-based anal-
ysis is that they are non-invasive [106], implying they do not cause
discomfort to the animal by interfering with its welfare. Furthermore,
using a neural network can outperform human performance in cases of
mild pain [97].

Researchers have demonstrated how the use of artificial intelligence
in equine monitoring can be applied to different purposes [107]. For
example [108], presented an approach for animal pose estimation using
unsupervised domain adaptation techniques. The suggested method
combines synthetic data derived from Computer-Aided Design (CAD)
models with an adaptation process that generates pseudo labels, which
are then gradually improved using a coarse-to-fine update strategy. This
structure allows the model to gradually update the pseudo-labels,
improving their accuracy throughout training. The model was trained
on a synthetic dataset that included images of horses and tigers, and it
was then tested on real-world data from datasets such as TigDog and
VisDA 2019. Among the limitations of this approach, the reduced vari-
ability of poses in the synthetic data compared to the real one can be
highlighted, reducing the model’s ability to adapt and learn to the wide
range of poses. Moreover, the application of Computer Vision can also be
extended to other fields, such as horse racing [109]. Computer Vision
systems can monitor and analyse horse activities in real-time during
races. One of the main functions of vision in this context is pose esti-
mation, which allows detailed analysis of movements and identifying
early detection of signs of injury or fatigue [109]. One of the main
challenges could be the many occlusions that occur throughout a race.
Horses typically run closely side by side and overlap with each other.

Additionally, accelerometer data can be used in combination with
CNNs to automatically classify horse actions [110]. used Axivity AX3
triaxial accelerometers mounted laterally on the tendon boots of the
horses’ front legs. These sensors have a frequency range from 12.5 to
3200 Hz and a maximum sensitivity of &+ 16 g this data was associated
with video recordings as a visual reference with activities manually
annotated using ELAN software. The model was trained using the Adam
optimiser for 400 epochs. The model was able to distinguish walking
activity based on topography with high precision, with an accuracy of
>93 % [110]. The relatively small sample size (six horses) may limit the
robustness of the model and although the Axivity AX3 accelerometers
are sophisticated, they may have limits in capturing vey rapid or
complicated motions, particularly under stressful settings. Addressing
these critical issues may need more studies and a wider range of data to
guarantee that the model is applicable in real-world scenarios.

As already indicated, computer vision techniques can be used to
identify emotional states in horses based on their facial expression [111,
112]’s research focusing on developing AI models capable of dis-
tinguishing between four emotional states using two different ap-
proaches. The first pipeline relies on video data processed with the
Grayscale Short-Term stacking (GrayST) method, which captures mo-
tion between frames. The second approach, based on EquiFACS, uses
manual annotations of facial expressions. Key elements coded include
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movements of the lips, eyes, ears and other areas of the face. The results
show that the first approach achieved an accuracy of 76 % in classifying
the four emotional states, while the EquiFACS model achieved 69 %.
Overall, the dataset used included 296 video samples collected from 31
horses, with each animal being filmed in four distinct emotional con-
ditions. Other studies have attempted to develop automated systems
capable of assessing pain in horses by analysing their facial expressions
[95]. advanced this effort by creating CNN models specific to each area
of the horse’s face. The algorithm achieved an overall accuracy of 75.88
% when classifying images into three levels of pain and an 88.3 % ac-
curacy for binary classification. The study used Intelbras VHD 12220
B-G4 Multi HD cameras to capture videos from which were manually
selected 3000 images that best represented the horse’s face expression in
varied levels of pain.

3.2.2.1. Accuracy and reliability. A number of studies have effectively
reported how computer vision technologies may be used to study horse
behaviour and how useful these technologies may be for a variety of
applications. Video analysis using CNNs reported that pain in horses can
be assessed through videos, achieving 88.3 % accuracy in binary clas-
sification (pain present vs. absent) [95]. Equine activity monitoring has
also been automated with CNNs applied to accelerometer data,
achieving up to 99 % classification accuracy for seven behaviours
monitored in horses and over 97 % accuracy for unseen subjects [110].
The CARe model was trained and tested on the large-scale Animal
Kingdom Dataset, which includes over 50 h of annotated video and
enables high-performance action recognition, pose estimation, and
video grounding across 850 species [100]. DeepLabCut, a widely used
markerless pose estimation tool, was reported with tracking perfor-
mance comparable to human accuracy with as few as 200 labelled
frames [113]. Lightning Pose further advanced this field by incorpo-
rating semi-supervised learning, achieving more accurate and reliable
pose trajectories via motion continuity, geometry, and smoothing
techniques [101]. A smartphone-based markerless motion capture sys-
tem for equine lameness detection was evaluated against a gold standard
multi-camera optical motion capture, reporting a mean difference of 2.2
mm for vertical head and pelvis displacements [105]. Similarly, the
non-invasive use of thermal imaging for monitoring calves’ vital signs,
with Mean Absolute Percentage Errors (MAPE) of 3.08 % for respiration
and 3.15 % for heart rate, highlights its potential for PLF [106]. The field
of horse management and performance enhancement is increasingly
Al-assisted, using intelligent systems to improve the early diagnosis of
health and locomotion disorders [107] as well as assist in race predic-
tion, performance evaluation, and provide safety measures during rac-
ing [109]. Moreover, the use of multi-scale domain adaptation modules
that fuse synthetic and real data were reported to enhance the accuracy
of animal pose estimation [108]. There is also the Horse Facial Action
Coding System (EquiFACS), which is used in interpreting and describing
the horse’s facial expressions, and has also facilitated the recognition of
frustration among other emotions [111]. Finally, a CNN-based system
was developed to classify four emotional states (baseline, positive
anticipation, disappointment, and frustration), achieving an overall of
76 %, further supporting the use of AI for real-time affective state
detection in equines [112].

3.2.2.2. Applicability. The use of computer vision systems to assess
equine welfare and behaviour in controlled settings is increasingly
widespread while still limited in the field. In fact, the authors report
some significant limitations. One of the main ones is the reliance on
restricted and often inaccessible databases, combined with the need to
use complex software and hardware that require specialised training of
personnel [100,102,108,109,113]. In addition, some sensors, such as
DeepLabCut and Seek Thermal Compact, were reported as limited in
assessing rapid animal movements [106,107,113]. Other instruments,
such as CNN, CARe Model, Lightning Pose, EqQuiFACS, iPhone 12 Pro
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Max, and multi-camera marker-based systems, were described as sen-
sitive to environmental factors such as temperature and humidity [95,
100,102,110,111,113]. Studies also report difficulties with CNN in
distinguishing similar emotional states [112]. Table 6 summarises the
sensors cited in this subsection.

3.3. Technology limitations, data privacy and security
Despite important advances in equine monitoring technology, there
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are still significant limitations that need to be addressed to promote the
efficient and safe use of these solutions. One of the main issues involves
the accuracy and reliability of sensors, particularly in the different cli-
matic conditions typical of equestrian environments. For example, non-
wearable technology may be impacted by poor illumination or visual
obstruction, while wearable sensors can be impacted by sweating,
excessive movement or inaccurate placement. Moreover, the integration
and analysis of collected data may represent another challenge. The lack

Table 6
Summary of studies validating computer vision technology.
Technology Used data Parameters monitored Validation context and Applicability Limitations References
conditions
Convolutional Neural Horse video Detect and classify Compared with HGS; 88.3  Applied for real- Sensitive to light, device [95]
Network (CNN) recordings pain in horses % accuracy for binary pain ~ time monitoring in angle, noise, dust and
classification clinical and research ~ motion; requires specific
settings hardware
CARe Model Animal Kingdom General animal Tested internally with Used for monitoring ~ Dependent on database [100]
Dataset behaviour benchmark dataset; strong  individuals and variety; high storage needs;
understanding performance on unseen groups expensive, sensitive to
species environmental factors
Lightning Pose Animal videos Animal pose detection Evaluated using semi- Reported as Affected by lighting, device [101]
supervised metrics with versatile across angle, reflective surfaces,
multi-view constraints; contexts dust and water
high pose accuracy
reported
DeepLabCut Animal videos Animal pose Compared with human Used for Computationally complex, [102]
estimation, labels and test frames; behavioural accuracy depends on
identification and accuracy comparable to assessment database variety
tracking human-level annotation
(~ 95 %)
Markerless single camera Smartphone Lameness detection Compared with optical Used for group Sensitive to light, rain and [105]
system (iPhonel2 Pro recordings & motion motion capture system; monitoring in visual disturbances; needs
Max) & Multi-camera capture data mean error under 2.2 mm controlled and specific stable setup (e.g.,
marker-based system for head and pelvis grazing settings tripod)
(Qualisys Track
Manager)
DeepLabCut Animal videos Pose estimation Tested using labelled Applied for Computationally complex; [113]
frames and multi-animal analysing complex limited for multi-animal
benchmarks; accuracy ~ movements interactions and
95 % for various tasks regardless of movements; sensitive to
lighting conditions poor lighting
Seek Thermal Compact Thermal images of Non-invasive Compared with Reported as Sensitive to movement, [106]
Pro camera calves monitoring of vital respiration and heart rate applicable for wind, rain and temperature
signs in calves sensors; MAPE 3.08 % individual and extremes
(respiration), 3.15 % group monitoring in
(heart rate) controlled settings
Al in horse practice Medical imaging, Enhancing equine Evaluated via correlation Used for individual Sensitive to rapid [107]
videos of horse health diagnostics with clinical outcome and monitoring in movement, obstacles, light
movement, and facial ~ through early expert annotations; controlled settings and temperature changes;
expression data detection of problems quantitative metrics not (clinics, labs) requires specific hardware;
always reported limited datasets
Multi-scale domain Synthetic and real- Pose estimation Compared with synthetic Reported as suitable  Require specific hardware, [108]
adaptation module world animal pose and real annotated data; for individuals and accuracy depends on
data superior performance in groups in controlled database; high
cross-domain benchmarks and grazing settings computational needs (e.g.,
high-performance GPUs)
Al in horse racing Race footage and Enhance race Compared with betting Applied for training Limited data; [109]
historical race data predictions, improve outcomes and race and competition computationally complex;
betting accuracy, and performance data; monitoring sensitive to environment;
monitor performance statistical improvements expensive
and safety in prediction models
Convolutional Neural Accelerometer data Automatic equine Compared with labelled Applied for welfare Reduced accuracy on [110]
Network (CNN) from horses activity detection accelerometer data; >99 and behavioural uneven terrain; limited data;
% accuracy monitoring expensive; requires high-
performance hardware
Horse Facial Action Video recordings of Recognising Validated against Reported as suitable  Sensitive to environment; [111]
Coding System horse facial frustration in horse emotion-eliciting for welfare and limited to visible movement
(EquiFACS) expressions facial expressions scenarios with statistical behavioural
test; accuracy not monitoring in
quantitatively specified controlled settings
Convolutional Neural Videos of horses in Recognising emotional ~ Compared with EQquiFACS Reported as Difficulty in differentiating [112]

Networks (CNN)

controlled
experimental
scenarios

states from facial
expressions

annotations and controlled
emotional states; 76 %
multi-class emotion
classification accuracy

applicable in
controlled settings;
potential for field
use

similar emotions;
computationally complex

14



C. Giannone et al.

of standardisation in data formats and validation processes complicates
the integration of data from different devices. This limits the applica-
bility of systems to different contexts and restricts their use for specific
circumstances. With regard to data privacy and security, the adoption of
these technologies raises important considerations: the information
collected during equine monitoring could be subject to unauthorised
access, especially when coupled with private owner information.

Based on the current findings, a multidisciplinary approach
combining researchers, technology developers and veterinarians will be
necessary to overcome these limitations. Optimising the opportunities of
monitoring technology while maintaining data security and horse wel-
fare is only possible through constant improvements and return on in-
vestment for equine applications. The final aspect to consider is the
absence of robust cost-benefit analysis. It is difficult for horse owners to
determine whether investing in PLF technologies gives sufficient eco-
nomic return. Without data on installation costs, the decision to adopt
these tools remains limited. Future studies should prioritise confronting
these aspects in addition to the continuous improvements of techno-
logical advancements to support sustainable decisions.

4. Future perspectives and conclusions

In conclusion, this review has mapped the available monitoring
technologies for horses, focusing on wearable and non-wearable devices.
Wearable sensors, such as those used to measure HR, HRV, RR, body
temperature, accelerometers, GPS devices have been reported as used
for collecting physiological data in real time. Meanwhile, non-wearable
technologies have been described as supporting equine behavioural
monitoring, often without interfering with natural behaviour. Beyond
listing technologies, this review summarised reported validation ap-
proaches, data accuracy, and applicability. Where available, quantita-
tive information was reported to support comparisons. Although many
of these technologies were reported as applicable and valid within
specific research or clinical contexts, there are still certain limitations.
These include the need for more rigorous validation and the availability
of tools that are accessible to a wide range of users. In the future, im-
provements in equine health and monitoring could be facilitated by the
development of more accurate, robust, animal- and user-friendly de-
vices, as well as the incorporation of advanced data analytics, promoting
the advancement of research and practical applications in this field.
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