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 a b s t r a c t

Animal Activity Recognition (AAR) is a key component of Precision Livestock Farming (PLF), enabling continuous 
monitoring of animal behaviour, health, and welfare. Advances in machine learning (ML) and sensor technologies 
have significantly improved AAR accuracy; however, most systems depend on cloud-based architectures, which 
are impractical in rural settings due to limited connectivity and latency constraints. Edge Artificial Intelligence 
(Edge-AI) offers a promising alternative by enabling local on-device inference that improves responsiveness, reli-
ability, and autonomy. This systematic review analyses 118 peer-reviewed studies published between 2018 and 
2025, examining four critical components of the AAR pipeline: communication technologies, data acquisition 
methodologies, ML and deep learning (DL) model development, and Edge-AI implementation. We summarise 
approaches to data collection across livestock species, sensor placements, sampling frequencies, labelling strate-
gies, environments, total animals, and total samples. Furthermore, we categorise and evaluate the ML algorithms 
used in AAR, discussing feature engineering, windowing strategies, and validation techniques. Our findings reveal 
that only a limited number of studies have explored Edge-AI in real-world deployments, underscoring challenges 
related to model compression, resource-constrained inference, and energy efficiency. To address these gaps, 
we synthesise deployment strategies that include TinyML frameworks and hardware-aware model optimisation. 
Compared with previous surveys, this review uniquely integrates the entire AAR development cycle, from data 
collection and model training to real-world deployment, providing a comprehensive reference for developing 
scalable, on-device livestock monitoring systems.

1.  Introduction

Precision Livestock Farming (PLF) is defined as continuous real-time 
monitoring of the health, welfare, production, and environmental im-
pact of individual animals [1]. As part of PLF, there is a growing area of 
research known as Animal Activity Recognition (AAR). This is a useful 
task for farmers to gain valuable insights about their animals, includ-
ing their mental and physical states [2]. Edge-AI is a relatively new 
research area and a natural pairing for agriculture in general, but espe-
cially AAR. Edge-AI takes Machine Learning (ML) models from the cloud 
to the edge, which brings on-device decision-making to the farm itself. 
As cloud-based methods often encounter bottlenecks on farms, as they 
are generally in a rural setting and lack communication infrastructure 
[3], edge-based solutions might effectively address these challenges [4].

The principal methodologies in AAR research encompass the deploy-
ment of movement sensors, including accelerometers, gyroscopes, and 
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magnetometers [5], commonly deployed around the neck of animals, 
which will be the focus of this article. Another common methodology 
for AAR is the application of computer vision techniques using cam-
eras [6]. As mentioned above, AAR is a widely researched area, espe-
cially in the area of movement sensors. Movement sensors have been 
used in AAR on several livestock animals, including cattle [7–9], sheep
[10–12], horses [2,13,14], goats [15–17], chickens [18–20], and pigs
[21–23]. Movement sensors have also been used for AAR in domestic 
pets such as dogs [24–26] and cats [27–29].

The articles mentioned above and throughout this article are mostly 
focused on training and testing developed ML models, with deployment 
mainly used in the preliminary stages for collecting data from sensors 
deployed on the animals. Currently, there are few research articles that 
use Edge-AI for AAR in movement sensors, which may be due to a num-
ber of challenges in the area. Collecting and labelling data is one of the 
leading challenges for AAR [5,30]. There are other additional challenges 
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Table 1 
Overview of existing literature surveys and reviews in comparison to this 
review.

 [31]  [5]  [32]  [33]  This Review
 Communications  No  No  No  No  Yes
 Data Collection  Yes  Some  Some  Some  Yes
 ML in AAR  Yes  Yes (DL only)  Yes  Yes (DL only)  Yes
 Edge-AI in AAR  No  Some  No  No  Yes

for using Edge-AI, such as model size and getting these large models 
compressed enough to fit small edge devices or even microcontrollers 
[30].

In this article, we provide a review of the four key areas that con-
tribute to the deployment and adoption of AAR systems, along with the 
challenges outlined above, including the following:

• Communications (Section 3): We review the communication tech-
nologies used to support AAR in remote livestock farming contexts, 
where conventional infrastructure is often unavailable or unreli-
able. This includes an analysis of low-power wide-area networks 
(LPWANs), Bluetooth, Wi-Fi, and cellular technologies, highlight-
ing their suitability, limitations, and deployment patterns in sensor-
based systems.

• Data Collection (Section 4): We perform a systematic review of 
data collection practices for AAR using movement sensors in multi-
ple species of livestock. This includes an in-depth evaluation of sen-
sor configurations (e.g. placement, sampling frequency, and sensor 
modality), behaviour categories, annotation methods, deployment 
environments (barn and field conditions), total animals, and total 
samples. Our contribution also includes the identification and cata-
loguing of publicly available datasets, highlighting gaps in current 
data resources, and providing guidance for future data acquisition 
strategies.

• ML in AAR (Section 5): We contribute a detailed survey of the ma-
chine learning approaches applied to AAR. Our analysis covers both 
classical and deep learning models, pre-processing steps such as win-
dowing and feature extraction, and evaluation methodologies. This 
provides a unified overview of the current algorithmic landscape and 
practical model design decisions.

• Edge-AI in AAR (Section 6): To our knowledge, we provide the first 
focused review of Edge-AI implementations in AAR using movement 
sensors. This includes an examination of model compression tech-
niques, energy optimisation strategies, and deployment considera-
tions on embedded hardware. We contextualise these developments 
within the unique constraints of rural agricultural settings and dis-
cuss the potential of Edge-AI to enable scalable real-time livestock 
monitoring.

Table 1 highlights that while previous reviews have addressed data 
collection and machine learning in AAR to varying degrees, none pro-
vide a comprehensive discussion of real-world deployment considera-
tions such as communications or Edge-AI. In particular, no prior review 
systematically examines Edge-AI applications, including model com-
pression and energy efficiency measures. This underscores the unique 
contribution of this review, which integrates communication technolo-
gies, Edge-AI, data collection, and pre-processing to provide guidance 
for practical deployment in livestock farming.

2.  Paper collection methodology

For this systematic review, the PRISMA 2020 [34] methodology was 
followed to obtain a wide range of research articles spanning from 2018 
to 2025. We selected articles after 2018 to keep the scope of this review 
current.

We started searching for articles using five popular research 
databases, which were Springer, IEEE, ScienceDirect, MDPI and Wiley. 

Some of these databases limited the number of booleans allowed for 
a search query, so each database was queried using "Animal Activity 
Recognition" and similar synonyms using the following query, filtered 
with 2018 to 2025 as the year of publication: ("animal activity recogni-
tion" OR "animal behavior recognition" OR "animal behaviour recognition" 
OR "animal activity classification"). The total number of results in each 
database can be seen in the identification stages of the PRISMA flow 
diagram in Fig. 1.

Given the search query used on these databases does not limit Com-
puter Vision articles (which are out of scope for this review), Google 
Scholar was also searched with a more optimised query that focuses on 
sensors specifically, coupled with ML and Edge-AI approaches, along 
with the specifics of livestock animals which we require for this review. 
To this end, Google Scholar was searched using the following query, 
filtered using 2018–2025: ("animal activity recognition" OR "animal be-
havior recognition" OR "animal behaviour recognition" OR "animal activity 
classification") AND ("edge-ai" OR "edge ai" OR "tinyml" OR "tiny machine 
learning" OR "aiot" OR "machine learning" OR "ai" OR "ML") AND ("sensor" 
OR "movement sensor" OR "accelerometer" OR "gyroscope" OR "magnetome-
ter" OR "IMU") AND ("cow" OR "cattle" OR "sheep" OR "ewe" OR "goat" OR 
"horse" OR "bull" OR "chicken" OR "hen" OR "pig" OR "sow"), returning 616 
results.

Before screening, any duplicates that were found in the original 
databases that also appeared in the Google Scholar search were dropped. 
We also only wanted to focus on research articles that were published, 
so results from Arxiv, Biorxiv, ResearchGate or PrePrints were automat-
ically excluded using an automated script. The combination of these 
removals totalled up to 105 articles being removed, leaving 746 records 
to be screened (as seen in Fig. 1). During the screening process, titles 
and abstracts were reviewed to evaluate if they fall into the following 
criteria:

• Articles must be published and peer reviewed (e.g., not a preprint 
on ArXiv).

• Articles must be about livestock animals, which include: cattle, 
sheep, horse, goat, chickens and pigs. Some results returned dogs 
and cats, for example, which are out of scope for this review.

• Articles must utilise movement sensors (accelerometers, gyroscopes, 
and magnetometers); articles using other types of sensors, such as 
computer vision, for example, are out of scope for this review.

• Articles must be behaviour / activity classification, For example, 
some articles tried to evaluate if an animal had taken ill, rather than 
classifying behaviours.
This screening process resulted in 588 articles being excluded, with 

a total of 161 articles assessed for eligibility. All of these 161 articles 
were successfully retrieved. These articles were further evaluated and 
assessed, considering the above criteria. In the PRISMA flow diagram 
(Fig. 1), the reasons for exclusion and the total for each reason is pro-
vided. "Not Movement Sensors on Animals" was the largest exclusion, 
where the articles were either mainly Computer Vision based, or that 
the sensors were not placed on the animals but humans riding the an-
imal (such as horses). Following this, 26 articles were excluded due to 
them not involving the five livestock animals selected for this review. 
The rest of the exclusions consisted of the articles not classifying be-
haviour / activities, for example, some articles were binary classifiers 
to determine if an animal was ill or how fast an animal was moving. 
After the screening assessments of the 161 articles, a total of 85 articles 
were further excluded for not fitting the criterion of this review, leaving 
76 articles remaining.

In addition to database searching, we also performed citation search-
ing in the previously mentioned literature review articles in Fig. 1, and 
identified 108 possible candidates that could also be considered from 
the titles of the articles. However, 43 of these were duplicates and were 
not sought for retrieval. The remaining 65 articles were all successfully 
retrieved and considered for eligibility using the same exclusion param-
eters from the original search. In total, 42 of these articles were accepted 
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Fig. 1. PRISMA 2020 flow diagram created using [35].

Fig. 2. (A): Distribution of articles by year (2018–2025). (B): Distribution of articles by publisher.

for consideration in this review in addition to the 76 articles from the 
original search, bring the total number of articles for this review to 118.

In Fig. 2A, a breakdown of the selected 118 articles has been dis-
tributed by year, showing advances in AAR using movement sensors 
and machine learning are still advancing, with 70 of the 118 articles 
being published since 2022. We have also provided a breakdown of the 
publishers for the 118 selected articles in Fig. 2B, which shows that Sci-
enceDirect / Elsevier has published the most articles related to move-
ment sensors in AAR, followed by IEEE and MDPI. Within these articles, 
there is a mix of standard ML papers, with some of these papers provid-
ing a contribution towards Edge-AI. In Section 4, we will review the data 

collection practices and all 118 articles will be considered. In Section 5, 
we will review the Machine Learning side of AAR in all 118 articles. Fi-
nally, in Section 6, there are 12 articles that will be considered as are the 
articles that deploy models on microcontrollers, therefore contributing 
to Edge-AI and TinyML in AAR.

3.  Communications technologies and networks

Establishing communication within rural areas is often a challenge 
due to limited connectivity. The coverage of telecommunication com-
panies is limited in rural areas as they prioritise urban areas [3]. There 
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are several alternative methods for still establishing communications 
within rural areas with different communication technologies and types 
of networks that are used for livestock monitoring in general, not nec-
essarily just AAR. This section will review the different communication 
technologies and the different types of network that have been used.

3.1.  Communication technologies

There are several communication technologies that have been widely 
used in the literature, a brief overview of the common ones has been 
provided below, along with some examples from the literature of their 
utilisation, following some of the ongoing challenges with the technolo-
gies in the area of livestock management. From the reviewed literature 
identified in Section 2, we will also mention if a certain communication 
technology is used for data transmission in the data collection aspects of 
the papers. There are limited instances of communications technologies 
used in data collection, as many of the articles that collect data usually 
use local storage such as SD cards.

3.1.1.  Wi-Fi and cellular
Wi-Fi and cellular networks are two primary wireless communica-

tion technologies that enable Internet access and data transmission. 
Wi-Fi is commonly deployed in localised environments such as homes, 
offices, and public hotspots. The latest version of Wi-Fi is Wi-Fi 6, 
which offers higher throughput, more robustness outdoors, lower la-
tency and power [36]. It offers high-speed data transmission, but is lim-
ited in range. In contrast, cellular networks are based on infrastructure 
managed by telecommunications providers. Cellular technology allows 
wide-area coverage and higher reliability.

In livestock monitoring, both of these technologies have been used 
to transmit data from animals to cloud servers. This includes sensor data 
[37–41] and GPS data [42], Wi-Fi is used where possible, with cellular 
used as a back-up in the cases where Wi-Fi animals are out of Wi-Fi 
range. Cellular technology such as SMS is also used to send emergency 
alerts to farmers when their cattle are entering the calving stages, an 
example of this is Moocall 1. Both of these communication technologies 
have limitations; while they generally offer faster data transfer, Wi-Fi 
allows the creation of private networks but has limited range. Cellular 
is dependent on the coverage of telecommunication providers, who usu-
ally prioritise urban areas and leave poorer services in rural areas [3] 
due to fears of high operating costs with little return in rural areas [43]. 
For AAR data collection, Wi-Fi has been used to transmit data [44–46].

3.1.2.  Bluetooth and BLE
Bluetooth and BLE (Bluetooth Low Energy) are wireless communica-

tion technologies based on the IEEE 802.15.1 protocol. It was designed 
to communicate over short distances with an absolute maximum range 
of 100 metres [47]. BLE is a low-energy version of Bluetooth; one of 
the most common implementations of BLE is in beacons, which produce 
a constant Bluetooth signal. The latest version of BLE is BLE 5, which 
supports longer range, higher data-rate, eight times more advertisement 
capacity, making it a suitable candidate for heterogeneous IoT applica-
tions [48].

In terms of livestock monitoring, it is usually used for the purpose of 
tracking an animal’s location and trying to locate animals within indoor 
environments using RSSI readings between a base station [49–51]. BLE 
has also been used to count the number of animals within a certain area 
[52]. BLE ear tags have been explored to monitor animals near each 
other [53]. Bluetooth and BLE do have limitations in terms of range and 
the data that can be transferred. The range of Bluetooth is limited, BLE 
while it can span a longer range is limited in data transfer, hence why 
it is usually used in beacons to identify a signal is present. Out of all 
the communications technologies discussed, Bluetooth was used in the 
most articles for sensor data transmission [18,54–61].

1 https://www.moocall.com

3.1.3.  LoRa
LoRa is a wireless communication technology managed by the LoRa 

Alliance 2 that allows private networks and integration with networked 
platforms around the world such as The Things Network 3. LoRa technol-
ogy allows for long-range communication between devices up to 30km 
away from each other under optimal conditions, and it does this using 
low power [62].

In livestock monitoring, LoRa has been used to transmit environmen-
tal sensor data information across long distances [63–65] and has also 
been used to transmit GPS location data [66]. LoRa has been able to 
transmit data from sensors and GPS readings to monitor animal health 
and remote grazing systems [67,68]. LoRa is one of the most popular 
communication technologies in livestock monitoring due to its long-
range capabilities, low power, and ability to create private networks for 
unlicensed use. However, data speeds are much slower in comparison to 
other communication technologies, therefore LoRa may not be the most 
suitable for constant data transmission. However, for data collection in 
AAR, LoRa has been used to transmit sensor data [69–72].

3.1.4.  Sigfox
Sigfox is a wireless communication technology designed for 

machine-to-machine applications [47]. Sigfox requires coverage for 
functionality (like that of cellular) and is currently deployed in several 
countries at the time of writing.

In livestock monitoring, Sigfox has been used in combination with 
GPS to get the location of livestock in real time [73,74]. Sigfox has also 
been coupled with BLE to track the location of livestock using a mix 
of Sigfox-enabled collars and BLE ear tags to track a entire herd [53]. 
Sigfox has also been used to transmit sensor data [75]. Sigfox is ultra-
low powered, with device battery power lasting over a year in some 
instances. The problem with this technology is that it is only available in 
limited locations, making it like that of cellular where there is a reliance 
on third parties to provide coverage.

3.1.5.  NB-IoT
Narrowband Internet of Things (NB-IoT) is a low-power wide-area 

network (LPWAN) technology. It operates within licensed cellular spec-
trum and is designed specifically for low-data-rate, delay-tolerant IoT 
applications [76]. NB-IoT offers wide-area coverage, strong penetration 
in rural and indoor environments, and significantly reduced power con-
sumption compared to traditional cellular technologies. However, sim-
ilar to cellular networks, NB-IoT depends on infrastructure provided by 
telecommunications operators, which may be sparse or unavailable in 
remote grazing regions. Additionally, uplink latency and limited data 
throughput restrict its suitability for applications requiring frequent or 
high-volume data transmission.

In livestock monitoring, NB-IoT has been used to transmit sensor 
data and location information from animals to cloud-based platforms 
[77–79]. Its ability to support long battery lifetimes while maintaining 
reliable connectivity makes it attractive for large-scale agricultural de-
ployments. NB-IoT has also been explored for health monitoring appli-
cations where periodic data transmission is sufficient, such as behaviour 
summaries or anomaly detection alerts.

3.1.6.  Zigbee
Zigbee is a wireless communication technology with a range of up to 

150 metres [80]. Zigbee is also low powered and when compared with 
the technologies discussed, it uses the least power [81].

In livestock monitoring, Zigbee has mainly been used to transfer data 
from a range of different sensors to on-sight gateway devices [7,82–85]. 
Zigbee has also been used in combination of a range of other wireless 
technologies, particularly for data transfer [86]. Although Zigbee uses 

2 https://lora-alliance.org
3 https://www.thethingsnetwork.org

Smart Agricultural Technology 14 (2026) 101986 

4 

https://www.moocall.com
https://lora-alliance.org
https://www.thethingsnetwork.org


B. Patrick et al.

little power, the range it can provide is limited and has practical uses in 
indoor environments [85]. For data collection in AAR, Zigbee has been 
used for data transmission in some articles [21,87].

3.1.7.  Satellite
Satellite communication provides global or near-global connectivity 

by transmitting data via satellites, enabling communication in remote 
areas where terrestrial networks are unavailable [88]. Satellite-based 
IoT systems are particularly valuable for extensive livestock farming op-
erations in isolated regions, such as mountainous terrain or large pas-
toral lands, where cellular or LPWAN coverage is unreliable or non-
existent. Challenges include higher latency, limited downlink capac-
ity, and greater terminal and infrastructure complexity, particularly for 
direct-to-satellite systems.

In livestock monitoring, satellite communication has been primar-
ily used for GPS-based animal tracking and location reporting [89,90]. 
While satellite communication offers unmatched coverage, it is typically 
associated with higher hardware costs, subscription fees, increased en-
ergy consumption, and higher latency compared to terrestrial alterna-
tives. As a result, satellite links are often used selectively, for example as 
a fallback communication method or for low-frequency transmissions, 
rather than continuous data streaming.

3.2.  Types of networks

With an outline of the communication technologies provided, this 
section will explain three types of networks used within livestock mon-
itoring and the communication technologies used within them.

3.2.1.  Low powered wide area network
A Low Powered Wide Area Network (LPWAN) is a wireless com-

munication technology designed for long-range, low-power, and low-
bandwidth applications. It enables battery-powered devices to transmit 
small amounts of data over long distances while consuming minimal 
energy. LPWAN technologies, such as LoRa and Sigfox, are widely used 
in IoT applications for smart agriculture [91]. LoRa is frequently used 
in LPWANs to improve coverage in extensive agricultural areas [92]. 
This is attributed to its ability to transmit signals over long distances, 
reaching up to 30 km between devices under ideal conditions, all while 
consuming a minimal amount of power [62]. In livestock monitoring, 
LPWANs allow end nodes, such as animal collars that collect data, to 
transmit the data to a gateway device, which will then transfer the data 
to a cloud server [93].

3.2.2.  Wireless sensor network
A Wireless Sensor Network (WSN) is a network of distributed sensor 

nodes that communicate wirelessly to collect and transmit data [94]. 
WSNs are designed to be energy efficient and the nodes operate at low 
power to extend the battery life. They typically use communication pro-
tocols such as Zigbee or Bluetooth Low Energy (BLE) due to their energy 
efficiency, but can use Wi-Fi for higher data rate applications [95]. In 
livestock monitoring, WSNs are widely used to monitor the health and 
behaviour of animals [96]. WSNs are typically a local network of inter-
connected devices that will communicate to a gateway device, which 
will then transfer the data to the cloud, as demonstrated in Fig. 3 from 
[97].

3.2.3.  Mesh networks
A mesh network is a type of wireless network topology in which each 

node can communicate with multiple neighbouring nodes and can act 
as both a sensing device and a relay for forwarding data. This enables 
multi-hop communication, allowing data to be transmitted across the 
network without requiring all nodes to be in direct range of a gateway. 
Mesh networks are commonly implemented using low-power commu-
nication technologies such as LoRa [98]. In livestock monitoring, mesh 
networks are typically used in localised environments such as barns or 

confined grazing areas, where animal-mounted or environmental sen-
sors can form a cooperative network to extend coverage and improve 
reliability, however there outdoor usage using LoRa for data transmis-
sion in livestock monitoring has been explored [99]. The ability of mesh 
networks to reroute data around failed or mobile nodes improves ro-
bustness in dynamic environments. However, as network size increases, 
mesh-based communication can introduce additional latency and en-
ergy overhead due to packet forwarding, which can limit scalability for 
large herds or wide-area deployments.

3.2.4.  Discussion of network types
The difference between LPWANs, WSNs, and mesh networks lies pri-

marily in the communication technologies used and the resulting net-
work topology. LPWANs utilise long-range communication technologies 
such as LoRa or Sigfox, enabling end devices to transmit data directly 
to a gateway over large distances. In contrast, WSNs typically employ 
shorter-range technologies such as Zigbee or BLE and consist of intercon-
nected sensor nodes that communicate locally before forwarding data to 
a gateway, often forming mesh-based topologies. Mesh networks there-
fore represent a common architectural approach within WSNs, where 
nodes cooperate to relay data through multi-hop communication, but 
as shown can use the same communication technologies as LPWANs, 
such as LoRa.

LPWANs are well suited to wide-area livestock monitoring, where 
animals are distributed over large grazing regions and direct long-range 
communication to a gateway is required, and mesh networks are start-
ing to be explored in this area too. WSNs are more commonly applied in 
localised environments, such as barns or confined grazing areas, where 
dense node deployment allows reliable short-range communication and 
network redundancy. While mesh networking can extend coverage and 
improve robustness by re-routing data around failed or mobile nodes, 
it also introduces additional latency and energy consumption due to 
packet forwarding, which can limit scalability as network size increases. 
Moving data from the field to the cloud remains a significant chal-
lenge in rural environments due to limited connectivity, and both LP-
WANs, WSNs and mesh networks help bridge this gap. However, both 
approaches have limitations. An Internet connection is still required at 
the gateway to upload collected data to cloud services, which may not be 
available on all farms. For LPWANs, fair usage policies and duty cycle 
limitations can restrict data transmission frequency [100]. For exam-
ple, in the EU 868MHz band, LoRa devices are typically restricted to a 
1% duty cycle, corresponding to approximately 36 seconds of transmis-
sion time per hour 4. This severely limits continuous raw sensor stream-
ing and instead favours AAR designs that rely on low-frequency feature 
transmission, batch-based reporting, or on-device inference where only 
behaviour labels or summary statistics are transmitted. WSNs and mesh 
networks also face constraints related to limited processing power and 
memory on sensor nodes [101], as well as battery life limitations due to 
frequent communication and data relaying [102]. Mesh networking ap-
proaches may also be attractive for extensive grazing systems, as multi-
hop communication can theoretically extend coverage beyond the range 
of a single gateway. However, in large-scale outdoor deployments with 
highly mobile nodes, maintaining stable mesh topologies is challenging 
and can significantly increase energy consumption and latency due to 
repeated packet forwarding. As a result, while mesh networks are well 
suited to localised or semi-confined environments, LPWAN-based star 
topologies remain the dominant choice for wide-area livestock moni-
toring. These constraints highlight that communication technology se-
lection directly influences AAR system design, including sampling fre-
quency, windowing strategy, feature extraction, and the degree to which 
intelligence must be pushed to the edge.

4 https://www.thethingsnetwork.org/docs/lorawan/duty-cycle/
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Fig. 3. Typical architecture of a WSN from [97].

Fig. 4. Power consumption versus communication range for various communi-
cation technologies from [103].

3.3.  Energy consumption

This review paper looks at the progress towards Edge-AI for AAR; 
and in Edge-AI energy efficiency is one of the most important factors 
as some aspects of Edge-AI target microcontrollers (more on this will 
be discussed in Section 6). Therefore, consideration of energy efficient 
communication technologies should also be taken into account. In Fig. 4, 
[103] provides a good overview of the distance compared to energy 
consumption, highlighting that common technologies such as Wi-Fi and 
cellular consume the most power, while LPWAN technologies such as 
Sigfox and LoRa consume the least power for the distance travelled, the 
latter being able to communicate the largest distance and use the least 
power. While technologies such as Wi-Fi have evolved and Wi-Fi 6 is 
more energy efficient, it still consumes more energy compared to its 
lower energy alternatives.

3.4.  Communications discussion and recommendations

Communication requirements in AAR systems vary substantially de-
pending on the intended application and deployment context. In many 
studies, communication is not required for real-time monitoring but 
instead serves to periodically retrieve stored data, verify device op-
eration, or report summary information. Indeed, a significant propor-
tion of the reviewed literature identified in Section 2 collects sen-
sor data locally for later analysis, with 60 articles storing data on-
device using SD cards, eliminating the need for continuous wireless 
communication during the collection deployment. Where communica-
tion is required, its purpose will vary. Sometimes it is require for real-
time applications that require real-time transmission of behaviour in-
formation. It may be required for periodic reporting of summarised 
data or behaviour labels generated through on-device processing. Or 
sometimes as simple as device health monitoring to confirm correct 

operation and battery status, or firmware updates. Each of these use 
cases imposes different constraints on latency, bandwidth, and energy
consumption.

For real-time monitoring, long range communication technologies 
such as LoRa or Sigfox (where available) are well suited to outdoor live-
stock systems, particularly when paired with Edge-AI approaches that 
reduce transmitted data to low-rate behaviour labels or summaries. In 
contrast, indoor or confined environments can rely on short range tech-
nologies such as Zigbee or BLE, which provide sufficient coverage with 
lower energy consumption. High power-consuming technologies such 
as Wi-Fi and cellular networks should be avoided where possible, par-
ticularly for battery-powered devices, as lower-power alternatives ex-
ist for most livestock monitoring scenarios, albeit with constraints on 
data rate and packet size. Overall, communication technology selection 
should be guided by the specific functional requirements of the AAR 
system rather than assuming continuous data transmission. As Edge-
AI and TinyML approaches mature, communication increasingly shifts 
from raw data streaming toward sparse, event-driven reporting, en-
abling energy-efficient operation in remote and infrastructure limited 
agricultural environments.

4.  Data collection: types, methods, and datasets

This section will discuss the data collection aspects, including the 
types of movement sensors used, the placement of those movement sen-
sors, the sampling rates of them, the behaviours and activities for each 
species of livestock, the annotation and labelling methodologies, the en-
vironment in which the data was collected, the total number of animals, 
and the total samples collected. This forms all the data from all 118 of 
the articles identified in Section 2. To begin, we breakdown the 118 
articles and split them by animal species, this is visually represented 
in Fig. 5A. This results 52 articles for cattle (including various breeds, 
Calves and Bulls), 21 articles for sheep (including Ewes and Lambs), 
15 for horses, 8 for goats, 10 for chickens, and 6 for pigs. The data 
show that most of the reviewed literature focusses on cattle, followed 
by sheep, then followed by horses, and then chickens, goats and finally, 
pigs. There were also six articles that combined a mixture of different 
livestock animals, three of which considered a mixture of horse and 
goats [104–106]. The other mixtures included cattle and pigs [107]; 
cattle, horses and sheep [108]; and finally, cattle, sheep, horse and goat 
[109].

Fig. 5B represents the number of articles that opted to collect their 
own data versus those articles that used pre-existing datasets. From this 
figure, we can see that for all animal breeds, researchers will tend to 
collect their own data. In the case of cattle, sheep, horses and goats, 
most articles will collect their own data but some articles will opt to use 
a dataset; while chicken and pigs, all articles collect their own data and 
no articles use a pre-existing dataset. The only exception to this is the 
articles that use multiple animals (labelled as "mixture"), as almost all of 
these articles use pre-existing datasets, with only one article collecting 
their own data [107].
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Fig. 5. (A): Livestock animal distribution across 118 reviewed articles. (B): Dataset collection vs dataset usage across 118 reviewed articles.

4.1.  Wearable movement sensor types

This review focusses on recognising animal behaviour through move-
ment sensors, which include Accelerometers, Gyroscopes, and Magne-
tometer sensors. All of these sensors typically consist of three axes: 
𝑋, 𝑌 ,𝑍, each consisting of a direction of travel (forward and back, up 
and down, left and right). Accelerometers: This sensor is typically used 
to measure acceleration and is measured in metres per second squared 
(𝑚∕𝑠2). Gyroscopes: This sensor is used to measure orientation and an-
gular velocity, measured in degrees per second (◦∕𝑠). Magnetometers:
This sensor is used to measure changes in the magnetic field at a specific 
location, which is good for measuring rotation values, such as pitch, roll, 
and yaw. The magnetometer is measured in Tesla (𝑇 ) [5].

The combination of all three sensors (accelerometer, gyroscope, and 
magnetometer) forms an Inertial Measurement Unit (IMU) sensor, which 
has been widely used in the literature. Overall, the accelerometer is by 
far the most popular sensor used for recognising animal behaviour, with 
the gyroscope and magnetometer used to help improve or further clas-
sify certain behaviours in most cases. There are no review articles using 
the gyroscope or magnetometer on their own for AAR, meaning that 
the accelerometer has become the preferred movement sensing device. 
When presenting the sensor usage data throughout the paper, we have 
classified the article based on the types of data collected, not the sensor 
physically attached to the animal. As an example, IMUs consist of ac-
celerometers, gyroscopes, and magnetometers, however, several articles 
will mention that an IMU has been placed on the animal, but only col-
lect data from the accelerometer sensor [110] or some will only collect 
data from the accelerometer and gyroscope, but not the magnetome-
ter [17,21,111]. There are a number of reasons for this; manufacturers 
may combine all three sensors into one unit rather than making separate 
units. The cost of an IMU has become cost-effective in recent years, or 
it could simply be that not all sensor data is needed to get good classi-
fication results, as several articles report an accuracy of 99% or more 
with the accelerometer alone [2,11,13,14,112,113]. Earlier studies also 
explored the use of gyroscope and magnetometer data, but the quality 
and reliability of these signals were often inconsistent, or did not offer 
meaningful improvements when coupled with the accelerometer [31]. 

This variability was an additional factor that contributed to accelerom-
eters becoming the primary sensor used in AAR.

4.2.  Animal summary: cattle

Cattle are the most extensively studied species in the AAR litera-
ture, representing nearly half of the reviewed articles (44.1%, or 52 
articles). This predominance can be explained by both practical and 
economic considerations. From a research standpoint, the large body 
size of cattle enables them to carry heavier or bulkier sensor devices 
comfortably, making them an ideal model for testing new technologies. 
From a farming perspective, cattle generally have higher individual eco-
nomic value through multiple income streams, such as meat, milk, and 
hides, which increases the likelihood of adopting sensor-based systems. 
These factors collectively position cattle as a natural focal point for both 
researchers and end-users. Consequently, the strong emphasis on cat-
tle within AAR research is logical and beneficial. For instance, disease 
detection in cattle can be achieved by monitoring changes in activity 
patterns, as illnesses often lead to reduced movement and decreased ap-
petite [114,115]. Fig. 7 summarises the literature on cattle, focusing 
on 35 of the 52 reviewed articles that collected original data. The re-
maining 18 articles, which relied on existing datasets, will be discussed 
later in this section. A full breakdown of all the reviewed articles that 
collected their own data can be found in Appendix A, in Table A.7.

4.2.1.  Behaviours / activities
Throughout this review, we use the term ’activity’ to describe ani-

mal behaviours, in line with the terminology adopted in most AAR stud-
ies. While some authors differentiate between ’behaviour’ (e.g., grazing, 
ruminating, resting) and ’activity’ (quantitative movement intensity), 
the literature often uses these terms interchangeably. Here, we follow 
the convention used in the source studies to accurately reflect their re-
porting, noting that in some cases ’activity’ values are derived from ac-
celerometer signals, whereas ’behaviours’ are typically inferred via ML 
models.

From Fig. 7A, the most common behaviours tracked in the litera-
ture for cattle are lying (also classified as resting), eating, standing, and
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Fig. 6. Sensor placement definitions visual. (A): Cattle sensor placement. (B): Sheep and goat sensor placement.

Fig. 7. Data distribution for Cattle in 35 reviewed articles that collected their own data. (A): Types of behaviours and activities classified. (B): Sensor placement. (C): 
Sampling frequencies used. (D): Sensor type / usage. (E): Data annotation / labelling methods. (F): Data captured environment. (G): Number of animals collected 
from. (H): Total time of behaviours captured.

ruminating. These behaviours are monitored for two main purposes. 
First, they can be directly quantified to measure the duration or fre-
quency of each behaviour, providing information about daily behaviour 
patterns, feed intake, and general health. Second, changes in these be-
haviours can serve as indicators of events or conditions, such as stress, 
disease, or nutritional deficiencies [116]. For example, variations in ly-
ing or rumination patterns can indicate health issues, while decreases in 
eating behaviour may signal inadequate nutrition. Less commonly ob-
served behaviours, such as grooming, licking, or itching, are more chal-
lenging to monitor but can provide valuable information; for instance, 
[117] successfully classified itching in cattle to detect skin disease. Be-
havioural monitoring is also applicable beyond dairy cattle, as demon-
strated in [118], where sensors were used to track behaviours in young 
bulls to ensure adequate nutrition.

4.2.2.  Sensor positioning
Within cattle, the most common place for sensors was on the neck, 

attached using collars. Fig. 7B shows a breakdown of sensor placement 
in the reviewed articles and collar usage in the neck accounted for the 
majority of sensors used in the reviewed articles. A visualisation of sen-

sor placement is presented in Fig. 6A. It can be observed that most of 
the literature opts to place the sensors on the side or the top of the ani-
mal’s neck, some with some articles opting for the lower neck. However, 
there were a number of articles that did not specify where on the neck 
the sensors were placed. The problem with using the neck could be the 
rotation of the collar, which can occur as the cows move; however, using 
a counterweight at the bottom of the collar can help keep the sensors 
in a mostly constant position on the animal [119], which may reduce 
noise.

4.2.3.  Sensor usage and sampling frequencies
From Fig. 7D, Accelerometers are the most widely used sensor, used 

in 28 of the 35 reviewed articles that used them. It should also be noted 
that some articles used multiple sensors that are not within the scope 
of this review to assist them, for example, [120–122] used accelerome-
ters with location-based sensors to help further classify behaviours. Ac-
celerometer coupling with a Gyroscope is not as common within cat-
tle, with only one article opting for it [123]. IMUs were used more 
frequently than accelerometer and gyroscope pairing, with six articles 
opting for it.
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Fig. 7C presents the sampling frequencies used in the reviewed arti-
cles and shows that 10Hz is the most widely used, with 13 articles. The 
highest sampling rate used in cattle was 59.5Hz [124,125], with the rest 
of the literature opting for a sampling rate below this, the lowest being 
1Hz or lower [118,126–129]. In total, 29 of the 35 articles opted for a 
sampling frequency of 25Hz or less, successfully classifying behaviours 
and activities within cattle with these lower sampling frequencies across 
different sensor positions and different sensors used.

4.2.4.  Data labelling and environment
Figs. 7F and 7E break down how the cattle data collected were la-

belled and the environment in which the data were collected, respec-
tively. The majority of the articles collected their own data and opted 
to video record the animals’ behaviours and label the sensor data using 
them, which has the benefit of capturing animal behaviour without hu-
man interference, but this is a much longer and tedious process. Some 
articles opted to use live human observations, which is less tedious but 
more labour intensive as this would need to be done for hours at a time.

Cattle will have limited movement when in a barn or pen compared 
to a field or pasture, which means each environment has challenges 
in capturing and labelling data. Most of the articles use a pen or barn 
environment, as this establishes some control and limits the possible be-
haviours of the cattle. It also makes it easier to capture data, as the cattle 
will always be in view for observation. We found that sensor data is cap-
tured and labelled in one environment for cattle, only [130] captured 
data in both barn and field environments. For articles within a pen or 
barn environment (20 articles), most (13/20) use video recordings to 
label the captured data. Unlike the field and pasture environment arti-
cles (6 articles), half opted to label the data using human observations. 
Video recordings within a pen or barn environment means that the cat-
tle are limited to where they can move, meaning that the cameras can 
be set up where the animal will always be in view of them. This is much 
more challenging in a large field or pasture due to their size, whereas a 
human observer can move where the animal moves to continue labelling 
the data.

4.2.5.  Total animals and data collected
Fig. 7G summarises the total number of animals used for data collec-

tion across the reviewed articles. Most studies relied on relatively small 
sample sizes, with 19 articles using 10 animals or fewer, suggesting that 
such numbers are generally considered sufficient for activity recogni-
tion research. The largest dataset was reported by [55], who collected 
data from 51 animals, while the smallest total number of animals was 
two, and was observed in four different studies [123,129,131,132]. Al-
though small sample sizes are common, larger and more diverse datasets 
typically provide more robust and generalisable results. Some studies 
addressed this by collecting data from multiple animals across differ-
ent farms, as seen in [130], who also collected data in both indoor and 
outdoor environments.

Reporting of data volume across the literature, however, is highly 
inconsistent. Some articles specify the total number of data rows, while 
others report duration in time units. In certain cases, data is presented 
per animal, whereas others provide aggregated totals. Additionally, 
some studies report data before cleaning, while others report post-
cleaning figures. These inconsistencies make it challenging to accurately 
summarize the total amount of data collected. To address this, we har-
monised reported sample sizes into approximate total hours where fea-
sible, as shown in Fig. 7H. This was achieved by converting time-based 
entries (hours, seconds, or windows) directly into hours and, where 
necessary, estimating totals by dividing the number of samples by the 
reported sampling frequency. While this approach provides a useful 
overview, it should be interpreted with caution due to the assumptions 
involved. Nevertheless, the figure suggests that collecting around 20 
hours of data or less per study is common practice.

4.2.6.  Data collection discussion
The predominance of cattle within the AAR literature reflects a con-

vergence of biological suitability, economic incentives, and practical re-
search considerations. As demonstrated in this review, cattle account 
for most of the surveyed studies, reinforcing their role as a benchmark 
species for the development and evaluation of sensor-based AAR sys-
tems. Across the reviewed studies, the emphasis on core behaviours 
such as lying, eating, and ruminating underscores the close relation-
ship between these behaviours and cattle health, welfare, and produc-
tivity. These activities are relatively frequent, temporally extended, and 
behaviourally distinct, making them well suited to classification using 
wearable sensors. Their prominence also reflects applied motivations, 
particularly the detection of disease, stress, and nutritional deficiencies. 
In contrast, rarer or more transient behaviours such as grooming, lick-
ing, or itching remain under represented due to the challenges associ-
ated with capturing sufficient labelled examples. The limited number 
of studies targeting such behaviours suggests that current AAR systems 
may be biased toward high-prevalence behaviours, potentially overlook-
ing early indicators of specific health conditions that manifest through 
infrequent actions. The success reported in detecting itching-related be-
haviours indicates that, with sufficient data and appropriate modelling, 
expanding the behavioural repertoire remains feasible and clinically 
relevant. Sensor placement choices further reflect a balance between 
data quality, animal comfort, and practical deployment. The widespread 
adoption of neck-mounted collars demonstrates their acceptability and 
ease of use in commercial settings. However, the variability in exact 
sensor positioning on the neck and the frequent lack of detailed report-
ing introduce challenges for reproducibility and cross-study compari-
son. Collar rotation remains a recognised limitation, and while mitiga-
tion strategies such as counterweights have been proposed, their adop-
tion is inconsistent. This highlights the need for clearer reporting stan-
dards and potentially more robust, orientation-invariant feature extrac-
tion or modelling approaches that can tolerate positional variability 
without compromising performance. The dominance of accelerometers 
across the literature confirms their effectiveness as a low-power, low-
cost sensing modality capable of capturing a wide range of cattle be-
haviours. The relatively limited use of gyroscopes and full IMUs sug-
gests that, for many cattle-related AAR tasks, accelerometer-only so-
lutions provide a favourable trade-off between complexity and perfor-
mance. Importantly, the successful classification of behaviours at sam-
pling frequencies of 25Hz or below in the majority of studies demon-
strates that high-frequency data acquisition is not strictly necessary for 
effective cattle AAR. This finding has significant implications for long-
term deployments, as lower sampling rates reduce energy consumption, 
storage requirements, and data transmission constraints in real-world 
agricultural systems. Data labelling practices and environmental con-
text emerged as critical factors influencing study design and feasibil-
ity. The reliance on video-based annotation in controlled environments 
such as barns and pens reflects a preference for high-quality labels 
and reduced behavioural ambiguity. However, this approach is time-
consuming and may not scale effectively to larger herds or extended 
monitoring periods. Conversely, studies conducted in pasture or field 
environments face challenges related to visibility and animal mobility, 
often necessitating human observers. The fact that most studies collect 
and label data within a single environment raises questions about the 
robustness and transferability of trained models across different man-
agement systems. The scarcity of multi-environment datasets suggests 
that many existing models may be environment-specific, limiting their 
applicability in heterogeneous real-world settings. The analysis of ani-
mal numbers and total data collected reveals a further limitation within 
the cattle AAR literature. While many studies rely on relatively small 
cohorts, often ten animals or fewer, this approach may be sufficient 
for proof-of-concept demonstrations but risks overfitting to individ-
ual animals or farm-specific conditions. Studies that incorporate larger 
herds or multiple farms represent an important step toward improving 
generalisability, yet they remain the exception rather than the norm.
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Table 2 
Publicly available datasets for AAR within cattle.

 Source  Sampling Frequency  Sensor Type(s) Behaviours Labelled
 [135]  25Hz  Accelerometer Resting, Ruminating, Moving, Grazing, Salt licking, Feeding, Drinking, Licking, Rest-

ing, Urinating, Attacking, Escaping, Being mounted, and Other
 [119]  10Hz  Accelerometer Rumination, Eating and Other
 [112]  10Hz  Accelerometer Allogrooming, Calf suckle, Foraging high, Foraging low, Lying, Ruminating lying, Ru-

minating standing, Standing, Vigilance, Walking
 [56]  25Hz  Accelerometer (x2) Feeding, Ruminating and Other
 [120]  50Hz  Accelerometer Grazing, Walking, Resting, Drinking, and Other
 [127]  1Hz  Accelerometer Feeding, Lying, Standing, Lying down, Standing up, Normal walking, Active walking
 [111]  10Hz  Accelerometer & Gyroscope Ingestion, Biting, and Chewing
 [134]  25Hz  Accelerometer Standing, Lying, Defecation, Urination, Rumination, Drinking, Rising, Lying Down, 

Grooming, Social, Play, Sniff, Eating, Walking, Run, Pacing, Fall, Cough
 [70]  10Hz  Accelerometer Feeding, Ruminating, and Other
 [149]  10Hz  Accelerometer Drinking, Feeding, Licking, Standing, and Walking

Additionally, inconsistencies in how data volumes are reported compli-
cate cross-study comparisons and meta-analysis. The wide variation in 
reporting formats, combined with differences in pre and post process-
ing disclosure, underscores the need for standardised reporting guide-
lines within the AAR community. Despite these limitations, our review 
suggests that effective cattle AAR systems can be developed using mod-
est data volumes, relatively low sampling frequencies, and simple sens-
ing configurations. This is encouraging for practical deployment, par-
ticularly in resource-constrained agricultural contexts. However, the 
apparent standard practice of collecting 20 hours of data or less also 
raises questions about model robustness over longer time scales, sea-
sonal changes, and evolving animal behaviour. Future work would ben-
efit from longer-term longitudinal studies that capture behavioural vari-
ability over weeks or months, as well as from increased attention to 
dataset diversity and transparency. In summary, cattle-focused AAR re-
search has reached a level of methodological maturity, with clear con-
vergence around sensor types, placements, and sampling strategies. The 
challenge moving forward lies not in demonstrating feasibility, but in 
improving scalability, robustness, and generalisability. Addressing these 
challenges will require more diverse datasets, consistent reporting prac-
tices, and validation across animals, environments, and management 
systems. While cattle remain a logical and valuable focal species, ex-
panding these insights to other animals will be essential for the broader 
advancement of AAR as a field.

4.2.7.  Datasets
Several articles reviewed captured their own data for their own spe-

cific research. Some of the reviewed articles have also published their 
datasets for use by other researchers [56,70,111,112,119,120]. The calf 
dataset used in [133] has recently been published in [134].

However, there are 18 articles that used existing datasets, and the 
majority of these articles used the [135] dataset, which was used by 
[18,136–143]. This dataset consists of accelerometer data captured at 
25Hz from the neck across six different Japanese Black Beef Cows, where 
they were able to roam freely between a grass field and farm pens, to-
talling to just under 6 hours of data. The dataset contains data for 13 
different behaviours, which include resting, ruminating, moving, graz-
ing, salt licking, feeding, drinking, licking, urinating, attacking, escap-
ing, being mounted, and other.

Other articles like [120,144–146] used a dataset from previous ex-
periments conducted in [147], which included an accelerometer run-
ning at 50Hz that captures data at the top of the animal’s neck, and 
included behaviours such as: Grazing, Walking, Resting, Drinking, and 
Other. Then [148] used a non-public data set, which consisted of an IMU 
running at 50Hz attached to the top of the animal’s neck, totalling just 
over 19 hours of data from 10 different animals.

A complete overview of all publicly available cattle datasets from 
what we found across the literature can be found in Table 2.

4.3.  Animal summary: sheep and goat

Sheep and goats are grouped together in this section due to their 
similar roles as ruminants in livestock monitoring. They account for ap-
proximately 17.8% and 6.8% of the reviewed literature, respectively, as 
shown in Fig. 5A, totalling 29 articles. While cattle are also ruminants, 
their higher economic value likely explains the greater research focus on 
them compared to sheep and goats. Nevertheless, both species provide 
multiple income streams for farmers, including meat and dairy, with 
sheep additionally contributing wool. Demand for goat milk is increas-
ing due to its lower allergenic properties [16]. Beyond production, these 
animals also play an important role in land management through graz-
ing, with goats being particularly resilient, capable of thriving on shrubs, 
grasses, and weeds [150]. Fig. 8 summarises the literature on sheep and 
goats, focusing on 25 of the 29 reviewed articles that collected original 
data. A full breakdown of all the reviewed articles that collected their 
own data can be found in Appendix A, in Table A.8. The remaining four 
articles, which utilised existing datasets, will be discussed later in this 
section.

4.3.1.  Behaviours / activities
The common behaviours monitored in sheep and goats, as reported 

in the reviewed literature, are presented in Fig. 8A. The main behaviours 
include grazing, walking, standing, and lying (also classified as resting). 
In AAR studies, these behaviours are monitored for two complementary 
purposes. First, they can be directly quantified to measure the dura-
tion or frequency of specific behaviours, providing insight into daily 
behaviour patterns and overall animal welfare. For example, tracking 
the amount of time sheep spend grazing or lying can inform manage-
ment decisions related to feeding schedules or pasture usage. Second, 
deviations in these behaviours can be used for event detection or indi-
rect inference, such as identifying health or welfare issues, or reduced 
forage availability. For instance, reduced grazing and increased stand-
ing or lying across multiple animals may indicate limited forage, while 
avoidance of certain behaviours in individual sheep may signal pain 
or discomfort [151,152]. Behaviours such as rumination, grazing, and 
lying are particularly important for managing forage intake and moni-
toring animal welfare [10].

4.3.2.  Sensor positioning
Like that of cattle, the most common position of the sensors was the 

neck, as seen in Fig. 8B. A visualisation of sensor placement is presented 
in Fig. 6B. Notably, there seems to be a more even distribution of the 
position on the neck, with [12,153] opting for the top of the neck, [12,
45,154,155] opting for the lower part of the neck, and [15,156] using 
the side of the neck. More articles have used ear tags compared to cattle, 
some using using ear tags alone [157,158], while the other uses of ear 
tags have been coupled with another movement sensor placed elsewhere 
on the animal [151,154,159,160].
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Fig. 8. Data distribution for sheep and goats in reviewed literature. (A): Types of behaviours and activities classified. (B): Sensor placement. (C): Sampling frequencies 
used. (D): Sensor usage. (E): Data labelling methods. (F): Data captured environment. (G): Number of animals collected from. (H): Total time of behaviours captured.

4.3.3.  Sensor usage and sampling frequencies
There is also a more uniform distribution of sensor usage compared 

to cattle, with 14 articles opting for accelerometer only and seven ar-
ticles opting for accelerometer and gyroscope pairing, and four articles 
opting for the IMU (sensor distribution can be seen in Fig. 8D). Sev-
eral articles used multiple sensors in different positions of the body. For 
example, [154] used three accelerometers placed in three different po-
sitions of the animal, including the ear, neck, and leg.

Sampling frequency usage within sheep and goats is also fairly dis-
tributed when looking at Fig. 8C. The lowest sampling frequency was 
1Hz in [15] and the highest reported was 100Hz in [71,153,161]. Many 
articles fall in between 10Hz and 40Hz as a suitable sampling frequency, 
with 20Hz being the most used. This is similar to cattle, with a notable 
exception of the highest frequency in cattle being nearly 60Hz, whereas 
the highest in sheep and goat is 100Hz and was used by three articles.

4.3.4.  Data labelling and environment
In Figs. 8E and 8F, a breakdown of the data labelling method and the 

environment in which the data were captured has been provided. This 
shows that most articles opted to use video recordings of the animals 
to label the data. However, a big difference compared to cattle is that 
most of the articles captured the data in a field or pasture. This appears 
to be due to the difference in desirable behaviours to capture, as graz-
ing is one of the most frequently occurring behaviours in sheep and goat 
AAR, so the majority of the research will take place in fields and pas-
tures rather than in barns. Video recordings are still the most frequent 
method of capturing and labelling sheep and goat behaviour, with some 
articles still opting for the human observation approach. Some articles 
did not require data labelling as they only needed to classify two be-
haviours (binary classification). Engineered features extracted from the 
sensor data can also be used for the classification of behaviours [15,44]. 
For example, [15] focused on identifying grazing behaviour in goats 
and found that grazing produced distinctive Z-axis movements in both 
the accelerometer and the gyroscope, reflecting the characteristic head-
down posture and chewing motion.

4.3.5.  Total animals and data collected
Fig. 8G summarises the total number of animals used for data collec-

tion across the reviewed articles. Like that of cattle, most articles used 
10 animals or less for their data collection. The article that collected 
data from the most animals was [155], where the authors collected data 

from 116 different animals. In contrast, one article collected data from 
one animal [45], and some others collecting data from three animals 
[58,153,162].

Like that of cattle, the reporting of data volume is highly inconsis-
tent. We again have attempted to harmonise the reported sample sizes 
into approximate totals where possible, as shown in Fig. 8H. The aim of 
this is to provide a useful overview, but like before, it should be inter-
preted with caution due to the assumptions involved. Nevertheless, the 
figure suggests that collecting around 20 hours of data or less per study, 
like that of cattle, is the usual practice.

4.3.6.  Data collection discussion
Sheep and goats occupy a distinct yet closely related position within 

the AAR literature, reflecting their shared ruminant physiology, compa-
rable management practices, and overlapping behavioural repertoires. 
Although they represent a smaller proportion of studies than cattle, 
the reviewed literature demonstrates that AAR systems for sheep and 
goats are increasingly motivated by productivity, welfare, and land-
management applications. Their comparatively lower individual eco-
nomic value, combined with larger herd sizes and more extensive graz-
ing systems, likely contributes to the reduced research focus relative to 
cattle. Nonetheless, the diversity of applications identified in this re-
view suggests that sheep and goat AAR presents unique challenges and 
opportunities that are not fully addressed by cattle-centric approaches. 
The behaviours most frequently classified are grazing, walking, stand-
ing, and lying. And these behaviours reflect the central role of for-
aging and movement in small ruminant management. Unlike cattle, 
where lying and ruminating dominate many datasets, grazing emerges 
as the primary behaviour of interest for sheep and goats, particularly 
in pasture-based systems. This emphasis aligns closely with practical 
decision-making, as deviations in grazing patterns can signal changes in 
pasture quality, health issues, or environmental stressors. The focus on 
these core behaviours suggests that current AAR systems for sheep and 
goats prioritise high-level behavioural time budgets rather than fine-
grained or low-frequency behaviours. While effective for broad moni-
toring, this may limit the detection of more subtle welfare indicators, 
such as pain-related behaviour or early disease onset, which are less 
commonly targeted. Sensor placement strategies largely mirror those 
used in cattle, with neck-mounted devices remaining the most common 
configuration. However, a more even distribution of sensor positioning 
along the neck is evident, potentially reflecting differences in anatomy, 
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fleece, and movement dynamics between small ruminants and cattle. 
The greater uptake of ear-mounted sensors is a notable distinction, likely 
driven by practical considerations such as ease of deployment, reduced 
interference with grazing, and compatibility with existing identification 
systems. While ear tags offer clear advantages for scalability, their in-
creased susceptibility to noise from head movements and environmental 
interactions may partly explain the more frequent use of multi-sensor 
configurations in this literature. The combination of ear-mounted and 
body-mounted sensors suggests an ongoing trade-off between data rich-
ness and deployment simplicity that remains unresolved. Compared to 
cattle, sensor usage in sheep and goat AAR is more heterogeneous, with a 
higher proportion of studies incorporating gyroscopes or full IMUs. This 
may reflect the need to better capture the complex head and body move-
ments associated with grazing, particularly in uneven terrain or shrub-
dominated environments. Despite this increased sensor complexity, the 
literature demonstrates that effective classification can still be achieved 
across a wide range of sampling frequencies. While higher frequencies 
like that of up to 100Hz have been explored, the concentration of studies 
in the 10-40Hz range indicates that moderate sampling rates are gener-
ally sufficient. This finding reinforces the potential for energy-efficient, 
long-term monitoring systems, even in extensive grazing systems where 
battery life and data transmission are critical constraints. Data labelling 
practices further highlight important contrasts with cattle-focused stud-
ies. The predominance of field and pasture environments introduces sig-
nificant challenges for annotation, yet video recording remains the most 
commonly adopted method. This reflects both the necessity of captur-
ing grazing behaviour in situ and the difficulty of maintaining consis-
tent visibility in open environments. The continued reliance on video 
and human observation underscores the lack of scalable labelling so-
lutions for small ruminants, particularly in large herds. Some studies 
mitigate this by narrowing the classification task to binary or highly 
distinct behaviours, or by leveraging engineered features that exploit 
characteristic movement patterns. While effective in specific contexts, 
these approaches may limit extensibility to more complex multi-class 
scenarios. As with cattle, the majority of sheep and goat studies rely 
on relatively small numbers of animals, raising concerns about inter-
animal variability and model generalisability. Although a small num-
ber of studies demonstrate the feasibility of larger-scale data collection, 
these remain exceptions. The inconsistency in reporting total data vol-
umes further complicates efforts to compare studies or establish best 
practices. Despite these limitations, the apparent convergence around 
collecting approximately 20 hours of data or less suggests that many 
AAR models for sheep and goats are developed under constrained data 
regimes. This reinforces the need for robust validation strategies and 
highlights the potential value of techniques such as transfer learning, 
semi-supervised learning, or cross-farm evaluation. Overall, the sheep 
and goat AAR literature reflects a field that is adapting cattle-derived 
methodologies to species with different behavioural priorities and en-
vironmental contexts. While many foundational design choices, such 
as sensor types and placements, remain similar, the stronger emphasis 
on grazing behaviour, pasture-based environments, and scalable sen-
sor deployment distinguishes small ruminant AAR as a domain with its 
own methodological requirements. Future research would benefit from 
greater standardisation in reporting, increased dataset diversity, and ex-
plicit evaluation of model robustness across environments and herds. 
Addressing these challenges will be essential for translating AAR systems 
for sheep and goats from experimental settings into practical, large-scale 
agricultural applications.

4.3.7.  Datasets
In total, three research articles did publish their dataset for others to 

use [12,158,163]. Other researchers re-used data from previous experi-
ments, such as [164], used a dataset that they captured in their previous 
research [154].

Five articles used existing datasets, and four of them used the same 
dataset. The articles [16,79] used the [165] dataset. This dataset con-

sisted of data from four goats and two sheep, and the data captured 
was from an accelerometer and gyroscope sensor running at 200Hz. The 
behaviours labelled in this dataset include: Stationary, Foraging, Walk-
ing, Trotting, and Running. Outside of this dataset and [12], we are not 
aware of any other public datasets. Again, a summary of all the datasets 
we found across the literature has been provided Table 3 for sheep and 
goats.

4.4.  Animal summary: horses

Horses made up nearly 13% of the reviewed articles, accounting for 
15 articles in total. Horses are considered livestock, but in the reviewed 
literature, the benefits of monitoring horse behaviour lean toward per-
formance within a racing context rather than livestock, so we will not 
delve into as much detail for this animal. By assessing daily behaviour 
and activities of horses, the impact of health and well-being can be moni-
tored according to different housing and training conditions [166]. Eight 
articles opted to collect their own data, while the other seven opted to 
use existing datasets. The articles that collected their own data have 
been summarised in Fig. 9, and a more detailed breakdown provided 
in the Appendix A, inside Table A.9. As before, the other seven articles 
that utilised datasets will be discussed at the end of this section.

4.4.1.  Behaviours / activities
As can be seen in Fig. 9A, the behaviours most commonly tracked 

in the reviewed literature in horses are trotting, standing, and walking, 
which were monitored in six of the eight articles. Monitoring these be-
haviours during training can provide data that can improve horse perfor-
mance [167]. Other behaviours mentioned within the literature include 
cantering, rolling, pawing, and flank watching, which are also other be-
haviours that can help contribute towards understanding and improving 
a horse’s performance. Pain-related behaviours, such as rolling, can also 
be used for the early detection of time-sensitive health problems [168], 
but these were grouped in "Other" inside Fig. 9A.

4.4.2.  Sensor positioning
Unlike the animals discussed up to now, the most common placement 

for horses is on the halter and leg, as seen in Fig. 9B. The halter was 
used in three articles [87,169,170] and the legs used in two articles 
[13,14]. Two articles used the side of the neck [171] and under the 
neck [172], while one article used the horse saddle [57]. Compared 
with other ruminants, there are less articles for this animal, so it is hard 
to conclude a general trend or best practice.

4.4.3.  Sensor usage and sampling frequencies
Four of the eight articles used the accelerometer only [13,14,57,

170], with two articles using the accelerometer and gyroscope pairing 
[171,172], and another two articles using the IMU [87,169]. The break-
down of these sensors types can be observed in Fig. 9D. However, the 
sampling frequencies used across the literature tend to vary, as seen in 
Fig. 9C. Three articles opted for a sampling frequency of 30-33Hz, with 
[87] using 30Hz and [57,169] using 33Hz. Each of the other articles 
used a different sampling frequency, with the lowest reported being 2Hz 
[172] and the highest being 200Hz [13]. As with the sensor positioning, 
due to the limited number of articles, drawing conclusions from these 
findings is challenging.

4.4.4.  Data labelling and environment
Figs. 9F and 9E breakdown the labelling method and environment, 

respectively. Half of the articles opt to label and annotate their data us-
ing video recordings, with two opting to use human observations and 
two not specifying. Interestingly, different from the other ruminants dis-
cussed so far, no articles take place within an indoor environment such 
as a barn or pen, with six articles specifying an outdoor environment and 
two not specifying an environment. We believe this is due to the nature 
of the animal and the types of behaviours being monitored requiring 
large open spaces and plenty of room for the animal to roam.
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Table 3 
Publicly available datasets for AAR within sheep and goats.

 Source  Animal  Sampling Frequency  Sensor Type(s) Behaviours Labelled
 [165]  Goats (4) & Sheep (2)  200Hz  Accelerometer & Gyroscope Stationary, Foraging, Walking, Trotting and Running
 [12]  Sheep  12.5Hz  Accelerometer (x2) Grazing, Active, Inactive
 [158]  Goat  5Hz  Accelerometer Feeding, Movement, Social, and Other
 [163]  Goat  25Hz  Accelerometer Grazing, Displacement, Ruminating, Resting, and Other

Fig. 9. Data distribution for Horses in 8 reviewed articles that collected their own data. (A): Types of behaviours and activities classified. (B): Sensor placement. (C): 
Sampling frequencies used. (D): Sensor type / usage. (E): Data annotation / labelling methods. (F): Data captured environment. (G): Number of animals collected 
from. (H): Total time of behaviours captured.

4.4.5.  Total animals and data collected
Fig. 9G summarises the total number of animals used for data collec-

tion across the reviewed articles. All articles used 10 animals or less for 
their data collection. The article that collected data from the most ani-
mals was [171], where the authors collected data from 10 different ani-
mals. In contrast, two articles collected data from two horses [57,169], 
with three articles collecting from six different horses [13,14,172].

Like that of the other ruminants, the reporting of data volume is 
highly inconsistent. Again, attempting to harmonise the reported sam-
ple sizes into approximate totals where possible has been presented in 
Fig. 9H. Based on the assumptions made, most of the articles collected 
5 hours of data or less. The highest amount of data collected was from 
[13], with an approximate 24 hours collected based on our estimations. 
Again, like that of the previous ruminants, these should be assumed as 
approximations and not ground truth.

4.4.6.  Data collection discussion
Horse AAR research represents a smaller and more specialised body 

of work compared to ruminant focused studies, with primary motiva-
tions centred on performance monitoring, training optimisation, and 
health assessment rather than agricultural productivity. Although horses 
are classified as livestock, their management contexts and monitoring 
goals distinguish them from cattle, sheep, and goats, which is reflected 
in the behaviours studied, sensor placements, and data collection envi-
ronments. The behaviours most commonly classified are walking, trot-
ting, and standing. These behaviours are closely linked to gait analysis 
and training evaluation. These behaviours provide valuable insight into 
workload, movement patterns, and performance, while less frequent be-
haviours such as rolling or flank watching may support early detection 
of pain or discomfort. However, such behaviours are typically grouped 
into broad categories, suggesting that fine-grained health-related classi-
fication remains limited within the current literature. Sensor placement 

strategies for horses differ markedly from those used for ruminants, with 
a greater emphasis on halter and leg-mounted sensors to capture head 
and limb motion. The diversity of placements observed across studies 
reflects both the range of monitoring objectives and the lack of estab-
lished best practices. Similarly, sensor configurations vary between ac-
celerometer only and full IMU setups, and sampling frequencies span a 
wide range, from very low rates to capture coarse activity patterns to 
high rates intended for detailed gait analysis. This variability, combined 
with the small number of studies, makes it difficult to draw firm conclu-
sions regarding optimal system design. All reviewed horse AAR studies 
were conducted in outdoor environments, consistent with the spatial 
requirements of equine movement and training. Data annotation relies 
primarily on video recordings or human observation, which, while effec-
tive, introduces scalability challenges. Across all studies, data collection 
involved small numbers of animals, this being ten or fewer, and for rel-
atively short durations, limiting the generalisability of reported results 
and increasing susceptibility to inter-animal variability. In summary, 
horse AAR research demonstrates the feasibility of wearable sensing for 
monitoring key equine behaviours but remains constrained by limited 
data scale and methodological heterogeneity. Future work would benefit 
from larger, more diverse datasets, clearer reporting of sensor configura-
tions, and validation across different training and management contexts 
to support more robust and transferable equine AAR systems.

4.4.7.  Datasets
This section will discuss the other seven articles that did not col-

lect their own data and instead opted to use an existing dataset. Five 
of the articles are [104,110,173–176], and all use the Horsing Around 
dataset by [177]. This dataset consists of accelerometer and gyroscope 
data collected at 100Hz, which consists of data from 18 different horses, 
collected from sensors attached to the necks of the horses. Behaviours 
within this dataset include standing, walking, trotting, galloping, and 
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Fig. 10. Data distribution for Chickens in 10 reviewed articles that collected their own data. (A): Types of behaviours and activities classified. (B): Sensor placement. 
(C): Sampling frequencies used. (D): Sensor type / usage. (E): Data annotation / labelling methods. (F): Data captured environment. (G): Number of animals collected 
from. (H): Total time of behaviours captured.

grazing. The remaining two articles used datasets from previous exper-
iments. The authors of [2] used the dataset they collected in [13,14]. 
And the authors of [178] used the dataset collected in [57], which is a 
published dataset.

4.5.  Animal summary: chickens

Chicken AAR research made up 8.5% of the reviewed articles, with 
ten articles total. Chickens are the smallest animals contained within 
this review, and the only poultry animal. A summary of these ten articles 
are presented in Fig. 10, with a more in-depth breakdown of each article 
presented in Appendix A, in Table A.10. All of the articles collected their 
own data, so they will all be discussed in this summary. A key difference 
in chicken AAR is that as far as we are aware, there is currently no public 
dataset for this animal, so there will be no dataset section for this animal 
summary. We suspect that the reason for the lack of research in these 
animals is due to low economic value compared to the other livestock 
animals mentioned thus far, along with size limitations of the animal 
and the minimal research for this livestock animal.

4.5.1.  Behaviours / activities
For chicken AAR, the most common behaviours monitored are drink-

ing, standing and walking, which was classified in six of the articles, fol-
lowed by eating / feeding related behaviours, which was covered in five 
articles, as observed in Fig. 10A. Eggs are a key income stream for this 
animal, so we were surprised to see only one of the articles attempted 
to predict if a chicken was laying an egg [20]. In [179], the authors at-
tempted to understand laying behaviour within chickens when they are 
outside of cages with maintaining productivity. While [20] had the aim 
of preventing abnormal behaviours within hens that lead to injury and 
early detection of disease, which was measured by sensing low, median 
and high intensity tasks. Overall, the key behaviours and behaviours 
monitored within this animal relate to health.

4.5.2.  Sensor positioning
In the case of chickens, they are naturally small animals, so the sen-

sors would need to be small and lightweight. Given the size of this ani-
mal, there are limited places where the sensors can go, and the articles 
opt for two options, as seen in Fig. 10B. Among the ten articles, a small 

sensor was placed on the back of the chicken in the majority of the arti-
cles (eight of the ten) [19,20,179–184]. The other two articles opted to 
place the sensor at the front of the chicken’s neck [18,185].

4.5.3.  Sensor usage and sampling frequencies
The sensor usage for chickens can be observed in Fig. 10D, and this 

shows that like that of other animals, accelerometer is the most used sen-
sor and used in six articles [19,181–185]. Following this, the accelerom-
eter and gyroscope pair was only used by one article [179], and the IMU 
was used by three articles [18,20,180]. While the sensor usage is compa-
rable to other animals, the selected sampling frequencies used for chick-
ens is the most varied overall. When observing Fig. 10C, four different 
sampling frequencies were used, the lowest of which was 5Hz in [18], 
following this was 40Hz used in three articles [19,181,183]. This in it-
self is a large jump compared to the other animals discussed so far, as 
cattle, sheep and goat have sampling frequencies between these such as 
10Hz and 20Hz, with 30-33Hz in sheep, goat and horses. After 40Hz, the 
next sampling frequency used is 100Hz in three articles [180,182,184], 
which again, is another large jump compared to the other animals. Fi-
nally, the largest jump and largest sampling frequency used among all 
of the animals included in this review is 1000Hz, used in two articles 
[20,179].

4.5.4.  Data labelling and environment
The data labelling methodology for chickens, and the environment 

the data was captured in is presented in Figs. 10F and 10E, respectively. 
From these, the approach towards the environment is consistent across 
the literature, with all of the articles collecting in an indoor environ-
ment, ranging from small enclosures to cages. Presumably, this is due to 
the fact chickens are often located within indoor environment due to ex-
ternal factors such as predators like foxes. The annotation methodology 
in chickens is mostly done through video recordings, which makes sense 
when comparing to other animals as they are smaller and are usually 
within indoor environments, so setting up a camera for the recordings 
is easier, as they are less likely to walk out of frame and therefore is a 
more convenient approach. Some articles did use human observations, 
however.

4.5.5.  Total animals and data collected
The total number of animals used for the data collection in the re-

viewed articles is presented in Fig. 10G. Most of the articles use five
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animals or less, with two articles collecting from more than 30 animals. 
The authors of [184] collected data from 42 chickens, which is the high-
est of the reviewed articles. The smallest number of animals used for 
data collection was two [20,180].

We again attempt to summarise the total amount of data collected 
in Fig. 10H. For most of the articles, it was challenging to give a rea-
sonable summary and consequently, six of the articles were classified as 
unknown. However, of the remaining four articles we were able to get 
some approximations (as like the rest of the animals discuss, should be 
taken as estimations with caution), three articles totalled to less than 5 
hours of data, with one article collecting roughly 24 hours of data. Col-
lecting five hours or less data does fall in line with the trends observed 
in other animals, such as horses.

4.5.6.  Data collection discussion
Chicken focused AAR research represents a relatively small portion 

of the literature and is characterised by constraints that are largely 
driven by the animal’s size, housing conditions, and economic value. As 
the smallest species included in this review and the only poultry animal, 
chickens present unique challenges for wearable sensing, which likely 
contributes to the limited number of studies and the absence of pub-
licly available datasets. Despite these challenges, the reviewed litera-
ture demonstrates growing interest in monitoring chicken behaviour for 
health, welfare, and productivity related applications. The behaviours 
most commonly classified are drinking, walking, standing, and feeding. 
These reflect a strong emphasis on health monitoring and early detec-
tion of abnormal activity patterns. While egg production represents a 
major economic driver in poultry farming, it is notable that only a one 
study explicitly attempt to detect egg-laying behaviour. This suggests 
that current chicken AAR research prioritises general health and wel-
fare indicators over direct productivity metrics, potentially due to the 
difficulty of capturing subtle or infrequent behaviours using wearable 
sensors. Sensor placement in chickens is highly constrained, resulting 
in relatively consistent design choices across studies. The predominant 
use of back mounted sensors reflects a compromise between stability, 
animal comfort, and data quality, while neck mounted sensors are used 
less frequently. Compared to larger animals, chickens offer fewer vi-
able attachment points, which may limit experimentation with alterna-
tive placements but also promotes greater consistency across studies. 
Although accelerometers remain the most widely used sensor, the sam-
pling frequencies employed in chicken AAR are notably more varied and 
in some cases substantially higher than those used for other animals. The 
use of sampling rates up to 1000Hz is unique within this review and 
suggests attempts to capture fine-grained, high-frequency movements 
such as pecking or rapid head motion. However, such high sampling 
rates introduce practical challenges related to power consumption, data 
storage, and scalability, particularly in commercial poultry settings. The 
lack of convergence on an optimal sampling frequency indicates that 
this area remains exploratory. All chicken AAR studies were conducted 
in indoor environments, reflecting standard poultry housing practices 
and enabling relatively controlled data collection. The predominance 
of video-based annotation is consistent with this setting and benefits 
from the confined spaces and limited movement ranges of the animals. 
Nevertheless, the small number of animals used in most studies and the 
generally short data collection durations raise concerns regarding model 
generalisability, especially in large-scale commercial operations where 
flock sizes and behavioural variability are substantially higher. Overall, 
chicken AAR research is still in an early stage compared to that of larger 
livestock species. While existing studies demonstrate feasibility, partic-
ularly for health-related behaviour monitoring, limitations in data scale, 
sensor practicality, and methodological standardisation remain signifi-
cant. Addressing these challenges, alongside the development of shared 
datasets, will be essential for advancing chicken AAR toward real-world 
deployment.

4.6.  Animal summary: pigs

And finally, the last livestock animal of this review is pigs. Pig AAR 
makes up just over 5% of the reviewed articles, totalling up to 6 articles 
all together. Like that of chickens, we were unable to find any public 
datasets containing pig movement sensor data, and all of the articles 
reviewed collected their own data. The reasons for this may be that the 
animal is under represented in the research rather than less economic 
value, as pigs have more economic value compared to animals such as 
chickens, but chickens have more research articles. The summary of the 
six reviewed articles is presented in Fig. 11, with a more detailed break-
down is provided in Appendix A, in Table A.11.

4.6.1.  Behaviours / activities
In pig AAR, a range of behaviours / activities were covered across the 

articles, there was some consistency, but there did tend to be unique be-
haviours across the articles since each had different use cases. For exam-
ple, the focus of [21] was on gaining understanding of the behaviour of 
lactating sows. According to the authors, understanding their behaviour 
can help recover sows and piglet growth, help provide emergency mea-
sures against abnormal behaviour, and better assess their health. They 
monitored the behaviours within this article that were lying, eating, 
drinking, sleeping, nursing, and moving. Whereas [22] classified the 
behaviours lying, standing, walking, and exploring. That being said, 
Fig. 11A shows that there is some consistency in the behaviours, with 
eating, lying and standing being common across the articles, and half of 
the articles collected data on walking, drinking and moving.

4.6.2.  Sensor positioning
Fig. 11B shows the sensor placement across the six articles. There are 

a limited number of articles, and therefore a limited number of positions 
used compared to other livestock animals. Most of the articles placed 
the sensor at the back of the pigs neck (at the top), with three articles 
using this position [22,46,54]. Two further articles used the neck of 
the animal, [186] used under the neck and [21] used a collar around 
the neck, but the position was not specified. And finally, one article 
positioned their sensor on the pigs ear [187].

4.6.3.  Sensor usage and sampling frequencies
Fig. 11D shows that sensor usage of pigs does differ from the rest of 

the animals discussed in this review, as half of the articles use the ac-
celerometer and gyroscope pair [21,54,186], putting the accelerometer 
only setup into the minority. Two articles used the accelerometer only 
[22,187] and one article used an IMU [46]. We suspect this may be the 
case due to the types of behaviours the literature is attempting to clas-
sify and angular velocity measurements may be required to ease this. 
The sampling frequencies used within pig AAR lean on the lower side 
as seen in Fig. 11C, which the highest sampling frequency used in the 
articles being reported as 20Hz [21,22] and the lowest reported as 10Hz 
[46,54], suggesting that the higher sampling frequencies that have been 
used in other animals are not required in pigs.

4.6.4.  Data labelling and environment
From Fig. 11F, the labelling methodology for pigs is consistency 

across all six articles, with all of the articles opting to use video record-
ings to label the collected data. The reason for this consistency could 
be due to the small sample size of articles, but we also believe that the 
environment in which the data is captures plays a part. Fig. 11E shows 
that most of the articles, five in this case, collect data within an indoor 
environment, with only one article collecting data in an outdoor setting. 
Like that of chickens, pigs are usually housed within an indoor environ-
ment, and therefore, setting up a video camera to capture behaviours 
is easier. Another reason to consider is that pigs are known to be social 
animals [188], and therefore, the human presence required for manual 
labelling may influence the true behaviours of the animals.
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Fig. 11. Data distribution for Horses in 6 reviewed articles that collected their own data. (A): Types of behaviours and activities classified. (B): Sensor placement. 
(C): Sampling frequencies used. (D): Sensor type / usage. (E): Data annotation / labelling methods. (F): Data captured environment. (G): Number of animals collected 
from. (H): Total time of behaviours captured.

4.6.5.  Total animals and data collected
The majority of the articles have collected data from 5 animals or 

less, according to our summary in Fig. 11G, with one article collecting 
from 97 animals [187], significantly more than the rest of the reviewed 
articles. The articles with the smallest number of animals collected from 
were [21,186], which collected from two animals. The total amount of 
data collected from pigs had a little variety, with two articles collecting 
5 hours of less data, which falls in line with the trends observed in other 
animals, like that of chickens. Two articles we were unable to identify 
in time using our estimations like that of already discussed animals (and 
again, should be taken with caution). Fig. 11H also shows a variety of 
total data, with one article collecting roughly 13 hours of data, and 
another article collecting 4440 hours of data, the latter of which is the 
article that collected from the most animals [187].

4.6.6.  Data collection discussion
Pig AAR research represents the smallest segment of the literature, 

with all reviewed studies relying on bespoke data collection rather than 
public datasets. Despite pigs having substantial economic value within 
livestock production, their limited representation suggests that method-
ological challenges and research focus, rather than economic impor-
tance, have constrained wider adoption of AAR in this domain. Com-
pared to other livestock species, pig AAR remains comparatively un-
der explored. The behaviours monitored across pig studies are diverse 
and strongly tied to specific use cases, such as sow welfare, nursing 
behaviour, and general activity monitoring. While behaviours such as 
eating, lying, and standing appear consistently across studies, the over-
all behavioural sets are less standardised than those observed for rumi-
nants. This reflects the application-driven nature of pig AAR, where be-
haviour definitions are often tailored to particular production stages or 
welfare concerns rather than a common activity taxonomy. Sensor place-
ment in pig AAR shows limited variation, with most studies opting for 
neck-based configurations and fewer exploring alternative placements 
such as ear-mounted sensors. This consistency likely reflects practical 
considerations related to animal anatomy and housing conditions, but 
the small number of studies makes it difficult to establish best prac-
tices. In contrast to other livestock species, pig AAR more frequently 
employs the accelerometer and gyroscope pairing, suggesting that rota-
tional motion plays an important role in distinguishing pig behaviours. 
This is supported by the relatively low sampling frequencies used across 

studies, indicating that meaningful behavioural patterns can be captured 
without high frequency data. Data collection and annotation practices 
are highly uniform, with all reviewed studies relying on video record-
ings for labelling. The predominance of indoor environments facilitates 
this approach and reduces challenges related to visibility and tracking. 
Moreover, video annotation may help minimise behavioural disruption 
in pigs, which are known to be sensitive to human presence. However, 
reliance on indoor settings may limit the applicability of trained models 
to alternative housing systems. As with chickens and horses, most pig 
AAR studies rely on small numbers of animals and relatively short data 
collection periods, raising concerns about generalisability. A single large 
scale study demonstrates the feasibility of collecting extensive datasets 
across many animals, but such efforts remain rare. Overall, pig AAR 
research demonstrates promising potential for welfare and behaviour 
monitoring, yet remains constrained by limited data availability, lack 
of shared datasets, and methodological heterogeneity. Addressing these 
limitations will be essential for advancing pig AAR toward scalable and 
practical deployment.

4.7.  Data collection discussion and recommendations

This section synthesises findings from studies that collected bespoke 
datasets for AAR. We focus on sensor modalities, sampling frequencies, 
sensor placement, annotation strategies, dataset scale, and data collec-
tion environments across livestock species, highlighting common prac-
tices, limitations, and recommendations.

4.7.1.  Quantity of samples
Across the reviewed literature, the quantity of data collected for 

model training varies substantially and is reported inconsistently. Stud-
ies differ in whether they report samples before or after preprocessing 
(e.g., windowing), and dataset size is expressed using heterogeneous 
units, including raw samples, number of windows, or total recording du-
ration. In some cases, values are reported per animal, while others aggre-
gate data across animals, and several studies do not report dataset size 
at all. These inconsistencies hinder direct comparison between studies 
and complicate assessments of data sufficiency. To mitigate this, where 
possible, we estimated the total amount of data collected by convert-
ing reported sample counts into an equivalent duration using the stated 
sampling frequency. This provides a more interpretable and comparable 
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measure of dataset scale across studies and livestock species. However, 
this process is inherently approximate, as it relies on assumptions re-
garding continuous recording, uniform sampling, and complete report-
ing, and should therefore be interpreted with caution. We provide de-
tailed breakdowns for each article per livestock species in the appendix. 
These breakdown tables report the original values as stated by the au-
thors, including raw sample counts, recording durations, number of an-
imals, and sampling frequencies. This approach preserves transparency 
while allowing readers to assess dataset scale in the context of individual 
study designs. Nonetheless, the lack of standardised reporting practices 
remains a significant limitation within the AAR literature and highlights 
the need for clearer and more consistent dataset documentation in fu-
ture studies.

4.7.2.  Total number of animals
The number of animals used during data collection also varies widely 

across AAR studies. Many studies rely on small cohorts, frequently in-
volving fewer than ten animals, particularly for horses, pigs, and chick-
ens. In contrast, cattle and sheep studies occasionally involve larger 
herds, reflecting easier access to animals and established monitoring 
practices within these domains. Small sample sizes at the animal level 
raise concerns regarding model generalisability, as behaviour patterns 
can vary substantially between individuals due to age, breed, health sta-
tus, and environmental conditions. While large datasets in terms of raw 
samples may appear sufficient, they are often derived from prolonged 
monitoring of a small number of animals, which can lead to models 
overfitting to individual specific movement signatures. Only a limited 
number of studies collect data from dozens or hundreds of animals, yet 
these demonstrate the feasibility and value of population scale data col-
lection for robust AAR systems.

4.7.3.  Total number of samples per animal
Closely related to both dataset size and animal count is the num-

ber of samples collected per individual animal. Many studies collect 
extensive time-series data from each animal, resulting in millions of 
samples derived from a small cohort. While this enables fine-grained 
temporal modelling, it can create an imbalance between intra-animal 
and inter-animal variability, potentially inflating reported model per-
formance. Across species, the number of samples per animal varies by 
several orders of magnitude, depending on recording duration, sampling 
frequency, and windowing strategy. However, this metric is rarely re-
ported explicitly, requiring it to be inferred from total dataset size and 
animal count when possible. Reporting samples per animal would pro-
vide clearer insight into data diversity and improve the interpretability 
and reproducibility of AAR studies. Future work should therefore ex-
plicitly report both total dataset size and per-animal data contributions.

4.7.4.  Sensor usage
All reviewed studies utilise accelerometers as the primary sensing 

modality, reflecting their effectiveness for capturing animal movement. 
Many studies augment accelerometer data with gyroscopes and magne-
tometers, with a growing trend toward full IMU configurations, partic-
ularly when targeting complex or rotational behaviours. Sampling fre-
quencies range from below 1 Hz to 1000 Hz. Several studies collect 
data at high frequencies before downsampling to assess the impact on 
classification performance, often motivated by battery life considera-
tions. Sampling frequency selection is therefore closely tied to both the 
target behaviours and practical deployment constraints. Across species, 
there is increasing interest in reducing sampling rates without compro-
mising performance, particularly to support long-term monitoring and 
Edge-AI applications. When multiple sensors are deployed, most stud-
ies use consistent sampling frequencies to preserve temporal alignment 
for ML models. Exceptions arise when combining heterogeneous sensor 
types, such as movement and location data. Sensor placement varies by 
species and behaviour, reflecting anatomical constraints and task spe-

cific requirements, such as jaw mounted sensors on the halter for feeding 
detection in cattle or lightweight back mounted devices for chickens.

4.7.5.  Annotation strategies
For supervised and semi-supervised AAR approaches, labelled data 

are required to train machine learning models, which involves assigning 
an behaviour label to each instance of sensor data. Across the reviewed 
literature, two primary annotation strategies are used: video-based an-
notation and human observations.

Video-based annotation is the most common approach across live-
stock species. In this setup, animals are recorded using video cameras 
while sensor data are collected, and behaviours are later annotated by 
aligning the video footage with sensor timestamps. This approach re-
duces the need for human presence during data collection, which may 
otherwise influence animal behaviour, and allows annotation to be per-
formed asynchronously. However, video annotation is time-consuming 
and can be challenging when animals move out of frame, particularly 
in outdoor or large-area environments.

Human observation is the second approach, where observers anno-
tate behaviours in real time while monitoring the animals. This method 
allows observers to follow animals that move out of view and can enable 
faster data collection, but it requires trained personnel and may intro-
duce behavioural bias due to human presence. Several studies employ 
custom software tools to support real-time annotation and timestamp-
ing.

A critical consideration in both annotation strategies is time syn-
chronisation between sensor data and annotations. Sensor devices, video 
cameras, and annotation tools may operate using different time formats 
(e.g., local time, system time, or UTC), and even small misalignments 
can lead to incorrect labelling and degraded model performance. Accu-
rate synchronisation through shared clocks, timestamp offsets, or syn-
chronisation events should therefore be considered a fundamental re-
quirement to ensure consistency and solid ground truth.

Despite the central role of annotation in supervised AAR, few stud-
ies quantitatively report annotation effort, cost, or inter-rater reliability. 
The time required for manual labelling is rarely explicitly reported in 
the literature, and formal measures of agreement between annotators 
are uncommon, even when multiple observers are involved. However, 
the total duration of annotated data reported across studies (summarised 
as H in Figs. 7–11) provides an indirect indication of the minimum ef-
fort required for annotation. As annotation is typically performed in real 
time or slower to ensure accuracy, these values likely underestimate the 
true time investment. The figures also highlight variation in annotation 
scale between studies, ranging from only a few hours of labelled data 
to datasets spanning multiple days or weeks. Such differences likely in-
fluence annotation quality and consistency, as shorter annotation peri-
ods may allow more careful review, whereas large-scale datasets may 
increase the risk of observer fatigue, subjective interpretation of be-
haviours, or inconsistencies in annotation protocols.

These differences in annotation practices also limit cross-study com-
parability, as performance metrics may reflect differences in annota-
tion quality as much as differences in model capability. Inconsistent 
labelling granularity or observer interpretation can lead to inflated or 
degraded accuracy scores, particularly for behaviour classes with am-
biguous boundaries. Improved reporting of annotation protocols, anno-
tator expertise, and inter-rater agreement would therefore strengthen 
the reproducibility and interpretability of AAR research.

Finally, a small but growing body of work in Human Activity Recog-
nition explores automated or semi-automated labelling strategies, such 
as semi-supervised active learning, self-training with pseudo-labels, and 
clustering combined with minimal human feedback. These approaches 
have been shown to propagate labels from a modestly sized labelled 
set to unlabelled samples, substantially reducing the manual annotation 
burden while maintaining classification performance in activity recog-
nition tasks [189]. Techniques such as self-training further enable mod-
els to iteratively incorporate confident predictions on unlabelled data,
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improving performance with far fewer manual labels. In animal be-
haviour contexts, clustering and active learning frameworks have been 
applied to organise behavioural segments with sparse annotations, re-
ducing human labelling effort [190]. While still under explored in live-
stock AAR, these automated labelling directions represent promising so-
lutions to the substantial time and labour costs associated with manual 
annotation.

4.7.6.  Data collection bottlenecks
The limited availability of open, standardised movement sensor 

datasets remains a significant bottleneck for AAR research. Even for 
well-studied animals such as cattle, no publicly available dataset in-
cludes all common IMU modalities. For pigs and chickens, open datasets 
are currently absent. Data collection is further complicated by ethical 
approval requirements, device robustness constraints, and the need for 
expert involvement during annotation. The lack of publicly available 
datasets for pigs and chickens likely reflects a combination of practi-
cal, ethical, and commercial constraints rather than a lack of research 
interest. For poultry, attaching individual IMU devices is particularly 
challenging due to animal size, high stocking densities, and welfare 
considerations, while individual-level annotation is difficult in group-
housed systems. Similarly, pig monitoring faces challenges related to 
device durability, aggressive interactions between animals, and the high 
cost of annotating large cohorts over extended periods. These factors 
substantially increase the complexity and expense of producing high-
quality, shareable datasets. Data sharing is also hindered by concerns 
around data ownership, privacy, and security within the agricultural 
sector [191]. These issues collectively restrict dataset availability and 
limit cross-study comparison. While this review highlights successful 
data collection practices, it also underscores the need for improved re-
porting standards, larger and more diverse animal cohorts, and greater 
collaboration to enable scalable and reproducible AAR research. Ad-
dressing these challenges will likely require coordinated community ef-
forts, including the development of species-appropriate sensing hard-
ware, adoption of semi-supervised or weakly supervised learning ap-
proaches to reduce annotation effort, and the establishment of shared 
benchmark tasks with clearly defined protocols.

5.  Methods of ML in AAR and preprocessing

This section provides a comprehensive review of machine learning 
methodologies applied to Animal Activity Recognition (AAR), encom-
passing both standard machine learning and deep learning approaches. 
In addition to model architectures, the section examines key compo-
nents of the AAR pipeline, including data pre-processing (such as clean-
ing, feature extraction, and windowing strategies) and model validation 
practices. Together, these elements play a critical role in shaping re-
ported performance and determining the robustness and generalisabil-
ity of AAR systems across different animals, sensor configurations, and 
deployment conditions.

Fig. 12 illustrates the temporal distribution of standard machine 
learning and deep learning studies included in this review. Earlier work 
is dominated by standard ML approaches, reflecting both the historical 
maturity of feature-based models and the computational constraints of 
early wearable sensing platforms. However, a clear shift toward deep 
learning is evident over time. From 2021 onwards, deep learning ap-
proaches are reported more frequently than standard ML methods, with 
the exception of 2022, where standard ML briefly regains prominence. 
This transition coincides with broader advances in deep learning for 
time-series analysis, improved access to computational resources, and 
an increasing preference for models that can operate directly on raw 
or minimally processed sensor data. Despite this growing dominance, 
standard ML remains widely used, accounting for a substantial propor-
tion of the overall literature, as shown by the near-even split between 
standard ML and deep learning studies in Fig. 12B. This persistence high-
lights the continued relevance of feature-based models in AAR, partic-

ularly in scenarios with limited data, constrained hardware, or a need 
for interpretability and reproducibility. Consequently, both modelling 
paradigms are reviewed in depth in this section, enabling a balanced 
assessment of their relative strengths, limitations, and suitability for dif-
ferent AAR research objectives.

5.1.  Preprocessing

Before training models, we have to preprocess the collected data 
which entails cleaning the data, extracting features from the data and 
assigning the data to windows.

5.1.1.  Data cleaning
Data cleaning is required after a data collection process to make sure 

the data is consistent, reliable, and usable. For example, there could be 
parts of the data that has missing or erroneous labels, especially in cases 
with multiple sensors being used. Within the reviewed literature, 85 of 
the articles either acknowledge that they clean their data, but do not 
elaborate on how this is done, or do not mention data cleaning at all. 
However, a range of data cleaning methods are mentioned across the re-
maining articles. There are some rather straight forward ways authors 
have cleaned their data, for example, some clean the data by removing 
invalid data [155,192], such as the data from a particular sensor that 
is not required, but was collected along side the other sensors. Many 
works focused on identifying and removing corrupted or implausible 
data points, including statistical outliers, physically impossible sensor 
values, duplicated or inconsistent timestamps, constant-value segments, 
and entries with invalid or unknown behaviour labels. Such filtering 
was used to mitigate sensor dropouts and improve overall data qual-
ity [18,54,56–59,121,126,162,176,192,193]. Missing data were han-
dled through either deletion or imputation, depending on methodolog-
ical requirements. Some studies replaced missing values with neutral 
placeholders (e.g., zero filling) to preserve sequence continuity for deep 
learning models, while others removed incomplete samples to avoid 
introducing synthetic bias [11,56]. Duplicate records which can occur 
from sensor transmission artefacts or logging errors were also removed 
as part of quality control, helping to prevent artificially inflated per-
formance during cross-validation [18,58]. A number of studies applied 
feature scaling, normalisation, or standardisation to harmonise sensor 
magnitudes and to support stable model convergence. These transfor-
mations ensured that variations between devices, deployments, or ani-
mals did not distort the learning process [19,54,194]. In addition, stud-
ies could also address the influence of gravity on accelerometer signals 
by removing or separating the gravitational component, either through 
high-pass filtering or sensor fusion techniques, to better isolate dynamic 
movement patterns relevant to behaviour classification. Signal filtering, 
such as low-pass or band-pass filtering, could also be applied to suppress 
high frequency noise and motion artefacts, improving signal quality and 
reducing the impact of sensor vibrations and environmental interference 
on downstream feature extraction and model performance. Label in-
tegrity was another central theme, particularly for windowing pipelines. 
Researchers frequently enforced a single label per window, removing 
mixed-behaviour windows, restricting the dataset to segments with ver-
ified labels, or assigning the modal behaviour within a window. This 
reduced ambiguity in the target variable and improved classifier con-
sistency [14,55,112,125,128,154,158,181,184,195,196]. Temporal pre-
processing rules, such as applying minimum window lengths, discarding 
windows shorter than species-specific behavioural durations, or relying 
on already windowed datasets were also commonly implemented to en-
hance behavioural stationarity and signal clarity [14,127,132,173,181].

5.1.2.  Windows
A window in time-series or sensor data analysis is a segment of con-

secutive data points extracted over a defined period of time (e.g., 3 sec-
onds, 5 seconds). Windows are used to break continuous data into man-
ageable chunks for feature extraction or machine learning. The window 
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Fig. 12. Standard (Std) machine learning vs. deep learning. (A): Std and deep learning plotted by year. (B): Std and deep learning split in reviewed articles.

Fig. 13. Window usage across reviewed literature. (A): Windows types and combinations. (B) Overlap length usage. (C): Window length usage.

usage across all 118 of the reviewed articles have been summarised in 
Fig. 13, including the types of windows used, the overlapping percent-
age, and the lengths of windows used.

The different types of windows have been explained below consid-
ering a 5 second window length, as an example:

• Fixed-length Windows: each window spans for the same length of 
time. For example, each window could be set to a length of 5 seconds. 
From the reviewed literature, this is the most common windowing 
approach and used in all of the articles.

• Sliding Windows: a new window may start after a certain step size 
and where it may overlap with a previous one. For example, if we 
continue with our 5 second length example, the first window would 
be from 0s-5s, followed by 1s-6s, and then 2s-7s. Sliding windows 
are usually coupled with fixed length windows, and sometimes used 
with overlapping windows too, used in a total of 39 of the reviewed 
articles.

• Overlapping Windows: the windows may share some of the same 
data points due to the window overlapping with a certain percent-
age of the previous window. For example, in a 5-second window with 
50% overlap, a new window would be started every 2.5 s: 0 s-5 s, fol-
lowed by 2.5 s-7.5 s, then 5 s-10 s and then 7.5 s-12.5 s. Overlapping 
windows are often paired with fixed length windows, and occasion-

ally paired with sliding windows, and have been used in 63 of the 
reviewed articles.

A summary of the windowing strategies adopted across the reviewed 
literature is presented in Fig. 13. Overall, the results indicate a strong 
preference for fixed-length windowing, either used alone or combined 
with overlapping and sliding mechanisms. As shown in Fig. 13A, the 
most common approach is the use of fixed-length windows without over-
lap or sliding, followed closely by fixed-length windows with overlap. 
This suggests that most studies prioritise simplicity and reproducibil-
ity in their segmentation strategy, likely due to the ease of implemen-
tation and clear correspondence between windowed samples and be-
haviour labels. The widespread use of overlapping windows further re-
flects an effort to mitigate boundary effects, where behaviour transi-
tions occur at the edges of windows. Fig. 13B shows that a 50% over-
lap is overwhelmingly dominant, appearing in the majority of studies 
that employ overlap. This value represents a practical compromise: it 
increases the effective number of training samples and improves tem-
poral continuity without excessively inflating data redundancy or com-
putational cost. Higher overlap ratios (80-90%) appear only sporadi-
cally in the literature, likely due to diminishing returns and increased 
risk of overfitting caused by highly correlated windows. Notably, sev-
eral studies report the use of overlapping windows but fail to specify the 
overlap percentage, highlighting an ongoing lack of standardisation and
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reporting clarity. Window length selection, summarised in Fig. 13C, re-
veals an even clearer consensus. The literature strongly favours short 
windows measured in seconds rather than minutes, with window lengths 
between two and five seconds being the most prevalent. This trend sug-
gests that the majority of livestock activities and behaviours of interest 
can be captured within relatively short temporal contexts. Short win-
dows also offer practical advantages, including faster model inference, 
increased training sample counts, and improved responsiveness for real-
time or near-real-time systems. Longer windows, particularly those ex-
ceeding one minute, are comparatively rare and typically associated 
with behaviours that evolve more slowly or require broader temporal 
context. For example, [56,119] used window lengths of 1 minute, 1.5 
minutes, and 2 minutes. Studies employing longer windows often fo-
cus on coarse grained behavioural states rather than rapid, transient ac-
tions. The fact that only a small subset of articles adopts window lengths 
beyond 60 seconds indicates that such long temporal contexts are the 
exception rather than the norm in AAR. Several studies explicitly in-
vestigate the effect of window length on model performance by experi-
menting with multiple window sizes. For example, in [164], they used 
window lengths of 10 seconds, 5 seconds, and 3 seconds. Another exam-
ple could be [185], which used window lengths of 2 seconds, 5 seconds, 
8 seconds, and 12 seconds. This reflects an implicit recognition that win-
dow length is a task dependent hyper-parameter, influenced by factors 
such as the animal species, sensor placement, sampling frequency, and 
target behaviours. Overall, the literature demonstrates a convergence to-
ward short, fixed-length windows with moderate overlap, particularly 
50%, as a de facto standard for livestock AAR. While this consistency 
supports comparability across studies, it also suggests that windowing 
choices are often inherited rather than optimised. Future work would 
benefit from more principled justifications of windowing configurations 
and clearer reporting, especially as AAR systems move toward deploy-
ment on resource-constrained edge devices where window size directly 
impacts latency, power consumption, and memory usage.

5.1.3.  Feature extraction
Feature extraction is the process of transforming raw data into a set 

of meaningful, compact, and informative values (called features) that 
can be used as input to a machine learning model. In the context of 
AAR, feature extraction typically involves converting raw sensor sig-
nals into numerical values that capture key characteristics of movement 
over time. It is essential as features help summarise patterns in the raw 
data, which could be noisy or not be able to provide any useful insights 
directly. By having good features to summarise patterns, classification 
accuracy could be improved, while also reducing overfitting.

Beyond classification performance, feature extraction plays a criti-
cal role in determining computational complexity, memory usage, and 
energy consumption. Energy-aware human activity recognition studies 
highlight that feature selection and extraction incur non-negligible com-
putational cost and energy consumption, and that careful selection can 
significantly reduce power use with minimal loss in accuracy [197]. The 
number and type of extracted features directly affect processing time, 
feature storage requirements, and model size, making feature selection 
a key design trade-off in resource-constrained deployments.

Feature extraction usually takes place after the windowing process, 
and there are three main types of features:

• Time-Domain and Statistical Features: these are features that are 
derived directly from raw sensor signals over a fixed time window. 
They summarise signal characteristics such as magnitude, variabil-
ity, and shape using statistical measures such as mean, standard de-
viation (STD), skewness, kurtosis, and quartiles. These features are 
simple to compute and widely used for capturing patterns in motion, 
and are commonly used in the literature as demonstrated in Fig. 14A.

• Frequency-Domain Features: Frequency-domain features are ob-
tained by transforming the time series signal using techniques like 
the Fast Fourier Transform (FFT). They capture information on the 

periodicity, energy, and complexity of movement using metrics such 
as energy, entropy, dominant frequency, and spectral entropy. As 
seen in Fig. 14B, they are not as common compared to Time-Domain 
features.

• Composite Features: Composite features combine information from 
multiple axes or signal transformations to produce a single high-level 
indicator of movement. Examples include Vector Magnitude, Overall 
Dynamic Body Acceleration (ODBA), and Vectorial Dynamic Body 
Acceleration (VeDBA), which are often used as proxies for activity 
intensity or energy expenditure. They are not as common as the other 
feature categories, as shown in Fig. 14C.

Fig. 14 highlights a strong preference in the literature for time-
domain and statistical features, which dominate feature usage across 
studies. This trend likely reflects their favourable balance between de-
scriptive power and computational efficiency. Time-domain features are 
inexpensive to compute, require minimal memory overhead, and are 
well suited to real-time processing on low-power devices. In contrast, 
frequency-domain and composite features are used more selectively, of-
ten in studies where computational resources are less constrained or 
where periodicity and energy-related characteristics are central to the 
target behaviours.

In total, 35 of the reviewed articles did not specify any features they 
used, notably, only a minority of these papers were standard ML (5 
in total), whereas the rest were deep learning. We believe that this is 
due to some deep learning techniques, such as CNN, which have au-
tomatic feature extraction [13], which reduces the need for manual 
feature engineering and extraction for deep learning approaches. How-
ever, while automatic feature learning reduces manual engineering ef-
fort, deep learning models often incur higher computational and energy 
costs during both training and inference, which may limit their suitabil-
ity for on-device or long-term battery-powered deployments.

While frequency-domain features can provide valuable insights into 
periodic and repetitive movement patterns, they typically require com-
putationally intensive transformations such as the Fast Fourier Trans-
form (FFT), increasing computational cost [198]. These operations in-
volve floating-point arithmetic, increased memory usage for intermedi-
ate buffers, and longer processing times, which can be prohibitive for 
low-power microcontrollers and embedded AAR platforms. Although 
approximate or low-resolution FFT implementations can reduce com-
putational cost, this often comes at the expense of spectral precision. As 
a result, the inclusion of frequency-domain features represents a trade-
off between representational richness and resource efficiency, and their 
use may not always be justified in energy-constrained or real-time ap-
plications.

5.2.  Model validation

A range of validation strategies are employed across the reviewed 
literature (Table 4), reflecting differing assumptions about how model 
generalization should be assessed. However, while these methods are 
often described, they are rarely critically discussed in terms of their suit-
ability for real-world Animal Activity Recognition (AAR) deployment.

The most frequently reported validation strategy is k-fold cross-
validation (used in 38 studies), followed by train/test splits (31 studies). 
Both approaches are widely adopted due to their simplicity, but they can 
substantially overestimate performance when data from the same ani-
mal appear in both training and test sets, particularly in high-resolution 
time-series data where temporal autocorrelation is strong. Despite this 
risk, many studies do not clearly report whether splits were performed 
at the sample, window, or animal level.

Leave-One-Animal-Out Cross-Validation (LOAO-CV), either alone 
(13 studies) or combined with k-fold cross-validation (16 studies), is 
often presented as a more rigorous alternative intended to evaluate 
subject-independent generalisation.
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Fig. 14. Total of common features extracted from the literature.

Table 4 
Summary and frequency of validation strategies used in animal activity recognition studies.

 Validation Type Description  Count
 Leave-One-Animal-Out (LOAO) Excludes one animal from training and uses it for testing to assess 

generalisation across individuals.
 13

 LOAO Combined with k-Fold CV Nested or combined approach using LOAO alongside k-fold CV (e.g., 
10-fold + LOAO).

 16

 k-Fold Cross-Validation (3, 4, 5, 10-Fold) Dataset split into 𝑘 folds; common choices include 3-fold, 4-fold, 5-
fold, and 10-fold CV.

 38

 Train/Test Split (TTS) Simple hold-out validation; most common ratios: 80:20, 70:30, 
60:40. Some include validation sets (e.g., 70:15:15).

 31

 Leave-One-Day-Out (LODO) Excludes one day or session for testing to evaluate temporal robust-
ness.

 1

 External Dataset Validation / Custom Split Model validated on a separate dataset or custom subject counts (e.g., 
“3 animals train, 9 validate”).

 3

 Unspecified / No Comment Validation approach not clearly reported.  14

While LOAO-CV reduces direct subject level data leakage, it does 
not necessarily guarantee realistic estimates of real-world generalisa-
tion. When animals are drawn from the same herd, barn, or environ-
mental context, shared conditions such as housing, management prac-
tices, and sensor placement can lead to residual dependencies between 
training and test data, resulting in overly optimistic performance esti-
mates [199]. These assumptions are rarely acknowledged explicitly in 
the reviewed studies.

In contrast, temporal validation strategies are notably under repre-
sented in the reviewed literature (Table 4). Only a single study em-
ployed Leave-One-Day-Out (LODO) validation, and very few studies 
used chronologically ordered train-test splits. The reason for this val-
idation strategy being rarely used could be due to the low level of data 
collected, as highlighted in Section 4; with most articles that collected 
their own data containing less than 24 hours of data, so there is no day to 
exclude. Public datasets such as the most used cattle dataset [135] only 
contains approximately 6 hours of data. This is a significant limitation, 
as animal borne sensor data are inherently temporally structured, ex-
hibiting strong autocorrelation and repeated behavioural routines. Val-
idation schemes that ignore temporal ordering can therefore substan-
tially misrepresent predictive performance on future observations. Tem-
poral validation is critical for assessing robustness to concept drift, be-
havioural changes, and sensor degradation factors that are unavoidable 
in long-term, real-world deployments of AAR systems; whereas tempo-
rally blocked or chronological validation more accurately reflects real-
istic deployment scenarios [200].

Overall, Table 4 indicates a strong reliance on conventional cross-
validation and random split strategies, with limited emphasis on tempo-
ral or environmental independence. This suggests that reported model 
performances may not fully reflect real-world operational conditions, 
highlighting the need for more deployment-oriented validation proto-
cols in future AAR research.

5.3.  Standard ML in AAR

Standard machine learning (ML) approaches remain widely used in 
Animal Activity Recognition (AAR), particularly in studies relying on en-
gineered features extracted from accelerometer and inertial sensor data. 
Across the 64 reviewed studies employing classical ML techniques, au-
thors typically evaluate a core set of baseline models, most commonly in-
cluding Random Forest (RF), Support Vector Machines (SVM), k-Nearest 
Neighbours (kNN), and Decision Trees (DT). Several studies restrict their 
evaluations to comparisons among these baseline models only, without 
extending beyond the main classical ML family [57,153,181,192,195]. 
More commonly, however, baseline models are supplemented with addi-
tional classifiers from other methodological families. A number of stud-
ies incorporate linear or probabilistic methods such as Naïve Bayes, 
Linear Discriminant Analysis (LDA), or Quadratic Discriminant Anal-
ysis (QDA) to provide contrast against non-linear decision boundaries 
[19,54,71,128,130,131,178,183,185,201]. Others extend their compar-
isons by including at least one gradient-boosting approach, such as 
AdaBoost, XGBoost or LightGBM, alongside the main baseline models 
[45,125,151,176,202]. A smaller subset of studies explicitly evaluate 
models spanning all three of the families: baseline, boosting, and lin-
ear or probabilistic; which allows for broader comparative assessment 
across classical ML paradigms [18,161,186,203].

5.3.1.  Tree-based methods
Fig. 15A illustrates the frequency with which different classical 

ML models appear across the literature. Tree-based methods dominate 
overall usage, with Random Forest being the most frequently evalu-
ated model, followed by SVM, kNN, and Decision Trees. This preva-
lence reflects their long-standing role as strong baselines for tabular, 
feature-engineered sensor data. Beyond frequency of use, performance 
trends further reinforce the dominance of tree-based approaches. As 
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Fig. 15. Standard machine learning models used in reviewed literature. (A): Standard ML models used across studies. (B): Models that performed best in all standard 
ML studies. (C): Best performing models in articles that compared two or more standard ML models.

shown in Fig. 15B, Random Forest is the most consistently selected top-
performing model across all studies using standard ML models, achiev-
ing the best reported performance in 22 articles. Decision Trees also 
were the best performing model across a number of articles, indicating 
that hierarchical, rule-based partitioning of feature space is well aligned 
with accelerometer-derived activity patterns.

The strong performance of tree-based models can be attributed to 
several factors. They naturally capture non-linear decision boundaries, 
are robust to noisy sensor measurements, and perform well with het-
erogeneous feature sets that may vary in scale or statistical distribu-
tion [204,205]. In addition, ensemble methods such as Random Forest 
are relatively insensitive to hyper parameter choices compared to more 
complex models, making them attractive in studies where exhaustive 
tuning is infeasible.

Random Forest (RF) models gave the best performance compared to 
other models in nine articles when the authors compared to other model 
types (as seen in Fig. 15C). The majority of these articles are ruminants, 
with three articles reporting success in cattle [130,131,206], another 
three articles having success in sheep [45,151,201]. There is then one 
articles for horses [176], another one article for pigs [54] and finally, 
one for chickens [185].

Among the cattle articles, each of them had variation in results, be-
haviours and sensors used. The authors of [131] created a RF binary clas-
sification model that classified if the animal was grazing or not grazing, 
which achieved an accuracy score of 82.2% using an accelerometer sam-
pling at 12Hz. The RF model created in [206] was able to classify five 
behaviours, with a higher accuracy score of 94% using an IMU. When 
comparing these articles, classifying five behaviours is more challenging 
and this was done with a higher accuracy score overall, however, the au-
thors of [206] did much more feature extraction and had an additional 
gyroscope and magnetometer, which may have contributed towards the 
higher accuracy scored compared to the binary classifier in [131]. The 
final article that produced a successful RF model had the worse accu-
racy score compared to the others, with a score of 87.4% [130]. How-
ever, they classified the most behaviours, classifying 12 behaviours in 
total, achieved using an IMU sampling at 10Hz. The larger number of 
behaviours this RF was able to classify is impressive, considering that 
it nearly matched the accuracy score of the binary classifier in [131]. 
We should also consider the validation techniques used in these three 

articles, as [130] used 10-Fold CV, compared with the others who used 
train test split holdout validation only.

For the sheep articles, unlike cattle, the articles did not have as much 
variation. The authors of [151] created a RF model that was able to 
classify three behaviours with an accuracy and F1-Score of 92% using 
an accelerometer and gyroscope. The RF model in [45] was also able to 
classify three behaviours, with an accuracy and F1-Score of 92%, using 
an accelerometer. However, the articles vary in the number of animals 
they collected data from, and the types of validation used. The authors 
of [151] collected data from six animals and performed 10-Fold CV, 
while [45] collected data from only one animal and used train test split 
holdout validation only, meaning the RF model from [151] has been 
tested and validated further; and may be better at generalisation be-
ing as it was trained on more animals. The authors of [201] classified 
four behaviours, one more of that compared to the other sheep arti-
cles discussed. The RF model created in [201] was able to classify four 
behaviours with an accuracy of 94.6% and F1-Score of 88.9%. This per-
formance is higher than that of the previous two articles, with more 
behaviours to classify. There are a number of reasons this may be the 
case, it could be that the authors collected data at a higher sampling 
frequency, collecting at 30Hz, compared with 16Hz in [151] and 10Hz 
in [45]. It could also be that the authors collected from nearly three 
times the animals, collecting from 17 animals; but the validation tech-
nique used by the authors was 5-Fold CV, which is a better approach 
compared to [45], but not as rigorous as [151].

The remaining articles had variation in the animals, number of be-
haviours and results. [185] created a RF model that was able to classify 
four behaviours within chickens, with an accuracy score of 93.9%. The 
model created in [54] was able to classify seven behaviours within pigs, 
reporting an F1-Score of 95%. And finally, the RF model in [176] was 
able to classify 17 behaviours in horses, with an accuracy score of 82.3% 
and F1-Score of 80.7%. The latter article achieved the lowest accuracy 
score across all of the RF articles discussed, however, they did attempt 
to classify the most behaviours, which is an important piece of context 
and is very impressive when taken into account.

Taken together, these results demonstrate that tree-based models, 
and Random Forest in particular, offer a strong balance between clas-
sification performance, robustness, and practical applicability in AAR. 
Their effectiveness is evident across species, sensor configurations, and 
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behaviour complexities, with many studies achieving high accuracy 
even when classifying a large number of behaviours. However, reported 
performance is strongly influenced by experimental design choices, in-
cluding the number of animals, sensor modalities, feature engineering, 
and validation strategy. As such, while Random Forest models consis-
tently emerge as top performers in comparative evaluations, careful con-
sideration of dataset diversity and validation remains essential when 
interpreting their suitability for real-world deployment.

5.3.2.  SVM and distance based methods
Support Vector Machines (SVMs) form a clear second tier, giving 

the best results in six articles (where articles compared to other mod-
els) [19,57,128,181,183,195]. While their overall win rate is lower 
than that of Random Forest, SVMs are often competitive on lower-
dimensional feature sets with well-separated class structures. In con-
trast, distance based methods such as kNN and probabilistic or linear 
classifiers (e.g., Naïve Bayes, LDA, QDA) are frequently included as base-
lines but are rarely selected as top performers in most cases, with excep-
tion in [178,192], reflecting their limited capacity to model complex, 
non-linear activity patterns.

When investigating the results in the six articles where SVM per-
formed best compared to other models (as seen in Fig. 15C), three of 
the articles were investigating chickens. In [183], the authors SVM was 
able to classify four behaviours with 84.8% accuracy, with an F1-Score 
of 86.1%. The authors later increased the behaviour count to six, and 
improved the SVM classification with an accuracy of 87.54% and F1-
Score of 88.4% [19]. Then the authors of [181] created an SVM model 
that was able to classify four behaviours with an accuracy of 95.25%. 
When comparing these articles, they share many similarities. All three 
of the articles collected their own data, using the accelerometer running 
at a sampling frequency of 40Hz. Interestingly, the work of [181] and 
[183] attempted to classify the same behaviours within chickens, these 
being Resting, Walking, Feeding and Drinking; yet, the authors of [181] 
had a better performing model. This could be due to the number of dif-
ferences between the articles, mainly the authors of [183] used 10-Fold 
CV and LOAO validation, and collected data from 12 different animals, 
compared to [181] who used 5-Fold CV only, and collected data from 
nine different animals. We could argue that the results from [183] may 
be more closely aligned to that of the real-world, having more validation 
take place and more data from different animals. In addition to this, the 
later work of [19] were able to create an SVM that performed better than 
their original work, classifying six behaviours in total: Sitting, Standing, 
Feeding, Drinking, Walking and Preening. Compared to their original 
work in [183], the authors collected data from more animals, collecting 
from 30 in total. They also introduced sliding windows, and performed 
more feature extraction, which may have helped improve classification 
performance with more behaviour classes.

The other articles that produced the best results using an SVM model 
had accuracy scores of 90% or higher when classifying three behaviours. 
[195] created an SVM model that scored 93% accuracy when classifying 
Feeding, Ruminating and other behaviours within cattle using a single 
accelerometer sampling at 10Hz. Compared to their other work in [128] 
where they again attempted to classify three behaviours in cattle, but 
this time the behaviours were Lying, Standing, and Feeding with two 
accelerometers running at 1Hz; the SVM in this work scoring 98% accu-
racy when combining the data from both accelerometers. Both of these 
works used LOAO validation, and the same windowing methodology of 
fixed length 60 second windows. And finally, the authors of [57] cre-
ated an SVM that was able to classify three behaviours of horses with an 
accuracy of 99%. However, this work collected data from only two an-
imals, which means the models generalisation may be poor, compared 
to the works of [195] and [128] who collected data from 10 and 16 
animals, respectively.

Overall, these findings suggest that SVMs can achieve strong per-
formance in AAR when the number of behaviours is limited, features 
are carefully engineered, and data collection conditions are well con-

trolled. Their success is particularly evident in species-specific studies 
with relatively structured behaviour patterns and moderate feature di-
mensionality. However, the performance of SVMs appears sensitive to 
validation design, dataset size, and inter-animal variability, with studies 
using fewer animals or less stringent validation often reporting higher 
accuracies. Consequently, while SVMs remain a competitive and well-
established baseline for AAR, their apparent effectiveness should be 
interpreted in light of experimental design choices, particularly when 
comparing results across studies or assessing suitability for real-world 
deployment.

5.3.3.  Boosting methods
Gradient-boosting methods also feature prominently, both in terms 

of evaluation frequency and performance. XGBoost, in particular, is 
tested in a smaller number of studies but is selected as the best-
performing model in approximately half of those cases [125,186,202,
203]. When considered collectively, boosting approaches account for a 
substantial number of best-model selections, suggesting that they can 
outperform simpler ensembles when feature engineering is strong and 
class imbalance is appropriately handled. However, their higher sensi-
tivity to hyper parameters and increased computational cost may limit 
their routine adoption.

The total articles that compared multiple models and XGBoost per-
formed the best was four, and three of these articles were cattle-based 
[125,202,203], with one article having success with pigs [186]. All four 
of these articles reported XGBoost models with accuracies of over 90%, 
but each article was classifying a different number of behaviours, the 
smallest number of which was three in [203], who reported a model 
accuracy of 92.82% using ear tag accelerometers. The sensor position 
does limit the number of behaviours that can reasonably be classified 
compared with other sensor positions, such as collars on the neck, which 
was used in the other cattle articles [125] and [202], which classified 
six behaviours with 98% accuracy, and seven behaviours with 92.6% 
accuracy, respectively. The authors of [125] had the best performing 
XGBoost model, which was validated using 10-Fold CV. We believe that 
this is due to the higher sampling frequency of 59.5Hz used compared 
to the other articles, along with the higher number of animals the au-
thors collected data from, collecting from 26 animals in total. Along with 
this, they also did the most feature extraction compared with the other 
articles, and was one of the rare articles that used 90% overlapping win-
dows. The authors of [202] had the lowest performing XGBoost model 
with 92.6% accuracy and an F1-Score of 92%, but this model was able 
to classify seven behaviours, which is the most of the XGBoost models 
discussed. Finally, [186] was able to classify five different behaviours 
in pigs, creating an XGBoost model that was able to classify these be-
haviours with 93.4% accuracy.

Overall, gradient-boosting methods, particularly XGBoost, demon-
strate strong potential in AAR when supported by rich feature engi-
neering, high-quality data, and carefully controlled class distributions. 
Their success across multiple species and behaviour sets highlights their 
capacity to model complex, non-linear relationships beyond those cap-
tured by simpler ensembles. However, the increased sensitivity of boost-
ing models to hyper parameter tuning, windowing design, and sampling 
configuration suggests that their reported performance is closely tied to 
experimental optimisation, which may limit reproducibility and practi-
cal deployment compared to more robust tree-ensemble baselines.

5.3.4.  Model comparison summary
When restricting analysis to studies that explicitly compare multi-

ple classical ML models (Fig. 15C), the dominance of Random Forest 
remains evident, followed by Support Vector Machines and gradient-
boosting approaches such as XGBoost. This consistency across evalua-
tion subsets reinforces the conclusion that tree-based ensemble methods 
represent the most reliable choice among standard ML techniques for 
feature-based AAR, particularly in heterogeneous datasets with varying 
sensor configurations, behaviour counts, and animal populations.
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Fig. 16. Deep learning machine learning models used in reviewed literature. (A): DL models used across studies*. (B): Models that performed best in all DL studies. 
(C): Best performing models in articles that compared two or more DL models. *Studies reviewed may have compared DL models against standard ML models, hence why 
Random Forest and SVM appear in this graph.

More broadly, the reviewed literature reveals a clear performance 
hierarchy among classical ML models for AAR. Tree-based models, and 
Random Forest in particular, offer a favourable balance of accuracy, 
robustness to noise, and tolerance to feature heterogeneity, which likely 
explains their widespread adoption as both a benchmark and final model 
choice. Boosting methods and SVMs can achieve comparable or superior 
performance in carefully engineered settings, especially where feature 
quality is high and validation conditions are controlled; however, their 
effectiveness appears more sensitive to hyper-parameter tuning, dataset 
size, and validation design. As a result, while alternative classical models 
remain valuable, Random Forest continues to function as a dependable 
and reproducible baseline in AAR research, even as the field increasingly 
transitions toward deep learning approaches.

5.4.  Deep learning in AAR

Deep learning (DL) approaches have become increasingly prominent 
in Animal Activity Recognition (AAR), particularly in studies that oper-
ate directly on raw or minimally processed accelerometer time-series 
data. Across the reviewed DL-based literature, evaluated architectures 
can be broadly organised into four model families: convolutional neural 
networks (CNNs), recurrent neural networks (RNNs), hybrid CNN-RNN 
architectures, and shallow feed-forward neural networks. CNN-based 
models form the largest family, with studies reporting pure convolu-
tional architectures or close variants such as hierarchical CNNs, dual-
branch CNNs, and knowledge-distilled CNNs as their best-performing 
models [12–14,18,21,56,104,119,136,139,146,169,173]. A second ma-
jor family consists of recurrent neural network (RNN) models, including 
LSTM, Bi-directional LSTM, hierarchical LSTM, GRU, and related vari-
ants, which are selected as top performers in a range of studies empha-
sising temporal sequence modelling [2,55,59,60,105,117,120,138,144,
193,207]. In addition, several studies report hybrid CNN-RNN archi-
tectures, these typically combine convolutional feature extraction with 
LSTM or GRU-based temporal memory as their best models, reflecting 
an explicit integration of spatial and temporal learning [44,46,163,170,
171,208,209]. Finally, a smaller subset of studies identify shallow feed-
forward neural networks (FFNN), including MLPs, ANNs, DNNs, and 
ANN variants such as WOA-ANN, as their top-performing DL models, 
often in settings with lower architectural complexity or reduced data 
availability [16,20,22,70,87,141,145,147,148,179,210].

5.4.1.  Convolutional neural networks
Across the reviewed literature, convolutional neural networks 

(CNNs) are the most widely evaluated deep learning architecture, 
as illustrated in Fig. 16A. Pure CNN models appear substantially 
more frequently than any other DL family, followed by hybrid CNN-
LSTM architectures, stand alone LSTM variants, and MLP-based net-
works. This prevalence reflects the relative architectural simplicity 
of CNNs, their suitability for raw or lightly processed accelerom-
eter time-series data, and their ability to automatically learn dis-
criminative features without the need for extensive manual feature 
engineering [13]. As a result, CNNs are commonly adopted as a 
first deep learning baseline when transitioning from classical ML
approaches.

When performance outcomes are considered across all DL studies 
collectively (Fig. 16B), pure CNN architectures also emerge as the most 
frequently selected best-performing model. This indicates that, despite 
their comparatively limited temporal memory, CNNs often achieve com-
petitive or superior performance across a wide range of datasets, activ-
ity sets, and sampling frequencies. Their strength lies in effective local 
pattern extraction and robust generalisation, particularly in scenarios 
where behaviour recognition can be driven by short-term motion sig-
natures rather than long-range temporal dependencies, because CNNs 
learn convolutional filters that automatically detect discriminative pat-
terns within local windows of time-series sensor data and build hier-
archical features across layers [211,212]. However, this dominance is 
less pronounced in direct, head-to-head model comparisons. As shown 
in Fig. 16C, CNN-based models appear less frequently as the top per-
former when evaluated alongside alternative DL architectures within 
the same study. In these stricter comparative settings, hybrid CNN-LSTM 
models and recurrent architectures are more often selected as the best-
performing approach, suggesting that the explicit modelling of longer 
temporal context provides a measurable advantage when datasets and 
evaluation protocols allow for it. This pattern indicates that while CNNs 
offer a strong and reliable baseline for DL-based AAR, their performance 
ceiling may be surpassed by hybrid architectures when temporal dynam-
ics play a central role in behaviour discrimination.

Where there were model comparisons, a Hybrid CNN that consisted 
of a CNN fused with statistical features that retained knowledge of the 
global time-series form gave the best performance in [2]. The authors 
compared this hybrid CNN to a RF model and standard CNN model, with 
the hybrid model able to successfully classify seven behaviours within 
horses with 99.59% accuracy using a sampling frequency of 10Hz. The 
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authors also noted that the CNN and hybrid CNN models used less en-
ergy when compared with the RF model used in the same study.

In summary, CNN architectures form the backbone of deep learning 
approaches in AAR, serving both as the most commonly evaluated mod-
els and as strong stand alone performers across diverse experimental set-
tings. Their ability to learn discriminative representations directly from 
raw sensor data makes them an effective and computationally efficient 
baseline, particularly when activity patterns are dominated by short-
term motion characteristics. However, evidence from direct model com-
parisons indicates that their performance advantage diminishes when 
richer temporal modelling is introduced, with hybrid CNN-RNN archi-
tectures often achieving superior results. This suggests that while CNNs 
provide a reliable foundation for DL-based AAR, incorporating explicit 
temporal context can be crucial for maximising performance in more 
complex behaviour recognition tasks.

5.4.2.  Recurrent neural networks
Recurrent neural networks (RNNs), including Long Short-Term Mem-

ory (LSTM), Gated Recurrent Unit (GRU), and their variants (e.g., 
Bidirectional-LSTM and hierarchical LSTM), are widely explored in 
deep-learning-based AAR due to their ability to explicitly model tem-
poral dependencies in sequential sensor data. As shown in Fig. 16A, 
RNN-based architectures are evaluated less frequently than pure CNN 
models but appear regularly across the literature, often alongside CNNs 
or as part of hybrid CNN-RNN frameworks. Their continued inclusion 
reflects the expectation that many animal behaviours are characterised 
not only by short-term motion signatures, but also by longer-duration 
temporal structure that unfolds over time. When performance is consid-
ered across all DL studies (Fig. 16B), RNN family models are selected 
as the best-performing approach in a smaller but consistent subset of 
articles. This includes studies in which LSTM, GRU, or BiLSTM archi-
tectures outperform simpler feed-forward networks and, in some cases, 
pure CNNs.

Their advantage is most apparent in tasks involving behaviours with 
extended temporal dynamics or subtle transitions between behavioural 
states, where access to historical context improves class discrimination. 
However, RNNs are less frequently dominant in isolation and are more 
commonly reported as strong competitors, particularly when evaluated 
against hybrid CNN-RNN models that combine convolutional feature ex-
traction with recurrent temporal modelling [213,214].

When articles compared different RNNs against other models, the 
LSTM and GRU were often the best performing when observing Fig. 16C 
(along with CNN and LSTM Hybrid models, which will be discussed in 
their own section). In the case of both Long Short Term Memory (LSTM) 
models and Gated Recurrent Unit (GRU) models, each model gave the 
best performance in three articles each. In terms of animal distribution, 
five of these six articles had focus on cattle, with one paper taking a focus 
on goats [163]. LSTM models (or variations of them) performed the best 
in [59,163,207], while GRU models performed best in [138,144,193].

The authors of [207] created an LSTM model that was capable of 
classifying four cattle-based behaviours, with an F1-Score of 95.13%. 
The LSTM model in this article was titled a VAE-LSTM, which consisted 
of a Variational Auto Encoder in addition to the LSTM, as this allowed 
more robust local features. The LSTM they created outperformed the 
CNN they compared it to, which was validated using 5-Fold CV. Com-
paratively, the authors of [59] created an LSTM model that was capa-
ble of classifying eight different behaviours within cattle, with an ac-
curacy and F1-Score of 88.7%, which compared to the work of [207] 
does not perform as well, but [59] is attempting to classify double the 
behaviours (eight compared to four). The final LSTM model was cre-
ated by the authors of [163], who created a hierarchical Bi-directional 
LSTM that was capable of classifying five behaviours in goats with an 
F1-Score of 87.9%. The idea of the hierarchical model to derive the be-
haviour from a given accelerometer signal step by step, as an example, 
they checked if the goat is grazing, or not grazing, and then check if 
the goat is resting, ruminating or chewing. The authors compared this 

hierarchical LSTM with a standard LSTM, and their hierarchical LSTM 
marginally outperformed the standard LSTM. When evaluating these 
three works ([59,163,207]), each of them trained their models using 
accelerometer data using sampling frequencies fo 20Hz-25Hz. The be-
haviours between the cattle-based articles [59,207] are also similar, as 
the authors of [207] used the dataset of [59]. The goat article by [163], 
the authors have made some unique contributions, with both the use of 
a hierarchical LSTM model, and collecting acceleration data from the 
goats horn.

In the GRU model articles, there are a number of similarities. First, all 
three articles focused on cattle AAR, classified three to four behaviours, 
and compared their GRU models to LSTM-based models, with two ar-
ticles focusing on RNN models specifically [138,144]. The authors of 
[138] created a GRU model that was capable of classifying four be-
haviours with an accuracy score of 97.4%, which outperformed other 
RNN-based models / architectures like the LSTM, and SRL (Simple Re-
current Layer). The authors of [144] created GRU models that are ca-
pable of classifying four behaviours, one model was trained using ac-
celerometer data collected from the neck of the animal, another model 
was trained using accelerometer data collected from the ear tag. Each 
model performed well, achieving accuracy scores of 89.5% for the neck-
based model, and 80% accuracy for the ear-based model. This trend is 
similar to what we have discussed in the standard ML methods, mod-
els trained on ear tag sensor data do not perform as well compared to 
those trained on other positions. When comparing these works, they 
attempted to classify the same number of behaviours, but the work of 
[138] performs better. This could be for a number of reasons, such as the 
number of animals and validation technique difference between the ar-
ticles, with [138] training their model with data from four animals and 
using 3-Fold CV on their model, and [144] training their model using 
ten animals and using LOAO validation. The authors of [144] also com-
pared their model performance to LSTM models, like that of [138], but 
in addition they also compared performance to a state-of-the-art CNN. 
In [193], the authors were able to produce a GRU model that was able 
to classify three behaviours with an accuracy score of 97.78%, which 
is the best performing GRU model reported in the reviewed literature, 
but again, with one less class compared to [138]. The authors compared 
their GRU model with a range of other model types, including a RF, CNN 
and LSTM hybrid model, and a ANN model.

Overall, RNN-based architectures demonstrate clear strengths in 
modelling temporal dependencies within accelerometer time-series data 
and are consistently competitive in deep learning AAR. While LSTM 
and GRU models are less frequently dominant than pure CNNs when 
results are aggregated across all studies, they emerge more prominently 
in direct model comparisons, particularly in scenarios involving long 
duration behaviours, hierarchical behaviours, or subtle temporal transi-
tions. Performance differences across studies further highlight the influ-
ence of activity complexity, sensor placement, validation strategy, and 
dataset size on reported outcomes. Collectively, these findings indicate 
that RNNs serve as a powerful complementary approach to CNNs, with 
their full potential most effectively realised either in carefully designed 
stand alone architectures or, more commonly, when integrated into hy-
brid CNN-RNN frameworks that jointly exploit local feature extraction 
and long-range temporal context.

5.4.3.  Hybrid CNN and LSTM models
Hybrid CNN-RNN architectures, most commonly combining convo-

lutional neural networks (CNNs) with Long Short-Term Memory (LSTM) 
layers, are increasingly adopted in deep learning AAR. These models 
are explicitly designed to leverage the complementary strengths of their 
constituent components: CNNs act as automatic feature extractors that 
capture local temporal and spatial patterns from raw accelerometer sig-
nals, while recurrent layers model longer-range temporal dependen-
cies across sequential windows. As illustrated in Fig. 16A, CNN and 
LSTM hybrids are evaluated less frequently than pure CNN architectures 
but appear consistently across the literature, more so than stand alone 
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LSTM models. In a previous literature review published in 2023, the 
authors reported a low number of articles using CNN and RNN hybrid 
approaches [5], and the increased number of these studies shows that 
these hybrid approaches have became more popular in recent years, sup-
ported by five research articles published in 2025 using CNN and LSTM 
hybrid models, reporting that they were the best performing models 
[46,143,170,171,209].

When performance is considered across all deep learning studies 
(Fig. 16B), hybrid CNN and LSTM models emerge as one of the most 
competitive architectural families, being selected as the best-performing 
approach in a substantial proportion of articles. Their relative strength 
becomes even more pronounced in direct, head-to-head model compar-
isons (Fig. 16C), where hybrid architectures are frequently favoured 
over both stand alone CNNs and another stand alone RNN-based models. 
This trend suggests that jointly modelling local motion signatures and 
longer term temporal structure provides a tangible advantage in many 
AAR scenarios, particularly when behaviours exhibit both distinctive 
short-term patterns and meaningful temporal evolution.

When investigating the three articles that reported CNN and LSTM 
models performed best in head-to-head model comparison, each arti-
cle had a focus on a different animal, and a different number of be-
haviours they are attempting to classify. With the head-do-head com-
parisons, authors will generally compare their hybrid model to a stand 
alone CNN and stand alone LSTM. For instance, [170] created a binary 
classification CNN and LSTM hybrid model that was able to classify if 
horses were grazing or not grazing, they created a stand alone CNN, 
stand alone LSTM and a hybrid model, which gave the best performance 
with an accuracy score of 98.6%, the best performing hybrid model of 
the three in this discussion, but again, this was a binary classifier, and 
therefore classified the least number of behaviours. Comparatively, [44] 
created a hybrid CNN and LSTM that was able to classify seven differ-
ent behaviours in sheep, with an overall accuracy score of 91.3%, which 
again, is a lower accuracy score compared to [170], but with five addi-
tional behaviours, totalling seven. Like that of [170], the authors com-
pared their hybrid model to a stand alone CNN and LSTM, along with 
a Temporal Convolutional Network (TCN) model. In addition to this, 
the model in [44] was trained on IMU data, giving more features / con-
text of movements when compared to [170] using accelerometer only 
data. In [46], the authors created a CNN and LSTM hybrid model that 
was able to classify four behaviours in pigs, with an accuracy score of 
73.2% and F1-Score of 61.87%; which compared to the other articles dis-
cussed is a drop in performance, as [44] achieved better performance 
when classifying more behaviours, and both of these articles trained 
models using IMU sensor data. However, the authors of [44] trained 
their model using data collected at 20Hz, whereas the authors of [46] 
trained their model on 10Hz IMU data, which may show that higher 
sampling frequencies may have produced better results. Additionally, 
the authors compared their hybrid model to a Back Propagation Neu-
ral Network (BPNN) model, RF model and a Extreme Learning Machine 
(ELM) model; not to a stand alone CNN and LSTM like others.

Overall, the reviewed literature indicates that CNN-LSTM hybrid ar-
chitectures represent one of the most powerful and flexible deep learn-
ing approaches for AAR. Their consistent success in direct, head-to-head 
comparisons highlights the advantage of integrating convolutional fea-
ture extraction with explicit temporal modelling, particularly for be-
haviours characterised by both distinctive short-term motion patterns 
and longer-term behavioural structure. While reported performance 
varies with factors such as the number of behaviours, sensor modality, 
sampling frequency, and validation strategy, hybrid models frequently 
outperform stand alone CNN and RNN counterparts under comparable 
conditions. The growing number of recent studies adopting CNN-LSTM 
hybrids, especially those published in 2025, further suggests that these 
architectures are becoming a preferred design choice for DL AAR.

5.4.4.  Feed-forward neural networks
Feed-forward neural networks (FFNNs), including Multi-Layer Per-

ceptrons (MLP), Artificial Neural Networks (ANN), and deeper fully con-
nected variants (DNN), appear regularly across DL AAR literature, most 
often as comparatively simple neural baselines. As shown in Fig. 16A, 
FFNN-based models are evaluated less frequently than convolutional or 
recurrent architectures but remain a common inclusion, particularly in 
studies transitioning from classical ML approaches to neural networks. 
Their continued use reflects their conceptual simplicity, low computa-
tional overhead, and ease of implementation when working with engi-
neered or lightly processed sensor features rather than raw time-series 
signals.

When performance is considered across all deep learning studies 
(Fig. 16B), FFNN architectures are occasionally selected as the best-
performing model, though less consistently than CNN-based, recurrent, 
or hybrid architectures. In most cases, FFNNs perform competitively on 
simpler classification tasks involving a limited number of classes or well-
separated motion patterns, but are outperformed when temporal dy-
namics or complex behaviour transitions must be modelled explicitly. 
This performance gap reflects the inherent architectural limitation of 
FFNNs, which lack both convolutional mechanisms for local pattern ex-
traction and recurrent structures for modelling temporal dependencies 
across time-series data.

We will discuss the three papers that did head-to-head model com-
parisons where FFNN provided the best performance (these all happen 
to be MLP models), each of these papers focused on a different livestock 
animal. In [147], the authors created an MLP model that was able to 
classify four different behaviours within cattle with an accuracy score 
of 93.4%. The MLP model was the only DL that was compared, with 
the rest of the models in the head-to-head being standard ML mod-
els, such as Logistic Regression, SVM, DT, and others. The authors of 
[16] were able to create an MLP model that had similar performance, 
with the model scoring 94.4% accuracy, being able to classify nine be-
haviours in goats. This is a better performance of the work in [147] and 
with more behaviours, however, the work of [16] used a dataset that 
had a sampling frequency of 200Hz across six animals using both the 
accelerometer and gyroscope, whereas [147] collected their own data 
at 50Hz across 10 animals using only the accelerometer, meaning that 
there may be variations in generalisation based on these factors, and ad-
ditional movement context from the gyroscope could have contributed 
to this better performance. Both of the authors employed cross valida-
tion and LOAO validation. Unlike [147], the authors of [16] compared 
their MLP against other DL models, such as a CNN and a hybrid CNN 
that combined the CNN and MLP layers, while also comparing to stan-
dard ML models, including RF and SVM models. In [179], the authors 
provided results from both validation methods they used, finding that 
their MLP performed best when validated with LOAO, giving an accu-
racy score of 71%, which is low compared to the other articles, how-
ever, they were attempting to classify 12 behaviours in chickens and 
only collected data from four animals, meaning that the model would 
have only three animals worth of data and LOAO validation would nat-
urally perform lower due to the missing context from all the animals. 
This is demonstrated with the article reporting a nearly 20% increase 
in accuracy with 10-Fold CV instead of LOAO validation, with a Light 
Gradient Boosting Machine (LGBM) model giving an accuracy score of 
89.9%, which is the lowest score across the three papers, but they did 
classify the most behaviours.

Overall, FFNN-based approaches occupy a limited role in DL AAR. 
While MLP and ANN models can achieve strong performance in specific 
settings, particularly when behaviour classes are well separated, sensor 
features are informative, and validation protocols are favourable their 
success is less consistent than that of convolutional, recurrent, or hy-
brid architectures. The reviewed head-to-head comparisons suggest that 
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FFNNs can outperform more complex models when temporal dependen-
cies are weak or implicitly captured through high sampling rates and 
rich feature representations. However, their lack of explicit temporal 
modelling constrains scalability as activity complexity increases. Conse-
quently, FFNNs are best viewed as effective neural baselines or task-
specific solutions rather than general-purpose architectures for AAR, 
especially in applications involving complex behavioural dynamics or 
limited training data.

5.4.5.  Model comparison summary
When restricting analysis to studies that explicitly compare multi-

ple deep learning architectures (Fig. 16C), hybrid CNN-RNN models 
emerge as the most consistently selected top-performing approach, fol-
lowed closely by stand alone recurrent architectures (LSTM and GRU 
variants). In contrast, pure CNN models while dominant in terms of 
overall usage and aggregate best performance counts appear less fre-
quently as the top performer in direct, head-to-head comparisons. This 
shift highlights the importance of explicit temporal modelling when ar-
chitectures are evaluated under comparable experimental conditions, 
reinforcing the advantage of integrating convolutional feature extrac-
tion with recurrent temporal memory in complex AAR tasks.

More broadly, the reviewed deep learning literature reveals a nu-
anced performance hierarchy that depends strongly on evaluation con-
text. Pure CNN architectures offer a robust and computationally effi-
cient baseline, achieving strong generalisation across diverse datasets, 
sampling frequencies, and behaviour sets, particularly when short-term 
motion patterns dominate activity discrimination. Recurrent models 
provide measurable benefits in scenarios involving extended temporal 
dynamics, hierarchical behaviours, or subtle behavioural transitions, 
though their performance is less consistently dominant in isolation. 
Hybrid CNN-RNN architectures most reliably combine these strengths, 
frequently outperforming both constituent models when directly com-
pared, and are increasingly adopted in recent studies as the preferred 
DL design choice. In contrast, shallow feed-forward neural networks 
demonstrate competitive performance only in constrained settings with 
limited activity complexity or rich engineered features, and are rarely 
superior when temporal structure plays a central role. Collectively, these 
findings suggest that while CNNs remain a strong entry point for DL-
based AAR, hybrid CNN-RNN models currently represent the most reli-
able and generalisable deep learning solution for behaviour recognition 
tasks characterised by complex temporal structure.

5.5.  ML in AAR discussion

Across the reviewed literature, performance in AAR must be inter-
preted relative to task complexity, sensor configuration, and evalua-
tion protocol, rather than by absolute accuracy values alone. Studies 
addressing binary or low-complexity classification tasks (e.g., two-four 
behaviours) frequently report accuracies exceeding 95% using both clas-
sical and deep learning approaches, particularly when datasets are well 
balanced and evaluated under cross-validation. As the number of be-
haviours increases and behavioural boundaries become less distinct, 
performance naturally declines, with accuracies in the range of 85-
92% commonly reported for mid-complexity tasks involving six-nine be-
haviours, and values between 70-85% remaining competitive for highly 
complex scenarios involving ten or more behaviours, limited subject 
numbers, or LOAO validation.

Within this context, tree-based ensemble methods, Random Forest 
in particular, emerge as the most reliable standard ML models, offering 
strong generalisation and competitive performance across a wide range 
of datasets with engineered features. Deep learning approaches provide 
additional gains when sufficient data and temporal structure are avail-
able, with pure CNNs serving as robust baselines for raw time-series 
modelling, recurrent architectures excelling in tasks with extended tem-
poral dependencies, and hybrid CNN-RNN models most consistently 
achieving top performance in direct comparisons. Feed-forward neural 

Table 5 
Typical classification accuracy reported for different behaviour set sizes 
across the reviewed studies. Accuracy ranges represent the interquartile 
range (IQR) where sufficient data were available.
 Behaviour Classes  Typical Accuracy Range (IQR)  Median Accuracy  Studies (N)
 2–5  86.9% – 96.2% ∼93%  75
 6–7  88.4% – 99.6% ∼92%  19
 8–12  79.2% – 88.6% ∼87%  8
>12 ∼82% – 95% ∼86%–95%  3

networks, while computationally efficient, are generally effective only 
for simpler tasks or feature-based inputs. Overall, the literature indicates 
that strong AAR performance is not defined by a single model class, but 
by alignment between model capacity, behaviour complexity, data rich-
ness, and validation reinforcing the importance of contextualised evalu-
ation when comparing results across studies, which is especially impor-
tant for real-world deployment. Some studies have also explored reduc-
ing sensor sampling frequency while maintaining acceptable behaviour 
classification performance, typically incurring only modest reductions 
in accuracy [13,159]. This trade-off offers practical benefits for live-
stock monitoring, including extended battery life, reduced data storage 
and transmission requirements, and lower computational demands, all 
of which are particularly relevant for long-term, field-deployed sensing 
systems.

In Fig. 17, we plot the accuracy of each article in line with the num-
ber of classes, while Table 5 summarises the typical performance ranges 
observed across studies with different behaviour set sizes. This suggests 
that classification performance in AAR does not decrease linearly with 
the number of behaviours, but there is a general trend where tasks with 
a larger number of classes tend to have slightly lower accuracies. For ex-
ample, studies targeting two-five behaviours commonly achieved high 
accuracies, often exceeding 90%, indicating that simple behaviour sets 
are relatively straightforward to classify. In contrast, studies with more 
complex classification tasks, such as 7-12 behaviours, or in some cases 
up to 17, often exhibited more variable performance, with some mod-
els dropping below 80%. However, there are notable exceptions: some 
studies achieved very high accuracies (95-99%) even with seven-ten 
behaviours, suggesting that model choice, feature engineering, sensor 
type, and data quality play a critical role in mitigating the challenge 
of multi-class classification. Overall, while an increase in the number 
of behaviours can make classification more challenging, careful experi-
mental design, sensor placement, and model selection can maintain high 
performance even for relatively complex behaviour sets.

Looking forward, the evolution of AAR research appears to be most 
strongly aligned with Edge-AI, where behaviour recognition models are 
deployed directly on collar-mounted or ear-tag sensor devices. By per-
forming inference on-device, reliance on continuous connectivity is re-
duced, data can be kept local, and communication bottlenecks associ-
ated with remote or bandwidth-limited agricultural environments can 
be mitigated. This paradigm, commonly referred to as TinyML, enables 
compact, energy-efficient models tailored to the constraints of embed-
ded hardware and is a natural progression for AAR given the increasing 
scale of IoT deployments in precision livestock farming. Edge-AI is there-
fore a timely and well-motivated research direction, and is discussed in 
detail in Section 6. A secondary, but promising, research avenue lies 
in semi-supervised learning. While the reviewed literature shows very 
limited adoption of unsupervised methods [110,215] and no clear use 
of semi-supervised learning to date for classification, this gap reflects 
practical challenges rather than lack of relevance. The scarcity of high-
quality labelled datasets remains a recurring limitation in AAR, as most 
studies rely on labour-intensive, bespoke data collection and annotation. 
Semi-supervised approaches, which combine small amounts of labelled 
data with larger volumes of unlabelled sensor data, may therefore of-
fer a viable pathway to improve model scalability and generalisation as 
AAR systems mature.
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Fig. 17. Reported accuracy score plotted against number of behaviours / classes.

6.  Edge-AI and TinyML in animal activity recognition

In this section, we will discuss the concepts of both Edge-AI and 
TinyML, and also discuss their the usage in livestock-based AAR. Edge-
AI and TinyML share the same goal of bringing AI to the edge, but each 
has a different definition. Edge-AI refers to AI that is implemented in 
smart devices [216], but it has taken on different synonyms within the 
literature, such as Edge Intelligence, AIoT, and TinyML [217]. However, 
while Edge-AI is the utilisation of AI in smart devices such as Raspberry 
Pi, Nvidia Jetson, or mobile phones [217]; TinyML is more specific with 
a focus on executing optimised ML models on ultra-low powered micro-
controllers [218]. In the case of TinyML, efficiency of the ML model’s 
and energy consumption are fundamental as microcontrollers often run 
on batteries, not mains power.

There are several benefits in bringing AI to the Edge using Edge-AI 
and TinyML [219,220], including:

• Lower Latency: using non-edge AI will often require communicat-
ing data between the sensor device and a cloud server, awaiting 
both processing and the result; whereas Edge solutions process the 
data on-device, removing the communications and enabling lower 
latency.

• Improved Network Bandwidth: many devices are used within 
WSNs, which increase the network bandwidth. Reducing the amount 
of data that is transmitted on the network by processing the data on 
the device would reduce the bandwidth of the network.

• Scalability and Reliability: transmitting data to the cloud con-
stantly has limitations both in bandwidth and sometimes fair usage 
limits; by processing the data at the edge, this removes these limi-
tations and also increases reliability, as this also removes a possible 
point of failure with network connectivity.

• Security and Privacy: As the data does not need to be transmitted 
from the device to the cloud, security increases due to fewer threats 
of a cyber attack. In an agricultural context, conflicts are growing 
between farmers and cloud providers, driven by allegations of data 
misuse [221]. In addition, farmers are increasingly concerned about 
privacy and security issues [191].

Many of these benefits described apply well to farming, especially 
because farms tend to be located in rural areas with limited connectiv-

ity and telecommunication infrastructure [3]. As outlined in Section 3, 
there are different communication methods and network types to allow 
data transmission between devices on farms, but these face the same 
issues of latency, limited bandwidth and scalability. Therefore, remov-
ing the need to communicate sensor data will significantly reduce these 
limitations, as instead a single behaviour label could be sent at certain 
times rather than a constant stream of sensor data.

6.1.  Model size reduction, trade-offs and energy efficiency

Before moving on to how Edge-AI and TinyML have been used in the 
literature for AAR, we will discuss some of the main aspects required for 
them. One of the most fundamental steps is reducing the model size, es-
pecially in TinyML as microcontrollers are often limited on memory; 
therefore, the model has to be compressed small enough to fit onto the 
small flash memory of a microcontroller. Microcontrollers typically only 
have kilobytes (kB) of on-device ROM and SRAM. For example, a com-
mon microcontroller, the Arduino Nano ESP32 5 has a SRAM size of 
512kB and ROM of 384kB. Another fundamental consideration is en-
ergy efficiency, as TinyML targets specifically battery-powered micro-
controllers [222]. There are a number of established methods for re-
ducing model size and achieving energy efficiency, which are outlined 
below.

• Quantization is the process of reducing the precision of some of 
the model parameters. For example, instead of using precise 32-bit 
floating-point numbers, 8-bit integers may be used instead. This pro-
cess removes precision and, therefore, may affect the accuracy of the 
model. However, this will reduce the model’s memory requirements, 
allowing the model to fit on to a microcontroller.

• Pruning involves removing less significant weights or neurones from 
the network, reducing the computational load and memory required; 
resulting in minimal impacts on the performance and output of the 
models.

• Knowledge Distillation is a reduction technique in which a smaller, 
lightweight "student" model is trained to replicate the behaviour of 
a larger "teacher" model, transferring its generalisation capabilities 
while retaining a compact architecture.

5 https://docs.arduino.cc/hardware/nano-esp32/
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• Weight Clustering (also known as Weight Sharing) groups similar 
weight values together and replaces them with shared centroids, fur-
ther compressing the model and allowing efficient storage and com-
putation.

While model compression techniques such as quantization, pruning, 
and knowledge distillation enable deployment on resource-constrained 
devices, they introduce important trade-offs that directly affect real-time 
feasibility, energy consumption, and classification performance in AAR. 
We will discuss the trade-offs for each of the methods outlined above.

In quantization, the effectiveness of it depends strongly on the 
selected bit-width and the underlying hardware support. Reducing 
weights and activations from 64-bit or 32-bit floating point numbers to 
8-bit integers typically yields substantial memory savings (up to 4 times) 
and faster inference due to simpler arithmetic operations, which has 
been applied in a number of articles for AAR [119,137,138,169,209]. 
However, aggressive quantization (e.g., 4-bit or binary networks) can 
significantly degrade model accuracy, particularly for AAR tasks that 
rely on subtle temporal variations in accelerometer and gyroscope sig-
nals. None of the reviewed articles use aggressive quantization, with 
the heaviest level of quantization being 64-bit floating point numbers 
to 8-bit integers.

Pruning reduces the number of parameters and operations by remov-
ing redundant or low-importance weights or neurons. While unstruc-
tured pruning can substantially reduce parameter counts, it does not al-
ways translate to lower inference latency or energy consumption on mi-
crocontrollers, as irregular memory access patterns are poorly supported 
by embedded hardware. Structured pruning (e.g., removing entire fil-
ters or channels) is more compatible with TinyML inference engines, 
but may require careful architecture redesign to preserve model expres-
siveness. In AAR, excessive pruning risks removing features critical for 
distinguishing similar behaviours (e.g., grazing vs. walking), leading to 
class confusion even if overall accuracy appears preserved. Only two fo 
the articles mention pruning has been used, but one does not elaborate 
on the scale of this [209], while the other does provide a range of de-
tails about pruning being gradually applied over five stages across 250 
epochs, with each stage consisting of 35 epochs being a pruning phase, 
and then 15 epochs being a fine-tuning phase [119].

Knowledge distillation allows compact student models to approach 
the performance of larger teacher networks, making it particularly at-
tractive for TinyML deployments. However, the student model’s archi-
tecture must still be carefully chosen to match microcontroller con-
straints such as SRAM availability and stack usage. Additionally, while 
distillation improves generalisation, it does not reduce inference-time 
computational complexity beyond what is dictated by the student model 
itself. For real-time AAR, this means that distillation must be combined 
with architecture-level optimisation (e.g., shallow CNNs or temporal 
convolutions) to ensure latency constraints are met. In the reviewed 
articles that utilise Edge-AI, only one article utilises knowledge distil-
lation [146]. However, the authors of [104], while not Edge-AI, did 
utilise knowledge distillation to obtain high accuracy using lower sam-
pling frequencies. To achieve this, they trained the teacher model in 
higher sampling rates, while the student was trained on lower sampling 
frequencies. The authors found that their method of knowledge distilla-
tion performed better than their baseline tests in multiple sampling fre-
quencies to classify different behaviours within horses and goats, with 
only minor accuracy losses.

Weight clustering further reduces memory usage by sharing param-
eters, but its benefits depend on hardware and runtime support. On mi-
crocontrollers, clustered weights often require lookup tables or indirect 
memory access, which can introduce additional computational overhead 
and partially offset energy savings. As a result, clustering is most ef-
fective when combined with quantization and supported by optimised 
TinyML frameworks. However, weight clustering was not used in any of 
the reviewed Edge-AI articles.

Beyond model size, real-time inference requirements impose strict 
limits on allowable latency per window of sensor data. In AAR systems 
operating at sampling frequencies of 10-25 Hz, inference must often 
complete within tens of milliseconds to avoid backlog and increased 
memory usage. This constrains not only model depth but also win-
dow length and overlap strategy. Additionally, microcontrollers are con-
strained by limited SRAM, meaning that intermediate activation buffers 
often become the dominant memory bottleneck.

Energy efficiency in Edge-AI extends beyond inference alone. While 
local inference reduces the need for continuous wireless transmission, 
compressed models must still justify their energy cost relative to commu-
nication. For low-power radios such as LoRa, transmitting raw or lightly 
processed sensor data can dominate energy consumption. In such cases, 
even moderately complex on-device inference can be energy-optimal 
if it enables event-driven or summary-based communication. However, 
if models are too computationally demanding, frequent inference may 
negate these savings. Thus, the feasibility of TinyML-based AAR depends 
on a careful balance between inference frequency, model complexity, 
and communication strategy. Recent microcontrollers increasingly in-
clude DSP extensions or neural accelerators that significantly improve 
the viability of quantized models. Nevertheless, these accelerators of-
ten support only specific operations or data types, constraining model 
design choices.

6.2.  Edge-AI and TinyML uses AAR

There were few results in general for Edge-AI and TinyML articles 
for AAR, with some of results consisting of computer vision ML-based 
deployments that are out of scope for this review, with minimal articles 
considering the target sensors of this review, the accelerometer, gyro-
scope and magnetometer. This indicates that Edge-AI and TinyML is a 
relatively new and open research area and a natural pairing with AAR 
when considering the following:

• Communication Availability: As outlined in Section 3, communi-
cation infrastructure is usually minimal in a farming environment 
due to their rural setting, meaning the cloud communications usu-
ally required for non-edge-based solutions are not possible or are 
limited; potentially preventing rural farms from obtaining modern 
AI and ML advancements, but since Edge-AI does not require data to 
leave the device, it therefore removes this communications barrier.

• Labour and Maintenance: As Edge-AI and TinyML consider bat-
tery efficiency, this would translate to less labour and maintenance 
for the farmer having to remove microcontroller devices from the 
animals from recharging. This could be further mitigated by using 
solar panels, reducing the need for removal almost entirely.

• Privacy and Security: As previously outlined, privacy and secu-
rity concerns are common among farmers, and because Edge-AI and 
TinyML do not require the data to leave the device to go to a cloud 
service, it is more secure.

6.2.1.  Overview of articles
In total, 12 papers have been reviewed that use the target sensors 

in this review and focus on AAR, all of which are an application of 
supervised learning. Most of these articles apply the model reduction 
and energy efficiency savings outlined above. Fig. 18A shows the distri-
bution of livestock animals across the Edge-AI articles, and like that of 
standard ML, AAR strongly favours cattle. In total, cattle have seven arti-
cles, followed by sheep with three articles and two articles with horses. 
We suspect cattle being favoured is for the same reasons outlined in 
Section 4 of their economic value. However, we also suspect that more 
availability of public cattle datasets compared to other animals may also 
play a part.

When observing Fig. 18B, deep learning emerges as the dominant 
approach for Edge-AI AAR, with two thirds of studies employing deep 
learning models and one third relying on classical machine learning. A 
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Fig. 18. (A): Livestock animal distribution across Edge-AI articles. (B): Types of ML used across Edge-AI articles.

key reason for this trend is that deep learning models perform automatic 
feature extraction, reducing the need for explicit preprocessing stages 
that can be difficult to implement on resource-constrained microcon-
trollers. Traditional feature-based pipelines often rely on time-frequency 
transformations or handcrafted statistical features, many of which re-
quire computationally intensive operations (e.g., Fourier transforms) 
that increase processing time, memory usage, and energy consumption. 
As feature extraction incurs non-negligible computational and energy 
costs, particularly in low-power embedded systems, avoiding complex 
preprocessing can significantly improve feasibility with minimal impact 
on classification performance [197].

There are a limited number of articles that utilise Edge-AI method-
ologies and deploy their ML models on to microcontrollers. However, 
there are also a small collection of articles within the reviewed litera-
ture that consider important Edge-AI aspects, such as energy efficiency 
[2,215], but ultimately do not deploy their models on a microcontroller. 
Some of these articles reflect that the model they created would de-
ployable on a microcontroller after applying model size reduction tech-
niques, but do not do so [104,144], while some mention that they are 
supporting or making a contribution towards a future with on-device 
inference [71,147,178].

6.2.2.  Edge-AI AAR article details
Below, we will provide a summary paragraph about each of the 12 

articles that use Edge-AI and TinyML. This section also provides a sum-
mary of the models, energy, scores before and after applying compres-
sion techniques, the compression techniques applied, as well as latency 
and model size in Table 6, and we will conclude the findings and current 
state of Edge-AI and TinyML usage in AAR.

In [145], the authors did not use any model reduction techniques, as 
the MLP model they created was already capable of being deployed on 
the target microcontroller. They were able to successfully classify five 
different behaviours within cattle with an accuracy of 93.93%, with 
a small amount of latency and small model size. In the authors other 
work ([146]), they used knowledge distillation and quantization to pro-
duce compressed models to classify three behaviours in cattle using ac-
celerometer data. They used a ResNet as the teacher model, and less 
complex student model based on GRU and MLP; finding that the ac-
curacy of the student models improves dramatically using knowledge 
distillation, nearing that of the teacher model itself. Quantization was 

also applied, finding that there were minimal reductions in accuracy. 
As an example, the model with the highest reduction after quantiza-
tion was taken from 88.1% to 87.4%, which was a reduction of 0.7% 
to the best performing model as reported in Table 6. The lowest reduc-
tion after quantization from another model was taken from 76% before 
quantization to 75.8% after quantization, a reduction of only 0.2%.

Bartels et. al have made significant contributes to Edge-AI and 
TinyML in AAR, with three published papers [137–139]. In their first 
work ([137]), they start with standard ML and presented five differ-
ent hardware implementations that used DTs and different features sets, 
which were trained on labelled accelerometer data to classify four differ-
ent behaviours within cattle. During the quantization stages, there was 
a 10% F1-Score detriment using a conventional set of features. The best 
performing feature set combination was able to provide an accuracy 
score of approximately 87% (84.8% F1-Score) with a low power con-
sumption of 216𝜇W, and energy consumption of 557𝜇J. They then fol-
lowed up with deep learning, in [138] they compared different types of 
RNNs to regress four different behaviours within cattle using accelerom-
eter data, with the aim of finding the minimal power consumption and 
the maximum accuracy. The best performing model provided an accu-
racy of 95.2% and a power consumption of 154nW. Both of these works 
used quantization, moving from 64-bit floating point numbers down to 
8-bit integers. In their other article ([139]), they created a quantised 
RNN capable of running on a low-power microcontroller that was able 
to classify four different behaviours within cattle. They were able to 
reduce power consumption significantly by adopting real-time process-
ing, i.e. processing the data sample as it is received. They also set the 
clock frequency to complete a single RNN time step before the next sen-
sor reading arrives, reducing power consumption as the processor is not 
running at the maximum clock speed. Using this approach, they were 
able to achieve a 95.1% accuracy score using a power of 360𝜇W.

The authors of [87] and [169] are the two articles that utilised Edge-
AI AAR in horses. In the work of [87], they present the first instance of 
(as far as we are aware) an Neural Network embedded device for AAR 
within horses for real-time classification, presenting an embedded ANN 
to classify three different behaviours, achieving an average accuracy of 
80.77%. Finding that reducing the communications required by using 
on-device classification significantly improves battery life. The authors 
of [169] compared two different ANNs in two different microcontroller 
architectures to establish a balance between performance and power 
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Table 6 
Summary of Edge-AI and TinyML studies for activity recognition. Q denotes quantization, KD denotes knowledge distillation, and P denotes 
pruning. Latency and model size units are given in the table headers.

 Citation  Model  Classes  Original Acc. (%)  Energy (𝜇J)  Latency (ms)  Size (kB)  Reductions Applied  New Acc. (%)
 [145]  MLP  5  93.93  Unk  85  12  None Reported  N/A
 [146]  GRU–MLP  3  88.1  Unk  723  45  Q + KD  87.4 (Q), 88.1 (KD)
 [137]  DT  4  85.3 (F1)  557  7469  Unk  Q (FP64 → INT8)  84.8 (F1)
 [138]  GRU  4  95.7  0.216  Unk  2.043  Q (FP64 → INT8)  95.2
 [139]  RNN  4  95.1  Unk  Unk  N/A  Q (INT8 only)  95.1
 [79]  RF  3  78.0  Unk  Unk  1000  None (software only)  N/A
 [169]  ANN  3  98.0  1,125,811.2  35.072  500  Q (FP64 → INT8)  88.15
 [87]  MLP  3  81.1  Unk  Unk  Unk  None reported  80.77
 [161]  LR  5  89.59  2037.4  1865  Unk  None reported  87.44
 [119]  CNN  3  95.0 (F1)  16,650  438.75  23.3  Q (FP32 → FP16) + P  82.0 (F1)
 [45]  RF  3  92.0  Unk  50  Unk  None (software only)  N/A
 [209]  CNN–LSTM  5  98.95  Unk  495  Unk  Q (FP32 → INT8) + P  98.94

consumption. Sensor data from an IMU was collected simultaneously, 
with the aim of classifying three different gait behaviours within horses 
with an approximate accuracy of 98%. The authors then applied quan-
tization, moving from 64-bit floating point numbers down to 8-bit inte-
gers, seeing an almost 10% reduction in accuracy, dropping to 88.15%.

The authors of [161] aimed to reduce energy consumption using en-
ergy aware features, classifying five common behaviours using nine fea-
tures and a LR model for sheep. The article also performed the same 
tasks with rhinoceroses, an animal that is out of scope for this review, 
so we will focus only on the sheep related aspects. The authors orig-
inally provided a baseline LR was performed with 89.59% accuracy, 
which was then reduced to an accuracy of 88.4%, which is reduction of 
1.19% while consuming 6.8 times less energy.

The authors of [119] created a CNN that was capable of classifying 
three behaviours in cattle with an F1-Score of 95%. This CNN was then 
deployed on a microcontroller through pruning and quantization. Af-
ter 48 pruning filters were applied, and quantizing from 64-bit floating 
point numbers to 32-bit floating point numbers, the overall F1-Score of 
the model dropped to 82%. Interestingly, the authors also reported that 
further quantizing to 16-bit floating point number did not make any 
further reductions in performance.

Some articles did not apply any of the model reduction techniques 
discussed and instead were able to compress their model using software 
tools. [79] was able to move their trained RF on to a microcontroller 
using an open source tool called "emlearn" [223] that exports Python 
trained ML models on to devices with a C99 compiler. The tool is able to 
provide the relevant C code that houses an RF model, allowing it to run 
on compatible microcontrollers. The results show an accuracy of 78% 
on the embedded model, which the authors acknowledge as proof of 
concept; as the on-device decision makes up one part of the achievement 
in the article, with the other aspects out of scope for this review. While 
[45] deployed a RF model upon an ESP32 microcontroller for real-time 
behavioural classification from a three axis accelerometer, this model 
performed with an accuracy score of 92.1%. Upon classification, the 
result was then transmitted by Wi-Fi to be visually presented in a web 
dashboard. This was achieved with less than two seconds of latency 
from classification to display on the web dashboard. Interestingly, both 
of these authors that used software tools created RF models.

And finally, in the case of [209], the authors created a multi-modal 
system for three tasks, image classification, object detection and be-
haviour classification. As the image classification and the object detec-
tion are performed using methods outside of the scope of this review 
(computer vision), we will focus on the behaviour classification which 
used movement sensors. The authors created a CNN and LSTM hybrid 
model that was capable of classifying five behaviours in cattle. The hy-
brid model was quantized from 32-bit floating point numbers down to 
8-bit integers, and was then pruned, with minimal differences in perfor-
mance, dropping 0.01% in accuracy score.

6.3.  Edge-AI and TinyML in AAR discussion and recommendations

The studies summarised in Table 6 demonstrate that Edge-AI and 
TinyML for Animal Activity Recognition (AAR) is increasingly feasible, 
though its success depends strongly on model choice, compression strat-
egy, and hardware-aware optimisation. Across the reviewed literature, 
a clear trend emerges towards lightweight deep learning models and 
carefully selected classical machine learning methods that balance clas-
sification performance with stringent energy, latency, and memory con-
straints.

Deep learning dominates the reviewed Edge-AI AAR literature, with 
recurrent neural networks (RNNs), gated recurrent units (GRUs), convo-
lutional neural networks (CNNs), and hybrid CNN-LSTM architectures. 
These architectures benefit from automatic feature extraction, reducing 
reliance on handcrafted feature pipelines that are computationally ex-
pensive on microcontrollers. Nonetheless, classical tree-based machine 
learning models such as Decision Trees (DTs) and Random Forests (RFs), 
remain relevant, like that of non-Edge-AI ML covered in Section 5. RF 
models appear in multiple works where software tools, such as used an 
open source tool called "emlearn" [223] as a method to export ML mod-
els to microcontrollers using a C99 compiler, albeit often at the cost of 
larger memory footprints. Google have provided their own API assis-
tive tools for Edge-AI, called LiteRT 6, which is a runtime for on-device 
AI and ML applications. LiteRT was formally known as TensorFlow Lite 
[224] and was used in some of the reviewed articles, such as [138].

Quantization is the most widely applied model reduction technique, 
appearing in nine of the twelve studies. Most commonly, models are 
quantized from 64-bit floating point to 8-bit integer representations, re-
sulting in substantial reductions in memory usage and enabling deploy-
ment on kilobyte-scale SRAM devices. Across studies, the average reduc-
tion in classification performance due to quantization alone is modest, 
typically below 1%, and in several cases negligible. For example, [146] 
report a worst-case accuracy reduction of 0.7%, while [138] observe 
only a 0.5% reduction following quantization. These findings reinforce 
quantization as a highly effective and low-risk compression technique 
for AAR. Knowledge distillation is applied less frequently but demon-
strates strong benefits when used. In [146], knowledge distillation al-
lows compact GRU-MLP student models to approach the performance 
of a large ResNet teacher, effectively mitigating the accuracy losses typ-
ically associated with aggressive model simplification. Pruning is ap-
plied in only two studies, both involving CNN-based architectures. While 
pruning contributes to reduced computational complexity, its impact on 
accuracy is more pronounced: in [119], pruning combined with quan-
tization results in an F1-Score reduction of 13%, highlighting the sensi-
tivity of CNN-based AAR models to structural simplification.

Energy and latency reporting remain inconsistent across the lit-
erature, limiting direct cross-study comparison. Nevertheless, where 

6 https://ai.google.dev/edge/litert
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reported, significant insights emerge. Classical ML models and small 
RNNs tend to achieve the lowest energy consumption, with values rang-
ing from hundreds of microjoules per inference ([137]) down to sub-
microjoule levels in optimised RNN implementations ([138]). These re-
sults demonstrate that real-time AAR is achievable within tight energy 
budgets when inference pipelines are hardware-aware. Several studies 
emphasise the importance of real-time processing strategies in reduc-
ing energy consumption. For example, [139] achieve substantial power 
savings by processing sensor samples as they arrive and dynamically 
scaling clock frequency to meet real-time constraints, rather than max-
imising throughput. This highlights that energy efficiency is not solely a 
function of model size, but also of execution scheduling and system-
level design. Latency varies widely across studies, from tens of mil-
liseconds to multiple seconds, reflecting differences in model complex-
ity, windowing strategies, and hardware platforms. Hybrid models de-
ployed on accelerators, such as in [209], achieve latencies as low as 
16 ms on specialised hardware. These disparities underscore the impor-
tance of matching model complexity to both hardware capabilities and 
application-level timing requirements.

Taken together, the reviewed studies indicate that TinyML-based 
AAR is already feasible for a range of livestock monitoring applications, 
particularly when behaviour sets are limited and models are carefully 
optimised. Lightweight RNNs and MLPs quantized to 8-bit precision 
consistently achieve accuracies above 90% with low energy consump-
tion and small memory footprints. More complex architectures, such as 
CNNs and hybrid models, can achieve higher accuracy but often require 
pruning, accelerators, or relaxed energy constraints, placing them closer 
to Edge-AI rather than strict TinyML deployments. Importantly, several 
works demonstrate that on-device inference can substantially reduce 
communication energy by minimising wireless data transmission. This 
shift from continuous data streaming to event-based or summary-based 
communication represents a key advantage of Edge-AI AAR systems and 
strengthens their practical viability in long-term, battery-powered de-
ployments.

Overall, quantization emerges as the most reliable and widely ap-
plicable compression technique, offering significant memory and en-
ergy benefits with minimal performance degradation. Knowledge distil-
lation provides an effective pathway for deploying compact deep learn-
ing models without sacrificing accuracy, while pruning must be applied 
cautiously due to its potential impact on classification performance. The 
reviewed literature collectively suggests that Edge-AI and TinyML for 
AAR are no longer aspirational, but increasingly practical, provided that 
model design, compression, and system-level optimisation are jointly 
considered.

Finally, we acknowledge a non-AAR article, as this could be an inter-
esting research area and usage of AAR. [65] were able to use Edge-AI to 
create an ultra-efficient ML device used for fall detection. This coupled 
accelerometer and gyroscope sensors with a DT algorithm to classify the 
severity of falls. Using the LoRa communication protocol to notify when 
a switch from idle to a fall is detected. This could be further researched 
in AAR livestock to provide farmers with real-time alerts about any en-
dangerment / emergencies concerning livestock. In previous work, this 
was conceptualised using a mesh network to transfer emergency alerts 
through a network of collar devices [99]. However, a challenge for this 
would be gathering the data to train an ML model for this, as standard 
window lengths used in the literature in Section 5 of three seconds or 
more would not be sensible here, given a fall can occur in less than a 
second.

7.  Conclusions

In this review, we have examined the deployment of Edge-AI for 
Animal Activity Recognition (AAR), synthesising research on commu-
nication technologies, data collection, machine learning, and on-device 
decision making. Unlike previous reviews, we focus not only on method-
ological and technical aspects but also on considerations relevant for 

real-world deployment. This includes communications constraints, en-
ergy efficiency, and the limited but emerging research on Edge-AI and 
TinyML applications in AAR. Our analysis of AAR literature revealed 
several patterns. Supervised learning dominates the field, while the split 
between classical machine learning and deep learning is roughly even.

Most studies collect their own datasets due to limited public avail-
ability, with cattle being the most commonly studied animal. In con-
trast, our review did not identify any publicly available datasets for 
pigs or poultry. This gap likely reflects several structural challenges, 
including the difficulty of attaching sensors to smaller animals, the lo-
gistical complexity of monitoring large group-housed populations, and 
economic factors that influence research priorities. Cattle often have 
higher individual economic value and are managed as identifiable indi-
viduals, making them more suitable for sensor-based monitoring stud-
ies, whereas pigs and poultry are typically managed at the group level. 
Developing publicly available benchmark datasets and standardised an-
notation protocols for these species would help improve cross-study 
comparability and accelerate progress in AAR research. Data collection 
varies widely in sensor type, placement, sampling frequency, labelling 
methods, and environmental conditions. Edge-AI studies are still mini-
mal, but they hold promise for reducing communication overhead and 
energy use by enabling on-device decision making.

An important integrative question concerns whether different species 
require unique sampling strategies or whether universal principles can 
be applied. Across the reviewed studies, sampling frequencies vary by 
species, with cattle typically sampled at 10-25Hz, while pigs may use 
lower frequencies due to practical constraints, while chickens may use 
higher frequencies to capture their behaviours. However, our analysis 
suggests that minimal frequencies are sufficient to capture the fastest 
behaviours may serve as a baseline across species, with minor adjust-
ments for species specific movement patterns. Similarly, the complexity 
of the behaviour set affects classification performance: tasks with two-
five behaviours consistently achieve high accuracies of 90% or above, 
whereas studies with 7-12 behaviours exhibit more variable perfor-
mance, sometimes dropping below 80%. Notably, high performance can 
still be achieved for larger behaviour sets when models, feature engi-
neering, and sensor placement are optimised.

The choice of model family also shapes the trade-off between ac-
curacy and deployment. Classical machine learning approaches, such 
as Random Forests or SVMs, often provide sufficient accuracy while 
remaining computationally lightweight, making them well-suited for 
Edge-AI deployment. Deep learning models can offer higher accuracy for 
complex or multi-class behaviours, but at the cost of increased memory 
and energy requirements, which may be comparable with the efficiency 
savings of automatic feature extraction compared to standard ML mod-
els. These trade-offs must be carefully considered in the context of device 
capabilities, power consumption, and on-device inference requirements.

Communications constraints further influence system design. In rural 
farm settings, connectivity limitations often preclude continuous high-
bandwidth data transmission. Long-range, low-power protocols such as 
LoRa are advantageous for outdoor environments, while short-range, 
low-power technologies such as Zigbee may suffice indoors. The need 
to balance data fidelity, update frequency, and energy efficiency shapes 
feasible system architectures and highlights the importance of on-device 
decision making to reduce communication demands.

A key trade-off from the reviewed literature concerns the relation-
ship between sampling frequency, communication bandwidth, and en-
ergy consumption. Higher sampling frequencies increase the temporal 
resolution of behaviour detection but also generate substantially larger 
volumes of sensor data, which in turn increases communication band-
width requirements and transmission energy costs. In constrained agri-
cultural environments where low-power networks such as LoRa are com-
monly used, continuously transmitting high-frequency raw sensor data 
may be impractical. Edge inference therefore provides an important mit-
igation strategy, allowing devices to process high-frequency data locally 
and transmit only summarised behavioural outputs or alerts. Designing 
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effective AAR systems thus requires balancing sampling frequency with 
communication capabilities and device energy budgets, ensuring that 
sufficient behavioural detail is captured while maintaining feasible data 
transmission and long-term battery operation.

While technological feasibility is critical for the development of AAR 
systems, real-world adoption depends on a broader set of economic, so-
cial, and environmental factors. Ultimately, all of the research in this 
area aims to improve animal wellbeing and assist farmers in making 
data-driven decisions. However, there are several factors that need to 
be considered outside of the technical space that will directly influence 
farmer adoption. First is the cost of the hardware. Some previous re-
search has looked at using cost-effective "off-the-shelf" hardware to keep 
the cost of the devices minimal [99], as adoption of these AAR technolo-
gies may be minimal if the cost of the devices outweighs the benefits 
they bring to farmers.

Another consideration is the ongoing maintenance of the devices, 
such as battery replacement, can significantly influence farmer uptake, 
particularly if frequent intervention is required for recharging or de-
vice management. Equipping animals with sensor devices is a labour-
intensive process, so if the battery life of the devices only lasts a few 
days or weeks and requires removal to charge too often, farmers are 
not likely to adopt such technologies. However, Edge-AI does make a 
significant contribution to this problem by reducing one of the more 
power-intensive aspects of communicating a decision instead of the raw 
sensor data, but nonetheless this does need to be considered in both the 
ML and the communication aspects. Plus, some of the articles discussed 
in this review have utilised solar power in an attempt to minimise re-
movals for re-charging [145–147]. Farmer acceptance is also shaped by 
system reliability, ease of use, and trust in automated decisions; even 
highly accurate models may fail to be adopted if false positives are fre-
quent or the mode of decision support is not aligned with farm manage-
ment practices. Effective adoption, therefore, requires not only energy-
efficient and computationally capable sensors but also consideration of 
the human-machine interface and the practical demands of daily farm 
operations. Together, hardware cost and battery lifespan represent key 
practical constraints that may ultimately determine whether AAR tech-
nologies move beyond research prototypes to sustained on-farm deploy-
ment.

Large-scale deployment of battery-powered sensors further raises en-
vironmental considerations. Energy consumption, disposal of used bat-
teries, and the associated carbon footprint all contribute to the sus-
tainability profile of AAR technologies. Integrating energy-saving ap-
proaches, such as Edge-AI to reduce communication demands, and ex-
ploring environmentally friendly battery or energy-harvesting solutions, 
can mitigate these impacts. Future research should adopt a holistic ap-
proach that balances technological performance with economic feasibil-
ity, farmer acceptance, and environmental sustainability to ensure that 
AAR systems are not only technically sound but also practically adopt-
able and ecologically responsible at scale.

Overall, while significant progress has been made in the develop-
ment of AAR technologies, several bottlenecks limit their translation 
from laboratory validation to farm-wide deployment. These include lim-
ited public datasets, sparse research on Edge-AI across multiple live-
stock species, connectivity challenges, and practical constraints around 
energy, maintenance, and adoption. Another limitation across much of 
the literature is the limited use of temporal validation strategies. Many 
studies rely on random train-test splits or cross-validation across mixed 
time windows, which may overestimate model performance when ap-
plied to real-world deployments where behaviour patterns, environmen-
tal conditions, and animal populations change over time. Incorporating 
temporal validation protocols would therefore provide a more realistic 
assessment of model robustness and long-term deployment reliability.

At present, most AAR systems incorporating Edge-AI remain pri-
marily at the experimental or early research stage rather than being 
widely deployed as commercially mature technologies. While proto-
type systems demonstrate promising accuracy and energy efficiency in 
controlled trials, large-scale deployment across commercial farms re-
mains limited due to challenges including device cost, long-term energy 
management, dataset availability, and system reliability in diverse real-
world environments. Continued progress in low-power hardware, robust 
datasets, and scalable communication infrastructure will be necessary 
before Edge-AI based AAR systems can achieve widespread commercial 
adoption. Addressing these challenges requires a multidisciplinary ap-
proach that integrates technical performance with economic feasibility, 
farmer usability, and environmental responsibility, ensuring that AAR 
systems are not only accurate and efficient but also adoptable and sus-
tainable at scale.
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Table A.7 
Summary of articles collecting own data for AAR in cattle.
 Citation  Sensors  Freq (Hz)  Animals  behaviours  Placement  Environment Labelling Activity Types Duration / Sam-

ples

 [215]  IMU  10  5  12  Back  Barn Video Walking, Standing, Lying, Station-
ary

10 hours/day 
over 12 days

 [147]  Acc  50  4  10  Neck (top)  Field Visual obs Grazing, Ruminating, Resting, 
Other

6660 datapoints

 [55]  Acc x2  50  5  51  Neck (top), Ear  Unk Video Grazing, Walking, Ruminating, 
Resting, Other

654,435 samples

 [195]  Acc  10  3  10  Neck (top)  Barn Visual obs + 
supporting 
device

Feeding, Ruminating, Other 3600 samples

 [128]  Acc x2  1  3  16  Neck (side), Leg  Barn Visual obs Lying, Standing, Feeding 5760 samples
 [56]  Acc x2  25  3  21  Neck, Leg  Barn Visual obs Feeding, Ruminating, Other 809 hours
 [131]  Acc  12  2  45  Neck  Field Visual obs Grazing, Non-grazing 93,312,000 sam-

ples
 [121]  Acc  10  4  3  Neck (side)  Pasture Video Grazing, Lying, Ruminating, 

Standing
5.5 hours

 [126]  Acc  0.5, 1  5  33  Neck (under)  Indoors Video Fighting, Grazing, Resting, Rumi-
nating, Walking

17,173 samples

 [129]  Acc  1  2  6  Halter  Field Visual obs Grazing, Non-grazing ∼30k samples
 [210]  Acc  10  4  18  Neck (side)  Barn Video Grazing, Standing, Walking, Ru-

minating
136,630 samples

 [133]  Acc  25  5  21  Neck  Indoors Video Lying, Walking, Eating, Running, 
Drinking milk

9.5 hours

 [225]  Acc  Unk  4  5  Neck, Leg  Unk Unk Feeding, Lying, Standing, Walking 15,165 observa-
tions

 [70]  Acc  10  3  7  Nose ring  Indoors Video Feeding, Ruminating, Other 1,252,522 sam-
ples

 [123]  Acc + Gyro  12.5  2  3  Neck  Barn Unk Rumination, Non-rumination 2424 samples
 [148]  IMU  50  9  10  Neck (top)  Unk Visual obs Grazing, Walking, Ruminat-

ing standing, Ruminating ly-
ing, Standing, Lying, Drinking, 
Grooming, Other

69,150 seconds

 [132]  Acc  12  2  21  Halter  Paddock (indoor) Visual obs Suckling, Non-suckling Unk
 [119]  Acc  10  3  18  Neck (side)  Barn Unk Ruminating, Eating, Other 3460 hours
 [59]  Acc  20  8  6  Neck (top)  Barn Video Feeding, Lying, Ruminating (ly-

ing), Ruminating (standing), Lick-
ing salt, Moving, Social licking, 
Head butt

364,544 rows

 [60]  IMU  20  7  3  Neck (top)  Barn Video Feeding, Ruminating (lying), Ru-
minating (standing), Lying/Stand-
ing (72–24 h pre-calving), Ly-
ing/Standing (24 h pre-calving)

∼1.4M samples

 [226]  Acc x3  12  6  Unk  Neck (side), Ear, Halter  Unk Video Grazing, Resting, Walking, Stand-
ing, Ruminating, Other

Unk

 [124]  Acc  59.5  4  10  Neck (side)  Pasture Visual obs Grazing, Walking, Standing, Lying Unk
 [125]  Acc  59.5  6  26  Neck (side)  Field Visual obs Grazing, Walking, Ruminating, 

Lying, Standing
57 h 22min

 [130]  IMU  10  12  35  Neck (under)  Barn Video Lying, Lying down, Lying bout, 
Standing, Walking, Grazing, Feed-
ing, Chewing ruminating, Drink-
ing, Other

1,526,271 sam-
ples

 [192]  Acc  5  3  5  Halter  Barn Video Feeding, Ruminating, Other Unk
 [61]  IMU x2  10  6  Unk  Neck (side), Leg  Barn Video Standing, Lying, Walking, Resting, 

Feeding, Ruminating
Unk

 [203]  Acc  25  3  4  Ear  Paddock Video Licking, Non-licking, Eating 23,037 (3 s win-
dows)

 [113]  Acc  20  6  10  Neck (side)  Field Visual obs Eating, Rumination, Lying, Stand-
ing, Walking, Drinking

Unk

 [227]  Acc x2  10  4  5  Neck (under)  Unk Visual obs Walking, Feeding, Lying, Standing 12,195 samples
 [72]  Acc  10  4  5  Neck (under), Leg  Unk Visual + Video Feeding, Lying, Standing, Walking 30.5k samples
 [112]  Acc  10  10  38  Neck (under)  Field Video Allogrooming, Calf suckle, For-

aging high, Foraging low, Ly-
ing, Ruminating (lying), Rumi-
nating (standing), Standing, Vigi-
lance, Walking

6.4M lines

 [127]  Acc  1  7  5  Leg  Barn Video Feeding, Lying, Standing, Lying 
down, Standing up, Walking nor-
mally, Active walking

25,921 samples

 [118]  Acc x2  0.167  3  12  Neck, Halter  Indoors Unk Eating, Drinking, Other 1.2M samples
 [117]  IMU  10  6  12  Neck (top)  Indoors Video Feeding, Lying, Ruminating (ly-

ing), Rub itching leg, Social lick-
ing, Rub itching neck

300,000 samples
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Table A.8 
Summary of articles collecting own data for AAR in sheep and goats.
 Citation  Sensors  Freq (Hz)  Total Animals  behaviours  Placement  Environment  Labelling Activity Types Duration / Sam-

ples

 [154]  Acc x3  12  4  5  Ear, Neck (under), Leg  Field  Video Grazing, Walking, Stand-
ing, Lying

2561 samples

 [163]  Acc  25  5  59  Horn  Outdoor paddock  Video Grazing, Displacement, 
Ruminating, Resting, 
Other

144 hours

 [69]  Acc  62.5  3  8  Halter  Field  Video Grazing, Ruminating, 
Other

69,975 seconds

 [196]  Acc  40  9  9  Neck (under)  Indoors  Video Standing, Resting, Eat-
ing, Browsing, Aggres-
sion, Grooming, Shaking, 
Walking, Trotting, Run-
ning, Climbing

516 mins

 [58]  Acc + Gyro  20  5  3  Neck  Unk  Video Eating, Walking, Stand-
ing, Lying, Ruminating

446,043 samples

 [228]  Acc + Gyro  10  4  18  Neck (side)  Indoors  Video Movement, Lying, Feed-
ing, Ruminating

7500 datasets

 [15]  Acc + Gyro  1  2  5  Neck (side)  Unk  Unk Grazing, Non-grazing 288,800 samples
 [162]  IMU  20  2  3  Neck (under)  Field  Video Grazing, Non-grazing 22.5 hours
 [201]  Acc  30  4  17  Neck  Pasture  Visual obs Grazing, Ruminating, 

Walking, Standing
1,052,475 sam-
ples

 [44]  IMU  20  7  22  Halter, Neck, Legs  Outdoors  Video Walking, Standing, Graz-
ing, Lying, Ruminating, 
Running, Drinking

∼40k samples

 [71]  Acc + Gyro  100  6  5  Neck  Zoo (indoor)  Video Stationary, Walking, 
Trotting, Running, Eat-
ing, Other

177.6 hours

 [11]  Acc  12.5  4  8  Neck  Unk  Video Grazing, Scratching, 
Walking, Inactive

28 hours

 [12]  Acc x2  12.5  3  9  Neck (top), Neck (under)  Pasture  Unk Grazing, Active, Inactive 2,925,000 sam-
ples

 [161]  Acc  100  5  –  Neck  Unk  Visual obs Lying, Standing, Walking, 
Running, Grazing

16 hours

 [229]  Acc  Unk  4  Unk  Back  Indoors  Unk Lying, Standing, Walking, 
Running

Unk

 [230]  Acc  40  6  20  Rear / back  Field  Video Foraging, Walking, Run-
ning, Standing, Lying, 
Urinating

335 mins

 [151]  Acc + Gyro  16  3  6  Neck (side), Ear  Field  Video Grazing, Ruminating, 
Non-eating

27,317 samples

 [158]  Acc  5  4  8  Ear  Indoors  Video Feeding, Movement, So-
cial, Other

11 hours per 
goat

 [155]  Acc  50  5  116  Neck (under)  Field  Visual obs Lying, Standing, Grazing, 
Ruminating, Inactive, 
Walking, Suckling

42,935 windows

 [153]  IMU  100  3  3  Neck (top)  Pasture  Video Lying, Standing, Grazing 119,148 samples
 [45]  Acc  10  3  1  Neck (under)  Unk  Visual obs Standing, Lying, Sleeping 60,000 samples
 [160]  Acc x2  30 (halter), 25 (ear)  5  30  Halter, Ear  Field  Video Sitting, Standing, Walk-

ing, Grazing, Ruminating
28,988 samples

 [157]  Acc + Gyro  16  3  17  Ear  Field  Visual obs Walking, Standing, Lying Unk
 [159]  Acc + Gyro  8, 16, 32  3  6  Neck, Ear  Field  Video Walking, Standing, Lying Unk
 [156]  IMU  20  5  18  Neck (side)  Indoors  Video Feeding, Ruminating, 

Mating, Movement, 
Running

779,506 samples

Table A.9 
Summary of articles collecting own data for AAR in horses.
 Citation  Sensors  Freq (Hz)  Total Animals  behaviours  Placement  Environment  Labelling Activity Types Duration / Samples
 [57]  Acc  33  3  2  Saddle  Outdoors  Visual obs Walk, Trot, Canter 90,000 samples
 [172]  Acc + Gyro  2  3  6  Neck (under)  Outdoors  Visual obs High, Mid, Low 61,649 samples
 [169]  IMU  33  3  2  Halter  Unk  Unk Motionless, Trotting, Walking 25,200 samples
 [13]  Acc  25, 50, 100, 200  7  6  Legs  Outdoors  Video Standing, Walking, Trotting, Can-

tering, Rolling, Pawing, Flank 
watching

2,012,875 samples

 [14]  Acc  50  7  6  Legs  Outdoors  Video Standing, Walking, Trotting, Can-
tering, Rolling, Pawing, Flank 
watching

2238 (2 s windows)

 [87]  IMU  30  3  Unk  Halter  Unk  Unk Trotting, Motionless, Walking 30,000 samples
 [170]  Acc  10  2  4  Halter  Outdoors  Video Grazing, Non-grazing 230,286 samples
 [171]  Acc + Gyro  100  15  10  Neck (side)  Outdoors  Video Standing, Walking, Trotting, Gal-

loping, Sniffing, Eating, Chewing, 
Drinking, Shaking, Rolling

283,200 (over 60 
hours)
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Table A.10 
Summary of articles collecting own data for AAR in chickens.
 Citation  Sensors  Freq (Hz)  Total Animals  behaviours  Placement  Environment  Labelling Activity Types Duration / Samples
 [180]  IMU  100  3  2  Back  Indoors  Video Low intensity, Moderate intensity, 

High intensity
3.5 hours

 [179]  Acc + Gyro  1000  12  4  Back  Indoors  Video Moving, Eating, Drinking, Preening, 
Body shaking, Head scratching, Tail 
flapping, Stopping, Resting, Dust 
bathing, Litter scratching, Other

1766 samples

 [18]  IMU  5  2  5  Neck (under)  Indoors  Video Eating, Drinking Unk
 [182]  Acc  100  3  10  Back  Indoors  Video Pecking, Preening, Dust bathing Unk
 [184]  Acc  100  3  42  Back  Indoors  Video Sit, Stand, Walk Unk
 [183]  Acc  40  4  12  Back  Indoors  Visual obs Resting, Feeding, Drinking, Walking Unk
 [19]  Acc  40  6  30  Back  Indoors  Visual obs Sitting, Standing, Feeding, Drinking, 

Walking, Preening
1418 mins

 [20]  IMU  1000  3  2  Back  Indoors  Video Low, Medium, High intensity 1,004,950 samples
 [181]  Acc  40  4  9  Back  Indoors  Video Walking, Resting, Feeding, Drinking 261 mins
 [185]  Acc  Unk  4  5  Neck (under)  Indoors  Video Standing, Walking, Pecking, Drinking 216k samples

Table A.11 
Summary of articles collecting own data for AAR in pigs.
 Citation  Sensors  Freq (Hz)  Total Animals  behaviours  Placement  Environment  Labelling Activity Types Duration / Samples
 [54]  Acc + Gyro  10  7  4  Neck (top)  Indoors  Video Eating, Lying, Walking, Standing, Playing, 

Drinking, Sitting, Unknown
13 hours

 [22]  Acc  20  4  3  Neck (top)  Outdoors  Video Lying, Standing, Walking, Exploring 130k samples
 [187]  Acc  12.5  2 + 8  97  Ear  Indoors  Video High activity, Low activity + Abnormal, 

Agnostic, Conform, Exploration, Feeding, 
Locomotion, Play, Resting

185 24h periods

 [21]  Acc + Gyro  20  6  2  Neck  Indoors  Video Sleep, Nursing, Lying, Eating, Drinking, 
Movement

3600 samples

 [186]  Acc + Gyro  Unk  5  2  Neck (under)  Indoors  Video Lying, Standing, Walking, Drinking, Feed-
ing

2543 samples

 [46]  IMU  10  4  Unk  Neck (top)  Indoors  Video Standing, Lying, Feeding, Body movement 54,939 entries
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