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ABSTRACT

Real-time monitoring of livestock health, behaviour, and physiological status is critical for early disease detection,
reproductive management, and productivity optimisation in modern animal production systems. This study presents the
design, deployment, and validation of an integrated Internet of Things (IoT) and biosensor platform for continuous smart
livestock monitoring across cattle, sheep, and pig production units in Estonia, Austria, and Switzerland. The system
architecture comprised RFID ear-tag accelerometers for activity and rumination monitoring, subcutaneous
microchip-linked temperature loggers, rumen pH boluses, collar-mounted heart-rate sensors, and LoRaWAN-connected
edge gateways transmitting to a cloud analytics platform. A total of 847 animals were monitored over 18 months (January
2024-June 2025). Machine learning classifiers--including gradient boosting and LSTM networks--were trained on sensor
fusion data to detect oestrus, fever, lameness, and subacute ruminal acidosis (SARA) events. The loT-ML system
achieved sensitivity of 94.3% and specificity of 91.7% for fever detection, 89.6% and 93.2% for oestrus detection in
cattle, and 87.4% and 90.1% for SARA identification. Compared to conventional twice-daily visual observation, the
platform reduced disease event detection latency by 73% and increased oestrus detection rate by 31%. These results
demonstrate that loT-biosensor integration with edge-to-cloud ML analytics constitutes a scalable, cost-effective solution
for precision livestock farming across diverse European production environments.
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1. Introduction

Precision livestock farming (PLF) represents a
transformative approach to animal production
management that applies sensor technologies,
data analytics, and automation to monitor
individual animal status continuously and
objectively, enabling targeted interventions that

improve animal welfare, productivity, and
resource efficiency (Wathes et al., 2008).
European livestock sectors--confronting
simultaneous pressures from tightening

antimicrobial stewardship regulations, escalating
feed and labour costs, and consumer demand for
high welfare standards--are increasingly turning to
PLF technologies as a means of maintaining
economic viability while reducing environmental
footprint (Berckmans, 2017). The convergence of
miniaturised biosensor technology, low-power
wide-area network (LPWAN) communication
protocols--most notably LoRaWAN--and
cloud-hosted machine learning platforms has
dramatically reduced the cost and complexity of
deploying farm-scale real-time monitoring systems
over the past decade (Tzounis et al., 2017;
Borchers and Bewley, 2015).

1.1 Problem Statement

Despite the proliferation of commercial PLF sensor
products, rigorous multi-species, multi-site
validation studies that benchmark integrated
IoT-biosensor platforms against gold-standard
clinical reference methods remain scarce in the

peer-reviewed literature. Most published
evaluations report single-sensor, single-species,
single-site performance under controlled

conditions that may not reflect the heterogeneous
barn environments, variable animal behaviour
profiles, and network connectivity challenges
encountered in commercial production settings
(Rutten et al., 2013). Furthermore, the fusion of

multi-modal sensor streams--accelerometry,
temperature, rumen chemistry, heart
rate--through  machine learning  classifiers
specifically tuned for farm-environment
deployment constraints (low latency, edge

inference, intermittent connectivity) has not been
systematically investigated across cattle, sheep,
and pig species in a unified architectural
framework.

1.2 Study Objectives

This study aims to: (i) design and deploy a scalable
IoT-biosensor platform integrating five sensor
modalities across three livestock species and six
production sites spanning three European
countries; (ii) train and validate gradient boosting

and LSTM classifiers on fused multi-sensor data
streams for automated detection of four
high-priority health and reproductive events:
fever, oestrus, lameness, and SARA; (iii) quantify
the reduction in disease detection latency and
improvement in oestrus detection rate relative to
conventional twice-daily visual observation; and
(iv) evaluate system reliability, sensor data
completeness, and network uptime across
commercial farm conditions over an 18-month
deployment period.

2. Literature Review

The application of wearable biosensors to livestock
monitoring dates to the introduction of commercial
pedometers for oestrus detection in dairy cattle in
the 1980s (Senger, 1994). Subsequent generations
of accelerometer-based ear tags and leg-mounted
sensors substantially improved classification
accuracy for lying behaviour, rumination, and
walking activity, with Rutten et al. (2013)
meta-analysing 62 studies and reporting pooled
oestrus detection sensitivity of 76-90% and
specificity of 85-97% across commercial
accelerometry systems. The critical advance
enabling modern PLF platforms was the
integration of cloud connectivity and machine
learning, which replaced rule-based threshold
algorithms with adaptive pattern recognition
capable of learning individual animal baseline
behaviour profiles and detecting deviations
indicative of health or reproductive events (Tullo
et al., 2019; Table 1).

2.1 Rumen Bolus and Temperature
Monitoring

Intra-ruminal boluses--electronic capsules retained
in the reticulo-rumen that continuously measure
pH, temperature, and bolus position--represent a
significant advance over external sensor
modalities for metabolic monitoring. Schirmann et
al. (2016) validated a commercial rumen bolus
against gold-standard continuous rumen fluid
sampling, achieving 85% sensitivity and 88%
specificity for SARA detection defined by rumen
pH < 5.8 for more than 3 hours per day. Body
temperature measured by subcutaneous microchip
thermistors provides an objective fever indicator
superior to rectal thermometry for continuous
monitoring, with Arcidiacono et al. (2017)
demonstrating 89% sensitivity for fever detection
(T > 39.5degC) in intensively housed pigs
challenged with Actinobacillus pleuropneumoniae.
The integration of rumen pH with temperature
signals enables differential diagnosis between
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SARA (pH decline without fever) and infectious
enteritis (fever without pH decline), a capability
impossible with single-sensor approaches.

2.2 LoRaWAN for Farm-Scale IoT Connectivity
LoRaWAN (Long Range Wide Area Network) has
emerged as the preferred LPWAN protocol for
agricultural IoT deployments due to its
combination of kilometre-scale range, sub-mW
power consumption enabling multi-year battery
life, and licence-free ISM band operation requiring
no cellular subscription cost (Kamilaris et al.,
2017). A single LoRaWAN gateway installed at
farm headquarters typically covers a radius of 2-5
km in rural terrain, sufficient to serve multiple
barns and outdoor paddocks from a single network
node. Tzounis et al. (2017) reviewed 29 LoRaWAN
agricultural deployments and reported median
packet delivery rates of 94-98% at payload sizes of
12-51 bytes, confirming LoRaWAN as a reliable
backbone for livestock sensor telemetry under
realistic farm network conditions.

Table 1. Selected studies on IoT and
biosensor-based livestock monitoring
(2010-2024).

Authors Sp Sensor Target Sensiti Specifi

(Year) eci Type Event vity city
es (%) (%)

Rutten et | Cat Acceler  Oestrus @ 76-90 85-97

al. tle | ometer

(2013)

Borchers Cat Pedome Lamene 82-91 79-94

& tle ter + ru | ss

Bewley minatio

(2015) n

Schirma | Cat Rumen | SARA 85 88

nn etal. | tle  bolus (p

(2016) H/temp)

Arcidiaco | Pig RFID + | Fever 89 87

no et al. tempera

(2017) ture

Miekley | Cat Milk co | Mastitis | 77 92

et al. tle | nductivi

(2013) ty

Bikker et H Cat  Acceler @ Oestrus 88 90

al. tle | ometer

(2014)

Tscharke | Pig HComput Activity @ 83 86

& er

Banhazi vision

(2016)

Laca et She  GPS + a Grazing 91 89

al. ep | ccelero

(2021) meter

Authors Sp Sensor Target Sensiti Specifi

(Year) eci Type Event vity city
es (%) (%)

Kamilaris | Mu | IoT plat @ Multi 88 91

et al. Iti  form

(2017)

Tullo et Cat | Sensor @ Multi 91 93

al. tle | fusion +

(2019) ML

Note: Sensitivity = true positive rate; Specificity = true
negative rate. SARA = Subacute Ruminal Acidosis.

Ranges indicate variation across validation datasets or
threshold settings reported in original studies.

3. Materials and Methods

3.1 System Architecture

The PLF monitoring platform comprised four
layers: (i) on-animal sensor layer, (ii) LoRaWAN
edge gateway layer, (iii) cloud data ingestion and
storage layer, and (iv) ML analytics and alert
layer. On-animal sensors transmitted encrypted
51-byte LoRaWAN packets at 15-minute intervals
on the EU868 frequency band (SF9, BW125 kHz).
Each farm was served by one to two Dragino
LPS8N 8-channel gateways connected to The
Things Network (TTN) community LoRaWAN
server via cellular backhaul. Raw sensor telemetry
was streamed via MQTT to a Microsoft Azure IoT
Hub, decoded by Azure Stream Analytics, and
stored in Azure Time Series Insights. The ML
analytics layer was implemented as containerised
Python microservices (Docker, Azure Kubernetes
Service) with inference latency targets of less than
2 seconds per animal per 15-minute cycle.

3.2 Sensor Modalities and Data Streams

Five sensor modalities generated continuous data
streams: (1) Tri-axial accelerometry (Smartbow
ear tag, 12.5 Hz sampling, summarised as activity
counts, lying bouts, and rumination minutes per
15-minute epoch); (2) Rumen pH and temperature
(eSense-Rumen bolus, 10-minute logging interval);
(3) Subcutaneous temperature (ISO 11784
microchip thermistor, 15-minute interval, +-
0.1degC accuracy); (4) Heart rate (Polar HI10
adapted collar, beat-to-beat R-R interval,
15-minute average HR computed); (5) GPS
location (Vence Shepherd collar, 1-minute fix
interval for sheep, pasture time and distance
walked extracted). Data completeness was defined
as the proportion of expected 15-minute telemetry
packets received per animal per day. Network
packet loss was monitored via TTN console and
compensated by linear interpolation for gaps of
fewer than 3 consecutive missing readings.
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3.3 Machine Learning Classifier Development
Reference labels for classifier training and
validation were established by  trained
veterinarians and farm staff wusing: rectal
thermometry for fever (T > 39.5degC in
cattle/sheep, > 40.0degC in pigs); progesterone
immunoassay of milk samples (P4 < 1 ng mL-1 on
oestrus day) for oestrus in cattle; locomotion
scoring (Sprecher score >= 3) for lameness; and
rumen fluid pH sampling (floor drain technique)
for SARA. Feature engineering extracted 48
features from 24-hour rolling windows across
sensor streams (means, standard deviations,
diurnal patterns, inter-quartile ranges). A gradient
boosting classifier (XGBoost 2.0) and a 3-layer
LSTM (128-64-32 units) were trained on 70% of
labelled events and validated on the remaining
30% using site-stratified cross-validation. Decision
thresholds were set to maximise Fl-score on the
validation set independently for each event type.

Table 2. Deployment sites, species, sensor
modalities, and animal cohort sizes (Jan
2024-Jun 2025).

Site Co Sp N (
unt eci ani
ry es mal

s)
Talli Est Cat 182 @ Accel. +

Sensor Barn Netw
Types Type ork

Freest LoRa

nn- oni tle rumen all WAN
1 a bolus + dairy

temp.
Talli  Est Pig 214 RFID + Confin LoRa
nn- | oni temp. + ement | WAN
2 a HR sensor

Vie | Aus | Cat 156 | Accel. +
nna-  tria | tle rumen
1 bolus

Vie Aus She 128
nna- tria ep

Tiestal LoRa
l dairy #WAN

GPS + acc Indoor | LoRa
eleromete pen WAN

2 r

Zuri  Swi Cat 94 | Accel. + Freest LoRa

ch-1 tze | tle temp. + all WAN
rla HR dairy +WiF
nd i

Zuri Swi Pig | 73 RFID + Confin | LoRa

ch-2 | tze temp. + ement WAN
rla rumen
nd probe

Tot | -- -- 847 | -- - -

al

Note: Accel. = RFID ear-tag tri-axial accelerometer

(Smartbow, Zoetis); Rumen bolus = eSense-Rumen

(eCow Ltd.) logging pH and temperature at 10-min
intervals; HR = heart-rate collar (Polar Equine HI10
adapted); GPS = Vence Shepherd smart collar.
LoRaWAN gateway: Dragino LPS8N (8-channel). Data

uplink interval: 15 min.

4. Results

4.1 Classifier Performance

The LSTM classifier outperformed GBM on all four
target events across all species, achieving the
highest sensitivity for fever detection in cattle
(94.3%) with specificity of 91.7% and AUC-ROC of
0.981 (Table 3, Figure 1). For oestrus detection in
dairy cattle--the most commercially valuable event
given its direct impact on conception rate and
calving interval--LSTM achieved 89.6% sensitivity
and 93.2% specificity, representing a 31.2%
improvement in detection rate over the farm's
prior twice-daily visual observation programme
(historical detection rate 68.4%). SARA detection
sensitivity reached 87.4% with the LSTM classifier
using the combined rumen bolus pH plus
accelerometry feature set, confirming that sensor
fusion substantially outperforms single-sensor
rumen bolus alone (standalone pH-only baseline
sensitivity was 74.1%). The multi-metric radar
comparison (Figure 4) confirms LSTM's consistent
marginal superiority over GBM across all
performance dimensions, with the largest gap on
oestrus sensitivity (2.2 percentage points).

4.2 System Reliability and Detection Latency
Across all six sites and 18 months of deployment,
overall LoORaWAN network uptime averaged 97.8%
and data completeness averaged 96.8%, with the
highest reliability at Zurich-1 (uptime 99.1%,
completeness 98.6%) attributable to dual
LoRaWAN+WiFi connectivity (Table 4, Figure 3).
The lowest data completeness was observed at
Vienna-2 (94.2%), a sheep facility with
concrete-walled indoor pens that attenuated
LoRaWAN signal propagation. Mean event
detection latency across all sites and event types
was 1.9 +- 0.5 hours for the IoT-ML platform
versus 7.2 +- 1.9 hours for conventional
twice-daily visual observation--a reduction of
73.6% (Figure 2). The minimum latency of 1.5
hours at Zurich-1 reflects the 15-minute sensor
telemetry cycle ©plus near-real-time cloud
inference, with alerts delivered to the farmer's
mobile application within 2 minutes of threshold
exceedance.

4.3 Economic Impact Estimation

Applying published cost estimates for delayed
mastitis/fever treatment (EUR 312 per event;
Halasa et al., 2007) and missed oestrus (EUR 110
per missed conception; De Vries, 2006) to the
observed improvement in detection rates, the
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IoT-ML  platform generated an estimated
additional economic benefit of EUR 47.3 per cow
per year across the three cattle sites (combined
herd of 432 cows). Annualised hardware and
connectivity costs amortised over a five-year
sensor lifetime amounted to EUR 31.8 per cow per
year, yielding a net positive return of EUR 15.5 per
cow per vyear and a payback period of
approximately 2.1 years at these herd sizes. These

estimates are conservative as they exclude
welfare-related cost savings from reduced
antimicrobial use and lower culling rates

associated with earlier health event intervention.

Table 3. Classification performance of
gradient boosting and LSTM models for four
target events across all species and sites.

Even Sp Mod Sensi Speci F1-S AUC-
t eci el tivity ficity core ROC
es (%) (%)

Fever Cat GBM | 93.8 90.4 0.92 1 0.974
tle 1

Fever Cat LST | 94.3 91.7 0.93 |0.981
tle M 0

Fever Pig GBM | 91.2 89.6 0.90 | 0.962
4

Oestr Cat GBM 87.4 91.8 0.89 | 0.958
us tle 4

Oestr Cat LST | 89.6 93.2 0.91 |0.971
us tle M 3

Lame Cat GBM 84.1 88.7 0.86 | 0.941
ness | tle 3

Lame Cat LST | 85.9 90.3 0.88 | 0.949
ness tle M 0

SARA Cat | GBM | 86.2 89.1 0.87 | 0.947
tle 6

SARA Cat LST 874 90.1 0.88 | 0.953
tle M 7

SARA Pig GBM  83.7 87.4 0.85 | 0.932
5

Note: GBM = Gradient Boosting Machine (XGBoost 2.0);
LSTM = Long Short-Term Memory network (3 layers,
128-64-32 units). AUC-ROC = Area Under Receiver
Operating Characteristic Curve. All metrics computed on
30% held-out validation set using site-stratified
cross-validation.

Table 4. System performance metrics: data
completeness, network uptime, and detection
latency vs. visual observation.

Sit Sp DataC Netw Detectio Detecti Latenc

e eci omplet orkU n on Late y Redu
es eness ptime Latency ncy ction
(%) (%) (h): (h): (%)
IoT-ML @ Visual

Tall Cat  97.3 98.1 1.8 +- 7.2 +- 75.0

inn- tle 0.4 1.8

1

Tall Pig | 96.8 97.6 2.1 +- 7.8 +- 73.1

inn- 0.6 2.1

2

Vie | Cat  98.1 98.7 1.6 +- 6.9 +- 76.8

nna tle 0.3 1.6

-1

Vie She 94.2 96.3 2.4 +- 8.4 +- 71.4

nna ep 0.7 2.3

-2

Zur Cat 98.6 99.1 1.5 +- 6.8 +- 77.9

ich- | tle 0.3 1.5

1

Zur Pig 95.9 97.2 2.2 +- 7.9 +- 72.2

ich- 0.5 1.9

2

Ov All 96.8 97.8 1.9 +- 7.2 +- 73.6

era 0.5 1.9

1l

Note: Detection latency = time from event onset to
farm-staff alert. Visual observation = twice-daily
inspection (0600h and 1800h). Data completeness =
proportion of expected 15-min telemetry packets
received. Values expressed as mean +- standard
deviation.

94.30
89.60 91.20
85.90 87.40
83.70

Sensitivity (%)

40

Cattle Fever Cattle Oestrus ~ Cattle Lameness  Cattle SARA Pig Fever

Figure 1. LSTM classifier sensitivity (%) for four
target events across cattle and pig species.

Pig SARA
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Figure 2. Detection latency comparison (hours):
IoT-ML platform vs. twice-daily visual observation per
site.

97.70 . 98.40 98.85
100 97.20 95.25 96.55

a @
g 3

Mean Uptime + Completeness (%)
IS
5

Tallinn-1 Tallinn-2 Vienna-1 Vienna-2 Zurich-1 Zurich-2

Figure 3. Network uptime (%) and data completeness
(%) across six deployment sites.

—— LSTM
—o— GBM

OQestrus Sens.

Lameness gens.

Feyer Sens.

AUC-ROC (avg)

Figure 4. Multi-metric performance radar of LSTM vs.
GBM classifiers across four event types (higher =
better).

5. Discussion

The 94.3% fever sensitivity and 91.7% specificity
achieved by the LSTM classifier in this study
substantially exceed the 89% sensitivity reported
by Arcidiacono et al. (2017) for subcutaneous
temperature-only systems, demonstrating the
added value of multi-modal sensor fusion. The

inclusion of accelerometry features--specifically
reduced lying time, altered rumination patterns,
and elevated heart rate preceding fever onset by
2-4  hours--enabled the classifier to detect
prodromal physiological changes before body
temperature crossed the clinical threshold,
explaining the reduced detection latency relative
to thermometry-triggered systems. The 89.6%
oestrus detection sensitivity surpasses the
meta-analytic benchmark of 76-90% reported by
Rutten et al. (2013) for accelerometry-only
systems, with the additional
progesterone-correlated heart rate elevation
feature contributing an estimated 6-8 percentage
point sensitivity gain based on ablation testing.

5.1 Cross-Species Transferability

The extension of the IoT-ML platform to sheep
(GPS-accelerometry) and pigs
(RFID-temperature-HR) represents a  novel
multi-species validation that has rarely been
attempted within a single study framework. Sheep
monitoring performance was somewhat
constrained by the limited sensor modality set
(GPS and accelerometry only), which did not
include rumen chemistry or heart rate, reducing
the feature space available for health event
classification. Future sheep deployments should
incorporate miniaturised rumen boluses (currently
limited by bolus size relative to sheep rumen
capacity) or saliva-based cortisol biosensors to
enhance health monitoring capability. For pigs,
the intensity-housed confinement barn
environment at Tallinn-2 and Zurich-2 generated
elevated ambient temperature variance that
reduced fever signal specificity by approximately 3
percentage points relative to cattle, necessitating
site-specific classifier calibration as a standard
deployment practice.

5.2 Limitations and Future Directions

Several limitations constrain the generalisability of
these findings. The 18-month study period, while
substantially longer than most published PLF
validation studies, does not capture seasonal
behavioural variation across a full two-year cycle.
Sensor battery life--approximately 14 months for
ear-tag accelerometers and 24 months for rumen
boluses--requires a coordinated replacement
schedule that adds labour cost not fully accounted
in the economic analysis. The LSTM model
training required centralised cloud computation;
future  implementations should investigate
federated learning approaches that train across
farm nodes without transmitting raw animal data
to central servers, addressing farmer data
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sovereignty concerns increasingly prioritised
under EU agricultural data regulations. Computer
vision-based monitoring (body condition scoring,
gait analysis) represents a complementary
modality that could be integrated with the current
wearable sensor platform to further improve
lameness detection accuracy in pen-housed
animals.

6. Conclusion

This 18-month, six-site, three-species deployment
study  demonstrates that an integrated
IoT-biosensor platform combining LoRaWAN
connectivity, multi-modal sensor fusion, and
LSTM-based machine learning achieves clinically
meaningful automated detection of fever (94.3%
sensitivity), oestrus (89.6%), lameness (85.9%),
and subacute ruminal acidosis (87.4%) in cattle,
with transferable performance to pig and sheep
systems. The platform reduced disease event
detection latency by 73.6% relative to twice-daily
visual observation, with potential economic
benefits of EUR 15.5 per cow per year after
accounting for hardware and connectivity costs.
System reliability--96.8% data completeness and
97.8% network uptime across diverse European
farm environments--confirms LoRaWAN as a
robust connectivity backbone for commercial PLF
deployment. These findings advocate for scaled
adoption of IoT-ML livestock monitoring as a
cornerstone of precision livestock farming
strategies aligned with the European Farm to Fork
Strategy's goals of reducing antimicrobial use and
improving animal welfare standards across EU
member states.
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Appendix A

LoRaWAN Network Configuration and
Sensor Telemetry Packet Structure

The following details the LoRaWAN network
configuration parameters and the 51-byte uplink
packet structure used by all sensor nodes in this
deployment. All gateways operated on EU868
frequency plan (8 channels, 867.1-868.5 MHz). Class
A end-device operation was used for all sensors to
maximise battery life.




