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Introduction

Ensuring dairy cattle welfare and reducing the environmental footprint of
farms have become strategic priorities in modern agriculture, driven by societal
demand for ethical, low-emission and traceable dairy production. Intensified herd
sizes and climate-related stressors, such as heat load, increase the risk of welfare
deterioration and productivity losses, while the livestock sector remains a
significant contributor to global greenhouse gas emissions. In this context, IoT
technologies, Al-based analytics and intelligent monitoring systems offer essential
tools for continuous assessment of behaviour, physiology and microclimate,
enabling early detection of anomalies, improved health management and more
efficient resource use, thereby strengthening both welfare and sustainability.




Introduction

Yet the potential of these digital systems is
constrained by the absence of transparent, secure
mechanisms to validate data and incentivize
environmentally responsible practices. Blockchain
technology addresses this limitation by transforming
welfare and ecological indicators into verifiable and
actionable information. The BloTa EcoToken platform
integrates IoT sensing, deep-learning behaviour
recognition and a Proof of Sustainability incentive
model, achieving 91.10% accuracy in behaviour
classification, early anomaly detection 6-12 hours
before onset, and a 30% rise in farmer participation.
These results demonstrate the system’s capacity to unite
animal health, environmental stewardship and economic
motivation in a coherent, scalable framework for
advancing Dairy 4.0.




Materials and methods

Recent [oT developments enable multimodal monitoring architectures that integrate
behavioural, physiological, and environmental data to enhance welfare assessment and
farm management. Wearable sensors, vision systems, and gas-microclimate probes
support accurate behaviour recognition, health tracking, and emission monitoring, while
edge—cloud computing provides efficient real-time analytics despite challenges such as
limited datasets, battery constraints, and network instability.

BloTa EcoToken — Core Features:

» loT-based multimodal monitoring of cattle behaviour, physiology, and barn

microclimate.

> Deep learning detection for behaviour classification and early anomaly
identification.

» Hybrid blockchain architecture ensuring secure, transparent, tamper-proof data
records.

» Proof of Sustainability mechanism that rewards validated eco-friendly actions with
EcoTokens.

> Scalable edge—cloud design enabling real-time analytics and sustainable farm
management.




Results and discussions

A multi-classifier ensemble integrating Random Forest, Support Vector
Machines, and Convolutional Neural Networks was developed to improve cattle
behaviour recognition, supported by time-windowed sensor matrices and
Dynamic Time Warping for temporal alignment across individuals. Model
comparisons show a consistent increase in accuracy from feature-engineered to
deep learning approaches. Random Forest achieved 82.40% accuracy, performing
well for static behaviours, while the SVM model reached 84.60%, capturing
subtler distinctions such as feeding versus drinking. The CNN yielded the highest
standalone improvement, achieving 88.90% accuracy by learning complex
temporal—spatial patterns directly from raw sensor data, demonstrating the
superiority of deep learning for behaviour inference.
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Results and discussions

Table 1. Comparison of classifier performance before and after ensemble integration

Model Feature Type Accuracy (%) Observations
Random Forest (RF) Raw sensor features 82.40 Performs well for static behaviours (lying, standing)
Support Vector Machine (SVM) Statistical movement descriptors 84.60 Strong separation for feeding vs drinking
CNN (Standalone) Time-windowed sensor matrices 88.90 Learns complex temporal-spatial movement patterns
CNN + DTW Alignment Time-warped motion sequences 89.80 Improved alignment across cows with different activity levels
RF + SVM (Hybrid Voting) Combined feature sets 86.70 Reduces individual classifier biases
Full Ensemble (RF + SVM + CNN) | All sensor and temporal features 90.30 Best overall performance across behaviour types

Full Ensemble + DTW Time-aligned temporal windows 91.10 Highest generalization and cross-animal consistency




Results and discussions

To ensure secure and transparent data governance, all validated eco-actions
and sensor-derived events were recorded on a hybrid blockchain combining a
public ledger for transparency with a private chain for controlled access. Smart
contracts implemented a Proof-of-Sustainability mechanism that rewarded
farmers with EcoTokens for verified welfare improvements, emission reductions,
and environmentally responsible practices. The system operated for six months on
a Romanian dairy farm, generating over 1.2 million multimodal data points across
diverse conditions, while human-annotated ground truth ensured reliable
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Results and discussions

Figure 1. Early anomaly detection timeline for visible symptoms related to rumination
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Results and discussions

Environmental monitoring identified strong links between barn microclimate,
cattle behaviour, and pollutant emissions: methane levels varied with rumination
activity, ammonia increased under high humidity or heat, and nitrous oxide rose
with manure buildup or imbalanced nitrogen intake. By combining behavioural
and environmental data, the system precisely mapped emission dynamics, as
reflected in table 2, figure 2 further shows that reduced rumination during a heat-
stress episode coincided with heightened methane variability, indicating that
thermal stress disrupts digestion and destabilizes emission patterns.

Table 2. Average pollutant concentrations during monitoring period

Pollutant Average concentration Observed peak conditions
Methane (CHa4) Moderate baseline, variable peaks Reduced rumination / heat stress
Ammonia (NHs) Elevated during high humidity Warm, poorly ventilated periods

Nitrous oxide (N20) Stable, with manure-related spikes Manure accumulation events




Heat Stress Episode
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Figure 2. Correlation between rumination time and methane emission variability



Results and discussions

All environmental, welfare, and behavioural events were immutably
recorded, enabling verifiable sustainability claims for regulatory audits and
supply-chain transparency. Additionally, the EcoToken mechanism enhanced
stakeholder engagement

Table 3. User evaluation of the BloTa EcoToken platform

Evaluation category Mean score (1-5)

Perceived usefulness 4.7
Ease of adoption 4.5
Interface clarity 4.4
Overall satisfaction 4.6

By automatically rewarding farmers for improved welfare metrics, heat-
stress interventions, or emission reduction actions, the system generated a 30%
increase in compliance and proactive behaviour adoption. User evaluation
surveys revealed high acceptance rates, with a mean usefulness score of 4.7/5
and an ease-of-adoption score of 4.5/5



Table 4. Experimental results and validation tests for Token-based IoT deployment

IoT
Deployment

Deployment
Validation

Consensus
Integrity

Behavioural
Impact

Blockchain
Performance

Results and discussions

-25% sensor installation

Smart Lighting Sensor

Integration accuracy, -18% energy
usage
Reward =5
Block Reward Test Tokens/block, fixed
during deployment

<1% false validation rate
across 5000+
sustainability events

Proof of Sustainability

30% increase in
Farmer Engagement
Metrics

proactive animal care
interventions during
token reward phases

Identified knowledge
gaps in 63% of
participants during
simulation trials

User Onboarding
and Training

cost, no loss in detection

Demonstrates cost-effective
and energy-efficient
deployment while
maintaining sensor
performance.

Validates the consistency of
mining incentives across the
blockchain lifecycle.

Validates reliability of
consensus in real-world
sustainability reporting.

Indicates behavioural change
when eco-incentives are
introduced.

Points to the need for better
UX design and educational
materials.

These efficiency gains justify
rapid deployment across wider
farming operations.

Use this fixed baseline to model
the economic sustainability of
variable reward schemes
(dynamic rewards based on
severity of sustainability event).
High reliability is suitable for
seeking certification or
integration with external
regulatory platforms.
Translate the +30%
intervention rate into reduced
animal health costs (or
increased yield) to calculate the
Return on Investment (ROI) of
the token system.

Must allocate resources
immediately to simplify the
UI/UX and develop mandatory,
interactive training modules to
ensure platform utilization.
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[oT + AI + Blockchain — major improvement in welfare monitoring, early

anomaly detection & data reliability.

Environmental sensing — supports targeted reduction of CHa, NHs, N2O and
stabilizes barn microclimate.

Blockchain layer — full traceability, secure validation, lower redundancy & real-
time integrity of records.

EcoToken incentives — +30% farmer engagement, stronger adoption of welfare
& sustainability practices.

Recommended: scale hybrid digital systems; expand datasets; integrate

EcoTokens into sustainability schemes; deploy modularly across farms.
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attention!
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