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MULTIFACTOR ANALYSIS OF BEHAVIORAL
PATTERNS IN PASTURE-RAISED LIVESTOCK
USING DATA FROM DYNAMIC SENSORS

Evgeni Valchev, Todorka Glushkova, Radka Malinova

Abstract. In this study, we present a multifactor analysis of the behaviour
of free-range grazing cows using data collected from sensors mounted on col-
lars on the animals. GPS, accelerometers, and other dynamic data were used
for the automated classification of key behavioural states such as grazing, ly-
ing, ruminating, walking, running, and sleeping. By combining spatial and
temporal information, as well as movement intensity, an analytical model was
developed to assess the condition and welfare of the animals. Formulas for cal-
culating distance travelled, temporal analysis of states, and classification rules
based on activity thresholds are presented. Visualizations include time diagrams
of behavioural states, GPS tracks, and pie charts of activity distribution. The
results demonstrate the potential of sensor technologies for early detection of
behavioural deviations, optimization of pasture management, and improvement
of antmal welfare.
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Introduction

In the context of modern development, ecological intensification in rumi-
nant livestock farming has emerged as a critical priority, driven by the growing
demand for healthy food and the need to minimise negative environmental im-
pacts. Numerous studies and initiatives have assessed the potential for reducing
greenhouse gas emissions from livestock production on a global scale.

Improving and optimising the bio economic efficiency of pasture-based
systems through enhanced animal nutrition, genetics, livestock health, and
management practices are key objectives for the scientific community at this
stage of development. The use of advanced information and communication
technologies can significantly address challenges related to monitoring, analy-
sis, and overall process management, while also optimising livestock farming by
analysing animal behaviour.

One of the major trends in today’s digital society is the transformation
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of traditional systems into intelligent cyber-physical systems that interact with
the physical world through the Internet of Things (IoT). The dynamic inter-
play between physical, social, and virtual environments highlights the need for
developing a cyber-physical-social system (CPSS) that incorporates the human
factor during system operation and management.

We applied the core principles of the reference CPSS architecture to build
a prototype cyber-physical system for monitoring and managing the behaviour
of free-ranging cattle on pastures. Developing effective intelligent systems re-
quires creating and implementing models that recognise and classify cattle be-
haviour. In this study, we explore the classification of six behavioural pat-
terns — grazing, lying, ruminating, walking, running, and sleeping — using Al
algorithms. Since monitoring cattle behaviour is essential for early detection of
health and welfare issues, the research presents an approach for analysing the
life and feeding patterns of individual animals.

For this purpose, we use neck-mounted sensors, sensor networks for data
collection, and a multilayer software architecture for processing and analysing
incoming data. Despite global progress in developing smart livestock farming
systems [1, 2] behavioural models for animals in ecological pasture environments
[3] remain scarce due to the complexity of environmental conditions. In Bul-
garia, given the mountainous and semi-mountainous terrain, cattle grazing is a
traditional practice with strong potential for sustainable future development.

Security, welfare, and risk management [4] require intelligent components
in the cyber-physical space and mechanisms for accurate analysis and rapid
farmer response when necessary. Our model development follows an iterative
approach consisting of the following steps:

e Building an IoT sensor configuration;

e Designing a comfortable sensor collar prototype for animals and estab-
lishing a real-time data transmission network.

e Creating a system for processing, storing, and analyzing dynamically
incoming data.

e Normalizing data and formulating hypotheses about animal behavior
based on collected information.

e Conducting field observations by farmers and collaborators to refine
the model.

Cyber-physical systems [5] enable tracking dynamically changing condi-
tions and managing processes involving intelligent objects from both physical
and virtual worlds. Modelling cattle behaviours in pasture conditions depends
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on multiple factors, such as pasture type, cattle breed, and regional natural and
climatic characteristics. Unlike controlled farm environments, free-range graz-
ing requires managing dynamic changes in the physical environment, making it
difficult to adapt pre-tested behavioural models.

The aim of this study is to test the application of a model for determin-
ing cattle behaviour on pastures using sensor arrays, combined with physical
observation and appropriate statistical models.

Technologies used for the study

A wide range of software and hardware technologies is utilised to meet the
needs of multifactor data analysis. This is because, before analysing the data, it
is necessary to collect, systematise, and process it initially. We designed a cyber-
physical system (CPS) prototype for monitoring free-ranging cattle behaviour.
The iterative development process included:

e Building an IoT sensor configuration and a comfortable sensor collar
prototype;

e Eistablishing a real-time data transmission network.

e Developing a multilayer architecture for data processing, storage, and
analysis;

e Normalizing data and formulating behavioural hypotheses.
e Conducting field observations to refine the model.

Behavioural classification was performed using Al algorithms for six activ-
ity patterns: grazing, lying, ruminating, walking, running, and sleeping. Data
were collected via neck-mounted sensors and sensor networks.

Sensors and sensor groups

At the lowest level, sensor groups are deployed. Each animal is equipped
with a sensor device containing a collection of different sensors. The device is
attached to the animal using a collar designed not to interfere with its normal
behavior (Figure 1). The physical sensors used in the study include an ac-
celerometer, an angular displacement sensor, a two-dimensional activity sensor,
and a localization sensor.

Additionally, six virtual sensors were developed based on the angular
displacement sensor. Each virtual sensor measures the number of readings
from the physical sensor within a specific range over a given time interval. The
angular displacement ranges are as follows:

e —90° to —70° (sensor Full9070)
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e —69° to —50° (sensor Full7050)
e —49° to —30° (sensor Full5030)
e —29° to —10° (sensor Full3010)
e —9° to 10° (sensor Full1010)
e 11° to 90° (sensor Full1090)

The angular displacement sensor generates measurement results several
times per second.

The sensor devices also include eight types of activity sensors and GPS.
Using GPS data from two consecutive readings, the straight-line distance trav-
eled is calculated. Within the sensors themselves, primary data normalization
processes are performed using various mathematical algorithms. These algo-
rithms help derive preliminary conclusions and reduce the volume of transmit-
ted information.

Figure 1. Sensors’ prototypes

Software multilayer architecture for data processing

The overall system infrastructure is based on a multi-layer deployment
model with full integration between the individual layers. Due to the complexity
of the project and the system, we rely on an optimized infrastructure and a
differentiated multi-layer segmentation, structured as follows:

e Sensor layer: sensors and sensor groups.
e Sensor network: connectivity for data collection.

e Infrastructure layer: communication between the sensor network and
functional servers.

e Primary storage layer: servers for initial data storage.

e Database layer: application-level databases, including both relational
and non-relational systems.
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e Data processing and analytics layer: systems and methods for data
processing and analysis.

e Application layer: functional components for data organization and
systematization.

e Client layer: visualization interface for presenting structured informa-
tion.
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Figure 2. System architecture

The use of multi-layered software architecture significantly helps to con-
duct comprehensive functional tests and information analysis, which is essential
for achieving a positive result of the study.

Data Analysis and Algorithms

To process and interpret sensor data, two algorithmic approaches were
applied: Behavioral State Recognition and Anomaly Detection (Figure 3).

Behavioral State Recognition. For automatic classification of behavioral
states — grazing, lying, ruminating, walking, running, and sleeping — we em-
ployed a machine learning model based on the Random Forest algorithm. Ran-
dom Forest is an ensemble learning method that combines multiple decision
trees for classification or regression. Each tree is trained on a different subset
of the data, and the final prediction is obtained through majority voting (clas-
sification) or averaging (regression). The input features for this model include:
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e Accelerometer readings (X,Y)
e GPS coordinates

e Speed

e Magnetometer indicators

Anomaly Detection. To enable early detection of abnormal behavior, we
applied an anomaly detection model based on the Isolation Forest algorithm.
Isolation Forest is particularly effective for identifying outliers or unusual pat-
terns in large datasets. The model analyzes time-series activity data to detect
atypical changes that may indicate health issues or stress. The input parameters
for anomaly detection include:

e Duration of behavioral states
e Movement intensity

e Changes in GPS trajectory
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Figure 3. Algorithm Workflow

The table below shows a fragment of the data in a semi-normalized form,
over which the algorithms for training and analyzing the model data are applied.
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G.PS Gl.,57 Received At (-90/-70 [-70/-50 | -50/-30 |-30/-10 | -10/10 |10/90 | Activity 1| Activity 2 | Meters Hour .Tlme Deser.
latitude longitude v v in sec.
42.142944 | 24.81004 19-06-2022 0 2 5 61 31 28 104 68 0.00 10:51:48 | 653.00 | Walk
42.14271 | 24.810001 | 19-06-2022 14 71 23 8 2 2 34 273 1.51 10:40:55 | 260.00 | Walk
42.142662 | 24.809963 | 19-06-2022 13 81 32 10 3 2 36 208 0.32 10:36:35 | 284.00 | Walk
42.142735 | 24.809097 | 19-06-2022 8 70 33 11 3 3 36 215 1.55 10:31:51 | 134.00 | Walk
42.142673 | 24.808655 | 19-06-2022 10 66 25 8 10 1 46 217 0.85 10:29:37 | 345.00 | Walk
42.144 24.806551 | 19-06-2022 16 81 26 2 4] 2 48 218 #REF! | 09:58:10 | 265.00 | pasture
42.144108 | 24.806168 | 19-06-2022 12 44 28 24 7 10 88 292 0.95 09:53:45 | 262.00 | Walk
42.144115 | 24.805283 | 19-06-2022 0 0 4 5 44 75 39 10 1.51 09:49:23 | 129.00 Eats
42.14396 | 24.805233 | 19-06-2022 8 57 30 11 7 12 59 169 1.00 09:47:14 | 130.00 Eats
42.14357 | 24.805347 | 19-06-2022 1 8 18 19 25 49 94 57 252 09:45:04 | 259.00 | Graze
42.14355 | 24.805962 | 19-06-2022 2 14 50 34 20 11 64 333 1.06 09:40:45 | 138.00 | graze
Feature Importance - Random Forest Anomaly Score by Observation
sec |
meters 0.10
a2 J 0.08
« [
mé | 0.08
ms ©
: S 004
ms (N g
m3 0.02
m2
ml 0.00
GPS_len _0.02
GPS_lat |
o 2 q 6 8
0000 0025 0050 0075 0100 0125 0150 0175 0.200 Observation
(a) (b)

Figure 4. Algorithm Workflow

The graph (Figure 4a) shows the influence of each variable (GPS, an-
gular movement, Activity 1/2, Meters, Time) on the final classified behavior.
The greatest weight is given to Activity 2, Movement range —90/ — 70 and
meters. As expected, GPS coordinates have a low influence, since location
alone cannot determine the behavior of animals. The graph (Figure 4b) shows
the decision_function() value for each observation. Points with significantly
lower scores (below —0.2) are likely anomalies and can be interpreted as: atyp-
ical behavior; lack of movement; sensor error, etc.

Conclusions and future plans

This study demonstrates the feasibility and effectiveness of integrating
cyber-physical systems (CPS) with IoT technologies for monitoring and analyz-
ing cattle behavior in pasture-based environments. By employing a multi-layer
architecture — encompassing sensor devices, communication networks, data pro-
cessing servers, and visualization interfaces — the system enables real-time data
acquisition and intelligent decision-making.

The use of advanced algorithms, such as Random Forest for behavioral
classification and Isolation Forest for anomaly detection, provides accurate iden-
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tification of activity patterns and early detection of irregularities that may indi-
cate health or welfare issues. This approach addresses the challenges posed by
dynamic environmental conditions and supports sustainable livestock manage-
ment practices. The proposed solution not only enhances animal welfare and
farm productivity but also contributes to ecological intensification by optimiz-
ing resource use and minimizing environmental impact.

Future work will focus on refining behavioral models, expanding sensor
capabilities, and integrating predictive analytics to further improve system per-
formance and adaptability:.

Acknowledgments

This paper is partially supported by project MUPD25-FMI-013 “Innova-
tive Research and Technological Solutions in the Field of ICT” of the Scientific
Fund of the Paisii Hilendarski University of Plovdiv, Bulgaria.

References

[1] L. Tedeschi, P. Greenwood, I. Halachmi, Advancements in sensor technol-
ogy and decision support intelligent tools to assist smart livestock farming,
Journal of Animal Science, 2021, 99 (2), skab038

[2] P. Goliniski, P. Sobolewska, B. Stefariska, B. Goliniska, Virtual fencing tech-
nology for cattle management in the pasture feeding system — a review,
Agriculture, 2022, 13 (1), 91

[3] L. Schmeling, S. Thurner, M. Erhard, E. Rauch, Physiological and behav-
ioral reactions of simmental dairy cows to increasing heat load on pasture,
Ruminants, 2022, 2 (2), 157-172

[4] R. Zanello, E. Micheels, Beyond the Pasture: A Review of Business Risk
and Rangeland Management Decisions, Rangeland Ecology €9 Management,
2025, 98, 550-560

[5] S. Rani, A. Kataria, S. Kumar, V. Karar, A new generation cyber-physical
system: A comprehensive review from security perspective, Computers &
Security, 2025, 148, 104095

Evgeni Valchev!, Todorka Glushkova', Radka Malinova?

! Paisii Hilendarski University of Plovdiv,

Faculty of Mathematics and Informatics,

236 Bulgaria Blvd., 4027 Plovdiv, Bulgaria

2 Agricultural University Plovdiv,

Faculty of Animal Science, 12 Mendeleev Blvd., 4000 Plovdiv
Corresponding author: evgeni.valchev@uni-plovdiv.bg

220



	Introduction
	Preliminary Remarks
	Tripled Fixed Points for  Contractive Mappings in Modular Function Spaces
	Introduction
	Mathematical Model of the Josephson Junction
	Numerical Methods
	Implementation in Wolfram Mathematica
	User interface and visualizations
	Pedagogical Framework and uses of the Application
	Conclusion
	
	      
	    
	     (CMS)

	 :     
	    
	   

	    
	    
	   
	    
	    (SEO)
	  
	
	
	Introduction
	Challenges in Collecting Initial Data
	Methodology for Synthetic Data Generation
	Model Training and Fine-Tuning
	Evaluation: Base Model vs. Fine-Tuned Model Comparison
	Base Model Output Characteristics
	Fine-Tuned Model Output Characteristics
	Future Directions
	Conclusion
	
	   
	    
	    
	  
	
	Introduction
	Theoretical Background
	Methodological Framework
	Types of Language Patterns in Mathematical English
	Teaching Approaches
	Classroom Strategies
	Self-Study Practice Tests
	Consolidation in Class
	Conclusion
	Introduction
	Related Work
	The Proposed Method
	Experiment
	Conclusions
	Acknowledgement
	Introduction
	Related Work
	Methodology
	Results
	Quantitative Findings, AIRSUS
	Quantitative Findings, AIRQUS
	Qualitative Findings, AIRQUS
	Discussion
	Conclusion





























