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Abstract

Beef production needs certain levels of autonomy to ensure that animal fat-
tening processes achieve certain sustainability objectives (e.g., financial and
environmental). For example, it is required oversight in the animal fattening
process, so that stakeholders can make better decisions about what is happen-
ing in the fattening process. For monitoring the animal fattening process, this
paper proposes an autonomous system. In this paper, this autonomous system
is designed and implemented using the methodology for the development of
data Mining applications called MIDANO, and is tested in a cattle farm simu-
lator that has been developed to reproduce the events of the animal fattening
production process. This autonomous system for the self-supervision of the
animal fattening process is composed of two data analysis tasks, one to detect
anomalies in the fattening of cattle, and another to diagnose this anomaly.
The results with real data demonstrate the ability of the proposed supervision

system to detect and diagnose anomalies in various conditions (normal, animal
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health problems, and forage problems in the paddock), and the possible causes
of abnormal values in the weight variable. The anomaly detection models have
a MAE of the order of 5.5 kilograms, and the diagnostic model has 95% of
Accuracy and 1 of AUC. The results of the experiments are encouraging, as
they show that the autonomous system is capable of detecting anomalies and
diagnosing them in different operating scenarios. Our system allows giving

self-supervision characteristics to a production process.

keywords: Autonomic Computing, Precision Livestock Farming, Artificial Intelli-

gence, Machine Learning, Rotational Grazing, Beef Production

1 Introduction

To achieve sustainable development, natural resources must be treated with great care,
and technology must be used to ensure the continued satisfaction of the human needs of
present and future generations [1]. On the other hand, parallel to world population growth,
the demand for animal protein is also increasing. Countries are reviewing the growth of
animal production to meet the increasing demand for animal protein [2].

At the same time, autonomous computing is a paradigm with the main goal of defining
computing systems that can manage themselves with little or no human interaction, with
self-management capabilities to adapt to their environment [3]. In an autonomous com-
puting environment, systems are able to monitor their own state, collect and analyze data,
identify patterns and trends, and make intelligent decisions based on those analyses. They
can adapt to changes in the environment, anticipate potential problems, and proactively
take corrective action. The autonomic cycle of data analysis tasks (ACODAT) concept has
been defined by Aguilar et al. [4-6] as a set of data analysis tasks that act autonomously
to supervise and/or control a process. These Data Analysis tasks are based on knowledge
models, and they interact and interrelate with each other according to the objectives of
the cycle. Each data analysis task has a different function: to monitor the process, to
analyze and interpret what is happening in the process, and to make decisions to improve
the process.

On the other hand, Precision Livestock Farming (PLF) uses biometric sensors, artificial
intelligence, big data and blockchain technologies. Biometric sensors include invasive or
non-invasive sensors that monitor an individual animal’s health and behavior in real-time,

allowing producers to integrate this data for population-level analysis [7]. Particularly,
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PLF is a technological approach that uses various tools and techniques to monitor, control
and optimize livestock production accurately and efficiently. To do this, it collects and
processes a large amount of information about the animals, their environment and their
performance, in order to make accurate decisions that improve production. The main
objectives of PLF are [8]: to identify the most appropriate livestock feeding, to reduce
environmental impact through efficient resource management, to manage crop processes to
make a perfect synergy with livestock feeding, to ensure food safety through traceability
of products, and to improve animal health and crop efficiency.

Also, beef production refers to the process of raising, feeding and managing cattle with
the objective of obtaining quality meat for human consumption [9]. This process involves
different stages, such as genetic selection of appropriate breeds, animal care in terms of feed,
water, housing and veterinary care, as well as pasture management and proper nutrition.

In general, the livestock industry has numerous difficulties in detecting failures in its
production systems, which directly affects ideal livestock growth and optimal paddock
production. The problem lies in the inability to make decisions in real time, using data
of what may be happening in the cattle fattening process. In a previous article, three
ACODATSs are proposed in the context of precision livestock farming to solve this problem
8]

This work defines and implements an ACODAT for the self-monitoring of animal fat-
tening processes in the context of the PLF, with the objective of assisting farmers’ decision
making to increase production efficiency. The data analysis tasks in the ACODAT-based
self-monitoring system play fundamental roles in the monitoring, analysis and decision
making process in the rotational grazing system. The first task is responsible for collect-
ing, cleaning and transforming the system and context data, ensuring that they are ready
for further analysis (data preparation). The second task uses predictive models to detect
anomalies in animal weights, comparing actual data with predictive model results and
alerting to unexpected deviations (identification system). The third task uses classification
techniques to determine the cause of the anomaly, which may be due to the health of the
animal or the poor performance of the paddock (diagnostic system). Finally, the last task
informs the farmer about the detected anomaly and its diagnosis, generating alarms or
alerts that help him in decision making (notification). Specifically, the main contributions

of this research are:

e The definition of the data analysis tasks for the self-supervision of the animal fat-

tening process.
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e The integration of various data mining techniques for the definition of knowledge

models for beef production farms.

e The application of MIDANO for the definition of an ACODAT with the objective of
monitoring and diagnosing the beef production process in order to enable real-time

analysis and decision-making.

The scientific relevance of this article lies in its innovative proposal to apply the ACO-
DAT concept in PLF, using advanced data mining techniques and MIDANQO. Our approach
allows real-time monitoring and diagnosis of the animal fattening process, improving the
efficiency and productivity of beef production. The results and contributions of this work
are relevant for the scientific community and professionals in the field of animal husbandry,
offering an innovative tool for informed decision making and optimization of livestock pro-
duction.

This article is organized as follows. Section 2 presents related work. Section 3 intro-
duces the ACODAT for the supervision of cattle fattening proposed in this work. Section
4 shows the behavior of our approach through different case analyses in meat production.
After, Section 5 describes the results obtained. Finally, Section 6 shows a comparison with

previous works, and the article ends with conclusions in section 7.

2 Related Work

In the case of PLF, significant progress has been made in the use of tools to monitor animal
health and production, which has generated a large amount of data [10]. Previous works in
the field of PLF and beef production process monitoring have addressed different aspects
related to livestock health and behavior. First, Sai et al. [11] and Haladjian et al. [12].
focused on detecting abnormalities in cattle health. Sai et al. [11] used environmental data
and developed an artificial intelligence model to estimate the deep body temperature of
animals, while Haladjian et al. [12] detected abnormalities in the movement pattern of
cows as a possible indicator of lameness.

On the other hand, Wagner et al. [13] and Chung et al. [14] focused on activity monitor-
ing and early detection of abnormalities. Wagner et al. [13] captured dairy cow activities
and considered them as a time series for analysis, while Chung et al. [14] proposed a data
mining solution for heat detection using sound data from native Korean cows. In addition,

Kramer et al. [15] developed a fuzzy logic model for disease classification and monitoring
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in cattle, focusing on lameness and mastitis detection. On the other hand, Palomino et
al. [16] focused on improving grazing systems for high mountain dairy cattle.

Finally, the papers [17,18] highlighted the importance of low-emission livestock farming
in the context of climate change, proposing intensive grazing systems and considering the
effects of climate change on the soil-plant-animal relationship. In addition, Garcia et al. [19]
proposed an approach to detect anomalies in cattle fattening processes based on historical
weight records.

Our work differs from previous works in several key aspects.

e First, while previous works focus on specific aspects of cattle monitoring, such as
body temperature detection, movement pattern anomalies, or activity monitoring,
our approach encompasses a completely autonomous system for monitoring the cattle

fattening process based on rotational grazing.

e Furthermore, unlike previous works that focus on detecting anomalies in cattle
health, our approach also considers other critical factors such as pasture conditions
and environmental conditions. This allows us to have a comprehensive view of the
fattening process, identifying possible deviations in both cattle health and environ-

mental conditions.

e Another important difference is that we use data mining and fuzzy modeling tech-
niques for the analysis and diagnosis of anomalies detected in the cattle fattening
process. This allows us to gain a deeper understanding of the underlying causes of

deviations, and provide more accurate recommendations for decision making.

The main contribution of our ACODAT is to provide an autonomous solution for
monitoring the cattle fattening process based on rotational grazing. For that, it uses an
identification model and a diagnostic system of the current situation to a better under-
standing of the fattening process. In addition, being an autonomous system, it allows a

continuous and efficient supervision of the fattening process.

3 ACODAT-Based Supervision of Cattle Fattening

This section describes the proposed ACODAT-based self-supervision approach for rota-
tional grazing beef cattle fattening systems. ACODAT is a novel and versatile concept
that allows concurrent data-driven models to reach strategic goals. This concept has not

been used previously in the context of animal fattening monitoring.
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For the development of the architecture, the methodology MIDANO was used, which is
used for the development of applications based on data analytics tasks [20,21]. MIDANO
is composed of three phases: identification of sources for knowledge extraction in an or-
ganization and definition of the ACODAT, data preparation and processing, and finally,

implementation of the data analysis tasks.

3.1 ACODAT description

ACODAT is based on the autonomic computing paradigm [22|, with the purpose of endow-
ing autonomic properties to systems based on an intelligent control loop. The main goal of
ACODAT is to extract useful knowledge from data to make decisions [4]. The set of data
analysis tasks must be performed together to achieve the goal in the supervised process.
The tasks are interconnected and have different roles in the loop, which are to observe
the process, analyze and interpret what happens in it, and make decisions to achieve the
objective for which the loop was designed. This closed loop approach allows the solution
of complex problems.

ACODAT generally requires a multidimensional data model representing the data col-
lected from the different sources, in order to characterize the behavior of the context. This

model will be used for the different data analysis tasks.

3.2 Proposed general architecture

The rotational grazing system is composed of different tasks and decisions by the farmer,
such as weighing the animals, defining what paddock to move them, checking the health
status of the animals, determining the quality of the forage in the paddocks, among many
others. The proposed autonomous cycle monitors the weighing of the animals, verifies
the health status and the quality of the forage of the paddocks, using the data from the
livestock software of the farm. The ACODAT-based self-supervision consists of four tasks,
as shown in Figure 1.

In supervising the animal fattening process, Task 1 prepares the data, and Task 2
is a data analysis task that detects anomalies in animal weights. Task 3 is the other
data analysis task that diagnoses the reason for this anomaly (animal health status or
paddock performance), and Task 4 reports the anomaly and the diagnosis with possible
causes for decision-making. Therefore, the functionalities provided by ACODAT-based

self-supervision are as follows:
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Figure 1: ACODAT-based supervision for PLF

e Monitoring process: a set of tasks (tasks 1 and 2) to capture data, and identify
anomalies in the weight of the animals. In addition, they select and pre-process the
relevant characteristics, and obtain information about animals behavior to be used

in the steps below.

e Analysis process: is task 3 to interpret, understand and diagnose in real time what

is happening in the fattening process.

e Decision-making process: this task defines and triggers notifications to the farmer.
In addition, it could perform necessary physical actions on the controllable elements
of the system. The effects of this task are returned for follow-up and analysis,

restarting a new cycle.

Table 1 shows the proposed tasks, their roles in the ACODAT-based self-supervision
system, and the data sources. The following subsections describe the set of tasks according

to their role.



Table 1: ACODAT-based self-supervision tasks, functions and data sources for ani-
mal fattening process

Role Task Data Source

Animal Weighing System
Task 1 Data Preparation

Monitoring (Electronic Weighing Scale)

Task 2: Identification system Processed data from the previous task

Analysis Task 3: Diagnostic system  Processed data from the previous task

Decision-Making Task 4: Notification Processed data from the previous task

12 3.3 Monitoring Role

103 This section describes the monitoring tasks of the ACODAT-based self-supervision system.
194 According to Table 1, these tasks are the data preparation (Task 1) and the identification
system (Task 2).

1

©
(5]

196 In particular, Task 1 prepares the data, collecting them from the system and context,
107 cleaning and transforming them, improving their quality. Also, this task may eventually
108 consider virtual sensors, to predict some of the system/context variables. Therefore, it
100 could eventually use predictive models. Table 2 describes the activities of Task 1. Specif-
200 ically, some of the activities defined in this task are: Target variable selection, feature

201 engineering, and data cleaning, among other data preparation processes.

Table 2: Description of Task 1 of data preparation.

Task 1 Data Preparation
Description: Data collection
Data source: Animal Weighing System

Data analytics type: Maybe Prediction

) ) Correlation analysis
Data analytics technique:

Outlier detection

Knowledge model type: Maybe Predictive model

Related data analytics task: Identification system
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Table 2: Description of Task 1 of data preparation.

Task 1 Data Preparation

Autonomic cycle type: Monitoring

The monitoring process also provides anomaly detection. The objective of Task 2 is
a real-time analysis of the behavior of the weight variable, and detecting when it deviates
from the ranges stipulated as normal. Thus, it immediately identifies the anomaly in the
weight of the animals. The description of this task can be seen in Table 3.

Particularly, this task extracts knowledge for anomaly detection, for which it uses
regression models. The regression model is not based entirely on the data but requires an
expert to identify normal ranges of animal fattening. Once trained, the incoming data are
compared with the results of the prediction model at a given time. Unexpected deviations

between the two are an indication that an anomaly in animal weight is occurring.

Table 3: Description of Task 2 for the identification system

Task 2 Data Preparation
Description: Anomaly detection
Data source: Animal Weighing System

Data analytics type: Prediction

Decision tree

Data analytics technique: Regression

Random Forest

Knowledge model type: Predictive model
Related data analytics task: Diagnostic system
Autonomic cycle type: Monitoring

There are different techniques to build the knowledge model for detecting anomalies,
and it is necessary to select which to use for the case study, based on its performance in
terms of prediction error. In previous work, this analysis has been carried out [19]. Overall,
the results showed that the decision tree was the best performing, with a mean absolute

error (MAE) of 5.4 kg.
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3.4 Analysis Role

This section describes the task with this role in the ACODAT-based self-supervisory system
to interpret and analyze the monitored information. According to Table 1, Task 3 performs
the diagnosis of animal fattening, that is, it determines the reason for the anomaly, as shown
in Table 4. Its objective is to know if the loss of animal weight is due to the animal’s health
condition or to low yielding paddocks. In particular, this task defines a knowledge model

to make a diagnosis of the anomaly.

Table 4: Description of Task 3 for the analysis.

Task 3 Diagnostic system
Description: Diagnose the origin of the anomaly
Data source: Previous task

Data analytics type: Classification

) ) Fuzzy logic
Data analytics technique:
Genetic algorithms

Knowledge model type: Diagnosis model
Related data analytics task: Identification system
Autonomic cycle type: Analysis

There are different techniques to build the knowledge model to diagnose anomalies, and
it is necessary to select which one to use for the case study, based on its performance in
terms of prediction error. In previous work, this analysis has been performed. In general,
the results showed that the fuzzy classifier with rules optimized by genetic algorithms had
good accuracy, when diagnosing weight loss by disease (97%), and in the case of diagnosing

by paddock performance (95%) [23].

3.5 Decision-Making Role

In this section, we describe the task whose role in the ACODAT-based self-supervision sys-
tem is to act from the anomaly detected and diagnosed in the previous phases. According
to Table 1, Task 4 is the notification of the current status of the animal fattening process.
Specifically, Task 4 notifies the anomaly detected, with its diagnosis. It generates alarms

or alerts caused by anomalous situations, such as a loss of weight, or a paddock with little

10
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forage, among other situations. The alarms are limited to warn about something, while

the alerts not only warn but also request greater vigilance on something.

4 Case Study

For this case study, this section presents the experimental context and the instantiation
of the ACODAT, using data from a beef farm located in Monteria-Colombia. The experi-

mental context for this case study is as follows.

4.1 Experiment Context

In cattle ranching, a system widely used by beef producers in the tropics is rotational
grazing. Rotational grazing consists of dividing the entire surface area of a farm into more
than two paddocks, while some remain occupied, the others are at rest [24] (see Figure 2).
This reduces the total grazing area, and forces cattle to consume forage uniformly, assigning

batches of cattle to different paddocks [25]. Roughly speaking, this process consists of:

e Prepare the paddocks by sowing the pasture

e Buy the herds of animals

e Assign an initial paddock to each herd

e Each day x, assign a new paddock to each herd

e Regularly weigh the herds to measure their fattening.

e Sell the cattle when they reach a given weight

Some of the variables that can be considered in this process are the pasture as a source
of feed for the cattle, the paddock capacity (amount of forage in each paddock), the animal’s
state of health, among others.

At a frequency stipulated by the farmer, each animal in the herd is weighed, in order to
measure how much weight the animals have gained in the rotations carried out to measure
and evaluate their production. At each herd weighing, the animal is identified and stored
in the herd weighing software to have weight history. This is a repetitive process, since
a farm may have many herds, and each herd may have different animals with different

weights and breeds.

11



Figure 2: Rotational grazing system

s 4.2 Instantiation of ACODAT

263 This section describes the utilization of our ACODAT for the supervision of the animal
264 fattening system at the Rosario farm. The Rosario farm has an average territorial extension
26s  with more than 100 paddocks, and works with various breeds of cattle, but the main ones
266 are Angus, Angus Cebu, and Zebu. In general, the system starts with the weighing of
267 the herds; immediately, the identification system detects an anomaly in the weight of an
268 animal. If it is the case, it activates the diagnostic system, which will decide if this anomaly
260 is due to the forage yield in the paddock or due to the state of animal health, as shown in

270 Figure 3.
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Figure 3: General system architecture based on ACODAT
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The following subsections will explain the implementation of each proposed task in
our architecture. The code and data used in the instances explained below, of the tasks
described in Section 3, for the case study considered in this work, are found at https:

//github.com/devraxielh/PLF-Identification-Diagnostic.

4.2.1 Task 1: Preparation of the Data.

Data extraction is straightforward and only requires collection and understanding. The
compilation is carried out on a database made up of several tables that are the result of pre-
existing queries on some variables chosen with different exploration frequencies. The most
significant table is the history of the weights, which come directly from the electronic scale.
On the other hand, feature engineering was used where for the extraction and description

of the relevant features; in this case, age, race, and gender, were identified.

4.2.2 Task 2: Anomaly detection

This task is defined by an identification model that can be used in different contexts (e.g.,
control or monitoring process). The objective is to develop a predictive model that can
identify unusual changes in animal weight during the fattening process. The identification
process determines the ideal range of weight values for cattle. With this range, weights
considered normal or atypical are established, using a forest isolation algorithm that returns
an anomaly score in relation to the expected weight of the animal. In this way, anomalous
shifts in weight up or down can be detected. The model is used for anomaly detection in
the beef production process. Thus, the identification model was defined as a predictive
model, and was built using machine-learning techniques from data collected and validated
by animal technicians at the Rosario farm.

The identification process determines the ideal range of values of cattle weights. With
this range, the expected or considered normal or atypical weights are determined, by
implementing a forestall isolation algorithm that returns the score of the anomaly with
respect to the expected weight of the animal, thus detecting anomalous weight changes up
or down.

We compare different prediction techniques such as Decision Tree (DT), Gradient
boosting (GB), K-neighbors(KN) and Random Forest (RF), in order to model the ideal
weight of an animal as a function of time, breed and gender. These algorithms are used
because they are efficient in regression tasks and have shown to be effective in solving a

wide variety of problems [26-28|. For each model, a hyperparameter optimization process
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was carried out, to choose in each case the optimal set of hyperparameters for each learning
algorithm. In the case of the approaches based on decision trees (DT, GB and RF) the
depth of the tree (4-10) is optimized, and the function to divide the data (mean square
error, etc.); in the case of KN, the value of K (3 to 10) and the similarity function used
(Euclidean distance, Minkowski distance, Manhattan distance, etc.). The dataset contains
the records of 104 animals from the day of birth to slaughter, and it is used a ten fold
cross-validation strategy (80% of the records for training and 20% for testing). Figure 4
shows the mean absolute error (MAE) of weight prediction for each technique used, which

is calculated using equation 1.

N
1 -
MAE:N;M—ZM (1)
1=

where N is the total number of records in the dataset, y; and 7; are the current weight
and predicted weight by the model, respectively.

According to Figure 4, DT and RF show very similar behaviors, and the lowest MAEs
with medians below 5.5 kilograms. In general, in Table 5, the mean MAE of DT and RF are
very similar and present the smallest values, thus confirming that they are the techniques
with the lowest prediction error, but there are no significant differences between them.
However, the mean training time of DT is 0.0651 seconds, while that for RF is 0.445
seconds. Therefore, DT is as suitable as RF for the identification of the ideal weight of the

animals, but it is much faster (almost 7 times).

Table 5: Comparison of results

Technique DT RF GB KN

Mean MAE 5.4525 5.4536 5.7249 5.9714

In this context, an MAE of 5.5 kilograms indicates that, on average, the predictions
from our anomaly detection model may differ from the actual values by about 5.5 kilograms.
The lower the MAE value, the higher the accuracy of the model, since it implies that the
predictions are closer to the actual values. Therefore, in this specific case, an MAE of
the order of 5.5 kilograms indicates that the anomaly detection models have an acceptable
accuracy in estimating deviations in the weight of the animals (which fluctuate by about
350 kilograms on average during the fattening process), which allows them to identify and

alert on possible anomalies in the fattening process.
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Figure 4: MAE boxplot for each technique.

4.2.3 Task 3: Diagnostic system

In the context of diagnosing the animal fattening process in a grazing system, fuzzy logic
can be especially useful due to the inherently imprecise and subjective nature of certain
aspects of the system. For example, forage quality and forage tolerance to weather con-
ditions can be evaluated in terms of grades, such as "low", "medium" or "high". Fuzzy
logic allows representing and working with these degrees in a more adequate and flexible
way than classical logic, as has been demonstrated in previous successful works in different
fields [29-32].

This task aims to diagnose a detected anomaly. The diagnostic system is based on
a fuzzy classifier that uses fuzzy rules to characterize the diagnostic process, and fuzzy
reasoning to determine the current situation before a given input. In addition, the fuzzy
classifier optimizes the rules using genetic algorithms, which modify the membership func-
tions, providing a more accurate system for diagnosis.

The rules are designed and created using a fuzzy clustering algorithm. The fuzzy-c-
means (FCM) algorithm is used, which allows fuzzy data clustering (each cluster describes
a fuzzy set for the linguistic/fuzzy variable of interest). In addition, they are optimized
using a Genetic Algorithm (GA), whose task is to improve the definition of the fuzzy sets
(it adapts the membership function of each fuzzy set).

The first step in designing the fuzzy system consists of determining the fuzzy /linguistic

15
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variables and generating their fuzzy sets. The FCM algorithm allows defining the fuzzy
sets from the data of each linguistic variable. The linguistic variables used are those linked
to the fattening process. Particularly, the input variables are the age, the paddock, and
the differential of the final weight with the initial weight, and the output variable is the

state of the animal.
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Figure 5: Fuzzy Variable of Age

Age: This variable is shown in Figure 5, its universe of speech is [0, 30], and represents

months of life. Its fuzzy sets are [cal f, steer, adult].
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Figure 6: Fuzzy Variable of Differential

Differential: This variable is shown in Figure 6, its universe of discourse is [0, 100], and
represents the percentage of the difference between the initial and current weight. Its fuzzy
sets are [low, medium, high]. The differential variable allows measuring and monitoring
the impact of animal rotation on animal weight. If the weight difference is positive, then

it means that the animals have gained weight during the grazing cycle, indicating good
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performance. On the other hand, if the weight difference is negative, then it means that the

360
animals have lost weight, which may indicate health problems or poor pasture performance

361

in the paddock.
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Figure 7: Fuzzy Variable of Paddock

363 Paddock: this variable is shown in Figure 7, its universe of discourse is [0, 10], and
3¢ represents the paddock yield score, characterized by forage quality and forage tolerance
s6s  to the climatic situation. Its fuzzy sets are [bad, fair, good]. The paddock variable allows

evaluating and selecting the most suitable paddocks to move the animals based on their

366
performance. A paddock with a high performance score would indicate that it has high

367
quality forage and a higher tolerance to weather conditions, which would be beneficial for

368
fattening the animals. On the other hand, a paddock with a low yield score could indicate

369
that the forage is of low quality or that the paddock is not in optimal condition due to

370

sr1 adverse climatic factors.
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Figure 8: Fuzzy Variable of Status

17



372 Animal Status: this variable is shown in Figure 8, its universe of discourse is [0, 100],
373 represented by a percentage to indicate how well the animal is. Its fuzzy sets are [stable, sick].
374

375 The rules that model the system are of the form IF < ... > THEN < ... >. In the

376 following tables, we define the set of rules.

Table 6: Rules (fuzzy system) with 2 antecedents

Differential
low medium  high
Calf sick sick/stable  stable
&
< Steer sick sick/stable  stable

Adult  sick/stable sick/stable stable

Table 7: Rules (fuzzy system) with 3 antecedents

Differential
low medium  high
5 o

< Calf sick sick/stable stable & .
5 3
5 8
Steer sick sick/stable  stable < T
o

Adult  sick/stable sick/stable stable

377 Thus, there are two different types of fuzzy rules, depending on whether information on

szs paddock performance is available. We have a group of rules with two antecedents (see Table
379 6) or with three antecedents (see Table 7). Particularly, in Table 6, the two antecedents
ss0 are the differential and age variables; and in Table 7, the same but now also the paddock
ss1 variable (the values of it that directly influence the animal fattening, such as regular/bad).

332 An example of a rule for the latter case is:

383 If the age is calf and the differential is low and the paddock is bad, then the animal’s

384 condition is sick

385 These rules will be fitted/optimized to the input dataset using Genetic Algorithms.
36 Specifically, the membership functions of the fuzzy sets will be the ones fitted according to
37 the input data. A fitness function based on the calculation of the following measures was

388 used:
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e Accuracy: measures the accuracy of an individual. In this case, as it is based on
labeled data on diagnosis, the score establishes whether the consequent is true (rule

is triggered) when it should. It is calculated by the following equation:

t
Accuracy = (tprtf) (2)

Where puv is the number of true positives, and pf is the number of false positives. In

particular, the score for each rule is calculated for the input dataset, and averaged.

o Trigger degree of each rule (certainty): it is the activation level of a rule, calculated
as the product of the membership functions of the antecedents. If the value is high,

then it means that the activation level of the rule is high.

At the same time, an individual is defined as a set of possible membership functions
for each fuzzy variable. Finally, the fitness function of each individual is the average score
of each rule multiplied by its degree of certainty. Thus, the evolutionary process, using
this hybrid fitness function (score and degree of certainty), allows adjusting the fuzzy sets
to adapt them to the dataset.

To adjust the fuzzy system, two case studies were considered. The first case study is
where at least one animal is labeled sick, and paddock performance is good despite the
weather season. The rules that will be activated are those of two antecedents since the
paddock performance is good and does not negatively affect animal fattening.

The second case study presents a variation, which consists of analyzing animal fattening
considering the performance of the paddock when it is regular. The rules that will be
activated are those of 3 antecedents, in this case, the paddock variable is used because it
does affect negatively animal fattening.

The diagnostic system is evolved and the results with the best individual (quality
metrics) are shown in Tables 8 and 9. We have added the AUC metric, which stands for
"Area under the ROC (receiver operating characteristic) Curve". An ROC curve (receiver
operating characteristic curve) is a graph showing the performance of a classification model
at all classification thresholds.

An AUC value equal to 1 is excellent, as is accuracy equal to 100 or a rule certainty
equal to 1. The results of the best individual in each case are very good because these

values are close to or equal to the previous values.
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Table 8: Case 1 results

Metrics Values

Accuracy 97%
Certainty of rules  R1:0.85, R2:0.88,R3:0.90,R4:0.85,R5:0.85

AUC 1

Table 9: Case 2 results

Metrics Values

Accuracy 95%
Certainty of rules  R1:0.88, R2:0.75, R3:0.89, R4:0.85, R5:0.85, R6:0.75

AUC 1

5 Experiments

In our ACODAT, there are two main data analysis tasks: one for the definition of the
cattle fattening process identification model, and another for the diagnosis of anomalies in
a beef production process. We will use 3 test scenarios: normal, animal health problem,
and forage problem in the paddock. In this section, we are going to describe the behavior
of ACODAT previously trained, using real data from the “El Rosario Cattle” farm located

in Monteria-Colombia.

5.1 A normal scenario

Input: A herd of 15 animals with an average age of 2 years of zebu breed.

ACODAT analysis: The 15 animals are weighed on the farm scale (animal weighing
system). Immediately, task 1 is activated to prepare the data, then these data are passed
to task 2 where the anomaly detection is carried out, and will return the status of the herd
(see Figure 9).

Output: In this case, Task 3 would not be carried out because the herd of animals

gained the desired weight. Therefore, they return to rotational grazing.
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Figure 9: Normal scenario
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Figure 10: Sick animal scenario

5.2 Sick animal scenario

Input: A herd of 7 animals with an average age of 1.6 years of AngusxCebu (AC) breed.
ACODAT analysis: Task 2 detects that one animal in a herd of 7 animals with an
average age of 1.6 years did not gain the appropriate weight for its age (see Figure 10).
Particularly, it compares the ideal weight growth curve described by the identification
model (see Figure 11) with the animal weights (point cloud). Since the curve represents
the ideal temporal behavior of the weight, points that deviate from it are potentially
anomalous, but it is necessary to define the magnitude of the distance that separates an
anomalous weight from one considered normal. To do this, multiple predictions of ideal
weights are obtained for each combination of day, race, and sex. Next, the ideal (non-
anomalous) weight intervals are constructed to detect anomalous weights [19] (see Table

10).

Table 10: Detection of anomalous data in a sick animal scenario

Days Actual Weight Breed Gender Ideal Weights State

600 345 AC M [328-380] normal
600 350 AC M [328-380] normal
600 360 AC M [328-380] normal
600 337 AC M [328-380] normal
600 315 AC M [328-380] abnormal
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Figure 11: Ideal weight-curve versus real weight [19]

Subsequently, Task 3 is invoked with existing fuzzy rules. The fuzzy classifier system
infers that only one animal is sick for that given input.

The first fuzzy rules are used (see Tables 6-7). Then, once several iterations of the
fuzzy system have been performed, the adaptive system of rules is invoked, which is based
on a Genetic Algorithm. An example of this evolution is shown. For example, in Figure
12, the rules of the 1st generation do not satisfy the system since they are rules with stable
animal state. In the 2nd iteration, an improvement in the rules is noticed because the sick
state appears in the consequent. Finally, in the 4th iteration, the stop condition is reached,

and its best individual (set of rules) represents the final solution (new diagnosis system).

1 2
Rules Rules
IF age[high] AND dif[high] THEN status[stable] IF age[steer] AND dif{low] THEN status[sick]
IF age[steer] AND dif[high] THEN status[stable] IF age[adult] AND dif[high] THEN status[stable]

IF age[steer] AND dif[high] THEN status(stable]

3 4
Rules: Rules
IF age[steer] AND dif[low] THEN status[sick] IF age[steer] AND dif{low] THEN status[sick]
IF age[adult] AND dif[high] THEN status[stable] IF age[adult] AND dif[high] THEN status[stable]
IF age[steer] AND dif[high] THEN status[stable] IF age[steer] AND dif[high] THEN status[stable]

IF age[steer] AND dif[medium] THEN status[sick] IF age[calf] AND dif[high] THEN status[stable]
IF age[calf] AND dif[medium] THEN status[sick]

Figure 12: Evolution of the rules that are activated

Output: The system diagnose that the problem is due to animal health since it was the
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only animal in the herd that did not gain the weight considered normal for its age. There-

fore, a decision is made regarding the animal’s health so that it can return to rotational

grazing.

5.3 Scenario of a paddock with low yield

Input: A herd of 10 animals with an average age of 1.6 years of Angus (AN) breed.

Grazing rotation

RH"
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b il

Animal
weighing system
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Anomaly
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Figure 13: Scenario of a paddock with a low yield

ACODAT analysis: Task 2 with the anomaly detection model detects that 7 animals

from a herd with 10 animals with an average age of 1.6 years did not gain the appropriate

s62  weight for their age (see Table 11).

463

464

465

466

Table 11: Detection of anomalous data in a scenario of a paddock with low yield

Days Actual Weight Breed Gender Ideal Weights State
600 328 AN M [332-387]  abnormal
605 330 AN [336-391] abnormal
600 310 AN M [332-387] abnormal
600 334 AN M [332-387] normal
600 333 AN M [332-387] normal
600 337 AN M [332-387] normal
600 321 AN M [332-387]  abnormal
605 327 AN M [336-391] abnormal
600 329 AN M [332-387] abnormal
603 328 AN M 333-389]  abnormal

It makes the diagnostic request to Task 3, which is invoked with the existing fuzzy

rules. The fuzzy classifier system infers that several animals are sick for that given input,

and that the problem is with paddock performance. Again, once several iterations of the

fuzzy system have been performed, the adaptive rule system is invoked.
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Output: It diagnoses that the problem is with paddock performance since on average,
most of the animals in the herd did not gain the weight considered normal for their age.

Therefore, a decision is made regarding paddocks.

6 Comparison with other works

In this section, we propose criteria to compare our approach with similar works. In this
section, we have focused on determining whether the works comply with some of these
aspects, and not on how they do so methodologically. To compare this work with other

similar works, we proceeded to define four criteria, which are:
e Criterion 1: The work jointly analyzes grazing and animal welfare.
e Criterion 2: The beef production process is supervised by an autonomous system.
e Criterion 3: ML techniques are used to detect anomalies in animals.

e Criterion 4: ML techniques are used to diagnose anomalies in a beef production

process.

In Table 12, a qualitative comparison with related studies is made, based on previous

criteria.

Table 12: Comparison with previous works.

Criterion 1  Criterion 2 Criterion 8 Criterion 4

[11] x x v x
[12] x x v x
[13] X X X v
[14] x X v x
[15] x x X v
[16] v X X X
[17] v X x x
[18] v x x X
[19] X X v X
This work v v v v

As shown in Table 12, the related works do not meet all criteria. Specifically, in criterion

1, our work considers the diagnosis of animal health status, which contributes to animal
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welfare, and diagnosis of paddocks, which contributes to pasture improvement. In both
cases, the farmer can intervene to improve these conditions. Palomino et al. [16] determined
the ideal number of paddocks and the optimal stocking rate. In addition, [17,18] consider
the effects of climate change on the soil-plant-animal relationship and propose an intensive
grazing system that guarantees low-emission livestock farming.

Regarding criterion 2, none of the related works use autonomous systems for fatten-
ing monitoring in livestock production. Our proposal is based on ACODAT principles.
This research allows, through ACODAT, self-monitoring of the detection and diagnosis of
anomalies in the meat production process by rotational grazing.

In relation to criterion 3, Sai et al. [11| performed the detection of anomalies in cattle
health. Haladjian et al. [12] detected abnormalities in a cow’s movement pattern as a
possible indicator of lameness. Chung et al. [14] proposed a data mining solution for heat
detection using sound data from native Korean cows. Finally, Garcia et al. [19] proposed
an approach to detect anomalies in the cattle fattening process using historical records of
animal weights. Our approach uses anomaly detection as input to the diagnostic model,
identifying whether animals have gained the appropriate weight over time.

With respect to criterion 4, Wagner et al. [13] diagnosed the status of cows (disease,
stress, no problems) using a ruminal sensor. In addition, Kramer et al. [15] developed a
fuzzy logic model for classification and monitoring of lameness and mastitis in cows using
data. Finally, our proposal focuses on the diagnosis of the detected anomaly, with the aim
of achieving intelligent self-monitoring of animal fattening in rotational grazing.

Thus, the only work that meets all four criteria is ours, which is suitable for PLF en-
vironments, allowing self-adaptive, reconfigurable, scalable, high-precision systems. Also,
an interesting aspect is how to extend them to multi-agent approaches, for natural mod-
eling of the problem [33]. In general, our approach can easily accommodate a multi-agent

environment, defining animals, grass, etc., as agents of the system.

7 Conclusions

This paper proposes a novel self-supervision system for the detection and diagnosis of
anomalies present in animal weights in a fattening system based on rotational grazing.
The work is based on the ACODAT concept and applies it to PLF. The ACODAT concept
has been successfully tested in different areas [34-36], but has not yet been used in PLF [37].

Our ACODAT-based self-supervision system is capable of detecting anomalies and carrying
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out the diagnosis of what is happening on a beef farm. The ACODAT tasks are based on
several ML techniques working together with specific objectives such as anomaly detection
and diagnosis in rotational grazing.

Our ACODAT is composed of 4 tasks that allow real-time monitoring of the animal
fattening process, detecting and diagnosing anomalies, and notifying the farmer so that he
can make informed decisions. The data preparation task ensures the quality and relevance
of the information used in the analysis, while the identification and diagnostic tasks use
modeling techniques to identify and understand anomalies. Finally, the reporting task
provides clear and timely communication to the farmer, providing crucial information for
proper decision making in the management of the rotational grazing system. Together,
these tasks strengthen the autonomous monitoring process and improve efficiency and
productivity in farming practice.

The proposed autonomous cycle was tested with real data from the "EIl Rosario Cattle"
farm located in Monteria-Colombia. The rotational grazing system is one of the most
used in the tropics for cattle fattening [9], which makes the scenario very appropriate to
extend the results to other farms. The results with real data demonstrate the ability of
the proposed supervision system to detect and diagnose anomalies in various conditions
(normal, animal health problems, and forage problems in the paddock), and the possible
causes of abnormal values in the weight variable. This scheme using ACODAT provides a
novel approach to anomaly detection and diagnosis in PLF. In addition to the flexibility
to select techniques and model configurations, the ACODAT supervisory scheme can be
retrained in real-time, increasingly adapting to the supervised system and improving its
prediction accuracy.

Future work will extend this ACODAT-based self-supervision system to other types
of production such as dairy cows. Other future work is to extend the current data with
information on more anomalies in order to expand the capability of our system to diagnose
a larger number of anomalies. In addition, other future work will incorporate meta-learning
approaches to autonomously update cycle knowledge models, or to transfer them to other
farms, among other things. Finally, future work should carry out further testing of our
approach in different geographic locations and climatic conditions, to show the extensibility

of the approach, preliminary results show that this idea should work.
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