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Abstract

Detecting the fertility period in cattle is critical at cattle farms since it has direct influence to the
herd productivity, efficient milk production, and overall profitability. That is where the role of
Estrus Detection (ED) becomes central. Although there are many manual techniques, termed
as traditional methods, applied to detect estrus on time, there is a significant chance of minor
errors in determining the accurate time of estrus, which may induce economic inefficiency and
gradually cause drastic changes in overall farm production.

The traditional methods, including visual observation and hormonal change calculation,
have the possibility of miscalculations in variations due to minor human errors and machine
errors, which need to be avoided. The lack of sensitivity, high cost, and time-consuming pro-
cesses induced the potential of AI to be included in the process of ED.

This thesis examines the application of AI in the field of dairy farming by applying Long
Short-Term Memory (LSTM) networks, to time-series data for capturing the behavioural pat-
terns indicating estrus. The proposed approach is evaluated through comparison with baseline
models.

The results demonstrate that the LSTM approach effectively captures estrus patterns, while
achieving comparable performance with the classical baseline methods, with reduced false
alarms. The findings highlight the efficiency of the model in capturing estrus events and show-
cases its capability to support improved reproductive decision making in diary farming. This
opens possibilities to enhance precision livestock farming by advancing its potential through
Deep Learning (DL).
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1 Introduction

The rise in the demand for dairy products fueled the growth of the dairy Industry. Milk pro-
duction is the most driving part of the Industry. The quality and quantity of it determine the
profitability and growth of the farm [1]. If Milk production is the pillar of the Industry, the
dairy herd reproduction is the foundation of this pillar, so too is the dairy Industry. It main-
tains production continuity and increases the number of cattle in the Industry. Along with
enhancing the high-production stage, it lowers veterinary costs and reduces the duration of
the low-production phase.

The global expansion in demand for dairy products boosted growth in the dairy herd man-
agement market. The continuous population growth, which led to high per capita consumption
of milk products, shifted the global dairy market. To increase the profitability, farms are now
utilising technologies, including AI, to manage herd productivity [2] [3]. The rise in herd pro-
ductivity called into question the efficiency of traditional methods and underscored the need
to adopt technological solutions.

The Milk production is initiated after the calving stage of the dairy cattle. It is where the
estrus cycle comes to the center. The fertility period is termed as estrus, which is also referred
to as ’heat’, during which the cow is sexually receptive and exhibits behavioural changes that
indicate her readiness to be bred [4]. Based on the internal information provided by Farmtec
a.s. estrus occurs in heifers at approximately 8 months of age, although insemination is suit-
able from only 14 months of age. Estrus commonly occurs 40 to 42 days after calving, farmers
start looking for estrus again and proceed with the insemination depending on the reproduc-
tive management [5]. The estrus cycle lasts 21 days in cattle, which consists of four stages:
proestrus, estrus, metestrus, and diestrus. Figure 1.1 demonstrates the duration of each stage
in the estrus cycle. The estrus phase lasts only 6–30 hours, which is the time when the cat-
tle exhibit mating desire. The production of milk starts after the calving stage, and the milk
collection should be paused during the dry period before the next calving stage [6].
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1 Introduction

Figure 1.1: Estrus Cycle Stages(from [7])

Early detection of estrus helps maintain production continuity and increases the number
of cattle in the Industry. While Traditional detection methods, such as visual observations,
can delay detection, and Hormone assays are often more expensive. The sensor and AI-based
monitoring enabled more systematic ED compared to traditional methods [8]. The features of
cattle movements were tracked using a wearable sensor and captured as detailed Time-Series
(TS) data.

This helps to address the backlogs that persisted in manual detection through continuos
monitoring and effective data driven decision support. In this context, DL approaches such as
LSTM may provide incremental improvements for ED as they as suitable for TS data. Within
the scope of the thesis, the LSTM framework will be employed to represent temporal depen-
dencies and to enable the reliability analysis, which involves the estimation of uncertainty.

1.1 Motivation

The dairy Industry focuses on maintaining herd productivity through efficient early ED. Each
missed estrus cycle results in significant economic losses for the company. A missed heat in
dairy cows would cost the company around 50-60 euros per cow [9]. According to commu-
nication with Farmtec a.s., the current estimated cost of missed estrus has increased in recent
years, and it is approximately 83 euros per cow over 21 days, while it depends on the cost of the
feed. Failing to perform insemination at the right time leads to a low pregnancy rate, resulting
in the prolongation of the low-production phase. In addition, because of the absence of milk
production and consuming the same amount of feed as in the peak lactation period, there is a
chance of problems with excessive fat accumulation in the cow’s body. This leads to serious is-
sues after calving, such as difficulties in starting the new lactation, impaired reproduction, and
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1 Introduction

negative energy balance [10] [11]. Labour-intensive and expensive manual detection failures
highlight the need for modern, efficient solutions.

The development of new technologies has compelled farmers to adopt them to enhance oper-
ational efficiency and improve herd management. The Internet of Things (IoT) and data-driven
insights enabled by sensor networks allow the continuous monitoring of physiological and be-
havioural patterns linked to the estrus cycle [12]. The sensor networks help to track down the
behavioural and physical changes that occur in cows using a wearable device such as vitalime-
ter. It is a wearable neck device that monitors the physiological and biological factors, which
are continuously monitored on an hourly basis to produce TS data. As per the information
provided by Farmtec a.s., the main principle behind it is the evaluation of data from a 3 axis
gyroscope which measures the sensitive vibrations and interprets the behaviour based on this.
This continuous tracking with the help of a wearable device helps to collect data of the cattle,
which is then stored in a cloud and used for practical data analysis to find biological patterns.
Farmtec a.s. uses this technology to detect health problems, feed intake problems, and analyse
estrus patterns. Figure 1.2 shows the innovative IoT-based health monitoring system designed
for dairy cows. Using this sensor technology, the collected data can be used to identify patterns
for early heat detection effectively. The patterns of cows exhibiting the symptoms of estrus can
be captured using this technology, which can improve the decision making in the farm sector.

Additionally, the tracking of behavioural, physiological, and biological factors of dairy cows
ensures the development of precision livestock farming. At the same time, it assures that the
reproductive health and living environment of the cattle are maintained at the safest level [13].
It helps to improve the lifespan of the cattle by detecting any health issues early. The integration
of IoT with farm technology opens a vast world of innovations that can be implemented in the
agricultural sector. Innovative farming technology, combinedwith precision livestock farming,
is going to revolutionise the dairy industry.

This technical advancement, along with the challenge of analysing complex temporal pat-
terns in dairy cattle activity, highlights the suitability of LSTMnetworks. Their ability to specif-
ically remember or forget information makes them suitable for capturing extended temporal
patterns, which makes them a better tool in the field of ED [14].

3
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Figure 1.2: Data Collection illustration with wearable device adapted from [15]

1.2 Problem Statement

Dairy cows exhibit different behavioural changes during the estrus period, such as increased
activity and mounting behaviour, which makes ED difficult. The shorter heat duration also
makes the detection complicated to find the optimum breeding window [16]. This factor also
risks the efficiency inmanual ED. Alongwith the above factors, the increase in herd population,
inconsistency in behavioural changes, absence of visible signs, and external factors make the
visual detection inefficient.

A few of the automated heat detection methods have been found to struggle because of false
estrus signals, which mimic estrus-related activity. The false-positive alerts produced by these
methods have called their quality into question [17]. Although the strategies using AI incor-
porating Machine Learning (ML) have been overcoming all these issues, the class imbalance,
which referred as the uneven distribution of positive and negative classes in the TS data cap-
tured by the sensors, has been a significant challenge to the existing models. The estrus events
are rare in the whole TS data, with estrus events represents only 0.81% and non-estrus events
accounts for remaining 99.19%.

The lack of extensive, real-world datasets for data validation is a significant setback in the
field. In addition, the false alarms reduced the authenticity of the AI strategy among the farm-
ers [18]. This enhances the need for a new approach that captures the TS dynamics captured
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1 Introduction

from real-world data with fewer false alarms. As each false alarm points to an incorrect insem-
ination, it will be an economic burden to the industry.

Although there is significant development in the field of integrating innovative technologies
in dairy farming, There is still a need to improve the applicability of these technologies in prac-
tical, real-world scenarios. The variations in climatic conditions affecting the sensor function-
ing, the need for extensive storage resources to store large amounts of data, and the variations
in feeding patterns often make the applicability challenging. The individuality among cows,
especially in terms of pregnancy rates and ages, challenges the generalisation capability of the
patterns [19].

The approaches exploited needs to be improved in terms of accuracy, generalisability, and
applicability. The challenges hidden behind data imbalances, highly complex data storage, and
false alarms need to be addressed efficiently; only then can the Industry be presumed to be
advanced in ED [9].

1.3 Research Questions

The thesis focuses on the project objectives and experimental collaborative work with Farmtec
a.s. It aims to answer the following questions for effective early ED:

1. How accurately does the LSTM network model generalise to unseen dairy cows under
practical conditions using real-world data?

2. How does the length of the prediction window influence the model’s predictive perfor-
mance, and how can its practical applicability be improved through different strategies?

Practical applicability refers to the model’s ability to perform precisely in real-world farm
environments, with greater generalisation and adaptability.

The questionswere articulated based on the challenges discussed in theMotivation and Prob-
lem Statement sections. The inefficiency of traditional methods and the false alarms produced
by automated methods indicate the need for an accurate AI-based model to predict estrus sig-
nals. Hence, the questions focus on how precisely the LSTM model can generalise the estrus
signals and apply them under real-world conditions.
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2 Domain Overview

2.1 Understanding Estrus Cycle

To enhance milk production, it is necessary to build a larger herd on the farm. Each herd on the
farm contributes to the company’s higher milk production. For a cow to maintain continuous
milk production, it must calve regularly. The hormonal changes during the period of calving
make the cow produce milk to feed their calves. The period of milk production is termed the
lactation curve. The production increases progressively to a peak production point and then
decreases to an off-stage termed as the drying period. This stage prepares the cow for her next
lactation cycle [20]. To continue the lactation cycle, cows must calve, and the fertility period
should be identified in time.

The early detection of estrus is important to ensure that the insemination takes place at
the right time Moreover, it should coincide with the ovulation process to ensure pregnancy.
Although ED has many challenges due to the short duration of estrus and subtle behavioural
changes, the estrus cycle of the cow is defined as the time period from one event of estrus to the
next. The cycle averages 21 days and is classified into four periods, including estrus, metestrus,
diestrus, and proestrus [6] [21].

The estrus period is the stage that indicates readiness for ovulation and sexual receptivity.
This is the period when cows display various behavioural and physical signs, including the
stand-to-be-mounted behaviour, increased activity, restlessness, and vocalisation. These signs
vary among cows, increasing variability. The period usually lasts 6 to 30 hours, With an av-
erage of 18 hours, it makes it difficult to detect early. The next stage occurs during metestrus,
which lasts 3 to 5 days, followed by diestrus, which lasts 12 days. The estrus period enhances
hormonal fluctuations, and the cow is no longer receptive to mating. The proestrus stage is the
beginning phase of estrus, which leads to ovulation [6]. Figure 1.1, presented in the introduc-
tion, demonstrates each stage of the estrus cycle along with its duration.

The shorter duration of estrus makes it challenging to detect in time. Early detection en-
hances the optimal reproductive capability in cows, and hence maintains the lactation cycle.
The herd population growth is also linked with the estrus cycle. A missed estrus delays the
calving time, hence affects the lactation cycle and decreases milk production. The economy of
the dairy industry completely relies on the accurate timing of ED [22]. It defines the biological
and economic requirement, which is essential for the growth of the dairy industry. Figure 2.1
shows the overview of the reproductive cycle along with the sequential phases of the dairy
cow. It visualises the progression from proestrus to diestrus, then to pregnancy, progressing
through calving, lactation, and the dry period.
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Figure 2.1: Overview of cow reproductive cycle(from [6])

Small-scale farms mostly rely on manual observations, and hence they face significant chal-
lenges that require more labor and a heavy workload to observe the cow on a 24-hour basis.
The higher herd population makes manual observation of estrus very hard. The missed rate
of estrus is high in the case of manual observation, and this leads to false breeding or open
days and hence, it will cause economic burden to the farms. The term open days refers to the
continued non-pregnant days in cows [23].

The automated ED methods using sensor data and AI may help to minimise the challenges
of heavy workload and reduce human interaction. Detecting estrus on time not only increases
milk production but also ensures healthier cows by reducing open days and ensuring the pro-
ductive life cycle. However, the shorter heat duration, variability in cow behavioural signs, in-
creased herd population, and increased workload have fueled the introduction of sensor-based
monitoring in cows.

7



2 Domain Overview

Thesemethods are now transforming into data-driven processes. This not only helps tomon-
itor the physiological conditions and biological factors that help inmaintaining healthy feeding
habits, but also assists in planning proper breeding treatments in cows. The following section
discusses the evolution of traditional methods to sensor-based systems such as the vitalimeter,
which tracks the cow on a 24-hour basis to monitor their biological and physiological patterns
to provide reliable insights for reproduction.

2.2 Sensor Based ED

The introduction of sensor-based tracking of cows reduced the complexity of the ED process.
It transformed the whole Industry in terms of herd and reproductive management. The signif-
icance of the sensor came to the scene when there were a lot of misjudgments occurring due
to manual heat detection methods. Research shows that during the first 60 days after preg-
nancy, 40% of cows exhibit silent estrus signals, which are very hard to capture [8]. All the
kinds of limitations possessed by traditional manual detection methods, along with the diffi-
culty in managing larger herds and the extensive labour requirements, highlighted the growth
of sensor technology in the dairy industry.

A wide variety of sensor technologies has been implemented in Industry based on the pur-
poses for which they are required. Some focus entirely on health tracking, while others are
attached to collars or legs, which have different functionalities that provide deeper insights
into behavioural and physiological data captured through the sensors [8]. Sensors are also
used for different purposes to ensure continuous health monitoring. The reproductive status
of cows.

Among the highly efficient and innovative sensors, Farmtec a.s. Developed a continuous
monitoring wearable sensor, vitalimeter. The vitalimeter plays an important role in this study
by providing TS data through the continuous capture of hourly behavioural and physiological
variations. By regularly capturing the physical activity, eating, and rumination patterns to-
gether with assessing the production and reproductive statistics of dairy cattle, it gives a better
overview to the farmers. The vitalimeter collects the hourly data of each cow individually and
processes this data with the help of a motion activity antenna. The motion activity antenna
aggregates the data from multiple cows and transfers it to the online application. The pro-
cessed data are visualised in an online application, and all the data can be accessed through
this platform. This ensures that the data of each herd is always available. It mainly focuses on
detecting the deviations from standard patterns that occur during the estrus period.

The vitalimeter is designed as a wearable collar type, which ensures wearability and acces-
sibility for each cow. The device reliably detects the first signs of heat because of this design.
The device collects high-resolution and TS data, which gives a clear idea about the cow’s be-
havioural changes during estrus events. By capturing data hourly, it ensures that there are
no missed variations [24] [25]. Figure 2.2 shows the workflow of the vitalimeter from data
collection to data storage.
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Figure 2.2: Data Collection using vitalimeter from [25]

Each dairy cow is given a specific identification number by the system, and individual cow
data are stored. The stored TS data can be accessed andmonitored through the central database
system. This raw data has to be collected and analysed for accurate ED. The data are prepro-
cessed to remove noise and should be analysed in depth using DL models.

2.3 Traditional vs Sensor-Based Detection

The main difference between traditional and sensor-based detection lies in the method used
to analyse the behavioural, physiological changes, and how those analyses can be assessed
for better decision-making. Table 2.1 indicates the different processes carried out in dairy
farms through traditional methods and sensor-based automated systems, along with their key
differences. It demonstrates the significant differences and the contrast between the methods
in the livestock management process. It showcases the ineffective traditional practices, which
create challenges that affect the health and productivity of dairy cattle.
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Table 2.1: Comparison between Traditional and Sensor-Based ED Methods

Processes Traditional Methods Sensor-Based Automated
Methods

Data Collection Visual observation of cows for
visible signs such as increased
activity or mounting tendency
[6].

Uninteruppted monitoring us-
ing sensors for capturing TS
data[12].

Detection reasoning Based on the observed be-
havioural and physiological
signs and farmer experience
[9].

Relies on detailed analysis of the
TS data, analysing all factors.

Accuracy Chances of human errors, Sub-
jective to the farmer.

Higher accuracy due to the ad-
vanced data analysis and pat-
tern matching [26].

Monitoring Duration Difficult to observe 24 hours. Continuous 24 hour observation
[12].  

Labour Requirement Heavy requirement of labour to
maintain the observation and
keep the data [9].  

Less labour requirement due to
an automated environment.

Data storage Paper-based systems [9]. Real-time monitoring dash-
boards and cloud-based storage.

Cost and Maintenance Low initial cost and higher
maintenance cost [9].

Higher initial cost and lower
maintenance cost [27].

Reproductive rate Low pregnancy rate due to
missed detection [9].

Improved Pregnancy rates
through accurate detection [8].

The traditional method, including Visual Observation, detects estrus through visible signs
such as increased movement and mounting behaviour [28] [29]. Although this method is con-
sidered accurate during the estrus period, the labour-based visualization of signs in larger herds
creates difficulties, and the shortage of labour reduces the accuracy of detections. The detection
rate is often below 50%. The major challenge during the estrus period is not only to detect the
events on time but also to ensure that no events are missed. Each missed estrus event causes
significant loss to the Industry and also affects the reproductive health of the cow. The physi-
cal workload, combined with the requirement of 24-hour observation, makes manual detection
highly labour-intensive and inefficient for large farms [29].

The above-mentioned problems and limitations of traditional methods reduce detection ac-
curacy and highlight the need for a data-driven process to overcome these challenges. Sensor
technologies have been implemented in the cattle farming industry to address the above limi-
tations. They play an essential role in modern dairy farming.
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Along with the fact that they emphasise real-time monitoring of each individual herd in the
farm, they also provide sequential temporal data for further analysis. Moreover, by reducing
the human errors in traditional methods, they pave the path for the widespread growth of
precise ED.

2.4 Challenges in Automated ED

Although the introduction of sensor-based monitoring technology has revolutionised the In-
dustry by improving efficiency and accuracy in ED, multiple challenges also make it pull back-
wards, which doubts its reliability and practical appropriateness. Since the sensor-based sys-
tems monitor individual cows, the challenge mainly arises because of the individual variability
in physical and biological conditions. The extreme environmental conditions affecting sensor,
scalable deployment, and the areas with limited energy supply, including power and internet,
also make the sensor-based systems difficult to manage [8].

Additionally, Farmtec a.s. has been faced multiple challenges such as signal interference that
was not present during the initial installation setup, wrong animal registration, the need of long
battery life and the sensor attachment difficulty with cows. To overcome this, there must be a
need for periodic maintenance of the sensor devices, and it showcases the need for more labour
in the farm [27]. There must be a need for backup plans to replace the malfunctioning ones,
since each hour of tracking is necessary in the field to ensure accurate reproductive health.
Although the sensors have been placed with specific design and suitability according to the
cattle, such as neck collar design, this sometimes leads to damage easily because of the cattle’s
behaviour or intervention [8]. This makes interruptions in the data collection, and needs to be
addressed early. The periodic maintenance requires the continuous replacement of the battery,
as well as continuous health tracking, to ensure the proper functioning of the sensors.

One of the significant obstacles lies in the reliability of the tracked outcomes because of false
positives and false negatives. The inaccurate monitoring or the false signals produced by the
cattle are the main reasons behind this. The increased activity may be because of different
reasons, such as regrouping or feeding requirements. This can be misinterpreted and creates
false signals [27]. Alongwith this, anothermajor issue lies in the data imbalances in the dataset.
The difficulty in detecting the heat arises from the fact that the time span of estrus is very short.
It only occurs for a few hours in a 21-day estrus cycle. This itself indicates that most of the data
collected should be from non-estrus periods rather than estrus. The unevenly skewed dataset
makes the detection hard since the negative class overtops the positive signals.

Addressing this data imbalance requires a highly precise and highly intelligent DL frame-
work. Lastly, the need for improving the generalisation also arises as a major challenge in the
field. The practical applicability in real farm conditions is only applicable in this way. This
challenge arises the need for a highly distinguishable framework that can handle the complex
TS data, which includes heavy data imbalances.
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As outlined in Chapter 2, ED in dairy cattle has been a top research subject in livestockmanage-
ment for the past few decades, transitioning from manual observation to the latest data-driven
and automated systems. While the previous chapters explained the life cycle mechanisms and
technologies behind the detection of estrus, this chapter presents a critical review of the earlier
studies focusing ED, arranged chronologically that exhibits the development of technologies
and the detection techniques. The section starts by introducing the traditional methods, contin-
ues with the advancement in automated sensor technologies, ML approaches, DL models, and
latest innovations involving uncertainty estimations and development in analytical techniques
through AI. Each section summarises the achievements, focuses on the comparative insights
arising from the research, and eventually identifies the research gaps that the present thesis
addresses.

3.1 Overview of Related Studies on Estrus

As one of the decisive factors which influences the dairy herd productivity, there has been a lot
of research underway in the ED process. The earlier studies focused on getting detailed insights
into the behavioural and physiological changes during estrus. It quantified the manifestations
of estrus such as the mounting behaviour patterns, activity fluctuations, especially restlessness,
vocalisations andmucous discharge. It was Senger [30] and Roelofs et al. [31] documented that
fewer than half of all estrus events of high production cows have been captured using purely
visual observation. The reliability of the outcomes of these methods has been reduced due to
the short estrus duration and the increased silent estrus periods in modern dairy breeds. The
need for automated methods to surpass the existing methods is clearly explained in the study
done by Senger. ED remains one of the most important reproductive problems in the dairy
industry, leading to substantial economic losses [30].

To overcome this subjectivity of decisions through visual observations, scientists investi-
gated several ways, including monitoring hormone concentrations in milk and blood plasma.
It helped to predict the time of ovulation in dairy cattle and hence help in the accurate in-
semination process of dairy cattle [32]. However, this approach tends to be very difficult in
applicability because of the requirement of laboratory analysis, technicians, high cost and time
consumption. Several studies utilising technologies such as palpation and transrectal sonogra-
phy have been employed as part of reproductionmanagement strategywith improved precision
[33], later found to be impractical for large-scale operations.

These studies collectively conclude the limitations in manual and semi-manual methods,
especially the limitations in deploying on a large scale for estrus monitoring and compromising
the cost concerns. This outcome emphasises the need for integration of sensor technology into
the reproductive management system.
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3.2 ED using Sensor Technologies

With the rapid shift from traditional systems to automated methods, there have been different
studies conducted utilising behavioural monitoring using sensor technologies. It is predomi-
nantly applied to track the behavioural changes undergone in cattle and to track the symptoms
during an estrus period. Such studies are listed in the sections below.

3.2.1 Activity Based Sensor

The step-by-step progress towards automation can first be witnessed through tracking the ac-
tivity. Activity monitors, pedometers and accelerometers have been widely used. Lovendahl
and Chagunda [34] [35] made use of physical activity monitoring for ED in cows and demon-
strated that the activity measured by pedometers increased approximately 2- to 3-fold during
the estrus period, and had detection sensitivities approaching 90% [34] [35]. Eeman At-Taras
and Spahr [36] also showed the efficiency of activity-tracking systems and highlighted the high
ED efficiencies of 86.8% using an electronic heat mount detector and 87% using an electronic
activity tag for the characterization of estrus, whereas visual observation achieved only 54.4%.

Later, the studies completed by Reith and Hoy [29] showcased the comparison between the
devices mounted on the neck and leg, and concluded that the neck-mounted devices captured
the behavioural changes earlier than pedometers. Although there have been several improve-
ments in tracking the movements and proving the relation of it with estrus, the activity-only
The monitoring system has the chance to produce false alarms because of changes in diet or
social regrouping.   Therefore, The system incorrectly flags the wrong stage as estrus [37]. This
challenge opened a path to research more on behavioural indicators and to combine them with
other measurements, such as physiological factors, which created a multimodal system.

3.2.2 Physiological and Multimodal Sensors

Maria Munkøe et al. [38] focused on evaluating rumination-time changes and observed the
decrease in rumination during the estrus period. This study also evaluated the individual vari-
ability among the herds and observed the variations in different cows.

Similarly, the study done by Kathrin Henriksen et al. [39] explained the low correlation be-
tween rumination measurements completed through sensors and direct observations. It shows
the good efficiency of sensors in overcoming direct-observation limitations [39]. The physio-
logical factors similar to rumination have also been found useful — especially milk conductivity
and electrical resistance — because both relate to hormonal fluctuations [40].

Rutten et al. [41] combined the activity, rumination and ear temperature into an integrated
decision system and improved the sensitivity to 92% and specificity to 89%. To support real-time
analytics, farms have been deployed with sensors like vitalimeter, which enables the continu-
ous monitoring of physiological factors [24].

All these factors relied on the correlations with each other. The individual variability and
the seasonal changes make these multimodal sensors challenging to adapt [27].

Although the studies show significant improvement when using multimodal sensor data,
Rutten et al.’s study [41] of integrating multimodal sensors faced high false-positive alerts.
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Consequently, researchers started focusing on fusing ML algorithms with multimodal sensor
data, which is capable of studying the non-linear relations between the behavioural and phys-
iological characteristics.

3.3 Machine-Learning Approaches for ED

ML approaches opened up the possibility of data-driven predictive modelling.
Wang et al. [42] demonstrated how ML techniques enhance ED by utilising location and

acceleration data. They studied k-Nearest Neighbour and achieved around 73–90% accuracy.
Back-Propagation Neural Network also showed accuracy up to 95% and Linear Discriminant
Analysis up to 85%. The study concluded that ML along with wearable sensors produced better
results than visual observation [42].

Shogo Higaki et al. [43] studied the feasibility of ML in behavioural sensor data collected
by monitoring the ventral tail-base surface temperature. Behavioural data has been researched
several times through different ML algorithms to find the best-performing one.

Malik Ergin et al. [44] have done similar research on behavioural data across seasons. They
conducted the study on different algorithms, including Support Vector Machine, Random For-
est and several other algorithms. It was found that Multivariate Adaptive Regression Splines
performed better, with an accuracy of 0.95 and an AUC of 0.85 [44].

Although most of the studies compared across comparable algorithms, these analyses re-
vealed some consistent drawbacks as well. It includes:

• The heavily imbalanced datasets, where estrus instances occurred less than 10% of total
observations [42].

• The issue with generalisation capability, which made consistent weaknesses in the stud-
ies [44].

The imbalanced datasets even lead to a higher bias towards the majority class, and the dif-
ferences in herd-to-herd behavioural characteristics also induced weaker results.

3.4 DL Approaches: Temporal Models

DL advances towards the heat detection process, especially by making use of temporal data
provided by leveraging sensor benefits by monitoring specific behavioural and physiological
characteristics. It includes the studies using models like RNN, especially LSTM networks, and
hybrid models combining Convolutional Neural Network (CNN) architecture with temporal
modelling structures. All these studies analyse patterns, help in detecting the estrus and pre-
dicting optimal insemination times. A significant contribution to the field was provided by
Wang et al. [45]. They have studied and implemented DL based on estrus behaviour detection
using CNN-based detection and YOLO detection pipelines. Their work used the important vi-
sual indication of estrus (standing heat), which is the mounting tendency showcased by cows,
by capturing the posture keypoints of these cows [45]. This study highlighted the role of visual
DL that can be integrated with sensor-based systems.
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The studies collectively point out that by integrating the temporal information along with
spatial details,  DL achieves more precise estrus prediction.

3.4.1 RNNs

RNNs represents a general class of DL models designed for the processing of sequential infor-
mation while retaining the hidden state information from previous time steps. LSTM networks
form a type of architecture that enhances the basic RNN architecture with the concept of gated
memory to improve the learning of long-term dependencies [46]. The development in estrus
prediction brought by RNN and LSTM contributed by their peculiarity in modelling the tempo-
ral data, especially sequential or time-dependent raw sensor data patterns. The studies focusing
on these models showcased significant progress in farm technologies. Chen et al. [47] show-
cased a direct implementation of a standard RNN for ED, whereas they have proposed an LSTM
network which has been trained on 24-hour based behavioural data utilising the behavioural
features. The model has achieved 0.95 AUC despite having a large class imbalance between
estrus and non-estrus events. This study concludes that the memory-based modelling benefits
the estrus detection than feed-forward networks.   Beyond ED, researchers also focused on
learning the reproductive transition, which also made a crucial impact in the studies for estrus
prediction. The study done by Keceli et al. [48] used activity and behavioural data for calving
predictions using RNNs. Since calving and estrus have been closely related, and indications
are through the behavioural shifts, this study demonstrated that recurrent architectures are
beneficial for reproductive forecasting.

Similarly, the study on the topic ”Classification of cattle behaviour and detection of heat
using sensor data” done by Druv Dakshinamoorthy et al. [49] focused on different models for
effective detection of heat using sensor-provided data. Their study, using the LSTM model,
correctly identified four heat days out of a total of 4 heat days in their dataset and identified 19
out of 20 non-heat days in their test set. This shows 96% of accuracywith only one false positive
[49]. Although there have been several limitations in the study , such as the small evaluation
set, the study provided an insight regarding the effective combination of LSTM with sensor
data , which can be helpful in flagging estrus days. Thus, the studies stated above give several
conclusions, such as:

• LSTM networks can be used strongly and precisely in the early class imbalance condi-
tions over daily andmultiple windows, even capable of achieving higher accuracy results
only using accelerometer and such behavioural data from sensors [49] [47].

• RNNs are well-suited for the studies of reproductive forecasting, such as calving, indi-
cating their implementation capability [48].

3.4.2 Why LSTM Networks?

Estrus behaviours include the following, which occur over time [50] [51] [52]:

• a gradual increase in activity,

• subtle decrease in rumination routine,
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• changes in feeding,

• and multi-hour behavioural fluctuations.

These demonstrate either short cycles, especially variation from hour to hour or long cycles.
In contrast to traditional ML, LSTMs are able to capture information about what has been
observed through the memory gate [53] [49] [47]. Standard RNNs are known to have limitation
in terms of vanishing gradients during backpropagation through time. However, this issue has
been mitigated in LSTM networks through gated memory cells that allow information and
gradients to pass through in order to ensure stable learning over long sequences [46] [54], so
that they can:

• learn when changes in behaviour start,

• understand about long time patterns in the data,

• recognise historical context appropriately,

• and identify sequences showing similar profiles to estrus.

This is why LSTMs are suited tomodelling the biological rhythm associatedwith the expression
of estrus.

3.4.3 Deep into the LSTM

The LSTM, proposed by Hochreiter and Schmidhuber, was an attempt to rectify the issue af-
fecting standard RNN networks, their weakness in handling long dependencies effectively in
sequential data [54]. LSTM unit maintains two internal states: the cell state ct and the hidden
state ht [53].

Both of them together make the network store and update data across time. The data flow
can be managed by three mechanisms in the model [53].
Forget Gate
Decides which past data should be handled or removed:

ft = σ (Wfxt + Ufht−1 + bf ) (3.1)

Input Gate
Determines which new information about data should be passed on:

it = σ (Wixt + Uiht−1 + bi) (3.2)

Along with the memory:

c̃t = tanh (Wcxt + Ucht−1 + bc) (3.3)

Output Gate
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Controls the data flow from the updated cell state to the next layer:

ot = σ (Woxt + Uoht−1 + bo) (3.4)

State Updates
The cell state and hidden state :

ct = ft ⊙ ct−1 + it ⊙ c̃t (3.5)

ht = ot ⊙ tanh(ct) (3.6)

These formulas illustrate how an LSTM utilises the newest behavioural input and historical
information carried from previous steps. The capability is critical for the detection of estrus,
since more information is conveyed by the interaction of the behavioural variables over time
rather than any single measurement.

3.5 Baseline Models

In this thesis, the Performance of the ED framework based on the LSTMmodel is contextualised
by implementing two traditional machine learning models: LR and Linear SVM. The motiva-
tion behind choosing these models is based not on their superior performance in modelling
sensor data, but rather because they are two well-established and theoretically complemen-
tary approaches to supervised learning. Both baselines share the same aggregate input feature
representation as the LSTM model, thus facilitating a fair comparison that isolates the value-
added component of temporal modelling.

3.5.1 LR

LR is a probabilistic linear classification model that estimates the posterior class probability.
LR has been considered as a reference model in statistical modelling because of its ability to
interpret, mathematical transparency and the robustness in weak signal and class imbalance
settings [55].

Unlike more complex models, LR enables an easy link between input variables and predic-
tions on the basis of the estimated coefficients [55]. This makes LR especially suitable as a
reference model when understanding decision behaviour or probability calibration is of im-
portance, as in the area of health-related or biological event predictions.

In the context of ED, the role of LR is that of a non-temporal and low-complexity model,
which demonstrates how much discriminative information can be derived from aggregated
behavioral features alone, without using temporal information.

3.5.2 Linear SVM

Linear SVMs are classifiers that aim to find a hyperplane maximizing the class separation mar-
gin. The success of Linear SVMs in high-dimensional spaces, their interpretable mathematics,
and robust defences against overfitting make them a baseline learning model in classification
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tasks. The literature has clearly emphasised the stability of Linear SVMs in moderate levels of
class overlaps and additively dominant feature relations [56]. The Linear SVMs in the current
work serve as a basic linear model to illustrate the separability capability of the feature space
that could be derived in the absence of temporal structure and hierarchical feature learning
processes.

Reason for Using These Baselines:

• Both LR and Linear SVMs represent two completely different yet popular linear classifi-
cation techniques.

• LR provides a probabilistic solution with interpretative capabilities to show just how
likely events of estrus occurrence can be determined from aggregated features by means
of probability inference [55].

• The linear SVM focuses on the concept of margins for separation and reflects the sep-
arability of the feature space from a geometric viewpoint, not incorporating sequence
information to provide a direct evaluation of the role of temporal representation learn-
ing provided by the LSTM model [56].

Both baseline models have the same input processing and representation mechanism as in
the LSTMmodel. The role of these baseline models in the thesis is not to outperform sequence-
based DL methods, but to offer clear, replicable, and tractably justified points of comparison to
assess the value added by temporal representation and uncertainty quantification.

3.6 Summary

The summary of studies, along with the table 3.1, reveals a focused transition from individual-
based visual observations to an automated data-driven and model-based heat detection. The
researchers focused on establishing a close relation between the physiological and behavioural
characteristics of estrus. Especially, sensor studies revealed the association of estrus signal with
changes in activity, rumination, and temperature [34] [35] [36] [29] [37]. While the ML ap-
proaches showcased the possibility of exploiting non-linear patterns in this behaviour, despite
the class imbalance and generalisation challenge [42] [43] [44], DL–based studies, especially
those involving LSTM-based architectures, advanced the reproductive forecasting by learning
behavioural long-range dependencies over the highly imbalanced conditions of the hetero-
geneity in the individual behaviours, the treatments of imbalanced data and the difficulty or
challenge in early-level predictions. These challenges motivated the pathway to the evolution
from traditional methods to automated predictions. Such gaps motivated us to focus this study
on a pure LSTM-based architecture, supported along with the uncertainty estimations in the
methods [47] [48] [49] [58] [57].
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Table 3.1: Summary of ED Approaches, Data Sources, Methods, Findings, and Limitations

Category Studies Data or Sensors
Used

Methods Applied Findings Limitations Identi-
fied

Traditional &Man-
ual Methods

Senger [30], Roelofs
et al. [31]

Visual observation,
behaviour signs

Manual inspection less than 50% of estrus
events detected, silent
heats common

Labour-intensive, sub-
jective, short estrus
duration reduces ac-
curacy

Hormonal and
Veterinary Tech-
niques

Van Eerdenburg et
al. [32], Bagley et al.
[33]

Plasma proges-
terone, milk hor-
mones, palpation,
sonography

Laboratory analy-
sis

High physiological
precision, improved
ovulation timing

Expensive, slow,
impractical for herd-
scale daily monitoring

Activity-Based
Sensors

Løvendahl & Cha-
gunda [35] [34], At-
Taras & Spahr [36],
Reith & Hoy [29]

Pedometer, ac-
celerometer

Activity indexing
with threshold-
based alerts

2-3 times activity in-
crease during estrus,
sensitivities up to 90%

High false positives
(diet change and re-
grouping), behaviour
varies between cows

Physiological &
Multimodal Sen-
sors

Henriksen et al.
[39], milk conduc-
tivity studies [41],
Rutten et al. [17]

Rumination sensors,
temperature, milk
conductivity, ear
sensors

Multimodal fusion,
heuristic rules

Rumination decreases
during estrus, mul-
timodal systems
improve sensitivity
(92%) and specificity
(89%)

High cow-to-cow
variability, environ-
mental influences,
false-positive alerts

Classical ML Ap-
proaches

Wang et al. [42], Hi-
gaki et al. [43], Er-
gin et al. [44]

Accelerometers,
tail-base sensors,
seasonal datasets

SVM, Random For-
est (RF)

Accuracy up to 95%,
ML captures nonlinear
relations

No temporal mod-
elling,MLsevere class
imbalance, weak
generalisation across
cow

LSTM and RNN-
Based Models

LSTM Estrus Model
(Chen et al. [47]),
Calving RNNStudy

Behaviour se-
quences (24h),
multi-day physio-
logical & activity
data

LSTM, stacked
RNN

AUC up to 0.89,
strong ability to
capture long-term be-
havioural deviations

Imbalanced data, lim-
ited evaluation across
multiple farms

DL Models Beyond
Pure RNNs

NB-IoT LSTM
Hybrid [57],  ML-
Hybrid Baseline
[58]

IoT behavioural
streams, multi-
variate activity,
ML-classified activ-
ity

CNN-LSTM, mul-
tistage hybrid
pipelines

Sensitivity up to 94%,
improved feature ex-
traction

Computationally
complex, not adopted
in this thesis, lim-
ited generalisation
research
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4 Methodology

The methodology has been designed in collaboration with the company Farmtec a.s. The com-
pany has proposed the LSTM network as a solution for early ED because of its suitability to the
TS data. This data will be collected and preprocessed to ensure its quality and consistency. The
chapter focuses on building a complete pipeline by compounding the biological and technical
information collected from the previous chapters.

The methodology chapter sticks to a structured workflow. Beginning with the farm setup
and data collection procedure being explained, the chapter outlines the pre-processing and fea-
ture engineering principles followed in the implementation. The methodology is prominently
devoted to the design and implementation of the LSTM model with different prediction hori-
zons. Along with the descriptions of the study setup and the different modelling strategies, the
chapter concludes with the estimation of predictive uncertainty, which is relevant at the time
point of reproductive decision-making.

4.1 Farm Setup and Data Collection

The dataset used in the study was provided by Farmtec a.s., the industrial partner of the study.
They operate and generate the modernised livestock technologies for dairy farms. They have
integrated technologies, especially sensor technology, including vitalimeter, to enable the hourly
based monitoring of each cow in the farm. The data collected are visualised and accessible
through a farm management application. This helps the farmers to analyse the trends of the
behavioural data. The data collected through the smart neck collar (vitalimeter) is stored on
Farmtec a.s. internal company server. Users access and operate the system via the online ap-
plication vitalimeter.com, which serves as the primary interface for viewing dashboards and
managing the data. The specific farm operational and business details remain confidential. The
overall data-collection process and the automated monitoring of each cow showcase a modern,
innovative dairy management system.

4.1.1 Behavioural Tracking and Indicators

Farmtec a.s. has deployed this real-time monitoring system for cows in the farm on an hourly
basis, which helps to track the behavioural and physiological measurements continuously. The
ordered hourly representations, along with the numerical categorization of individual herds
separately, enable a seperation between each cow’s data. It helps in not having mix-up of data
between different herds. This system together enables the shifts in the values and evolving
patterns to be captured over time. This creates a profile for each cow tracking the behavioural
shifts with the changes in intensity and stability of transitions in the cow’s physiological state,
indicating the chance of estrus.
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The dataset consists of TS measurements of how each cowmoves, and maintains the feeding,
as well as the intensity of the rumination done by the cows. This characteristic has been ob-
served over the days to find the characteristics exhibiting a reproductive phase, the estrus in the
dataset is expert-labelled. Besides this sensor-captured information, general cow-level back-
ground information is taken. The reproductive status and age category information provide
contextual knowledge about the herd for understanding the individual behavioural variations.

Among the behavioural characteristics mentioned, three categories play a central role in
estrus due to their consistent physiological involvement in the reproductive phase. Firstly, the
herds increase their physical activity up to four times, especially the number of steps taken per
hour [50]. The activity-related measurements show a significant shift or sudden spikes as the
herds become more restless and socially stimulated while having estrus.

Secondly, rumination accompanying food intake in herds also tends to show interruptions
and reductions. This showcases the hormonal adjustments that give insights into estrus [51].
Thirdly, the change in behavioural priorities can be observed through the feeding-related char-
acteristics in cows. It also exhibits the sudden declines and irregularities in the feed intake
individually [52]. Analysing this behavioural and physiological characteristic gives partial in-
sights. However, those characteristics observed together will provide meaningful signatures
for the biological processes underlying the estrus. By evolving meaningful sequences in the
pattern of these behavioural shifts, the indicators point out the estrus onset.

Figure 4.1 shows the behavioural changes during estrus period , which points out the estrus
pattern shifts in the indicators. This time-dependent behavioural shifts are integrated with the
sequential modelling approach developed in this thesis, to enable the LSTM architecture to
learn the temporal characteristics and the information pattern between activity, rumination,
feeding and estrus prediction approach.

Figure 4.1: Behavioural shifts during estrus (provided by Farmtec a.s.)

21



4 Methodology

4.2 Development Environment, Tools, and Frameworks

The development approach of this thesis is drafted to efficiently support the easy and optimal
handling of data, the Processing of sequential data, and the execution of uncertainty-based
experimentation. In this case, the entire process of testing and analysis in the models and
methodologies utilised have been implemented in Python and executed in Jupyter Notebook
hosted on the Visual Studio platform that supports exploratory series analysis steps for trans-
formations and Evaluation procedures.

4.3 Data Sources and Format

The type of dataset that is used in this thesis is Comma Separated Values (CSV) files gener-
ated from Farmtec a.s.’s behavioural monitoring system. CSV files contain hourly behavioural
recordings for 296 cows, along with the factors such as activity, rumination, feeding and repro-
duction status markers, along with generic details such as age category. The Entire Processing,
including data loading and data pre-processing, was carried out on the CSV files via Python’s
pandas library. It supports strong-index-based merging and grouping, along with cleaning,
with suitability to sequential models [59].

4.4 Tools and Libraries

A full suite of Python libraries facilitated the entire modelling workflow, starting from pre-
processing and sequence creation to the construction of deep models, as well as calculations
for estimates of uncertainty. TensorFlow and Keras were used for the LSTM architecture, as-
sociated layer definition, dropout, model compilation, train loops, and predict functions. Such
libraries offer acceleration via GPUs, along with ample flexibility that suits time-based deep
models.

Python libraries such as NumPy and pandas were used for numerical computations and
manipulation of the data. Scikit-learn libraries were providing traditional ML solutions, train-
test-splitting solutions, handling imbalanced classes, hyperparameter tuning, tools and metrics
such as precision, recall, F1, ROC-AUC metrics.

Throughout this project, Matplotlib and Seaborn libraries were used for visualization pur-
poses, such as plotting TS series data, sequence distributions, windows of predictions and his-
tograms of uncertainty calculated via the MC dropout.

4.5 Workflow

Themethodological workflow of this thesis consists of a sequential approach of stages that will
allow the raw behavioural observations to be modelled as hourly predictions on the estrus and
the measures of quantified uncertainty. This methodological procedure includes the prepara-
tion of data, including the pre-processing, high-level feature engineering, sequentialization of
behavioural observation and LSTM modelling.
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Figure 4.2: Work flow

A schematic representation of this workflow is shown in Figure 4.2, which visualises the key
elements within this analytical workflow. This workflow begins with importing raw hourly be-
havioural recordings derived from the monitoring system within the farm. Following prelim-
inary processing, including data cleaning and formatting, the data undergoes sequence pre-
processing, such as normalization and the establishment of higher-order temporal features.
These phases of processing remain intentionally carried out at a generic level according to
the requirements imposed by the company’s confidentiality. This pre-processed form of the
dataset will then be further sorted chronologically in terms of individual cows and prepared
for sequential modelling by creating fixed-length windows of input.

After organizing the behavioural histories into sequences, the task of ED can be defined
as a sequence classification. Each sequence represents a fixed prediction horizon, either the
current estrus condition, or the estrus condition of the cow in the future 3 , 6 or 12 hours.
These sequences are associated with labels generated based on the tracked estrus condition.
After this, a cow-level split is used, which divides the dataset into train, validation and test
sets. This ensures that the behavioural histories of cows within the test set will not be seen in
any form through the entire model training process.

Model development has been conducted through two different evaluation approaches,
1. A population-level LSTM model that focuses on shared cow behavioural dynamics.
2. An individual-level LSTM evaluation approach, model is assessed at individual cow level.
Although the same structural design is used in both cases, their focus differ in how perfor-

mance is evaluated across cows. In population level approach, the train, validation, and test
split is done in a way that the entire set of sequences of cows in the test split is completely
unseen during training and validation, which allows a non-biased estimation of generalization
performance. In contrast, for individual-level assessment, the data from all cows is taken for
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each split while maintaining the temporal ordering within each cow, allowing performance
assessment of the same trained model for each cow separately. Population level evaluation
highlights overall system performance on unseen cows, while individual level evaluation re-
flects the model performance variability across cows under similar training conditions.

4.6 Data Preprocessing

The pre-processing phase helps in preparing the raw behavioural data from the real-world
farms into a clean and consistent form suitable for sequence-based modelling. Taking into
consideration that the dataset was collected from real-world farms, some natural occurrences
such as missing information, noisy behaviours and real-world hourly variations are expected
to be visible in the data provided. However, a series of high-level pre-processing phases was
carried out to keep intact the integrity of the information and meet the objective that all mod-
elling phases will be supported with reliable inputs. These phases will comply with industry
best practices for TS preparation, without revealing any proprietary information on their han-
dling of the data, which was provided by Farmtec a.s.

4.6.1 Data Cleaning and Structural Preparation

The first stage of pre-processing was concerned with ensuring that the record of behaviour for
each cow formed a continuous, structured TS. The Some general principles of cleaning were
carried out, such as ;

• Treatment of missing data with conventional TS methodology to ensure uninterrupted
sequence generation.

• Removal or smoothing of irregular entries, which means the filling gap between the
data that may occur due to the temporary loss of sensor signals, communications and
environmental disturbances.

• Maintaining chronological order by ensuring the timestamp orders of recorded date so
that the sequence of behaviours for each cow can be computed without any temporal
inconsistencies.

• Filtering entries that have partially or largely incomplete behavioural profiles, as their
lengths will not meet the minimum requirements posed by the LSTM structure.

All this was done with expertise with reference to the conventional scientific methodology
in preparing TS for behavioural studies and made sure not to reveal the internal workings of
the firm.

4.6.2 Normalisation and scaling

To aid with stable optimization, variables representing behaviours were transformed through
the use of standardised normalization. Normalization promotes equal weighting of variables
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with significant differences in magnitude (for instance, activity monitored values and rumina-
tion time) as contributions towards the model’s representations.

Although the specific transformation functions will not be shown due to confidentiality, the
process did follows principles, such as:

• Scaling behavioural features to identical ranges,

• Lowering the dominance of features with large numerical scales,

• Maintaining temporal structure without modifying the form of behaviours, and to at-
tain uniformity amongst the cows. These schemes for normalization are consistent with
conventional sequential models and allow for effective optimization through gradients
in deep neural networks.

 

4.6.3 Feature Engineering

In feature engineering, further behavioural and temporal information was derived from the
basic rawmeasurements provided. Although the nature of feature engineering is proprietary in
accordance with Farmtec a.s., this includes the types of transformation that will be mentioned
further below. These consist of:

• Short-term behavioural details that capture behavioural shifts over recent hours.

• Long-term behavioural summaries implying the gradual development of a trend or pat-
tern.

• Relative behavioural changes that refer to deviations of present behaviour from the cow’s
usual behaviour pattern.

• Lagged behavioural features, created by including previous hour values to provide tem-
poral context for non sequential models.

• Temporal contextual markers, such as those that show day or periodic cycles.

• Aggregatedmulti-scale indicators, thatmerge the short termwith the long term for better
representation.

Such designed categories allow the model to train on changes in behaviour over different
time scales, which is essential for heat detection. However, the specific transformation rules,
variables, and numeric ranges remain unexposed to protect the secrecy of the intellectual prop-
erty of the company in feature processing.
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4.6.4 Sequence-Based Learning

After cleaning, normalization and transformation of the behavioural data into structured rep-
resentations, the dataset was ready for sequence-based modelling. The procedures include
specific criteria such as

• Organizing behavioural records for individual cow.

• Providing fixed-length windows of time.

• Aligning sequences with prediction horizons, and generating labels for different estrus
labels at different future time intervals.

Such top-level steps guarantee compatibility with the LSTM architecture, as LSTM models
expect their input tensors to be ordered in time.

Details of the sliding window, internal thresholds, and proprietary segmentation schemes
remain unspoken as they relate to elements within the protected pipeline used by the partner
company. However, will focus on principles supported within academics with regard to the
transformation from raw behavioural observation into a structured form.

4.7 Problem Formulation and Sequence Generation

Theproblem of ED in dairy cows can be termed as a sequence-classification problem, which has
the goal of classifying the estrus state of an individual cow based on the sequence of behavioural
patterns. Since the onset of estrus behaviour occurs not incidentally, but as a pattern over
time, the modelling strategy needs to address the behavioural patterns as they develop over
the period of an hour. The basic concept is that for every individual cow, the sequence of her
behavioural patterns needs to be translated into a sequence of similar length. Every sequence
contains the behavioural patterns recorded for consecutive periods of an hour. This forms the
inputs for the model and are labelled according to the individual cow’s estrus state.

4.7.1 Prediction Windows and Target Variable

Detection of estrus not only involves finding the present status, but also needs the prediction
of the impending onset of estrus. The predictions in advance is crucial for the accurate and
timely inseminations to ensure the continuity of the reprodutive phase.

In such predictions, the following four prediction horizons are considered in the study.

• current estrus cycle phase (0-hour window)

• 3 hour prediction

• 6-hour prediction

• 12-hour prediction
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These horizons are specified relative to the last step of the input sequence.
Estrus prediction is framed as a binary classification task:

y
(w)
t ∈ {0, 1}, (4.1)

where 1 denotes estrus and 0 denotes non-estrus at window w.
For a window ending at time t, the prediction target for horizon w is defined as:

y
(w)
t = E(t+ w), (4.2)

where w ∈ {0, 3, 6, 12} and E is the estrus status at t+ w time .
This formulation makes it possible for the model to learn not only the behavioural signature

of estrus but the behavioural precautions that begin to emerge well before the onset of the
estrus period. Having multiple horizons makes it possible for direct comparisons to analyse
the degree to which the behavioural patterns influence the timing of estrus and the degree to
which estrus can be predicted.

The model is optimised through loss functions, which are suitable for handling imbalanced
datasets. This way, the model learns to differentiate estrus from non-estrus over different pre-
diction windows. The specific methods and loss function to handle an imbalanced dataset are
going to be tailored in the study, which can be explained later in the upcoming sections.

4.7.2 Sequence Construction

When formulating label-aligned sequences, it is important to respect the time structure. For
each cow:

• Sort the behavioral TS in chronological order.

• Generate sliding windows of length ’L’.

• For every window that ends at time ’t’, assign the label based on the chosen ’w’.

Windows near the dataset edges that cannot be adequately labelled are discarded. This guar-
antees that every training input has a clear and specific target. The sequences reflect the most
recent behavioural trajectory up to a potential estrus event, and the labels indicate the time
at which estrus occurs in such a way to determine whether it occurs at or after the sequence
boundary.

To avoid information leakage across data splits and keep things biologically realistic, the
sequence generation preserves the natural order of events. It ensures that the data across
different cows will never be crossed. This approach allows the model to capture not just the
typical behaviour during estrus, but also the behavioural changes that appear hours before the
heat begins. By looking across several time windows, we can directly compare how patterns
unfold over time and how early an estrus can be reliably predicted.
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4.7.3 Dataset Partitioning for Sequential Modelling

For population-level modelling, the data is split into training, validation, and test sets with a
split based on individual cows. This ensures that a particular cow appears only in one split.
This design guarantees that there is no data leakage, which would create a chance for the model
to memorise cow-specific characteristics instead of learning general estrus-related dynamics.

A representative split used in this study consists of a ratio :
1. Training set: approximately 70% of cows.
2. Validation Set: approximately 10% of cows, the held-out cows for hyperparameter adjust-

ment.
3. Test set: approximately 20% of cows used for evaluation.
By this division, the Cow level split is enabled, and this reflects the model’s ability to gen-

eralise on profiles that have never been observed before, it satisfies the crucial requirement
in practical ED models. This avoids overlapping of individual behavioural characteristics and
guarantees that the test performance measures generalisable behaviour rather than memoriza-
tion. Cow-level split is important in behavioural modelling because cows have unique patterns
in feeding patterns, activity rhythms and rumination tendencies that should not mix between
training and testing. For individual-level evaluation approach, data split has been done chrono-
logically within each cow into training, validation and test sets approximately 70%, 10% and
20% respectively.

4.8 Model Design and Implementation

The behavioural symptoms unfolding before the estrus cycle take several hours and often in-
dicate a progressive transition rather than a sudden occurrence. These dependencies cannot
be captured by models that treat the observations independently, without considering the his-
torical relations and combinational spikes of features. Hence, the modelling approach should
capture the temporal dependencies, and the study is based on LSTM networks. It is a type
of RNNs tailored to learn such dependencies by retaining information over long time periods.
LSTMs are useful tools to recognise estrus because they are able to accumulate behavioural
paths [49], such as increasing peaks of activities and reducing rumination into a representa-
tion. The adopted approach is expected to predict how such behaviours tend towards estrus.

The design of themodels in thiswork is built on two differing approaches. Firstly, population-
level modelling that is based on learning behavioural patterns shared across the entire herd of
cows. It is assessed by training model on a subset of cows and evaluating it on seperate set of
completely unseen cows. Secondly, the individual-level evaluationmethod, which the data par-
titioning has been done chronologically on each cow and trained on pooled training segments
across all cows. The model performance is assessed based on the pooled training segments,
where the model makes predictions about the future outcomes of estrus in individual cows
based solely on their past measurements while preserving temporal nature.
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4.8.1 Architecture

The LSTM network designed should be capable of capturing temporal patterns related to estrus
while functioning effectively even when faced with a high level of class imbalance or scaled
data. All these considerations were based on domain expertise and experimentation.

Input Representation :

The input samples are modeled as fixed-length temporal sequences that have:

• Sequence length, L = 24 (24 hourly observations)

• Features, F = 14 behavioural and contextual variables

The choice of thewindowwas based on the biological cycle of estrus, whose typical dynamics
are measured within the Daily Time Window of 24 hours. Using the shorter time windows
would lose the context, and longer windows would result in redundancy.

Recurrent Layers (Stacked LSTM) :

The architecture is composed of two layers of LSTM:
• First LSTM layer with U = 64 units

• Second LSTM layer with U /2 = 32 units
This setup is capable of doing hierarchical temporal learning, with the first layer learning

the fluctuations of activity in the short term and the second layer learning the patterns in the
higher level. The number of units was set using the hyperparameter tuning results, with larger
configurations not being beneficial and at risk of overfitting.

Regularization (Dropout) :

The dropout rate of 0.4 is used after each LSTM and dense layers. The rate of 0.4 is determined
after analysing the results through different executions and reflective of the fact that a strong
regularization is required in this case due to:

• Less estrus events.

• High temporal correlation among sequences.
Moreover, the incorporation of dropout allows for the estimation of uncertainty in the later

stages through the use of MC Dropout, explained in the upcoming sections.

Fully Connected layer and Output Layer :

A fully connected dense layer with 4 units and ReLU activation function is employed to ex-
tract compact non-linear representations from the temporal features. A small size for the
hidden layer was chosen to deliberately keep the model capacity low. The output layer has
one sigmoid-activated neuron, which estimates the probability of occurrence of estrus. The
resulting network has 32,777 trainable parameters.
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Model Selection Rationale :

The final architecture and corresponding hyperparameters were established using controlled
experiments, which were performed using a predetermined data split. Comparisons and selec-
tions primarily driven by metrics such as the Area Under the Receiver Operating Character-
istic Curve (AUC), because of its threshold-independent nature and suitability for imbalanced
datasets. The support metrics such as precision, recall, and the corresponding F1 score were
considered to improve explanation and were not used for optimization.

4.8.2 Population Level vs Individual Level Modelling

In order to evaluate the different strategies for the detection of estrus, this thesis describes the
analysis of two methods: population level modelling, as well as individual modelling. While
population models attempt to establish a general pattern of behaviour for the entire group of
cows, individual models focus on cow-specific temporal patterns by evaluating model perfor-
mance within each cow. Table 4.1 showcases the conceptual comparison between two mod-
elling approaches.

Table 4.1: Comparison Between Population-Level and Individual-Level Modelling

Population Level Modelling Individual Level Modelling

Evaluated on unseen cows Evaluated within seen cows

Cow wise data split Temporal split within each cow

Evaluate generalisation to new cow Evaluate temporal consistency within
cows

Estimation of global performance Reflects performance variability across
cows

4.9 Prediction Windows and Label Assignment

The thesis is not limited to the prediction of current estrus status, but also includes a number
of potential times in the future. This showcases the real farm conditions, such as the farmer’s
requirement of getting advance information about estrus to plan effective insemination at the
right time and set up other management processes, such as organizing the labourers. Hence,
model assessments focus upon the current state and a number of hours in the future. The hours
are measured relative to the end of each input pattern and will include the current state (0-hour
prediction), and will include other hours in the future, such as hours 3, 6 and 12 into the future.
The process will utilise the same model to answer a number of related questions, such as the
current and future estrus status.
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The temporal offset of labels has two primary purposes regarding the dataset. Firstly, it
ensures that each sequence is associated with a well -defined and meaningful target. Sliding
window focusing on the latest activity is consistently matched to a particular decision point in
the future. Secondly, the sequences close to the edges of the temporal scope of the dataset, for
which there is no appropriate target in the future and cannot be determined adequately for a
particular window, will be removed systematically to ensure that the training and test samples
clearly refer to a well-defined estrus and non-estrus phase at the corresponding decision point
in the future.

The fact that the model has to work with more than one prediction window affects the level
of difficulty in the prediction task. For the 0-hour window, the variations in estrus regarding
activity, rumination, and feeding are expected to be more significant , and the model has ac-
cess to the behaviours that are closer to the target occasion to a great extent. For the longer
prediction horizons (6 hours and 12 hours), The behavioural cues are less prominent, and more
variations in the behaviours of the cows are expected to be recorded. This makes the classifi-
cation difficult, and the chances of misclassification of the estrus phase with the normal phase
will be higher. analysing these windows side by side will overcome this risk in classification
to reliably predict the estrus period.

In terms of modelling, the multi-window approach is applied to the LSTM model structure
with no changes to the architecture. The same processes involved in the generation of se-
quences and feature engineering are followed in this model, with the only difference being
lying in the manner in which the labels are assigned to each sequence of the model output.

The advantage of the multi-window model in terms of functionality is that it allows for an
effective comparison of the model performance in terms of the window, along with the em-
ployment of the samemodel structure and representation. Themodel allows for the calculation
of a uniform performance measure across the horizons in terms of metrics such as the value of
AUC and F1-score. In order to measure the predictivity loss at any given window, depending
on its distance to the estrus event in the timeline.

Taken together, it provides a basis for a comparative assessment involving short-term and
medium-term predictions in preparation for the following analyses of model performance and
its corresponding uncertainty regarding a variety of forecasting horizons.

4.9.1 Hyperparameter Tuning and Final configuration

The final LSTM architecture setup was obtained by systematic hyperparameter tuning. The
variables tested were:

• length of sequence (timesteps)

• number of LSTM units

• dropout rate

• learning rate

• Batch Size
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• number of training epochs

Analytically, the tuning procedure involved following conventional DL optimization tech-
niques while incorporating the necessary constraints associated with modelling behavioural
data. The obtained set of tuning attributes is standard across various prediction horizons.

4.10 Training Strategy and Handling Imbalance

The LSTM model training for the detection of the estrus needs particular attention to both the
inherent properties of the data, especially the biological characteristics, and the underlying
statistical properties posed by its class distributions.

This class imbalance problem, along with its temporal characteristics, points out the impor-
tance of approaches for efficient training that should be based on the temporal semantics of
data, not biased towards predicting the majority class. The model training strategy used in this
thesis focused on methodological principles to handle the class imbalances and hence stabilise
the performance.

4.10.1 Class Imbalance in ED

In estrus behavioural tracking systems, estrus events are only a minor part of the daily and
weekly behavioural pattern of a cow. considering the total number of non-estrus hours, this
leads to a class-imbalanced data set where only a small proportion of data belongs to the pos-
itive class. As most hours belong to non-estrus conditions, a ML model would more likely
forecast a solution where predictions consist entirely of the negative class or majority class.
This might be a critical issue because a ML model could accurately classify most of the samples
but might entirely miss estrus events.

The estrus cycle imbalance issue is complicated further by:

• Occurence of several estrus hours in time around estrus windows.

• Cow-specific behavioural trends with varying intensity and pace.

This necessitates a training approach that can focus the model’s responsiveness to infrequent
patterns while maintaining model stability. Table 4.2 summarises the class distribution along
with the existing class imbalance in the dataset.

Table 4.2: Class distribution in the ED dataset
Class Count Share (%)

Non-estrus (negative) 1,945,089 99.19
Estrus (positive) 15,951 0.81

Total 1,961,040 100.00

32



4 Methodology

4.10.2 Class Weight Strategy

The Sparse density minority class leads to a significantly skewed class Distribution of estrus
labels. While training a ML model with a class-imbalanced data Distribution, ML algorithms
bias towards learning more about the majority class. This often leads to a commendable level
of overall accuracy but fails when dealing with a minority class. This observation has been
acknowledged in ML literature. Here, conventional ML models are observed to overvalue the
majority class and misclassify minority cases more frequently [60].

However, to overcome this class imbalance problem, this thesis adopts a class weighting
approach when training the LSTM.This means that class weights are assigned to samples based
on class prevalence. As explained by Bakır Arar and Elhan in 2023 [60], Classweighting belongs
to one of themost successful methods for a rare event classification task because it. ”gives more
importance to misclassified samples of the minority class and deems the majority class errors
less important”.

Class weights are directly calculated based on the label distribution in the training data.
Let us assume that we have n0 number of samples belonging to class 0, and ’n1’ number of
samples for class 1.   A typical weighting scheme introduced in literature for this particular
classification problem [60] is :

wk =
1

nk
, (4.3)

Here, wk represents the weight and nk represents the number of samples given to class k.
A more robust substitute for such a weighting function would be the inverse square-root

weighting , which can be represented as [60]:

wk =
1

√
nk

. (4.4)

Which moderates the aggressiveness of weights while still increasing minority class sensi-
tivity [60].

During the training process using TensorFlow, class imbalance is handled by incorporating
class weights into the training process. This is achieved through the training process where loss
is computed, such that loss for estrus-positive sequences is givenmore weight compared to loss
for non-estrus sequences. Therefore, the loss arising from the misclassification of the minority
class is given more weightage in the total loss computations. This helps in encouraging the
learning of discriminatory features for the estrus event that is less frequent.  In regard to ED
classification problems, the importance of boosting the minority class cannot be overstated.
Omitted estrus cases translate to unsuccessful insemination chances and lost revenue. As such,
the correct classification of theminority class is more important than the accurate classification
of the majority class. Weighted class classification would be a vital tool for focusing model
classification power towards estrus sequences.

4.10.3 Focal Loss

Just as class weights focuses on imbalance issue, there is another common issue underlying
imbalanced labels, the easy negative labels, which is defined as the samples belongs to the
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majority class that the model can classify with high confidence. This is because most sequences
belonging to a non-estrus class are easy to classify for a model. Therefore, this dominance leads
to a focus of the optimization process towards easy sequences. As a result, fine behavioural
characteristics of pre-estrus sequences may be overlooked.

To overcome this problem, this study integrated with Focal Loss, a cross-entropy loss func-
tion modified to downplay the contribution of well-classified samples biases learning towards
challenging and informative samples. Focal Loss was introduced by Lin et al. [61] for dense
object detection tasks. The presence of a vast class imbalance between the foreground and
background classes prevented convergence. Nevertheless, their experiments clearly indicated
that learning with complex samples has a vast potential to increase the minority class precision
without adding any computational complexity.

The focal loss for binary classification is :

FL(pt) = −αt(1− pt)
γ log(pt), (4.5)

where pt is the predicted probability assigned to the actual class, αt is the balancing factor
between minority and majority classes, γ is the focus parameter that manages the degree of
weighting of easy samples.

Focal Loss imposes a trade-off between the minority class and majority class, and γ rep-
resents the focus parameter, which controls the degree to which easy samples are down-
weighted. A larger γ means that the model tends to focus more on samples with low frequency
instead of being misled by samples with high frequency. This tends to be more effective in ED
because pre-estrus cases only displays slight differences in their behaviour that can be over-
shadowed by the abundance of unimportant non-estrous cases.

Later developments in focal loss have shown that their designs are universally applicable to
various types of imbalanced datasets. Batch Balanced Focal Loss was introduced by Singh et
al. [62]. This model integrated a focus mechanism with balanced mini-batches achieved better
binary and multi-class medical image classification. The application of Focal Loss in this thesis
has backing based on both theoretical and practical foundations. This occurs because estrus
behaves as a physiological phenomenon that occurs with low frequency. Focal Loss can be
employed to ensure that LSTM focuses more on such loose behavioural variables. Focal Loss
can be used to ensure that easy estrus samples are disregarded during training. The parameter
γ used in this thesis has been considered within values shown to be effective within previous
experiments. The model is employed with both class weight and focal loss together to address
the above mentioned issues.

4.10.4 Optimisation

Model optimization is done using the Adam optimiser. It is employed with a learning rate of
1× 10−4, default parameters and with a clip norm of 1. This has adaptive gradient calculation
capability that works well for LSTM neural networks. Additionally, for model stability during
training, dropout regularization is used in the LSTM layers. This is for the regulation during
training, which causes overfitting due to the cow-specific noise.
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The training occurs in a mini-batch with a constant number of samples and multiple epochs
until convergence. Also, validation loss and appropriate evaluation metrics (like F1-score and
AUC values) are employed for stopping training and hyper-parameter tuning.

4.11 Uncertainty Estimation

Uncertainty estimation is an important aspect in estrus prediction, and it becomes even more
challenging because of the decision boundary. In discriminating between estrus and non-estrus
actions, it is uncertain which is characterised by noise and significant variations across the
cow population. Conventional DL-based classifiers make point predictions in a deterministic
forward pass, providing no insight into the confidence level of the model in the prediction
made. Reproductive management in a cow herd requires confidence in the model since a false
positive leads to unnecessary inseminations, while a false negative results in lost breeding
possibilities. The uncertainties can be the inherent noise in measurements or the noise in
model parameters due to the lack of training data. Estrus behavioural observations contain
both natural factors, such as sensor noise contribution, and the class imbalance of estrus and
non-estrus hours. For this purpose, without any modifications to the basic structure of the
LSTM network, the current study proposes the application of the  MC Dropout technique.
It is a dropout methodology put forward by Gal and Ghahramani in their work (2016) [63].
The process of dropout is viewed from a Bayesian approximation perspective, which makes
it an effective way to calculate the model’s uncertainty based on the dropout layers used in
model training. In practical perspective, the predictions with high uncertainities have been
considered as low confidence predictions and they indicate a high chance of misclassification.
In such cases, the insemination should not to be performed without verifying any additional
observations related to estrus to avoid unnecessary expenses.

4.11.1 MC Dropout

The MC Dropout model allows for an efficient calculation of the Bayesian inference in DL
methods. Unlike regular deep networks, where the dropout is turned off during testing, the
MC Dropout model keeps the dropout active and performs a number of forward passes. Each
pass, make sure to sample a different network by dropping random units and thus samples
from the approximate Bayesian posterior distribution of the network weights [63].

Gal and Ghahramani (2016) proved that the application of dropout layers in front of each
weight layer has an identical form to the application of variational inference in deep Gaussian
processes. It makes the application of dropout a form of regularization. The fundamental
insight behind the application of dropout is the fact that it implicitly samples from a varying
distribution [63]. for an input x∗, the predictive distribution is :

p(y∗ | x∗) ≈ 1

T

T∑
t=1

f(x∗;Wt), (4.6)

Where each Wt is a set of weights obtained from a stochastic forward pass.
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Predictive Mean

µ̂(x∗) =
1

T

T∑
t=1

ŷ(t), (4.7)

Predictive Variance

σ̂2(x∗) =
1

T

T∑
t=1

(
ŷ(t)

)2
− (µ̂(x∗))2 . (4.8)

Within the current thesis, the application ofMCDropout to the trained LSTMmodel involves
making N stochastic forward passes per hour in the test set. The variance of the predictions
made will be a measure of how confident the model is:

• Low variance represents high confidence,

• High variance implies the presence of uncertainty, often linked to unclear behavioural
cues and limited training examples relating to instances of estrus.

As the values for the standard deviations from MC dropout are continuous values that do
not necessarily take a normal distribution, a non-parametric Mann-Whitney U test is used for
determining whether the distribution of uncertainty for incorrect decisions was stochastically
higher than that for correct decisions [64]. To analyse the monotonic relationship between the
predictive uncertainty and classification results, Spearman’s rank correlation coefficient and
the probability value(p-value) for statistical significance were used. The correlation coefficient
varies in between −1 to 1 where 0 indicates no correlation and p-value less than 0.05 consid-
ered to be statistically significant. It should be noted that the choice of the Spearman’s rank
correlation coefficient as the method of choice for analysis is based on the fact that it does not
assume linear and normal distributions of data since the ED is highly imbalanced [65] [66].
This uncertainty information is then used in the evaluation chapter to describe the prediction
reliability, the risky hours of prediction, and additional information based on the deterministic
classification metrics.

4.12 Individual Cow Metrics for Individual Level Evaluation

The evaluation of estrus prediction models based on individual-cow metrics is crucial since the
pattern of estrus behaviour tends to vary significantly across individual animals, and population-
level metrics might hide the variations in the individual cows. Even if the population-level
metrics such as the F1-score and AUC provides an average performance level of the model, but
it does not offer insight into the model’s performance level for each individual animal. Because
it tends to perform well for some and poorly for others. The individual cow metrics are not
reported for population-level modelling, as testing is performed on completely unseen cows
and focused on aggregated performance rather than variability across cows.

Estrus expression is affected by a number of cow-specific variables such as age group, lac-
tation, parity, temperament, feeding pattern, and variation in rumination. Since the LSTM
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model is trained under a temporal partitioning strategy, it is important to check if the predic-
tions made by the model varies across cows. The per-cow assessment will take care of this
issue by understanding the performance variability across cows, which allows identification of
uneven perfomance rather than focusing on generalisability.

The assessment framework provides per-cow results in terms of F1-score, precision, recall,
and AUC values per cow. The values are measured by considering only the test instances in
the dataset corresponding to a particular cow and ignoring any cross-cow results. The results
will provide a detailed insight into the performance of the model in identifying estrus in each
cow consistently.

Moreover, the per-cow assessment helps to identify the possible presence of bias due to
the differences in the number of sequence observations. The presence of fewer observations
concerning estrus occurrences leads to fewer instances for the positive samples, and this might
significantly impact the performance relative to the other cowswith balanced behavioural data.

4.13 Baseline Models: Implementation

In addition to the LSTM model, more traditional ML models were also developed to create a
framework for comparison of performance. LR and Linear SVMs were selected as models of
this type since they are widely used for binary classification tasks. Additionally, since such
models are not suited for sequentially-structured data, the cow data sequences developed for
the neural network were converted into fixed-length data tables while indexing the respective
train, validation, and test data splits by cow.

A behavioural sequence of length T was transformed into a vector representation by explic-
itly including lagged information from previous time steps. Only features of the final observed
hour, along with a few previous lagged observations, were extracted to provide information
about the recent dynamic behaviour of the consumer before the prediction point. Apart from
lag features, other statistical features about the sequence such as mean and standard deviation
taken over the entire sequence window and taken into account to provide information about
the total behavioural intensity of the sequence. Thus, by including both lag features and aggre-
gations, the baseline models effectively get access to temporal information without necessarily
modelling the sequences.

Both of the baseline models were trained on these tabular features using standardised fea-
tures that were extracted only from the training data. LR produced probabilities directly,
whereas the Linear SVM was equipped with a probability calibration layer for comparable
probabilities. To provide a fair assessment despite the severe class imbalance, the threshold for
each of the models was selected through F1-score optimization for the respective validation
set, after which it was evaluated for the test set. Hence, a fair comparison is enabled between
the models through equivalent windows of sequences, which allows for the illustration of the
value of sequence models in ED.
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This chapter quantitatively analyses the effectiveness of the proposed ED framework and ex-
amines the factors that influence the effective application of such design considerations.

ED in dairy cows is a challenging task with inherent class imbalance, individual cow vari-
ability in behaviour, and the uncertainty of the onset of estrus. This implies that the perfor-
mance of models developed for such tasks cannot rely completely upon an individual metric or
point of aggregation. This chapter provides an assessment to the proposed a multi-perspective
framework that considers performance on the population level modelling and individual level
evaluation for various prediction windows.

This assessment follows a stepwise process. The chapter starts with the hyper parameter tun-
ing results and the cross validation assessment in population level modelling, this is followed
by the assessment of the LSTM model for its performance at a population level. Threshold-
sensitive performance is also considered an essential component, given the high cost of both
false alarms and missed estrus events in real-world farm settings. Along with these prfor-
mance analysis, the evaluation of baseline ML models is established for setting a performance
benchmark for comparison purposes. In addition to its deterministic performance, this chap-
ter explores prediction uncertainty via MC Dropout. By examining the correlation between
uncertainty values and prediction accuracy, the results inform the model’s prediction reliabil-
ity. Lastly, we evaluate individual performance for each cow using individual-cow metrics to
assess the model’s generality with respect to individual cow behaviour.

5.1 Population Level Modelling

The performance of the proposed LSTM architecture at the population level is tested with four
prediction intervals, namely current (0 h), 3 h, 6 h, and 12 h. For all windows, the proposed ar-
chitecture provides probabilistic outputs where binary estrus predictions are made by selecting
appropriate thresholds that maximise F1 scores of the validation set. The effect of threshold
values on the proposed architecture is discussed in a dedicated section of this chapter.

5.1.1 Model Configuration and Setup

In this section, the empirical results of the model configuration and the validation procedure
used to check the robustness of each configuration were presented. Although the previous
chapter explained in detail the methodology behind hyperparameter tuning, along with model
configurations and the training procedure, here the focus is on how different combinations of
those configurations perform in practice and how stable they are. Hyperparameter tuning was
conducted only on the population-level LSTMmodel for the predictionwindow of 6 hours. This
was chosen as a compromise between the short-term detection and the longer-term prediction
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and was selected to avoid biases towards the short term (current or 3h window) and the highly
uncertain longer term (12h window). This optimisation setting was then used consistently for
all the prediction windows and the individual level evaluations. Similarly, Cross-validation
was performed solely at the population level, given that the model’s individual level evalua-
tion relies on cow-specific temporal splits rather than interchangeability between groups of
subjects.

Hyperparameter Tuning Results

Thehyperparameter tuning for LSTMnetwork is performed to find a robust set that can address
the highly imbalanced nature of the problem in detecting estrus. Instead of presenting only
the final optimal set that was selected, the best hyperparameters by ranking are highlighted in
Table 5.1 below.

Table 5.1: Top five Hyperparameter Configurations Evaluated Through LSTM Model Tuning
Rank Batch Size Dropout Learning Rate LSTM Units Optimiser PR-AUC ROC-AUC Best F1

1 32 0.4 0.0001 64 Adam 0.603 0.934 0.623

2 16 0.4 0.0010 32 Adam 0.591 0.937 0.612

3 16 0.2 0.0001 64 Adam 0.586 0.937 0.595

4 32 0.4 0.0010 32 Adam 0.585 0.936 0.603

5 16 0.4 0.0010 64 RMSProp 0.585 0.935 0.609

Hyperparameter tuning was performed by means of a structured grid search over a pre-
defined set of hyperparameters. The hyperparameters that were explored included batch size
16, 32, dropout rate 0.2, 0.4, learning rate 1e−3, 1e−4, number of LSTM units 32, 64, and op-
timize r Adam, RMSProp. As a result, 32 different hyperparameters were explored, each of
which was then tested on the validation set based on F1 and PR-AUC scores. The Best F1 score
reported is the best attainable value of F1 on the validation set through threshold optimization
on the predicted probabilities, rather than evaluating on a fixed threshold of 0.5. For all the
hyperparameters tested, the ROC-AUC values ranged from about 0.925 to 0.937, reflecting that
the ranking performance is highly stable against the hyperparameters. However, variation can
be observed in the values of F1-scores, which is sensible to the choice of hyperparameters such
as the learning rate, dropout rate, number of units in the LSTM layers, and the choice of the
optimiser. The combination of dropout rates with adaptive optimisers like Adam or RMSProp
resulted in better trade off between precision and recall. Both Adam and RMSProp were used
during hyperparameter tuning, with the final hyperparameters chosen based on their valida-
tion performance.

To provide guidance on the selection of the model, an integrated tuning approach was em-
ployed. In terms of farm management, the precision involves the percentage of the predicted
events of estrus that correspond to actual events, wheareas the recall involves the ability to
detect actual events of estrus, which is important in the prevention of lost opportunities for
insemination. A major focus was given on PR-AUC ( average precision), because it gives more
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realistic performance estimates regarding the handling of extreme class imbalance, whereas
ROC-AUC served as the secondary method to ensure the overall ranking consistency, and the
F1-score calculated at the optimal threshold but not as an objective on its own.

Figure 5.1 shows the PR curve for the best hyperparameters on the validation set. This curve
shows a stable precision level for a wide range of recall values and a significant improvement
over the random classifier, representing a good ability to discriminate the minority class. The
ROC curve represented by figure 5.2 shows a high level of separability which confirms the
quality of the extracted features, although it is acknowledged that ROC curve-based evaluation
can be overly optimistic in imbalanced problems.

Figure 5.1: PR Curve Of Best Hyperparameter Set
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Figure 5.2: ROC Curve Of Best Hyperparameter Set

Only minor variations in performance can be observed for the top ranked parameters, which
suggests robustness in the hyperparameter choices for the architecture for the LSTM model.
The final settings for the model was selected on the basis of the PR-AUC value and used ROC-
AUC as a tie breaker. This value has been subsequently used for all population level and in-
dividual level validations. Hyperparameter tuning was implemented at the population level
modelling on the 6-hour prediction window, chosen as a representative point that will balance
early predictions and the stability of behavioural signals. While in theory marginally better
performance may be attained through individual window hyperparameter tuning, the same
hyperparameter setting was used across all time horizons and individual evaluations to main-
tain consistency in methodological comparison. This is acknowledged as a limitation to the
hyperparameter tuning process.

Cross Validation Performance

To further assess the suitability of this chosen configuration, 5-fold cross-validation grouping
by cow was performed. for every fold, the cows were split such that no individual cows ap-
peared in both training and validation sets to avoid data leakage. This assesses the model using
average results and standard deviation, which is highlighted in Table 5.2. This analysis evalu-
ates model performance across different partitions of a given dataset, rather than a single split
used in train-test separation. The validation is completed using cow based grouping in each
folds which ensures that no individual cow appears in both train and validation folds. Cross-
validation was only done for the population model in order to test its robustness and how well
it generalized on different data splits. Cross-validation on the individual-cow model is not
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meaningful because individual model already uses splits based on time for each individual cow
and focused to analyse cow specific variability and consistency.

Table 5.2: Cross-Validation Performance Across Prediction Horizons

Prediction Window PR-AUC (Mean ± SD) ROC-AUC (Mean ± SD) F1 (Mean ± SD) Folds

Current 0.580± 0.036 0.981± 0.005 0.593± 0.031 5

3h 0.537± 0.087 0.960± 0.006 0.560± 0.052 5

6h 0.482± 0.038 0.928± 0.007 0.522± 0.036 5

12h 0.349± 0.115 0.853± 0.006 0.434± 0.072 5

The performance of AUC shows relative stability with small standard deviations across folds
for all prediction windows, indicating good ranking performance. With the prediction hori-
zon increasing from the present detection to 12 hours, a gradual decrease in performance is
observed. This is expected because, in earlier predictions, the model has to detect pre-estrus
behaviour with less distinct patterns.

Consistently, the F1-score is more variable across folds, especially when considering a larger
prediction horizon. F1-score variability can be attributed to class imbalance and to the unequal
distribution of estrus events across splits. Such a characteristic is expected in a rare-event TS
classification task, where this variation does not indicates model instability but rather indicate
improved identification of such events in a TS.

Figure 5.3 also shows the cross validated PR-AUC values for different prediction windows,
where each point depicts the mean PR-AUC value over 5 folds. The vertical lines shows one
standard deviation of PR-AUC across different folds, which reflects the variations due to the
change in train-validation splits rather than uncertainty within folds. The increasing width
of the bars at 12h prediction window corresponds to growing variation across folds, which
is expected in rare event prediction as the estrus cycles become less identifiable for distant
prediction windows.
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Figure 5.3: Cross validation : PR-AUC Curve

In summary, cross-validation shows that the chosen model configuration achieves consis-
tent generalisation. The observed standard deviations confirm the model’s robustness across
different data splits. The standard deviation of all mean values validates model performance,
ensuring it is not overfit to a particular split and providing a sound basis for analysis at the
population and individual levels. Based on the configuration and validation results above, the
next sections thoroughly analyse performance. First, we present population-level analyses, in-
cluding baseline comparisons, followed by analyses of thresholds, uncertainty, and individual-
and cow-level analyses.

5.1.2 Population Level LSTM Performance

Figure 5.4 showcases the population-level performance of the LSTM model on various metrics
in different prediction windows. The values of this metrics are shown using a graphical rep-
resentation instead of a table format to better identify the relative variation of the scores. The
accuracy values remain high irrespective of the prediction window. This can be expected in
an ED task because of the dominance of non-estrus instances in the dataset. Hence, AUC is
seen to be the main metric to evaluate the discrimination ability of the population level rather
than the accuracy metric because it represents the ability to distinguish between estrus and
non-estrus regardless of decision thresholds and class imbalance.

The AUC values show high discriminative power for short-term forecasting intervals, espe-
cially for the current and 3-hour windows. As the forecast window extends, a steady decrease
in AUC is noticed and it indicates the weaker predictive signal further from estrus period.
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The variation of the precision, recall, and F1 scores for the proposed LSTM model on all
proposed prediction windows are also showcased in the figure 5.4. For smaller forecast win-
dows, recall scores are high which reflects a strong response to estrus events closer to onset.
Precision shows a relatively stable or mildly rising pattern with larger windows, due to more
conservative forecast decisions at higher thresholds. On the other hand, as the forecast inter-
val is extended, recall measures drop, mirroring lower detectability of estrus-driven behavioral
patterns at longer forecast distances.

Figure 5.4: Population Level LSTM Performance Across Prediction Windows

Figure 5.5 illustrates the positive class rate (pos_rate) in the testing data for various predic-
tion windows for the population level. The positive class rate is calculated as the ratio of estrus
instances to the total number of test sequences. The positive rate is always below 1.5% which
confirms the presence of extreme class imbalance. To ease understanding, note that a positive
rate of 0.01 actually means 1% estrus positive in the test data.
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Figure 5.5: Prevalence of Positive Class by Prediction Window

This increase in the positive rate for larger windows can be expected because larger windows
have higher chances of at least an estrus event falling within the window. However, it can be
noticed that the distribution of the dataset dominantly inclined towards the negative class for
all windows. This imbalance has high influence in the performance of threshold-dependent
metrics. The metrics such as precision, recall, and F1 measures are highly sensitive to the
prevalence of the positive class, and hence their performance should be evaluated in the context
of class distribution. The F1 score decreases monotonically with the prediction window length.
The reason for this is the joint contribution of the decrease in recall and the persisting class
imbalance problem, rather than any degradation in the intrinsic discrimination power of the
model itself , already accounted for in terms of the AUC scores reported earlier. The model
achieved AUPRC values ranged between 0.583 for current window to 0.406 for 12 hour window.

In summary, the results of population-level testing reveal that the LSTM network maintains
high levels of discrimination ability over all prediction intervals, with a particular emphasis on
short-interval estrus recognition. The combination of providing threshold-independent mea-
sures of accuracy and AUC coupled with graphical displays of class imbalance issues reveals a
well-rounded understanding of model performance.
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5.1.3 Threshold Analysis

Figure 5.6: Precision-Recall Curve

The LSTM outputs probabilities for estrus occurrences, whereas, the conversion of probabilities
into binary classes is done by setting an appropriate threshold value. However, due to high class
imbalance in estrus prediction, a value of 0.5 as a threshold value may not be accurate and can
lead to high false positives or missed occurrences of estrus. Hence, decision threshold values
were adjusted individually for each prediction horizon using the validation set, with the aim
of maximizing F1-score values. The model achieved a F1 score of 0.57 at the current window
and decreased to 0.47 at 12 hour window.

In Figure 5.6 represents the PR curve for the population-level model using LSTM across
various prediction windows. The x-axis represents the recall values, and the y-axis represents
the precision values, while the points marked with different colours throughout the PR curve
represent various thresholds within the model.

The noticeable fluctuation near the origin of the recall axis is associated with the highest pos-
sible threshold value, and in these areas, only a few positive samples are predicted as positive
due to the strict decision threshold. The reason for the peak in the initial part of the PR graph
is the fact that precision becomes extremely sensitive when the number of positive examples
predicted is very low. In the case of the current prediction window(0h), the PR curve indicates
that the precision level remains relatively high for a wide range of recall values. Some false
positives may also point out the errors in the human based labels provided, as high activity
events unrelated to estrus because of relocation or environmental factors can resemble estrus
related activity fluctuation and possible to be overlooked by experts (information provided by
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Farmtech a.s.). Based on the PR curve, the best operating point was found at a threshold of 0.95,
which corresponds to the point which indicates maximum F1 value, whereas this values are
illustriated in Figure 5.4. Despite being close to 1.0, the chosen threshold corresponds well with
the underlying class imbalance problem and indicates that the system predicts true events of
estrus with a high degree of confidence, which prevents the false alarms in practice. With the
extension of the prediction horizon, the PR curves demonstrate a continuously steeper drop,
which indicates a growing uncertainty of predictions when they extend over a longer period
of time.

The results indicate that the selection of threshold is strongly dependent on windows and a
fixed threshold across all windows is not suitable. The findings of the PR study are a testament
that proper threshold adjustment in the pursuit of optimizing rare event detection classifica-
tions remains critical in making appropriate trade-offs between the numbers of false positives
and false negatives. Hence, the selected thresholds were used uniformly in subsequent evalu-
ations.

5.1.4 Baseline Comparison

Figure 5.7: Baseline Models Comparison With LSTM

To evaluate the performance of the proposed LSTM model, results at the population level were
comparedwith two traditional baseline classifiers, namely LR and Linear SVM. All threemodels
were tested with the same set of input features, data splits, prediction windows and hyperpa-
rameters with an aim to ensure fairness and consistency. Decision thresholds for all three
models and time windows were determined through validation set optimization of the respec-
tive F1-scores, allowing each model to make decisions at their most balanced point considering
the highly imbalanced nature of their classes.

Figure 5.7(a) plots PR-AUC for all three models against prediction windows. PR-AUC indi-
cates each model’s ability to predict estrus-positive instances before estrus-negative instances
given different operating thresholds. For all prediction windows, the LSTMmodel has the max-
imum PR-AUC values, which signifies its better discrimination power than LR and Linear SVM.
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For all the prediction windows in the future (3h to 12h), the LSTM always gains approximately
1.5-3.2% in PR-AUC over the LR and Linear SVM. For smaller prediction windows, there is a
larger gap in PR-AUC values between the three models because behavioural observations are
relatively close to the estrus event in the sequences and are therefore most representative. For
larger prediction windows, PR-AUC values drop for all three models because estrus prediction
becomes more difficult as the prediction window increases.

Figure 5.7(b) shows related F1-score patterns. F1-scores quantify a trade-off between preci-
sion and recall for a particular operating threshold and are suited to rare event detection. The
LSTMmodel is competitive with other models in terms of F1-scores for all prediction windows.
The LSTM reflects absolute improvements in F1 score of approximately 2.8 to 3.6% points for
prediction horizons larger than 3 hours reveal a better PR trade-off of future estrus predictions.
The LSTMmodel achieves a higher F1 score at 3h, 6h and 12h, while the f1 score at current win-
dow is comparable across all models. For time windows beyond 3 hours, all models exhibiting
a degradation in performance, however, the proposed LSTM technique achieves slightly higher
f1 score compared to the baseline models.

The relatively small performance difference between the performance of the LSTM approach
and the baseline models is expected and does not reflect a weaker performance of the ap-
proach presented in this study. All models were trained on the exact same set of engineered
behavioural features, which contain a lot of information about the estrus cycle. The linear
models are generally able to learn about the signal, although the LSTM approach is a much
better model of such a signal due to the temporal modelling and the ability to learn non-linear
dependencies.

A set of meaningful baselines has been established here to serve as a basis for further eval-
uations in the context of the LSTM model. Although this displays the reasonable performance
at the population level of the classical ML methods, there is a point at which the deficien-
cies are increasingly apparent once the forecasting window and temporal complexity are fac-
tored inwards. Thus the baseline comparisons not highlighting the large performance gaps,
but contextualising the added value in the sequence based modelling approach.The incremen-
tal improvements which can be observed in the highly imbalanced ED, where smaller gains in
PR-AUC and F1 score indicates improved reliability in decision making.

5.1.5 Uncertainty Analysis

In order to measure predictive uncertainty in ED, MC Dropout was used to apply dropout dur-
ing prediction in the population level LSTM network. The approach allows multiple stochastic
forward passes through the network by enabling the dropout. It provides probabilities of pre-
diction for each sample. The standard deviation of these predictions indicates uncertainty,
representing how confident the model is in its outputs.

Figure 5.8 below highlights the comparison in predictive uncertainty for correctly versus
incorrectly classified instances for all prediction windows. In all prediction intervals, the un-
certainty in the incorrect predictions is shown to always be higher than that of the correct
predictions.
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Figure 5.8: Uncertainty Standard Deviation Of Correct and Incorrect predictions

These result illustrate that there is a strong connection between prediction uncertainty using
MC Dropout and prediction reliability, such that predictions with low levels of uncertainty are
more likely to be correct, while predictions with higher levels of uncertainty are more likely
to be cases of misclassification. This is highly desirable for systems designed for safety-critical
applications as well as decision support.

In addition, the mean and median uncertainty measures of correct and incorrect predictions
affirm the above-discussed separation. To illustrate, on the current prediction window, the me-
dian value of uncertainty for correct predictions is 0.114, while the median value for incorrect
predictions is 0.199. A similar disparity is noticed on the 3 h, 6 h, and 12 h prediction intervals.

Statistical Validation of Uncertainty Separation :

To validate the observations statistically, a non-parametric Mann-Whitney U tests were imple-
mented for every prediction window. The purpose was to verify if uncertainty is increased for
incorrect predictions compared to correct predictions. In each situation, the null hypothesis
was rejected with a p value less than 0.001 across all prediction windows, which indicates that
there is a significant difference between both groups.

In addition, Spearman rank correlations were carried out, which indicated a significant neg-
ative correlation between the frequency of correct predictions and the amount of uncertainty
for all tested horizons(p < 0.001). The correlation values varied between -0.216 and -0.270. This
specifically implies increased uncertainty is asscociated with the higher probability of wrong
predictions, which further confirms the reliability of the uncertainty values.
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Taken altogether, it is evident from this uncertainty analysis that MC Dropout can obtain in-
formative uncertainty estimates for population-level estrus prediction tasks. The uncertainty
levels are varying in accordance with the prediction window and are able to effectively dif-
ferentiate correct from incorrect predictions. This further validates that uncertainty estimates
can serve as an additional performance criterion together with other performance measures to
facilitate more conservative and well informed decisions in automated ED systems.

5.2 Individual Level Modelling

5.2.1 Individual Level LSTM Performance

After the evaluation on the population level, the performance of the proposed LSTM model is
investigated under an individual level split, where the data split were based on each cow using
the temporal split, which means about 70% of each cow’s sequences to the training set, 10% to
the validation set, and the remaining 20% to the testing set. The sequences build this way were
pooled across cows for training single model, while preserving the temporality. Although the
same dataset is used, the evaluation method was modified in order to assess temporal predic-
tion consistency within cows temporally. The test set is set to follow the training set, thereby
avoiding the leakage of information by considering the fact that predictions of estrus occur-
rence was performed based on past observations in actual deployment scenario.

However, the existence of the class imbalance observed at population level also presents in
the individual level, given that both assessments are evaluated from the same dataset. Nev-
ertheless, due to the cow-specific splitting within time and limited availability of cow data,
there could be a slight variation in the actual composition of the testing set for each cow. In
particular, there are a few cows for which there are no positive estrus observations within the
testing set, and these have a direct impact on the metrics of precision, recall, and F1 measure
at the cow level.

Figure 5.9 shows that the LSTM model maintains a good capability for distinguishing estrus
from non-estrus within temporal splits. Within the current prediction window, it reaches up to
a high AUC value, representing a clear separation of estrus and non-estrus cases even when the
classes are severely imbalanced. The result is quite consistent with the biological fact of estrus
behavior which symbolises the fading of behavioral signs as going farther from the onset.

The model performance in terms of precision, recall, and F1-score is also captured in fig-
ure 5.9. Also consistent with the above results, the performance tends to reduce as the horizon
increases. Performance peaks when the horizon was either the current time or the 3-hour hori-
zon. Beyond that, there’s a steady reduction as the horizon increases which is likely due to the
rise in the uncertainty of the timing of the onset of estrus.
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Figure 5.9: Individual Level LSTM Performance Across Prediction Windows

The results on the individual level show that the LSTM approach are stable, even under ex-
treme conditions of class imbalance and varying availability of test samples per cow. Themodel
achieved AUPRC values ranged between 0.552 for current window to 0.367 for 12 hour window,
also indicates the increased difficulty in higher prediction windows. The results complement
the population level analysis and prove the effectiveness of the proposed method under com-
plementary within-cow validation setting.

5.2.2 Threshold Analysis

The presence of class imbalance and the individual basis development, the optimization of the
decision threshold was done separately for each forecasting window. Figure 5.10 shows the PR
curves with the corresponding decision thresholds for the individual level model.
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Figure 5.10: Individual Level Precision-Recall Curve

The PR curves illustrate the expected trade-off between precision and recall based on the
threshold values. When considering the individual level data and the shorter horizons (current
and 3 hours), the PR curves indicate that there is a smooth drop-off of precision with respect
to an increase in recall, and this reflects the separability of the estrus and non-estrus samples.
However, with the progression of the prediction horizon to 6 hours and then to 12 hours, there
is a sharp drop-off, and this reflects the decreased signal strength far from the onset of estrus.

One thing that is evident in the PR graphs is the fluctuation in the beginning, especially in
the recall values. It is attributed by two aspects that are embedded in this setting involving
individual data. First, events in estrus are very few in relation to the data per cow, which
basically translates to the point that the first predicted values are for a few data points with very
high confidence. As a result, small movements in the curve could lead to very large changes in
precision due to these confidence levels. Second, the range associated with very high threshold
values made the predictions made through leveraging a few sequences with high probability
values. such changes are common in rare event modelling and do not indicates the model
instability.

Annotations along the curves represents the threshold values and illustrate the trade offs
between precision and recall as functions of operating points. Higher thresholds bias toward
precision by considering only predictionswith high confidence in estrus, whereas lower thresh-
olds bias toward recall, with higher numbers of false positives. In summary, from the analysis
of the PR curve, it can be confirmed that individual performance is very sensitive to thresh-
old values. The results are consistent with biological aspects of estrus development and aligns
with statistical properties of highly skewed and cattle specific datasets. The threshold values
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determined is applied to all prediction windows when reporting individual level evaluation and
baseline comparison.

5.2.3 Baseline Comparison

Figure 5.11: Baseline Models Comparison With Individual Level LSTM

Figure 5.11 presents a visual representation of comparison on both PR-AUC and F1 metrics for
different prediction windows. The choice of evaluation metrics was made to reflect the strong
class imbalance known to exist within tasks of ED.

As seen in Figure 5.11(a), all three models demonstrate a gradual decrease in PR AUC with
the increase of the prediction window. This behavior can be expected because larger predic-
tion windows imply a lesser degree of temporal proximity to estrus onsets and thus a weaker
strength of discriminative signals. In all the windows, it is evident that PR-AUC values for the
LSTM model are comparable to or slightly better than those of the competing models, specif-
ically for both the current and 3-hour window. This confirms that the LSTM model is capable
of capturing temporal dependencies in individual cows.

However, at longer time-horizons (6 hours and 12 hours), the PR-AUC scores for all models
tend to a common value, signifying a difficulty level in the prediction task irrespective of model
complexity. Most importantly, there is no drastic degradation of the LSTM model.

In Figure 5.11(b), the trends of the F1-scores for the prediction windows are illustrated. As in
the PR-AUC scores, there is a monotonically decreasing trend for all models with the increasing
size of the horizon length, due to the inherent challenge in making long-term estrus forecasts
for individuals.

The F1-scores of the LSTM overlap tightly with LR and Linear SVM on every horizon, show-
ing only a small lead on shorter intervals. This result suggests that while traditional models
perform well on engineered lag based features, the LSTM model is capable of strong perfor-
mance on the sequential data under pooled individual level training. This implicates that the
selection of LSTM is not on the basis of raw F1 alone, but model capability and intrinsic re-
liability. These comparable levels of model performance on the individual level reinforce two

53



5 Evaluation and Results

important considerations of the task. Firstly, the task of individual-cow forecasting tends to
be more noisy than modeling on the population level of the herd because it involves different
patterns of behavior and relatively few instances of desirable outcomes. Secondly, the lack of
a large performance gap in the task does not make the use of the LSTM model less valuable,
rather it shows that the model performs comparable performance along with the temporal
modelling flexibility and suitability to the uncertainty estimations.

5.2.4 Uncertainty Analysis

To evaluate the level of predictive uncertainty for individual cows, MC Dropout was used dur-
ing test for individual LSTM models. Following through with the pattern established during
population-level analysis, the dropout layers were engaged during prediction which allows
for multiple stochastic forward passes for individual test sequences. The standard deviation
of probability estimates for MC samples was taken as the estimate of predictive uncertainty,
where larger values correspond to lower confidence in model estimates.

Figure 5.12: Individual Level - Uncertainty Standard Deviation Of Correct and Incorrect pre-
dictions

Figure 5.12 shows a contrast of predictive uncertainty between correctly and incorrectly clas-
sified data points across all time windows. For all time windows combined, a higher median
uncertainty correlates with incorrect predictions than with correct predictions. This points out
that the individual-level predictions can also be distinguished based on uncertainty. Consider-
ing the findings at the population level, there is a partial overlap of the two distributions. This
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can be attributed to the fact that individual level models can be difficult to work with since a
weak or irregular estrus signal can correspond to a moderate level of uncertainty, even among
correct predictions. Despite the overlap, a systematic change in central tendency is observed in
all cases, where the wrong predictions always present higher levels of uncertainty on average.
This points to the existence of relative uncertainty separation at the individual level in the task
of rare event detection of different individuals using only a few positive cases.

Statistical Validation of Uncertainty Separation :

In each case, the null hypothesis that the distributions of uncertainty values for correct versus
incorrect predictions was rejected with a p value less than 0.001 across all prediction windows.
This means that the results are statistically significant although there is some overlap. More-
over, Spearman rank correlation analysis revealed that there was a valid negative relationship
between the correctness of the prediction and predictive uncertainty for all time windows.The
correlation coefficients ranged from −0.073 to −0.091 across prediction windows. The mag-
nitude of the correlations is lower compared to population level, whereas all those values are
uniformly negative and statistically significant. The correlations were lower in absolute terms
than those found at the aggregated level, it confirms that greater uncertainty is associated with
the chances of misclassification.

Considering everything, these results show that MC Dropout provides good and well cali-
brated analysis of uncertainties at the individual level for ED. Although the uncertainties are
not as separable as at the population level, the estimates are still informative and accurate,
especially with respect to detecting predictions with low confidence values.

5.2.5 Cow level Performance Analysis

Individual level analysis enables a complementary evaluation of the model performance within
individual cows. Per cow evaluation is most applicable to the analysis of ED because the be-
havioural patterns vary significantly between the cows. The cow level assessment remained
only within the framework of the individual level model since the population level model fo-
cuses on the generalisation of the unseen cows and does not entail per-cow performance as-
sessment.

The population-level approaches have been left out of the comparison as their data allocation
method puts individual cows entirely into either the training or testing data groups. It makes
per-cow measures less informative and hard to compare since each testing cow contributes to
its own sequences and is not partially seen during the training process. Accordingly, only the
individual-level approach allows for meaningful per cow evaluations.
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Figure 5.13: Cow Level Performance Analysis

In Figure 5.13, the median value for the per-cow F1 score for each prediction window is
shown, and the Interquartile Range (IQR) shown as shaded band. It gives an estimate of how
the performance potentially range. The median value of the per cow F1 score reduces steadily
as the window size for the prediction of estrus stages advances, which logically matches the
increasing uncertainty involved with longer prediction intervals. However, the IQR remains
fairly consistent.

The consistent decline in the median per cow F1 score without sudden changes in the IQR
indicates that there is smooth degradation of performance on individual instances, rather than
sudden failures. Although the lower quartile showcases mild shifts due to the increase in
availability of positive sample in higher windows, the decrease in median of f1 points out
the increasing difficulty in predictions. This is a highly desirable trait when deploying models,
suggesting that it is robust to individual differences while maintaining biologically realistic
performance paths. Even though there is a high level of variability when displaying per-cow
distributions of F1 scores due to a significant imbalance between classes at the herd level, using
median and IQR aggregation provides a reliable and insightful indicator of this performance.

The performance across individual cows showcases significant variability which also effects
the ED. Several causes contributes the exhibition of such behavior:

• The rare estrus events causing uneven positive samples.

• Cows show individual variations in activity level, intensity of estrus, and quality of sen-
sor signals.
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• Some cows have very few examples that test positively. That makes metrics like F1 score
highly unstable and varying.

Therefore, it does not necessarily indicate failure of the model to have lower average per-cow
values for the F1 metric. This phenomenon of having strong population level performance and
poor individual performance metrics has been known to occur in the realm of imbalanced TS
classification problems.
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This thesis deeply analysed the ED from TS data collected through wearable sensors, applying
an LSTM approach on various estrus prediction windows (0 h, 3 h, 6 h, and 12 h). At the popula-
tion level , the ROC-AUC values for the LSTMmodel were 0.983 (0h), 0.966 (3h), 0.933 (6h), and
0.852 (12h), while PR-AUC values dropped from 0.583 (0h) to 0.406 (12h). The individual level
results for cow temporal split, ROC-AUC values varied from 0.979 for 0h to 0.866 for 12h, and
PR-AUC values varied from 0.552 for 0h to 0.367 for 12h. At the population level, the analysis
shows generalisation to unseen cows, while at the individual level, it demonstrates temporal
prediction consistency within same cows. Together, this showcases that the proposed LSTM
model is capable of generalising estrus patterns, thereby addressing the first research question.
For both strategies, accuracy decreased with increasing timescale, consistent with real-world
expectations. The time elapsed prior to estrus affects the strength and detectability of the be-
havioural signal.

As ED is an event which occurs rarely, and it points out the need for the analysis to be
understood in light of the class imbalance, especially on an individual cow basis. This leads
to threshold-dependent measures such as precision, recall, and F1-score also being highly de-
pendent on this choice and changing dramatically even for marginal changes in the number
of detected positives. This is especially evident in the initial portion of the PR curves for a
scenario in which very few high-probability positives exist; a change in the threshold induces
large swings in precision due to the addition or removal of predicted positives. Baseline com-
parisons show that the traditional tabular models remain competitive. This can be seen in
longer time windows, where the discriminative information is weak for all models. However,
the LSTMmodel performs comparably well on sequential representations and also provides an
indicator of predictive uncertainty using MC dropout.

On future horizons ranging from 3 to 12 hours, the LSTM offered a steady advantage of about
1.5 to 3.2 percentage points in PR-AUC and 2.8 to 3.6 percentage points in F1 than LR or Linear
SVM, showing the value of modeling sequence in forecasting. This has significant implications
for decision support systems related to reproductive management, where not only the classi-
fication information but also its certainty, as indicated by measures of predictive uncertainty,
are important. The results demonstrated that incorrect predictions generally have higher pre-
dictive uncertainties. At the level of the individual cow, the aggregated median and IQR trends
imply a smooth degradation with increasing window size, without any particular points of in-
stability. It indicated a degradation in performance, rather than a complete failure at various
windows. Nevertheless, at the individual cow level, there is always a possibility of variation
due to differences in the presentation of the estrus cycle, sensor noise, or the number of positive
samples per cow. The demonstration of how practical applicability can be enhanced through
the uncertainty estimations and window-specific thresholding, along with the degradation of
performance with increasing prediction windows, answers the second research question.

58



6 Discussion

In comparison with previous studies, the ROC-AUC values observed in this work are in line
withmore recent studies using LSTM architectures for ED, such as Chen et al.[47], who showed
an AUC of about 0.95 for 24-hour sequences of behaviour. Previous studies using sensors
showed high sensitivities (92% sensitivity and 89% specificity in Rutten et al. [41]), but often
used heuristic methods and remained vulnerable to false-positive results in the presence of
behavioural variables. Activity basedmethods (At-Taras and Spahr [36]) clearly improved upon
visual observation, and this work follows in this line by providing an estimate of performance
over multiple prediction horizons and providing uncertainty estimation for decision support.

Overall, the findings confirm the thesis that combining sequence modelling with window-
specific thresholding and uncertainty estimation provides a strong, decision-relevant frame-
work for ED, especially for nearby windows where behavioural signals are strongest.
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7 Conclusion And Future Scopes

The thesis focused on addressing the challenge of automated ED of wearable sensor data, ex-
amining its predictive capabilities across various time intervals leading up to estrus incidence.
Unlike other studies that focus on a specific point in system operation, this thesis considers pre-
dictive reliability and uncertainty across various time windows to estrus incidence, as enabling
an early notification system requires a clear understanding of these aspects.

The results show a stable, information-rich signal for current window predictions, but a
degradation in performance with longer windows due to higher behavioural variability and
reduced physiological signals. It has been observed that using accuracy as a single metric
is inadequate in this setting, and a horizon-dependent threshold and specific measures to ad-
dress severe class imbalance are required. The observed consistent degradation of F1-score and
PR-AUC with increasing window distance captures a fundamental difficulty of this particular
problem, rather than any specific inadequacies of the modelling.

Another major contribution of this research study is the inclusion of MC dropout-based
uncertainty estimation. The analysis of uncertainty has demonstrated a systematic relation-
ship between the level of prediction confidence and the prediction windows, even when the
boundaries between correct and incorrect predictions are not clearly defined in individual-level
validations. Such an observation aligns with expectations for rare-event prediction in a het-
erogeneous group of subjects and validates the idea that uncertainty should be treated as a
probabilistic rather than a deterministic quantity.

Future scopes of this study may utilise these results in several directions. First, the feasibility
of aggregate predictions via a cascadedwindow-prediction approach can be examined, inwhich
overlapping predictions for the target time window at the sequence level are combined into a
robust final prediction. Second, RF could also be used as an additional baseline for comparison
due to its non-linearity character and its ability to represent interactions between variables
without having to model sequences. Lastly, the generalisability of the findings can be improved
by including more farms and varying the observation time.

To conclude, this thesis shows that ED is a window-dependent classification problem, where
its difficulty and optimal threshold points were strongly related with prediction horizons.
Based on evaluations of performance, thresholds, and uncertainty on both population and in-
dividual levels, the thesis provides a solid foundation for a robust decision-support system in
precision dairy farming.
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