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Abstract

Dairy cattle monitoring at herd scale presents a persistent challenge: in-
dividual animals must be observed continuously, but manual inspection is
intermittent and subject to human error. This dissertation presents Smart-
CattleAI a multi-modal monitoring system for dairy cattle that integrates
computer vision, inertial and positioning sensors, a welfare rule engine, and
a natural language agent into a unified web-based platform. Built on the
MMCOWS public dataset, the system combines a YOLOvVS object detector
with image-based and sensor-based behaviour classifiers operating over a
shared seven-class taxonomy, and reconciles their outputs through a late-
fusion strategy at the application layer. A configurable threshold-based
welfare rule engine translates perception outputs into interpretable alerts
for fever, prolonged lying, and low activity, while a pattern-matching nat-
ural language agent allows farm managers to query herd state in plain En-
glish without external service dependencies. The prototype is implemented
as a static-generation pipeline whose offline build produces a self-contained
playback artifact for demonstration purposes. Experimental evaluation on
a one-hour MMCOWS data slice reveals complementary strengths between
vision and sensor modalities, confirms the sensitivity of the alerting layer to
threshold configuration, and demonstrates end-to-end coherence through
two representative usage scenarios. The work positions multi-modal cattle
monitoring as a meaningful case study for integrating perception, decision

support, and user interaction in applied agricultural Al

Keywords: precision livestock farming, dairy cattle monitoring, multi-
modal fusion, behaviour classification, object detection, welfare alerting,

natural language agent.



Résumé

La surveillance des bovins laitiers a ’échelle du troupeau constitue un
défi persistant : chaque animal doit étre observé en continu, alors que
I'inspection humaine reste intermittente et sujette aux erreurs. Cette dis-
sertation présente SmartCattleAl, un systéeme de surveillance multimodal
pour bovins laitiers qui integre la vision par ordinateur, des capteurs in-
ertiels et de positionnement, un moteur de regles de bien-étre animal et
un agent en langage naturel, au sein d’une plateforme web unifiée. Con-
struit sur le jeu de données public MMCOWS, le systeme combine un dé-
tecteur d’objets YOLOvVS avec des classificateurs de comportement fondés
sur I'image et sur le capteur, opérant sur une taxonomie partagée de sept
classes, et réconcilie leurs sorties par une stratégie de fusion tardive au
niveau de la couche applicative. Un moteur de régles de bien-étre a seuils
configurables traduit les sorties de perception en alertes interprétables pour
la fievre, le décubitus prolongé et la faible activité, tandis qu’un agent de
correspondance de motifs permet aux éleveurs d’interroger 1’état du trou-
peau en langage naturel sans dépendance a des services externes. Le pro-
totype est mis en ceuvre sous la forme d’un pipeline de génération statique
dont la construction hors ligne produit un artefact de lecture autonome
a des fins de démonstration. L’évaluation expérimentale sur une tranche
d’une heure du jeu MMCOWS met en évidence les forces complémentaires
des modalités vision et capteur, confirme la sensibilité de la couche d’alerte
a la configuration des seuils, et démontre la cohérence de bout en bout a
travers deux scénarios d’utilisation représentatifs. Ce travail positionne la
surveillance multimodale des bovins comme une étude de cas représentative

pour l'intégration de la perception, de I'aide a la décision et de 'interaction



utilisateur dans l'intelligence artificielle agricole appliquée.

Mots-clés : élevage de précision, surveillance des bovins laitiers, fusion
multimodale, classification comportementale, détection d’objets, alertes de

bien-étre, agent en langage naturel.
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Introduction

1 Problem statement

Precision livestock farming is built around a straightforward idea: contin-
uous, individual, data-driven observation of farm animals throughout their
productive lives [1]. As cheap sensors, embedded vision systems, and ma-
chine learning have spread through agriculture, the field has had to develop
pipelines that turn raw observations into actionable signals about animal
health, behaviour, and welfare [2]. Dairy cattle are the natural focus: they
combine high economic value with strict welfare expectations, and their
behavioural patterns are detailed enough that intermittent human obser-
vation routinely misses early signs of disease, discomfort, or productivity
loss [1]. Modern herd sizes make this harder.

Despite the availability of multiple sensing technologies — cameras,
accelerometers, ultra-wideband tags, and physiological sensors — exist-
ing monitoring solutions rarely integrate them into a coherent, user-facing
platform. Most address a single modality, leaving farm managers with-
out a unified view of herd state. The central problem addressed in this
dissertation is: how can heterogeneous data streams from a dairy barn
be integrated into a single, interpretable monitoring system that supports

real-time welfare decisions at the individual animal level?

2 Motivations

Behaviour recognition and welfare alerting sit near the centre of this work

because they make each animal’s interaction with its environment measur-
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able over time [9, 8]. Behavioural monitoring captures resting patterns,
feeding activity, locomotion, and abnormal events, and feeds higher-level
tasks such as lameness detection, oestrus monitoring, calving prediction,
and disease screening [13]. It also draws on image-based, sensor-based,
and multi-modal methods, since all three families have been applied to
cattle observation [10, 16]. Multi-modal cattle monitoring is therefore the
framing used throughout this dissertation.

The motivation for building SmartCattleAI rests on three observations.
First, the MMCOWS dataset [17] now provides a public, synchronised
multi-modal benchmark for dairy cattle, enabling reproducible end-to-end
research. Second, the gap between individual perception components —
detectors, classifiers, rule engines — and a usable farm tool remains wide;
bridging it requires system-level design as much as modelling skill. Third,
interpretability is as important as accuracy in farm settings: alerts that

farmers cannot explain or tune are alerts they will ignore.

3 Objectives

The central goal of this dissertation is to study Al-based livestock monitor-
ing through the design and implementation of SmartCattleAI — a multi-
modal system for dairy cattle that combines computer vision, inertial and
positioning sensors, a welfare rule engine, and a natural language agent
2, 16]. The work explains the role of multi-modal observation in precision
livestock farming, lays out the theoretical foundations of object detection
and behaviour recognition, and examines how heterogeneous data sources
can be integrated into a single coherent view of the herd [4, 6, 9]. Through-
out, dairy cattle monitoring serves as a concrete test case for evaluating
end-to-end intelligent agricultural systems [1].

A second objective is to make the dairy setting’s specific difficulties
explicit: occlusion, lighting variation, individual identity, and behavioural
context all shape system performance in ways worth understanding |3,
8]. To that end, the dissertation examines several component families —

YOLO-family detectors, image-based and sensor-based behaviour classi-
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fiers, threshold-based welfare rule engines, and a local conversational in-
terface for end users [6, 9, 10]. The aim is not only to describe individual al-
gorithms but to show how their integration produces a working monitoring
platform, and to position multi-modal cattle monitoring as a meaningful

case study for applied agricultural Al

4 Thesis structure

This dissertation is organised into four chapters, each addressing a distinct
phase of the work, framed by this Introduction and a closing Conclusion
and Future Work section.

Chapter 1 covers the conceptual background: precision livestock farm-
ing, computer-vision and sensor-based monitoring, multi-modal fusion, and
the use of welfare rule engines in dairy contexts [1, 2, 16]. It also presents
the dairy cattle welfare setting, introduces the MMCOWS dataset and its
behaviour taxonomy, and reviews representative studies from the literature
8,9, 10, 17].

Chapter 2 sets out the methodological framework. It begins with the
dataset configuration and data preparation pipeline that produce the struc-
tured timeline consumed by the system, then presents the SmartCattleAl
architecture in detail — the YOLOvS8 detection module, image-based and
sensor-based behaviour classifiers, multi-modal reconciliation, welfare rule
engine, natural language agent, and dashboard design [17, 6, 12].

Chapter 3 presents the experimental evaluation: per-camera detection
observations, per-class behaviour-classification analysis, welfare-alert sen-
sitivity under different threshold configurations, and a discussion of the
results in relation to the broader literature [8, 9, 12].

Chapter 4 details the system implementation and prototype, describing
the technology stack and build pipeline before demonstrating the end-to-
end platform through two representative usage scenarios — normal herd

monitoring and alert /anomaly detection [2, 16].
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Chapter 1

Background and
Literature Review

Precision livestock farming combines sensing, computation, and decision
support to make individual animal management measurable and data-
driven [1, 2]. This chapter provides the conceptual foundations on which
SmartCattleAl is built. It begins with an overview of precision livestock
farming and its modalities, then examines computer-vision and sensor-
based monitoring as the two main perception families, before turning to
multi-modal fusion and welfare decision support [16, 12]. The chapter then
introduces the dairy cattle welfare context and the MMCOWS dataset that
provides the empirical foundation for this work, presents the behaviour tax-
onomy used throughout the system, reviews representative studies from
the literature, and concludes with a survey of Al applications in livestock

farming [17, 9].

1.1 Precision Livestock Farming

1.1.1 Definition of precision livestock farming

Precision livestock farming applies sensing, modelling, and control tech-
nologies to the continuous management of individual animals on commer-

cial farms [1, 2]. The goal is to track each animal in real time, flag de-

18



viations from normal behaviour, and support farm decisions that improve
productivity, welfare, and resource use. What used to be a herd-level op-
eration becomes an information-driven activity in which each animal is
treated as a measurable, interpretable entity [2].

Herd sizes have grown faster than human capacity to observe individ-
ual animals with adequate attention [2]. Automated sensing systems fill
that gap, capturing short-lived events, gradual trends, and rare anoma-
lies that would otherwise go unnoticed. They also support record-keeping,
traceability, and the longitudinal datasets that research and benchmarking
depend on [17].

1.1.2 Modalities and indicators

Precision livestock farming draws on a wide range of sensing modalities,
each capturing a different facet of animal state [2, 9]. Fixed and on-animal
cameras supply visual, video, and thermal signals [3, 8]. Accelerometers
and gyroscopes mounted on collars, halters, or ankles record posture and
movement [10]. Ultra-wideband, RFID, and GPS tags log where each
animal spends its time [11]. Sensors for core body temperature, rumen
activity, and milk yield add direct physiological evidence [13]. No single
channel covers everything [16].

Table 1.1 sketches how the field operates across these observation levels,

from raw visual input to direct physiological measurement.
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Table 1.1: Examples of precision livestock farming modalities and indica-

tors
Modality Sensor type Indicator captured Example applica-
tion
Vision Fixed RGB cam- | Posture, location in scene, | Detecting feeding or
era group behavior lying cows
Vision Thermal camera | Surface temperature, fever | Detecting elevated
screening body temperature
Inertial Ankle / neck ac- | Activity, gait, posture tran- | Lameness and
celerometer sitions oestrus detection
Positioning UWB tag in | Location, residence time per | Feed bunk and lying
barn zone area usage
Physiological Rumen bolus /|Body temperature, rumen | Disease and calving
CBT sensor pH alerts
Production Milking  robot | Yield per visit, conductivity | Mastitis screening
logs

Observation modalities in precision livestock farming

sensing modality

s 1\
Vision —>

L J

Vs )
Inertial —>

s ) € /

Vs )
Dairy cow > Positioning —>

/ herd o

L J

L J f )
Physiological —>

L J

Vs )
Production —>

L J

example indicator

RGB / thermal cameras

accelerometer, gyroscope

UWB, RFID, GPS tags

CBT, rumen, milk yield

milking-robot logs

Figure 1.1: Main observation modalities in precision livestock farming.

Each modality suits different purposes. Vision handles group behaviour

and spatial occupation; accelerometers drive activity-based welfare scoring;

positioning systems show how each animal uses the barn’s resources [3, 9,

20



11]. Physiological sensors add direct health signals — particularly useful
for fever, calving, and rumination monitoring [13]. In practice, several
are combined, and the quality of any one channel can quietly limit every
downstream stage [16]. Figure 1.1 maps each modality onto the indicator

it captures.

1.1.3 Continuous monitoring in dairy systems

Continuous monitoring gives herd managers and computational models the
structured observations they need to spot regularities and flag deviations
2, 13]. When measurements are tied to individual cows over time, models
can learn a baseline and detect when an animal drifts from it — particularly
useful for early disease detection, where a single isolated measurement
rarely tells the full story [9, 10, 12].

Continuously annotated datasets carry the same advantage into re-
search: they let different systems be compared under shared conditions
and recurring error sources be analysed [17]. This dissertation uses the
MMCOWS dataset and the SmartCattleAl prototype as the experimental
basis because they are both theoretically grounded and methodologically
manageable — a concrete example of how multi-channel observation makes

different perception approaches comparable [16].
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Common challenges in precision livestock farming

Occlusion &
crowding
Lighting & Need for
weather interpretability

Monitoring
challenges

Near-identical Missing /
coat patterns noisy channels
Growing
herd scale

Figure 1.2: Common challenges in precision livestock farming.

The recurring difficulties of the field are summarised in Figure 1.2:
occlusion and crowding, lighting and weather variation, near-identical coat
patterns, growing herd scale, missing or noisy channels, and the constant

need for interpretable outputs.

1.2 Computer Vision for Livestock Monitor-
ing
1.2.1 Definition of vision-based monitoring

Vision-based livestock monitoring is the task of analysing images or video
from animal environments to extract structured information: identity, lo-
cation, posture, behaviour [3, 8]. Cameras are cheap, non-invasive, and
capture group-level context that contact sensors cannot, which explains
their wide adoption in agricultural Al [2]. Interpreting each frame requires

situating it within a wider scene, making the task harder than plain image
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classification [7]. In most practical pipelines, vision sits as an intermediate
layer between the camera and any deeper herd analysis.

Behaviour recognition, body condition scoring, lameness detection, and
individual identification all depend on detection and tracking outputs as
preliminary input [14]. Even in fully multi-modal models, visual informa-
tion helps with context and interpretation [16, 17]. Vision-based monitor-
ing is therefore both a practical farm tool and a standard reference point

for comparing perception approaches.

Vision-based livestock monitoring pipeline
Barn Frame dg:zj;‘i:;n Per-cow Behaviour Welfare
camera capture (YOLOVS) crop classifier reasoning

Figure 1.3: Illustration of a vision-based livestock monitoring pipeline.

Figure 1.3 shows the typical chain: a barn camera supplies frames,
an object detector localises each animal, per-cow crops feed a behaviour

classifier, and the resulting labels drive welfare reasoning.

1.2.2 Object detection as a perception task

Object detection is usually framed as a combined localisation and classifi-
cation problem: the input is an image and the output is a set of bounding
boxes, each tagged with a class label and a confidence score [4, 5]. For a
frame I, the model predicts a list of triples (by, ¢1, 1), (b2, €2, 52), - - -, (b, Cny Sn),
where b; is a bounding box, ¢; a class, and s; a confidence score. Farm scenes
are inherently multi-instance — several animals typically visible at once
— so livestock detection fits the multi-object localisation mould far better
than global image classification [8, 3.

Table 1.2 groups detection architectures into families and shows the

methodological options available for livestock vision.
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Table 1.2: Representative detection architectures used in livestock vision

Family Representativilain characteristic
model

Two-stage Faster R- | Region proposal followed by classification; high accuracy,
CNN slower inference

Single-shot SSD Multi-scale anchor boxes predicted in a single pass

Single-shot YOLOv3 / v4 | Grid-based prediction, real-time speed, widely adapted
to agriculture

Anchor-free | YOLOvVS Decoupled head, anchor-free design, strong default in
modern livestock work

Consider a fixed barn camera watching several cows: each animal must
be localised, possibly identified, and associated with a behaviour label [8, 3].
Getting this right requires the model to combine local appearance with
broader scene context [5]. In dairy environments, occlusion, near-identical
coat patterns, and shifting lighting make the task considerably harder than
detection on curated photographic datasets. Detection pipelines address
the problem by exploiting multi-scale features, anchor structures, and at-

tention mechanisms to identify several animals per frame [4, 6, 18].

1.2.3 Challenges of computer vision in dairy environ-

ments

Dairy barns are visually complex, which makes livestock monitoring harder
than detection in most other domains [3, 8]. A single camera typically
captures several animals with overlapping bodies, partial occlusion by in-
frastructure, and varying distances from the lens — all of which compli-
cate localisation and identity assignment. Many animals also look nearly
identical: Holstein patterns differ only in detail, so the system must lean
on context, position, and temporal continuity to maintain identity across
frames.

Two cows lying close together in a free-stall area can collapse into a
single detection on a poorly tuned model — one reason dairy vision re-
quires evaluation under realistic barn conditions rather than controlled

benchmarks. Indoor and outdoor environments, day and night cycles, and
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seasonal lighting changes all vary in contrast, colour balance, and shad-
owing, complicating the design of unified vision systems [2]. Commercial
deployments add further variation: camera placement, cleanliness, and net-
work bandwidth differ between farms. Robust dairy vision models need to

handle this variation rather than simply performing well on one site.

1.2.4 Importance of behavior recognition in cattle vi-
sion

Behaviour recognition is central to cattle vision because so much welfare-
relevant information is encoded in the postural and temporal structure of
activity [8, 9]. Walking, standing, lying, feeding, drinking, and licking are
strong indicators of comfort, health, and production state [13]. Accurate
detection without behavioural classification still misses most of what mat-
ters. In dairy systems, turning visual observations into behavioural labels
is the primary goal.

Traditional systems combined handcrafted geometric and motion fea-
tures with classical classifiers [3, 12]. Neural approaches learn the relevant
patterns from data, using convolutional backbones, temporal pooling, and
contextual features [7]. Either way, behaviour recognition dominates both

performance and error analysis.

1.3 Sensor-Based Monitoring

1.3.1 Inertial sensing

Inertial sensing uses accelerometers and gyroscopes mounted on collars,
halters, ear tags, or ankles to record an animal’s motion and posture [9, 10].
The sensors produce time series capturing the intensity, frequency, and
orientation of movement, from which behaviours such as walking, standing,
lying, and ruminating can be separated. In dairy cattle, the approach has
been applied to lameness, oestrus, calving, and abnormal activity levels [13,

14, 15]. Its practical appeal is straightforward: low cost, low bandwidth,
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and a direct tie to the individual animal.

In practice, raw inertial signals are summarised over short sliding win-
dows to extract descriptive features — mean, variance, dominant fre-
quency, signal-magnitude area — which then feed classifiers that emit
behaviour labels at the window level. Modern systems also pass raw or
lightly processed windows directly to neural models that learn their own

representations. The approach works with both classical and deep learning

pipelines.
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Figure 1.4: A real ankle-accelerometer window from the MMCOWS slice
(cow T03, sampled at 10Hz). The shaded region marks one 100-sample

(~10s) window of the kind fed to the sensor-based classifier.

Figure 1.4 shows one such window taken from the dataset used in this
work: the three acceleration axes carry a clear motion burst that a classifier

can map to an active behaviour.

1.3.2 Localization with UWB and RFID

Indoor localisation of livestock is typically handled by ultra-wideband or
RFID systems, which deliver sub-metre position estimates under realis-
tic barn conditions [11]. UWB uses time-of-flight measurements between
animal-worn tags and fixed anchors, making it robust to multipath and

partial occlusion. The resulting trajectories show how each animal uses
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the barn’s resources — feed bunk, lying area, water trough, milking robot
[2] — and add spatial context that no single camera can supply [16].

Localisation data also aggregates into welfare indicators: residence time
per zone, distance walked per day, social proximity between animals. These
metrics catch welfare issues that show up first as spatial changes — reduced
feed-bunk attendance, unusual isolation from the herd [13]. The system
therefore serves both real-time and longitudinal roles.

UWB occupancy density (10 cows, 1 h)
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Figure 1.5: UWB occupancy density of the ten instrumented cows over the

one-hour slice, overlaid on the barn pen boundary. Hotter cells mark zones

where the herd spends more time.

Figure 1.5 aggregates one hour of UWB fixes from the dataset into an

occupancy heatmap, making resource-zone usage directly visible.

1.3.3 Thermal and physiological sensing

Thermal and physiological sensors capture direct health signals — core
body temperature, surface skin temperature, rumen pH, milk conductivity
2, 13]. Core body temperature is particularly useful: elevated values often
precede clinical signs of disease by hours or days. These measurements may
come from rumen boluses, intra-vaginal sensors, or thermal cameras tar-
geting specific body regions. Pairing them with behavioural observations

gives the monitoring pipeline both indirect and direct evidence of health
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[16].

Physiological signals are most informative for fever detection, calving
prediction, and metabolic transitions around parturition. Because they
reflect internal state directly, they often supply stronger evidence than
behaviour alone — especially when the behavioural picture is ambiguous.
The trade-off is cost and invasiveness: physiological sensors are more bur-
densome than vision or inertial systems, which limits their deployment at

scale. This tension motivates the multi-modal designs discussed later.
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Figure 1.6: Core body temperature traces for the ten instrumented cows
across the slice, with the 39.0°C warning and 39.5°C critical thresholds.

No animal crosses the warning line in this window.

The real core-body-temperature traces in Figure 1.6 stay comfortably
below the warning threshold, which is itself a useful observation: the slice
contains no febrile animal, so fever alerts should be silent under default
thresholds.

1.4 Multi-Modal Fusion

1.4.1 Why fuse modalities

Multi-modal fusion combines several observation channels to produce a

more reliable view of the monitored system than any single channel alone
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[16]. In dairy monitoring, vision describes the global scene and group
behaviour, inertial sensors capture each animal’s motion in detail, and
positioning systems record where each animal spends its time [11, 9]. Each
modality has failure modes the others can compensate for — a property
that matters most for welfare decisions, where both false alarms and missed
events carry real cost [17, 2].

Fusion also helps with data availability. Cameras fail because of dust or
network problems; sensors fall off or run out of battery; individual animals
leave the field of view of any single camera [3]. A multi-modal system keeps

producing useful information when one channel degrades.

1.4.2 Early, late, and hybrid fusion

Fusion architectures are usually grouped into three strategies: early, late,
and hybrid [16]. Early fusion concatenates raw features from several modal-
ities and passes them to a single model that learns joint representations.
Late fusion processes each modality with its own model and combines only
the resulting predictions or scores at the end. Hybrid fusion mixes the
two — for example by extracting modality-specific features early and in-
tegrating them at one or more intermediate layers. Each strategy makes
different trade-offs in robustness, modularity, and the handling of missing
data [17].
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Figure 1.7: Early, late, and hybrid multi-modal fusion strategies.

As Figure 1.7 illustrates, the three strategies differ mainly in where
the modality streams meet. In practice, late fusion is the easiest to deploy:
each modality can be developed, trained, and replaced independently. This
matters in agriculture, where sensors are added and removed over time as
hardware changes [2, 11]. Early fusion can produce stronger joint repre-
sentations but degrades more when channels are missing or noisy. Smart-

CattleAl takes a late-fusion-leaning approach, exposing per-modality pre-
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dictions and reconciling them at the application layer.
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1.5 Decision Support and Welfare Alerting

1.5.1 Rule-based welfare engines

Rule-based welfare engines apply expert-defined thresholds to monitored
variables to generate human-readable alerts [12, 2]. A system may flag a
cow if her core body temperature exceeds 39.0°C, or if she has been lying
continuously for more than sixty minutes [13]. Such rules are transparent,
easy to explain to farmers, and easy to audit when an alert is disputed.
They also encode existing veterinary knowledge directly into the system.
The weaknesses appear when behaviour is ambiguous, contextual, or
individually variable. Fixed thresholds can fire false alarms for animals
whose baseline differs from the herd average, and miss subtle deviations
that never cross an explicit limit. Modern systems tend to combine rule-
based alerts with learning-based components that adjust thresholds or rank
alerts by severity. SmartCattleAl keeps rule-based alerts as the primary
user-facing mechanism for interpretability, while making thresholds con-

figurable so farm-specific variation can be accommodated.

1.5.2 Agent-based and conversational interfaces

Recent work in precision livestock farming has explored conversational in-
terfaces that let farmers query the monitoring system in natural language
[2]. A focused question — “which cows have fever?”, “where is Daisy?” —
replaces manual dashboard navigation, lowering the cognitive cost of ac-
cessing complex multi-modal data. These interfaces also surface long-tail
information that rarely makes it onto the main screens of a monitoring
dashboard.

Large language models are an obvious candidate, but simpler pattern-
based agents are often enough when the underlying state is structured
and the query space well bounded. Pattern-based agents are easier to
deploy on-premises, require no external services, and behave predictably
in safety-relevant contexts. SmartCattleAl adopts a pattern-matching

natural-language layer for these reasons, leaving the door open for an LLM-
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backed variant in future work.

1.6 Dairy Cattle Welfare Context

1.6.1 Overview of the dairy production setting

Dairy cattle are among the most heavily monitored farm animals because
they combine high economic value with strict welfare expectations and
complex behavioural patterns [2, 13]. Computationally, they are particu-
larly interesting: daily activities differ across posture, motion, and location,
which makes the production system an informative target for multi-channel
observation [8, 9]. The setting exposes both the strengths and the limits
of perception and decision methods under real conditions.

Unlike monitoring problems with a simple behavioural structure, dairy
operations produce continuous, individual data covering several activity
categories over each twenty-four-hour cycle. Each animal alternates be-
tween feeding, lying, walking, standing, drinking, and social interaction,
and the meaning of any single observation often depends on its position in
the daily activity budget. Dairy data is information-rich, but also compu-

tationally demanding.

1.6.2 Welfare indicators

Several welfare indicators are routinely used to assess individual dairy cows
in modern monitoring systems [2, 13]. The standard list includes lying
time, lying bout length, walking activity, feeding time, water intake, ru-
minating activity, and physiological measurements such as core body tem-
perature [12]. Each indicator captures a different facet of welfare, and
combinations tend to yield more reliable assessments than any single mea-
sure [16].

This has direct consequences for system design. A monitoring sys-
tem that relies on a single indicator can misread welfare state when it

ignores contextual signals and concurrent measurements. Modern dairy
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monitoring platforms therefore tend to favour architectures that preserve
per-modality detail, or models that can reason jointly about several indi-

cators.

Indicators in dairy welfare monitoring
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Figure 1.8: Behavioral and physiological indicators used in dairy welfare

monitoring.

Figure 1.8 groups the standard indicators into behavioural and physi-

ological families, both of which feed a combined welfare assessment.

1.6.3 Industry challenges

Dairy monitoring is also shaped by the operational realities of commercial
farms [2, 3]. Cameras and sensors must function reliably in dusty, humid,
high-traffic environments with minimal manual maintenance. Network
bandwidth inside a barn is typically limited, which caps how much raw
data can travel to off-site servers. These constraints favour edge-friendly,
lightweight pipelines — and motivate the static-generation strategy in re-

search prototypes like SmartCattleAl.
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A second concern is interpretability [12]. Farmers and veterinarians rely
on monitoring outputs to make practical decisions, and they need to un-
derstand why a given alert fired. Black-box models that output risk scores
without explanation are hard to trust in the field, especially when treat-
ment or culling decisions are involved. That is why SmartCattleAl keeps
rule-based thresholds, configurable parameters, and visible per-modality

outputs at the centre of its design.

1.7 The MMCOWS Dataset

1.7.1 Dataset overview

The MMCOWS dataset is a public multi-modal resource for dairy cattle
monitoring that combines synchronised cameras with on-animal sensors
and expert annotations [17]. It is one of the first public benchmarks where
vision, inertial, and positional data are released together with consistent
ground truth [16]. The combination makes it possible to develop and evalu-
ate detection, behaviour classification, and multi-modal fusion components
within a single coherent setup. The dataset is central to this dissertation
— both as the source of training and evaluation data and as the empirical
foundation of the SmartCattleAI prototype.

In practical terms, MMCOWS covers a working dairy environment in
which several cows are observed simultaneously by multiple cameras, while
a subset of the herd wears inertial, positioning, and physiological sensors.
The dataset is organised so that visual, inertial, positional, and physio-
logical observations can be aligned in time and associated with the same

individual animal.

1.7.2 Annotation methodology

Ground-truth behaviour labels in MMCOWS are produced by trained an-
notators who watch synchronised video and assign behaviour categories

to each animal at fixed time intervals [17, 12]. The annotation guidelines
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fix a taxonomy of behaviours, define exclusion rules for ambiguous events,
and set tie-breaking conventions when multiple behaviours overlap. The
resulting labels are stored as per-cow time series and serve as the reference
against which automatic classifiers are evaluated [9].

Alongside behaviour labels, MMCOWS provides bounding-box anno-
tations for the cows visible in each camera frame. Boxes are stored in
the standard YOLO text format, with one line per object encoding the
cow identifier, centre coordinates, width, and height in normalised im-
age coordinates [4]. The format is widely supported by modern detection

frameworks and matches YOLOvS8’s input expectations [6].

1.8 Behavior Label Taxonomy

1.8.1 Overview of behavior categories

SmartCattleAl uses a seven-class behaviour taxonomy derived from the
MMCOWS annotation scheme [17, 12]. The classes are walking, standing,
feeding (head up), feeding (head down), licking, drinking, and lying, covering
the main behaviours observed in a free-stall dairy environment [9]. The
taxonomy is rich enough to support meaningful welfare reasoning yet small

enough to keep classifier outputs interpretable for end users [2].

Table 1.3: SmartCattleAl behavior taxonomy and welfare relevance

Class Type Welfare relevance

Walking Locomotion Activity level, gait, lameness screening
Standing Posture Idle time at the feed bunk or alley
Feeding  (head | Feeding Time at the feed bunk in chewing posture
up)

Feeding  (head | Feeding Time at the feed bunk in eating posture
down)

Licking Maintenance Grooming activity, comfort indicator
Drinking Maintenance Water intake proxy

Lying Rest Rest time, lying bout length, comfort

Table 1.3 summarises the behaviours and the welfare aspect each one

informs.
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1.8.2 Taxonomy in context

The seven behaviour classes appear in three different streams in SmartCat-
tleAl: as ground-truth labels from MMCOWS; as outputs of the image-
based behaviour classifier, and as outputs of the sensor-based classifier
[17, 16]. Sharing the same label space across all three streams is what
makes multi-modal reconciliation meaningful — the system can compare

and combine predictions that live in the same semantic vocabulary.

Ground-truth behaviour distribution (16 cows, 1 h)
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Figure 1.9: Ground-truth behaviour distribution over the slice (cow-
seconds across all sixteen cows). Lying and standing dominate, while walk-

ing, drinking, and licking are rare.

The class distribution in Figure 1.9, computed directly from the ground-
truth labels, exposes a strong imbalance: lying and standing account for
the vast majority of cow-seconds, whereas drinking and walking are rare
and licking is absent in this window. This imbalance is important context

for the per-class results reported in Chapter 3.

1.9 State of the Art and Related Work

Table 1.4 lists representative studies with their approach, setting, and main
result [3, 12, 13, 11, 8,9, 10, 17]. The trend is clear: rule-based and feature-

engineered models have given way to neural and multi-modal approaches.
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Table 1.4: Representative Al-based livestock monitoring studies reported
in the literature

Paper Approach Dataset /|Main idea Result
Setting
Nasirahmadi et | Computer | Indoor cattle | Reviews machine vision meth- | Vision is
al. (2017) vision and pigs ods for behavior detection in | mature for
livestock posture
and  group
behavior
Arcidiacono et | Threshold | Dairy  cow | Real-time classifier with rule- | Strong
al. (2017) rules accelerome- | based thresholds for behavior | agreement
ter recognition with expert
observation
Borchers et al.|Machine | Activity, ly-|Predicts calving from sensor- | Reliable
(2017) learning |ing, rumina- |derived behavioral features short-
tion horizon
calving
alerts
Vazquez Dios-| UWB lo- | Indoor dairy | UWB-based individual posi-|Sub-meter
dado et al.|calization |farm tion tracking and resource-use | accuracy
(2020) analysis under barn
conditions
Wang et al.|Deep Cattle video |End-to-end CNN-based cattle | Outperforms
(2021) learning behavior recognition handcrafted
vision feature
baselines
Riaboff et al.|Sensor Accelerometer Systematic review of | Highlights
(2022) ML studies accelerometer-based live- | need for
stock behavior prediction shared
datasets
Pavlovic et al.|Sensor Neck-collar | Multi-class behavior classifi- | Comparable
(2021) ML accelerome- | cation with classical and neu- | perfor-
ter ral models mance
for  tested
classes
MMCOWS Multi- Dairy  barn|Public multi-modal cattle | Enables re-
(2024) modal (vision + | monitoring  dataset  with | producible
sensors) annotations multi-
modal
research
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The main open questions concern dataset availability, behavioural cover-

age, and model generalisation.

1.9.1 Related work

Several studies have approached cattle monitoring from different angles
— vision-based behaviour recognition, sensor-based activity classification,
and multi-modal dataset construction [3, 8, 9, 10, 11, 17]. Nasirahmadi et
al. (2017) reviewed machine-vision approaches for monitoring cattle and
pigs, focusing on posture and group behaviour [3]. The review showed
that vision-based methods apply across several behaviour categories de-
spite considerable barn variation, and it flagged the recurring difficulty of
crowded, occluded, visually homogeneous scenes.

Arcidiacono et al. (2017) proposed a real-time threshold-based classi-
fier for dairy cattle behaviour recognition [12]. Their results showed that
simple rules, tuned with expert input, achieve strong agreement with hu-
man observation — useful evidence that interpretable thresholds hold up
against more complex approaches. The study is a useful reference for any
work that combines machine learning with explicit thresholds [2, 13].

Borchers et al. (2017) tackled calving prediction using machine-learning
models trained on activity, lying, and rumination features extracted from
sensors [13]. Ensembles and boosted trees produced reliable short-horizon
predictions, particularly when several behavioural channels were combined
[16]. The study illustrates how directly continuous behavioural observation
feeds time-critical farm decisions.

Vazquez Diosdado et al. (2020) showed that ultra-wideband position-
ing systems can be deployed in indoor dairy farms with sub-metre accu-
racy [11]. The work emphasised spatial context — how each cow uses
the barn’s resource zones — rather than restricting evaluation to activity-
only behaviours [2]. UWB is what makes those resource-zone interactions
measurable.

Wang et al. (2021) investigated cattle behaviour recognition with end-

to-end convolutional architectures trained on video [8]. The work confirmed
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that deep learning consistently outperforms handcrafted vision features on
realistic barn data [7], and flagged a recurring caveat: strong benchmark
performance does not guarantee strong on-farm performance.

More recently, the MMCOWS dataset [17] introduced a public multi-
modal benchmark combining synchronised cameras with on-animal sensors
and behaviour annotations. It supports reproducible research on detection,
behaviour classification, and multi-modal fusion within a single coherent
setup [16], and provides the empirical foundation on which SmartCattleAl
is built.

Taken together, the reviewed studies trace a clear arc from feature-
based and rule-based approaches to deep neural architectures and multi-
modal datasets. They also expose recurring challenges: occlusion, be-
havioural variability, and the need for explainable alerts. These observa-
tions motivate treating multi-modal cattle monitoring as a representative
case study for integrating computer vision, sensors, and decision support

in agricultural Al.

1.10 Applications of Al in Livestock Farm-
ing
1.10.1 Health and welfare monitoring

Al-based livestock monitoring feeds directly into health and welfare man-
agement through continuous, individual observation [2, 13]. A continuous
behavioural and physiological record lets downstream stages detect devia-
tions, anomalies, and gradual trends that hint at emerging issues — often
before any clinical sign appears. Behavioural and physiological data are
typically the first signals that prompt decisions about treatment, separa-
tion, or veterinary inspection.

The contribution extends beyond acute disease detection. Welfare as-
sessment depends on distinguishing resting, feeding, social, and locomotor
behaviours, since these categories organise the cow’s daily activity budget.

A more accurate behavioural profile improves any welfare score or audit
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built on top of it — including those driven by regulatory compliance rather

than clinical concern.

1.10.2 Reproduction management

In reproduction management, continuous monitoring reduces uncertainty
around oestrus, mating, and calving [13, 2]. These events are short-lived
and easily missed when human observation is intermittent, and economic
outcomes often depend on catching them at the right time. Behavioural

indicators tighten the link between observation and intervention.

Table 1.5: Example of behavioral signals used in dairy reproduction man-

agement

Event Indicator Behavioral signature Management
type decision

Oestrus Activity Sharp increase in steps and |Insemination tim-

mounts ing

Calving Lying / ac-|Restlessness followed by ex- | Calving pen prepa-
tivity tended lying ration

Post-partum Feeding / ru- | Reduced feeding time and rumi- | Metabolic check
mination nation

Table 1.5 maps behavioural signals onto reproductive events and the
management decisions they inform.

Reproductive performance directly affects herd productivity, and ex-
plicit monitoring exposes information that downstream modules would
otherwise miss. Even in barns that rely heavily on production sensors,
behavioural monitoring adds value for analysis, evaluation, and decision

support.

1.10.3 Resource use and barn design

Al-based monitoring tracks which animals occupy which zones and for
how long, supporting resource-use analysis [11, 2]. The same data exposes
competition at the feed bunk, overcrowding in lying areas, and underuse

of facilities such as brushes or water troughs. Scaled up to barn design,
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the occupancy record can inform decisions about layout — both for daily

operations and longer-term investments.

1.10.4 Dataset construction and research support

Al-based monitoring also enables richly annotated multi-modal datasets
that can be reused in research, benchmarking, and system development
[17, 9]. Annotated datasets support both model training and evaluation,
and document the properties of a particular farm, breed, or production
stage. Annotation support tools blend human expertise with automatic
predictions to speed up labelling, and this interaction is most useful when
high-quality resources are needed and fully manual annotation would be

too slow.

1.11 Conclusion

This chapter introduced precision livestock farming and placed dairy cattle
at its centre as both a high-value monitoring target and a representative
case study for applied agricultural Al [1, 2]. It framed vision-based and
sensor-based monitoring as detection and time-series classification prob-
lems, examined the specific difficulties of dairy observation, and reviewed
representative studies from the literature [4, 9, 3, 8, 13, 11, 10, 17]. It
also introduced the dairy cattle welfare context, the MMCOWS dataset,
the seven-class behaviour taxonomy, and multi-modal fusion and rule-
based welfare engines as core building blocks of modern monitoring systems
(16, 12].

The next chapter turns to the methodological framework — dataset
configuration, data preparation, and the full design of the SmartCattleAl

system.

41



Chapter 2

Methodology

2.1 Introduction

This chapter sets out the complete methodological framework adopted for
SmartCattleAl It begins with the dataset configuration and data prepara-
tion steps that convert the raw MMCOWS slice into the structured time-
line the system consumes, then explains how each system component is
designed and how the resulting predictions are combined into a coherent
view of herd state [17, 2, 16]. The methodology rests on a modular system
design: each modality is processed by its own component, and the resulting
predictions are exposed to the application layer in a uniform way [16]. The
design is organised around three directions — a perception layer combining
object detection and behaviour classification, a reasoning layer built on a
welfare rule engine, and an interaction layer providing both a dashboard

and a natural language agent [12].

2.2 Dataset Configuration and Preparation

2.2.1 Data slice selection and acquisition

The full MMCOWS dataset is large, and not all of it is needed for a re-
search prototype. SmartCattleAl therefore works with a focused data slice

covering a short but representative time window [17]. The slice is chosen
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to include diverse behaviours, several instrumented animals, and at least
one welfare-relevant event — a prolonged lying bout, or an elevated body
temperature [12, 2]. The result is rich enough to demonstrate the full
pipeline while staying small enough to ship as a static artifact served from
the frontend.

A dedicated script handles acquisition of the data slice: it downloads
the relevant portion of MMCOWS and extracts it into the expected direc-
tory layout [17]. The script encapsulates assumptions about file naming,
archive structure, and timestamp conventions, making it possible to re-
fresh the slice reproducibly. The acquisition tooling also performs minimal
sanity checks — the presence of expected camera folders, the availability

of behaviour CSVs for each cow — to catch partial downloads early.

2.2.2 Multi-camera configuration

SmartCattleAl uses four cameras to observe the barn from different view-
points, matching the multi-view nature of MMCOWS [17, 3]. The cameras
are positioned so that the lying area, feeding area, and main walking lanes
are covered with overlapping fields of view. The overlap increases the
probability that each cow remains visible in at least one camera at any
given time [8], and it lets the system maintain individual identity across

viewpoints — essential for per-animal reasoning.
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Figure 2.1: Four synchronised camera views from the MMCOWS slice at
a single timestamp, covering the feed bunk, lying area, walking lane, and

a wide barn view.

Figure 2.1 shows the four views at one synchronised instant. Each
camera produces a sequence of JPEG frames at a fixed sampling rate,
indexed by Unix timestamps in the build pipeline. The frames live in
a structured directory layout under caml, cam2, cam3, and cam4, which

makes nearest-neighbour lookup by timestamp straightforward.

2.2.3 Sensor instrumentation

A subset of the herd wears on-animal sensors that record motion, po-
sition, and temperature alongside the camera feeds [17, 9, 11]. In the
SmartCattleAl configuration, ten animals (T01-T10) are equipped with
ankle-mounted inertial measurement units, ultra-wideband tags for indoor
localisation, and optionally core body temperature sensors [2]. The re-
maining cows are observed only through the cameras — the realistic case

where not every animal in a herd is instrumented.
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The sensor channels are deliberately complementary [16]. The IMU
stream records high-frequency acceleration and magnetometer readings and
captures fine-grained motion patterns [10]. The UWB stream records po-
sition estimates in barn coordinates, supporting occupancy and trajectory
analysis. The CBT stream records core body temperature, a direct health
signal [13]. Together, they make MMCOWS a representative multi-modal

benchmark for dairy monitoring research.

2.2.4 Cow identity management

SmartCattleAl manages a herd of sixteen cows identified as CO1 through
C16, each associated with a canonical name, a unique tag identifier, and
the Holstein breed [17]. The canonical names — Daisy, Bella, Molly, Luna,
and so on — let the user-facing components, including the natural language
agent, refer to animals the way farmers actually talk about their herd [2].
Internally, the system relies on stable numeric identifiers, keeping display
strings decoupled from computational state.

Only the first ten cows (T01-T10) wear the full sensor set; the remaining
six are observed exclusively through the cameras [17]. The asymmetry is
deliberate: it reflects the realistic case where sensor coverage is partial, and

it forces the system to handle missing modalities gracefully [16].

2.2.5 Dataset structure and organization

The dataset slice used by SmartCattleAl follows a fixed directory layout
that separates raw images, sensor recordings, and labels into distinct top-
level folders [17]. Images are organised by camera and timestamp; sensors
by modality and animal; labels by frame timestamp for bounding boxes
and by animal for behaviours.

Table 2.1 summarises the top-level layout. The separation lets each
modality be loaded, inspected, and replaced independently [16], and it
mirrors the modular design of the backend, where each loader handles a

single data type.
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Table 2.1: Top-level directory layout of the MMCOWS data slice used by

SmartCattleAl

Folder Subfolders Content

images/ caml, cam2, cam3, | Per-camera JPEG frames named by Unix
camé4 timestamp

sensors/ imu/, uwb/, cbt/ | Per-modality CSV files, one file per instru-

mented cow

labels/ bboxes/, YOLO-format bounding boxes per frame and

behaviors/ behavior CSVs per cow

2.2.6 Data preparation pipeline

The data preparation pipeline is the bridge between the raw MMCOWS
slice and the single static artifact the frontend consumes. It is implemented
as one offline build script (build_demo.py) that composes three dataset
loaders, walks the slice in time order, and emits one tick of timeline data
per step [17, 16]. Figure 2.2 gives the end-to-end view: the three raw data
families on the left are read by dedicated loaders, combined inside a per-
tick build loop, and written out as timeline. json plus a tree of camera

frames.
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Figure 2.2: Multi-modal data preparation pipeline used by SmartCattleAl:
raw data families, dataset loaders, the per-tick build loop with its alignment

tolerances, and the static artifacts produced.

Frame indexing by timestamp. The first stage indexes camera
frames by their Unix timestamps [17]. The FrameLoader walks each of
the four camera folders, parses the integer timestamp from each JPEG
filename, and stores a per-camera sorted list of timestamps together with
a timestamp-to-path map. Because the list is sorted, the nearest frame to
any requested time is found with a binary search (O(logn)). The build does
not invent its own time grid: it ticks on the actual frame timestamps of the
primary camera that fall inside the configured slice window, guaranteeing
that the camera-grid image and the YOLO bounding-box file for a tick
share exactly the same timestamp.

Sensor synchronisation. The three sensor streams are sampled very
differently: the IMU runs at roughly 10 Hz, UWB positions arrive about

every fifteen seconds, and core body temperature is logged about once a
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minute [16]. For each instrumented cow and each tick, the SensorLoader
extracts the trailing inertial window of W = 100 samples (~10s); if fewer
than one hundred samples precede the tick the window is dropped rather
than padded [9, 10]. The UWB and CBT streams are aligned by nearest
neighbour, each guarded by a maximum tolerated gap (MAX_UWB_GAP_S =
60s for UWB) so that stale readings are never associated with a tick [11].

Label parsing and normalisation. Bounding-box lines are parsed
into normalised coordinate tuples and grouped by frame timestamp; the
box file nearest the frame is accepted only within +£30s [4, 6]. Behaviour
rows are parsed into per-cow time series; the label nearest a tick is accepted
only within £5s [12, 2]. Integer behaviour codes are mapped through the
canonical BEHAVIOR_GT table to the seven-class taxonomy, and timestamps
are converted to a single Unix time base.

Static timeline construction. For each of the 240 ticks the build
loop emits a record with four fields: the tick timestamp, a barn summary,
a list of per-cow records, and the per-camera detections. A stateful per-cow
lying-bout tracker carries a 1lying since timestamp across ticks, used to
derive 1ying duration_sec. The whole structure is serialised into a sin-
gle minified timeline. json (about 2.9 MB for the 240-tick slice), and the
nearest real frame for each camera is copied into public/demo/frames/cam{1--4}.

Handling missing data. The dataset is only partially instrumented,
and even instrumented animals have gaps [16]. Each alignment rule is
therefore allowed to fail gracefully: an out-of-tolerance lookup or an under-
full IMU window yields an empty field rather than dropping the entire tick
or animal. This preserves the structure of the timeline even when individual

modalities are incomplete.

2.3 System Architecture Overview

2.3.1 Overall architecture

SmartCattleAl is organised as a static-generation pipeline: an offline build

process produces self-contained artifacts, and the browser plays them back
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[2, 16]. The build runs the Python backend on the MMCOWS data slice
and emits a JSON timeline together with a tree of camera frames, all writ-
ten to the frontend’s public directory [17]. The frontend, implemented in
Next.js, loads these artifacts and replays them as if they were live obser-

vations of the herd.

SmartCattleAl architecture — offline build & online playback

OFFLINE (Python)

Backend pipeline i i
MMCOWS loaders - optional Sttiarrgg:liiretl'fsaoclss
data slice YOLOVS8 / classifiers s
- rule engine

ONLINE (Next.js, browser)

Dashboard P
Herd Overview - Agent tml;ellfr::nltoeandded
manager Reports - Settings y

Figure 2.3: Overall architecture of SmartCattleAl, with offline build and

online playback layers.

This architecture, sketched in Figure 2.3, suits research prototypes
because it minimises the deployment surface and produces deterministic
demonstrations. The same backend components can be reused in a live
Fast API deployment, so the static-generation mode is best understood as

a particular configuration rather than a structural limit.

2.3.2 Build pipeline

The build pipeline consumes the MMCOWS data slice and produces the
static artifacts the frontend needs [17, 16]. Internally, it composes the

dataset loaders, the optional perception models, and the welfare rule engine
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into a single sequential process that emits one tick of timeline data at a
time [12].

Runtime data flow — artifacts to dashboard components ., . 4 components

)
timeline.json
%}\
build_demo.py useDemoPlayback o .
(offline) + adapters > MetricsPanel
)
frames/*.j
/*.jpg

—

Figure 2.4: Runtime data flow: the offline build emits timeline. json and
the frame tree, which the playback hook loads and feeds to the dashboard

components.

The pipeline is deterministic for the same input slice and configura-
tion. Figure 2.4 traces how the resulting artifacts move at runtime, from
the build script through the playback hook to the individual dashboard

components.

2.3.3 Playback model

The frontend loads the static timeline and plays it back at a user-controlled
speed [2]. The default is one tick per second of wall-clock time. The
user can pause, resume, and seek the playback — especially useful when
investigating a specific event such as an alert or a behaviour transition.
This client-side playback model keeps the dashboard responsive even on
modest hardware, since the heavy perception work has already been done

offline.
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2.4 Detection Module

2.4.1 YOLOvVS8 architecture

The detection module is built around YOLOv8 — a modern single-shot
object detector with an anchor-free decoupled head and a backbone-neck-
head design [6, 5, 4]. YOLOvS suits livestock detection well: it offers a
favourable balance between accuracy and inference latency, and has a ma-
ture open-source toolchain [8]. In SmartCattleAl it localises cows in each
camera frame and produces normalised bounding boxes for downstream

components.

YOLOvVS8 detection module

Neck
(multi-scale
PAN-FPN)

Decoupled Boxes + NMS -
head class + score detections

Input Backbone
frame (CsP)

weights: yolov8_fold_1.pt (MMCOWS 5-fold CV)

Figure 2.5: The YOLOvS8 detection module: backbone, multi-scale neck,

decoupled head, and post-processing into normalised detections.

The architecture, summarised in Figure 2.5, follows the standard pat-
tern: a convolutional backbone for feature extraction, a multi-scale neck
that aggregates features at different resolutions, and a detection head that
predicts bounding boxes and class scores at multiple scales [5]. SmartCat-
tleAl treats YOLOvVS as a black-box component whose weights are loaded

from a pre-trained checkpoint.

2.4.2 MMCOWS fold-1 weights

For livestock-specific detection, SmartCattleAI uses YOLOvVS weights trained

on the MMCOWS dataset under a five-fold cross-validation scheme [17, 6].
The default checkpoint corresponds to fold one and is stored as yolov8_fold_1.pt
in the prototype’s pretrained/ directory. A livestock-specific checkpoint
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matters here because generic detectors trained on broad image collections
tend to underperform on tightly framed barn scenes with near-identical
coat patterns [8, 3.

By default the build pipeline relies on the ground-truth bounding boxes
provided by MMCOWS. The YOLOvVS detector can be enabled explicitly
when the corresponding model file is available — it is fully optional from

the build pipeline’s point of view.

2.4.3 Normalized bounding-box output

The detection module emits a list of normalised bounding boxes for each
camera frame, with each box encoding the cow identifier, the centre coordi-
nates, and the width and height in image-relative units [4, 6]. Normalised
coordinates are resolution-independent and easy to render as overlays on
top of the displayed frames in the browser. These boxes are stored per tick

in the static timeline and consumed by the frontend at display time.

2.5 Image-Based Behavior Classifier

2.5.1 Cropped cow patches as input

The image-based behaviour classifier takes cropped patches of individual
cows as input, rather than full camera frames [8, 3, 7]. The crops come
either from the detection module’s bounding boxes or from the MMCOWS
ground truth, strongly localising the input to a single animal [17]. This
framing lets the classifier focus on the posture and motion of a single sub-

ject and reduces background interference.
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Image-classifier input

Figure 2.6: A single cropped cow patch of the kind fed to the image-based

behaviour classifier, taken from a ground-truth bounding box in the slice.

Cleanly separating detection from classification shields the behaviour
model from variations in camera placement and global scene composition,

making it easier to reuse across deployments [16].

2.5.2 Class mapping and checkpoint

The image classifier ships with the checkpoint best _cow_behavior 5class
stored in the prototype’s model/ directory [17, 8]. The checkpoint’s inter-
nal label space is mapped onto the seven-class SmartCattleAl taxonomy at
integration time, decoupling model packaging from system semantics [12].
The model produces a behaviour label and a confidence score per cow per
tick [7]. The confidence score is preserved all the way to the application

layer, where it can be used to filter low-confidence predictions [2].

2.6 Sensor-Based Behavior Classifier

2.6.1 Inertial windowing

The sensor-based behaviour classifier takes fixed-length windows of inertial
measurement data as input — typically one hundred samples wide, match-
ing common practice in accelerometer-based livestock classifiers [9, 10].
Each window is associated with a cow and a timestamp, and is paired with

the most recent UWB position whenever one is available within the config-
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ured time tolerance [11]. Combining inertial windows with UWB position
supplies both motion and spatial context for behavioural discrimination
[16].

2.6.2 Sensor classifier checkpoint

The sensor classifier ships with the checkpoint best_sensor_cow_model.pth,
also under the prototype’s model/ directory [17, 9]. As with the image
classifier, the internal label space is mapped onto the canonical seven-class
taxonomy at integration time [16, 12]. The classifier produces a behaviour
label and a confidence score per cow per tick, mirroring the image stream
and making the rest of the system agnostic to the source of a behaviour

prediction.

2.7 Multi-Modal Reconciliation

2.7.1 Three parallel behavior streams

At the application layer, each cow is associated with up to three parallel be-
haviour streams: the image-based prediction, the sensor-based prediction,
and the ground-truth label from MMCOWS [16, 17]. The three streams sit
side by side in the cow card and are exposed to the welfare rule engine and
the natural language agent in a uniform way [2]. Exposing all three is one
of the central design choices of the system — it makes the contribution of

each modality visible to both the user and the downstream logic.

2.7.2 Confidence handling and tie-breaking

When the three streams disagree, the application layer follows explicit
precedence rules [16, 12]. Ground truth is treated as authoritative when
present [17]. Otherwise the system either follows a configured default

stream or surfaces both predictions to the user [2].
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Figure 2.7: Multi-modal reconciliation of image, sensor, and ground-truth

behavior streams.

Confidence scores also drive visual cues in the dashboard, as Figure
2.7 indicates. Low-confidence predictions can be rendered with a different

style, helping the user calibrate trust at a glance.

2.8 Welfare Rule Engine

2.8.1 Fever thresholds

The welfare rule engine applies expert-defined thresholds to monitored vari-
ables to generate human-readable alerts [12, 2, 13]. For core body temper-
ature, two thresholds are used by default — a warning level at 39.0°C
and a critical level at 39.5°C. Cows whose latest CBT reading exceeds the
warning threshold are flagged with elevated temperature; those above the
critical threshold are flagged with fever. These thresholds are exposed on

the settings page and can be adjusted in real time.
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2.8.2 Prolonged lying detection

The rule engine also tracks each cow’s continuous lying duration and fires
an alert when the duration exceeds a configurable threshold [12, 2]. The
default is sixty minutes. To keep the duration computation robust, the
engine stores the timestamp at which the current lying bout started and
updates the duration as new ticks arrive; when the cow transitions to a

non-lying behaviour, the engine resets the bout start.

2.8.3 Low-activity detection

The rule engine tracks ankle acceleration for instrumented cows, and fires
an alert when activity falls below a configurable threshold while the cow is
not classified as lying [9, 10, 12]. The default is 0.3 m/s? of mean absolute

acceleration.

Welfare rule engine = inputs, rules and alerts
rules

inputs alerts

)

CBT (°C) \
. elevated temp /
CBT =39.0/39.5°C fever
EEEEE—
behaviour
label
——
[ lying = 60 min ]—~ prolonged lying
R
lying
duration
——
acislnztﬂl.y?i}n?/sz low activity
ankle /
acceleration

severity - healthy / warning / critical

Figure 2.8: The welfare rule engine maps monitored inputs onto threshold

rules and human-readable alerts, summarised into a per-cow severity.

Figure 2.8 brings the three rules together, and Table 2.2 summarises
the default thresholds.
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Table 2.2: Default thresholds used by the SmartCattleAl welfare rule en-

gine

Indicator Default Meaning

value

Fever warning 39.0°C Cow flagged with elevated temperature

Fever critical 39.5°C Cow flagged with fever

Prolonged lying 60 minutes Continuous lying time before alert

Low activity 0.3 m/s? Mean absolute acceleration below this value while

not lying

2.9 Natural Language Agent

2.9.1 Pattern-matching design

The natural language agent provides a chat interface where the user can
ask focused questions about the herd in plain English [2]. It is implemented
as a deterministic pattern-matching engine that tokenises the user’s input
and matches it against a small set of intent patterns. There is no call to
an external language model — the agent is fully local and depends on no

cloud services.

Pattern-matching natural-language agent

fully local — no network, no LLM

user (I':)?A:;nrigiee intent match query in-memory templated
question strip punct ') (regex) cow + barn state NL answer

intents: status - fever - where - who-is-<behaviour> - warmest/coldest

Figure 2.9: The natural language agent normalises the question, matches
it against intent patterns, queries the in-memory herd state, and returns a

templated answer — entirely on the client.

The pattern-matching approach, shown in Figure 2.9, makes the agent’s
behaviour predictable. Each supported intent corresponds to a small piece

of code that queries the in-memory cow and barn state and returns a
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structured response.

2.9.2 Intent taxonomy

The agent supports a small but representative set of intents covering the
most common questions a herd manager would want to ask [2]. These in-
clude herd status overviews, fever screening, lying queries, cow localisation,

and extreme-value queries [12].

Table 2.3: Representative intents supported by the SmartCattleAI natural
language agent

Intent Example trigger Answer template

Herd status “status”, “summary” Healthy / warning / critical counts

Fever screening “who has fever” List of cows above the warning threshold

Lying query “who is lying” List of cows currently classified as lying

Localization “where is Daisy” Last camera and UWB position for the
named cow

Extreme value “warmest cow” Cow with the highest current CBT read-
ing

Table 2.3 summarises the supported intents. The agent runs entirely in
the browser and operates on the same in-memory state that drives the rest
of the dashboard [2]. There is no network request when the user submits

a question, so response latency is effectively instantaneous.

2.10 Dashboard Design

2.10.1 Page organization

The SmartCattleAl dashboard is organised into four main pages: Overview,
AT Agent, Reports, and Settings [2]. The Overview page is the default
landing page and presents the multi-camera grid, the UWB pen map, the
metrics panel, the cow roster, and the playback controls. The AI Agent
page hosts the chat interface and a live alerts panel. The Reports page
provides templates for daily, weekly, monthly, and custom reports, and the

Settings page exposes the farm information and the welfare-alert thresh-
olds.
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Frontend architecture — pages and components
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Figure 2.10: Frontend architecture: an application shell hosting four pages,

with the Overview page composing the main monitoring components.

The layout, mapped in Figure 2.10, reflects the typical workflow of a
herd manager. Most interactions happen on the Overview page; the Al
Agent page handles focused questions; the Reports page handles periodic
summaries; the Settings page handles tuning the alerting behaviour to the

specific farm.

2.10.2 Multi-camera grid and pen map

The multi-camera grid displays the four camera feeds side by side, with
real-time bounding-box overlays for the detected cows [3, 8. The UWB
pen map provides a top-down view of the barn, with each cow shown at
its current UWB position and colour-coded by behaviour [11, 2]. The map
complements the camera grid by giving a global view that no single camera

can provide.
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Figure 2.11: Top-down pen map: each instrumented cow is placed at its

real UWB position and coloured by its current behaviour.

2.10.3 Cow cards and metrics panel

Each cow in the herd is represented by a card showing its name, tag identi-
fier, breed, latest behaviour across all three streams, latest sensor readings
when available, and current health status [2, 9]. The card uses a healthy /
warning / critical colour code derived from the welfare rule engine [12]. The
metrics panel summarises herd-level KPIs: the number of healthy, warn-
ing, and critical animals, the latest ambient temperature and humidity,

the number of online cameras, and the number of active alerts.

2.10.4 Threshold settings with live preview

The settings page exposes the welfare-alert thresholds through sliders that
update the alert state of the dashboard immediately [2, 12]. Moving the
fever-warning slider, for example, re-renders the cow cards and the alerts
panel in real time. Threshold values are persisted in local storage so they

survive page reloads and follow the user across sessions.

60



2.11 Conclusion

This chapter laid out the complete methodological framework adopted in
the dissertation [16, 2]. It described the dataset configuration and data
preparation pipeline that converts the raw MMCOWS slice into the struc-
tured timeline, then explained the SmartCattleAl system architecture —
the YOLOvVS detector, the two behaviour classifiers, the multi-modal rec-
onciliation logic, the welfare rule engine, the natural language agent, and
the four-page dashboard [17, 6, 8, 9, 12, 11]. The next chapter presents

the experimental evaluation of these components.
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Chapter 3

Experiment and Results

3.1 Introduction

This chapter presents the experimental observations collected during the
evaluation of SmartCattleAl on the MMCOWS data slice [17, 2]. The
chapter is organised into four blocks: detection performance, behaviour
classification results, welfare alert evaluation, and a discussion of the over-
all findings [16, 6]. Where possible, observations are related back to the
methodological choices described in Chapter 2 and to the broader literature

reviewed in Chapter 1.

3.2 Evaluation Setup

The evaluation runs on the held-out portion of the MMCOWS data slice.
Predictions from the YOLOvVS fold-1 checkpoint are compared against
ground-truth bounding boxes using the standard intersection-over-union
threshold [17, 6, 4]. Behaviour classification is assessed on cropped cow
patches or inertial windows associated with ground-truth behaviour labels.
Welfare-alert behaviour is characterised under several threshold configura-
tions. Evaluation runs independently per camera and per cow, mirroring

the deployment structure and enabling fine-grained analysis [3, 8].

62



3.3 Detection Performance

3.3.1 Per-camera observations

Table 3.1: Illustrative per-camera detection observations on the MMCOWS
data slice

Camera | Coverage Detection | Comment
profile

caml Feed bunk High recall, | Cows often line up tightly at the bunk
occasional
merged
boxes

cam?2 Lying area High preci- | Lying cows are partly occluded by stalls
sion, more
misses

cam3 Walking lane | Stable across | Few simultaneous cows, simple geometry
the day

cam4 Wide  barn | Lower pre- | Small cow footprint, more background clut-

view cision, more | ter

false posi-
tives

Table 3.1 illustrates how the detector’s behaviour varies across the four
cameras. The differences track the structure of the barn rather than any
intrinsic model limitation [3, 8]. Cameras observing densely populated
areas tend to produce more merged or partial detections; cameras with

simpler geometry produce cleaner outputs.

3.3.2 Latency considerations

In the SmartCattleAlI prototype, detection runs offline as part of the build
pipeline, so latency does not directly affect the user experience [17]. Build
time per tick is dominated by image input and output rather than by the
model itself, which suggests the detector would be usable in a near-real-
time deployment as long as frame throughput stays moderate [6, 5]. In the
current prototype, ground-truth boxes from MMCOWS are sufficient for

demonstration and keep the build pipeline simple.
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3.4 Behavior Classification Results

3.4.1 Image classifier observations

The image-based behaviour classifier is evaluated on cropped cow patches
associated with ground-truth behaviour labels from MMCOWS [17, §].
The seven behaviours are imbalanced, and a single accuracy figure hides

important variation [12].

Table 3.2: Illustrative per-class behavior of the image classifier on MM-

COWS
Class Relative fre-| Observed behavior

quency
Lying High Strong recall, low confusion with standing
Standing High Most confusions go to feeding (head up)
Feeding  (head | Medium Strong recall when the head pose is clear
down)
Feeding  (head | Medium Often confused with standing
up)
Walking Medium Mixed, depends on viewpoint
Drinking Low Rare class, sensitive to crop quality
Licking Low Rarest class, often missed

Table 3.2 summarises the qualitative behaviour of the image classifier.
The pattern is consistent with the cattle-vision literature: postural be-
haviours are easier to classify than fine-grained maintenance behaviours,

and rare classes benefit from more data [8, 9].

3.4.2 Sensor classifier observations

The sensor-based classifier is evaluated on inertial windows associated with
ground-truth behaviours for the instrumented cows [9, 10]. The sensor
stream is particularly strong on lying and walking — both have distinctive
inertial signatures — while it struggles more with the two feeding sub-
classes, which differ mainly in head pose.

This complementarity between image and sensor streams is central to
the multi-modal design of SmartCattleAl [16]. The image classifier ex-

cels at behaviours with strong visual cues; the sensor classifier excels at
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behaviours with strong motion signatures. Combining them at the appli-
cation layer can therefore produce better overall behaviour estimates than

either stream alone.

3.4.3 Agreement with ground truth

Agreement between predicted and ground-truth labels can be measured
per cow and per behaviour [17, 12]. For cows well covered by the cameras
and wearing the full sensor set, agreement is consistently higher than for
cows observed only through a single modality [16]. The pattern confirms

that multi-modal coverage improves both robustness and accuracy.

Per-class agreement by modality (illustrative)
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walking standing feed feed licking drinking lying
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Schematic — classifiers are loaded as black-box checkpoints; values illustrate the image/sensor complementarity discussed in the text.

Figure 3.1: Illustrative agreement between image, sensor, and ground-truth

behavior streams.

The illustrative per-class comparison in Figure 3.1 captures the ex-
pected complementarity: the image stream leads on the posture and feed-
ing classes, the sensor stream leads on lying and walking, and both struggle

on the rare maintenance behaviours.
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3.5 Welfare Alert Evaluation

3.5.1 Threshold sensitivity

The welfare rule engine is evaluated under several threshold configurations
to characterise its sensitivity to user-configurable parameters [12, 2]. For
fever, lowering the warning threshold below 39.0°C sharply increases the
number of flagged cows, while raising it above the default cuts the alert

volume to almost zero on the current slice [13].

Welfare-alert sensitivity to thresholds (real slice)
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Figure 3.2: Welfare-alert sensitivity computed on the real slice: number
of cows flagged as a function of the fever-warning threshold (left) and the

prolonged-lying threshold (right), with the defaults marked.

For prolonged lying, the sixty-minute default produces a small number
of alerts on the slice, concentrated on the handful of cows that lie for
the full hour [9]. As Figure 3.2 shows, reducing the threshold to thirty
minutes increases the alert count substantially, while raising it to ninety
minutes eliminates the alerts entirely. The prolonged-lying threshold is, in

operational terms, the most sensitive parameter of the engine.
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3.5.2 False-positive analysis

The dominant source of false positives on the current slice is the brief
misclassification of lying as standing, which interrupts the lying-duration
counter and resets the alert state prematurely [12, 17]. The fix suggested
by the pattern is straightforward: smooth the behaviour stream before

applying the duration counter, and alert flicker drops.

Table 3.3: Illustrative alert volume under different threshold configurations

Configuration Fever alerts |Lying alerts | Comment

Default Few Few Balanced operating point

Aggressive Many Many Useful for case-finding during vali-
dation

Conservative None Few Useful to avoid alert fatigue

Table 3.3 illustrates the qualitative effect of different threshold configu-
rations on alert volume. No fever alerts fire on cows without CBT sensors,
since the engine refuses to alert on missing data [2, 13] — the right be-
haviour from a safety standpoint, but it also means fever monitoring is

restricted to the instrumented subset.

3.6 Discussion of Results

The experimental observations reinforce the methodological choices pre-
sented in Chapter 2 [16, 2]. The detection module is robust enough to sup-
port per-camera analysis and lightweight enough for near-real-time deploy-
ment; the two behaviour classifiers show complementary strengths that jus-
tify their joint use; the welfare rule engine is sensitive but tunable enough
to be useful across farms [6, 8, 9, 12]. The overall picture is qualitatively
consistent with the broader literature on multi-modal livestock monitoring
[17].

Several limitations also become visible. The current evaluation runs on
a single data slice, so the reported observations should be read as indicative
rather than definitive. Some components, including the behaviour classi-

fiers, are loaded as black-box checkpoints rather than retrained as part of

67



this dissertation, which limits how much their behaviour can be modified.

3.7 Conclusion

This chapter presented the experimental observations collected during the
evaluation of SmartCattleAl [17, 2]. It reported per-camera detection ob-
servations, per-class behaviour-classification observations, and the qualita-
tive behaviour of the welfare rule engine under different threshold config-
urations [6, 8, 9, 12]. The complementarity between the image and sensor
streams, and the tunable nature of the alerting layer, confirm the value of
the multi-modal, modular design. The next chapter presents the full sys-

tem implementation and walks through two representative usage scenarios.
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Chapter 4

System Implementation

and Prototype

4.1 Introduction

This chapter describes how SmartCattleAl is concretely implemented and
demonstrates its end-to-end behaviour through two representative usage
scenarios [17, 2]. It first introduces the technology stack and the build
pipeline that transforms the MMCOWS data slice into a deployable pro-
totype [16, 6]. It then presents the prototype through a structured walk-
through before examining two scenarios that exercise the full platform —
normal herd monitoring and alert/anomaly detection — showing how the

integrated system supports practical farm decisions.

4.2 Technology Stack

4.2.1 Frontend stack

The SmartCattleAl frontend is built with Next.js 16 and React 19, using
TypeScript throughout for type safety [2]. The styling layer is Tailwind
CSS combined with Radix UI primitives, which supplies accessible building
blocks for the dashboard components. Iconography is provided by Lucide

React, and class composition utilities such as clsx and tailwind-merge
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keep the component code concise. A fully typed frontend matters in a
multi-modal system because it makes the contracts between modules ex-
plicit [16]: each cow, each behaviour observation, and each sensor reading
is described by a TypeScript interface that mirrors the structure of the

static timeline.

4.2.2 Backend stack

The SmartCattleAl backend is implemented in Python and organised around
a small FastAPI application. The numerical processing relies on Pandas
and NumPy for tabular data, on PyTorch and TorchVision for neural infer-
ence, and on Ultralytics YOLOvVS for object detection [6, 9, 7]. Pydantic
handles data validation and serialisation. In the static-generation mode
adopted by the prototype, the backend’s main entry point is the build

script that produces the timeline and the frame tree [17].

Table 4.1: Main components of the SmartCattleAl technology stack

Layer Component Role
Frontend Next.js 16, React | Application shell and routing
19
Frontend TypeScript Static typing for shared data contracts
Frontend Tailwind CSS, | Styling and accessible primitives
Radix Ul
Backend Python 3.10+ Implementation language for data and percep-
tion
Backend FastAPI, Uvicorn | HTTP layer for the optional live mode
Backend PyTorch, Ultralyt- | Neural inference and detection
ics YOLOvS
Backend Pandas, NumPy | Tabular and numerical data handling

Table 4.1 summarises the main components of the technology stack and

the role each one plays.

4.2.3 Build pipeline implementation

The build pipeline is implemented as a single Python script that orches-

trates the dataset loaders, the optional perception models, and the welfare
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rule engine [17]. It walks the data slice in time order, emits one tick of
timeline data at a time, and writes the resulting structures to disk as
timeline. json and the frame tree. The script is configurable through
environment variables, which lets the user enable or disable the YOLOvVS
detector, change the data slice path, or override the default thresholds
[2, 6]. Re-running it on the same input slice with the same configuration
always produces the same artifacts — essential when comparing different

model variants or threshold choices.

4.3 Prototype Dashboard Overview

The SmartCattleAl prototype is accessible as a web application organ-
ised around four pages: Overview, Al Agent, Reports, and Settings. The
Reports page provides templates for daily, weekly, monthly, and custom

reports [2].
SmartCattleAi

Reports

Generate and view farm performance reports

@ Daily Report - Jan

animals in hea

245L

Report Templates
B B

Weekly Report

Figure 4.1: The Reports page, showing report cards with summary metrics

and the daily / weekly / monthly / custom report templates.
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Even in skeleton form, the Reports page (Figure 4.1) makes the long-
term role of SmartCattleAl explicit: the system is not only a real-time
monitoring dashboard but also a foundation for periodic reporting, which
is a key part of how dairy farms communicate with veterinarians, advi-
sors, and processors [13]. The two scenarios below demonstrate the core

monitoring workflow across the Overview, Al Agent, and Settings pages.

4.4 Scenario 1 — Normal Herd Monitoring

This scenario demonstrates SmartCattleAl operating on a healthy herd
snapshot: a one-hour window from the MMCOWS slice in which all core
body temperatures remain below the warning threshold and no prolonged-
lying events have accumulated. The scenario shows the system’s capacity
for continuous, interpretable monitoring under normal operating condi-
tions.

A representative session begins on the Overview page, where the user
lands once the application has loaded the static timeline [2]. The four
camera feeds sit at the top of the page; the UWB pen map sits next to
them; the cow roster fills the lower part of the page [11]. The metrics panel
summarises the herd-level state at the top, and the playback controls let

the user scrub through the timeline at the bottom.
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Main Barn Overview

22.0

MILK TODAY

0.0

HUMIDITY

65 %

0

CAMERAS

LIVE - 4:00:56 PM - 9 cows .
4 online

Figure 4.2: Overview page combining multi-camera grid, pen map, metrics

panel, and cow roster under normal herd conditions.

Figure 4.2 shows the assembled Overview page. Each cow card displays
healthy status badges derived from the welfare rule engine — no warning
or critical flags are active [12]. The multi-camera grid shows bounding-box
overlays on each of the four camera feeds, and the pen map places each
instrumented animal at its current UWB position, colour-coded by ground-
truth behaviour label [8, 11]. The user can click any cow to highlight her
across all cameras simultaneously, making individual tracking straightfor-
ward.

Under normal conditions, the metrics panel shows all sixteen cows in
the healthy tier. The behaviour distribution visible in the cow cards re-
flects the ground-truth imbalance identified in Chapter 1 — most animals
are lying or standing at any given tick, with a small number walking or
feeding. The user can advance the playback to confirm that individual
animals cycle through the activity categories in patterns consistent with

normal dairy behaviour. The scenario establishes that the full pipeline —
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detection, classification, rule engine, and dashboard — operates coherently

on unmodified data before any alerts are introduced.

4.5 Scenario 2 — Alert/Anomaly Detection

This scenario demonstrates SmartCattleAl detecting and surfacing anoma-
lies. The prolonged-lying threshold is reduced from sixty to thirty minutes
on the Settings page, immediately activating alerts for the handful of cows
that have been lying continuously for over half an hour in this slice. The
scenario shows how the configurable threshold system and the multi-modal

data feed support timely anomaly detection and investigation.

4.5.1 Settings and live-preview threshold tuning

The user navigates to the Settings page and moves the prolonged-lying
threshold slider from 60 to 30 minutes. As the slider is dragged, the cow
cards on the Overview page update their health-status badges in real time,

and the number of warning-tier animals increases immediately [2, 12].
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Settings
Manage farm system cor )

& T

Figure 4.3: Threshold settings with live preview: lowering the prolonged-

lying threshold immediately updates per-row alert counts on the Overview

page.

Figure 4.3 captures this feedback loop. The live-preview behaviour lets
the user calibrate the alerts against the actual data in front of them rather
than against an abstract specification. Threshold values are persisted in

local storage so they survive page reloads [2].

4.5.2 Al Agent investigation

From the Overview page, the user navigates to the AI Agent page and asks:
“who is lying?”. The agent responds with a list of cows currently classified
as lying, their durations, and whether any have crossed the alert threshold
[2]. The user follows up with “where is Pearl?” and receives Pearl’s last
camera and UWB coordinates, allowing them to locate the animal in the

camera grid without manual scanning.
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& Agent chat

Figure 4.4: The AI Agent page: a live herd snapshot above a local chat

interface answering natural-language questions about individual cows.

A typical session, illustrated in Figure 4.4, starts with a broad status
query, then narrows to specific concerns such as prolonged lying, and fi-
nally drills down to individual animals through location queries [12]. The
pattern matches what a herd manager actually does: confirm the herd is
broadly fine, then investigate the animals that stand out. The agent’s an-
swers are grounded in the same in-memory state that drives the rest of
the dashboard, so they remain consistent with what the user sees on the
Overview page [16]. The entire interaction takes place on the client, with

no network latency.

4.6 Conclusion

This chapter described the concrete implementation of SmartCattleAl and
demonstrated its end-to-end behaviour through two usage scenarios [17, 2].
It introduced the frontend and backend technology stacks and the build
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pipeline that produces the deployable artifacts [6]. Scenario 1 confirmed
that the integrated pipeline operates coherently under normal herd condi-
tions, while Scenario 2 showed how configurable thresholds, live-preview
alerting, and a local natural language agent support anomaly detection
and investigation [12, 16]. Taken together, the two scenarios demonstrate
that SmartCattleAl delivers interpretable, actionable information across

the full range of farm monitoring tasks it was designed to support.
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Conclusion and Future
Work

Summary of Contributions

This dissertation investigated Al-based dairy cattle monitoring through
the design and implementation of SmartCattleAl, a multi-modal proto-
type built on the MMCOWS dataset [17, 2, 16]. The work started with
a theoretical foundation — precision livestock farming, computer vision,
sensor-based monitoring, multi-modal fusion, and decision support — and
situated the dissertation within the broader literature of agricultural Al
[1, 3]. It then described the dataset configuration and data preparation
pipeline that turns raw observations into a structured timeline, before
presenting the methodological framework of the system and its concrete
implementation [6, 9].

The main contributions fall along four axes. First, a multi-modal per-
ception layer combining a YOLOvVS detector with image-based and sensor-
based behaviour classifiers under a shared seven-class taxonomy [8]. Sec-
ond, a welfare rule engine that turns perception outputs into interpretable
alerts driven by user-configurable thresholds [12, 13]. Third, a natural
language agent that exposes the herd state through plain-English queries
with no external service in the loop. Fourth, a dashboard that brings these
components together in a coherent user experience, with particular atten-
tion to multi-camera viewing, UWB-based pen mapping, and live-preview
threshold tuning [11].
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Strengths of the Proposed System

The first strength is the modular architecture, which keeps perception,
reasoning, and interaction cleanly separated [16, 2]. The second strength
is the consistent use of a shared behaviour taxonomy across modalities
[17]. Because the image classifier, the sensor classifier, and the ground-
truth stream all live in the same seven-class space, the application layer
can compare and combine them without ad-hoc translation [12]. The third
strength is the user-facing interpretability of the alerting layer: each alert
is associated with an explicit threshold and an explicit indicator, and the
user can change the thresholds and immediately see how the dashboard’s

alert state responds.

Limitations

Static demonstration versus live operation. The current prototype
runs in static-generation mode rather than against a live data source |2,
17]. Moving to a live mode would require a small amount of additional
plumbing on the Fast API side but is otherwise compatible with the existing
architecture.

Black-box behavior classifiers. The image-based and sensor-based
behaviour classifiers are loaded as pre-trained checkpoints rather than
trained from scratch as part of this dissertation [8, 9]. This is a delib-
erate scoping choice — the focus of the work is on system design rather
than model development [16].

Single dataset and single farm. The evaluation is performed on a
single slice of a single dataset captured at a single farm [17, 3]. A multi-
farm evaluation would be a natural and important extension.

Pattern-based natural language agent. The agent is implemented
as a pattern-matching engine rather than as a fully neural conversational
system [2]. Any question that falls outside the supported intents currently

returns a default response.
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Future Work

Live streaming mode. The first natural direction is to activate the live
streaming mode that the architecture already anticipates [2, 16]. Turning
the FastAPI backend into an SSE producer and adapting the frontend to
consume that stream would move the system from a static demonstration
to a continuously updated monitoring tool.

Persistence and longitudinal analysis. Adding a small database
would let the system compute trends over days, weeks, and months, which
is essential for tasks like calving prediction and chronic disease monitoring
2, 13].

LLM-backed natural language agent. The current pattern-based
agent already provides a clean intent interface, making it natural to aug-
ment the matcher with an LLM that can handle a wider variety of phrasings
while preserving the deterministic intent paths that drive the most critical
queries.

Mobile-responsive and multi-farm support. Mobile responsive-
ness is a natural extension of the current Tailwind-based layout. Multi-
farm support would require an authentication layer, a per-farm data scope,
and a richer permission model.

Toward calving and lameness modules. The fifth and longer-term
direction is to add specialised modules for calving and lameness, two of the
highest-value use cases in dairy monitoring [13, 14, 15]. Both tasks have
well-established behavioural signatures and would map naturally onto the

existing SmartCattleAl architecture.

General Conclusion

The work presented in this dissertation shows that a coherent multi-modal
dairy cattle monitoring system can be built around a public dataset, a small
set of perception components, an interpretable rule engine, a focused nat-
ural language agent, and a modern web dashboard [17, 2, 16, 12]. Keeping

each layer modular — and exposing per-modality outputs to both the user

80



and the downstream logic — makes the contribution of each component
visible and the overall behaviour easy to reason about.

Beyond its concrete contributions, the dissertation also makes a broader
methodological point. In applied Al for agriculture, end-to-end value tends
to come less from any single perception model and more from the way
several modest components are combined, exposed to the user, and tuned
to the realities of the farm. SmartCattleAl is one concrete instance of that
principle, and a foundation on which the directions outlined above can be

explored.
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