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Abstract

Precision agriculture increasingly relies on advanced technologies to monitor crop health and
optimize farming operations. This thesis presents a real-time crop monitoring system that
leverages UAV-acquired multispectral imagery, deep learning, and a scalable data streaming
infrastructure. High-resolution drone images are processed to generate vegetation indices such
as NDVI, which serve as input for U-Net models. These models perform semantic segmentation
and classification to detect various crop stress types, including nutrient deficiency, drydown,
planter skips, water stress, and weed clusters.

To ensure real-time processing and system scalability, the architecture integrates Apache
Kafka for streaming UAV imagery and prediction outputs, supporting parallel operation across
multiple producers and consumers. A React-based dashboard displays live predictions and
metadata, enabling field operators to make timely and informed decisions.

The system was validated using the Agriculture-Vision 2021 dataset and tested under simu-
lated UAV deployment. The best segmentation performance was achieved using a U-Net model
with RGB+NIR input at 512×512 resolution, reaching a Dice score of 0.70 and classification
accuracy of 95%. In contrast, a NDVI-based model offered faster inference (3–5s) with slightly
lower accuracy, making it suitable for resource-constrained environments. Kafka demonstrated
low-latency image transmission (<2.5s) even with up to 15 parallel producers.

Keywords: Precision Agriculture, NDVI, UAV, U-Net, Real-time Inference, Kafka, Vegeta-
tion Indices, Machine Learning, Deep Learning.



اिऻڪٌۘ
اෑෂرا؜٭۰. اܳأ݄ܹ٭؇ت ඔ൹ފොູو ا௱௯௫؇ݬ٭ܭ ۰ොේ ৎ৊ݠاڢٴ۰ اৎ৊ٺگڎ۰݁ اܳٺگٷ٭؇ت আॻ༟ ଩ଐ݁اࢴࣖ ႟ၽ૰૖ اᄴᄟڢ٭گ۰ ۰༟راෑෂا ّأٺ݄ڎ
มฆܳا ا৙৑ޗ٭؇ف ݁ٺأڎدة اܳݱިر ݆݁ ૭૏ٺڰ٭ڎ اࠍ੆گ٭ࠔࠫ، اܳިڢب ሒᇭ ا௱௯௫؇ݬ٭ܭ ৎ৊ݠاڢٴ۰ َޙ؇ً݁؇ ۰༡ޗݠو৙৑ا ۱ڍه ّگڎم
ܳٴت ይዧٺިݿّؕ ᄭᄥً؇ڢ ොູٺ٭۰ وྲྀྡྷ٭۰ اܳأ݄٭ݑ اܳٺأ޺޾ ّگٷ٭؇ت ೞ಻؇༥ ሌᇿإ ޗ٭؇ر، ࢻࣖون اܳޚ؇߉ߵات ًިاݿޚ۰ اܳٺگ؇ޗ۳؇ لࡤࡲ

اܳٴ٭؇َ؇ت.
૭ُ૜ٺ༱ڎم มฆܳوا NDVI، ๤ཇ݁ޝ ݁ټܭ ሒᇆ؇اܳٷٴ اܳ؞ޚ؇ء ݁ޝ๤ཇات ৖৑ݿٺۛݠاج اᄴᄟڢ۰ ༟؇ܳ٭۰ اܳޚ؇߉ߵات ݬިر ဪَّأُ؇ࠍ
݆݁ ݁ٺأڎدة أَިاع ৖৑܋ྥލ؇ف واܳٺݱྡྷ٭ژ ا৖৑ᄴᄟܳ٭۰ اܳٺ۠ݞف۰ ًأ݄ܹ٭؇ت ّگިم มฆܳا U-Net ࡺ࢕ࢦ؇ذج ᆇᅒڎఈః༠ت
ا৕৑ۏ۳؇د اܳ؞ݠاس، ෛູޚ޶ ؜݆ ۰෠ູ؇اܳٷ اܳڰ۠ިات اࠍ੊ڰ؇ف، اৎ৊؞ڍل؇ت، َگݧ ዻዧذ ሒᇭ ؇ஓ୾ ا௱௯௫؇ݬ٭ܭ، إۏ۳؇د

اܳݯ؇رة. ا৙৑؜ލ؇ب وఈః൞ശّت ،ሒᆶ؇ৎ৊ا
اܳޚ؇߉ߵات ݬިر ܳٴت Kafka Apache ༇ံد ቕቆ ይዧٺިݿّؕ، اܳٷޙ؇م وڢ؇ًܹ٭۰ ঌॻاܳڰأ اܳިڢب ሒᇭ ۰੊أ؇ࠍৎ৊ا وܳݯ݄؇ن
݁ٴྡྷ٭۰ ુળොູ ۰༡ިܳ ّأݠض პაႰ .ඔ൹ܹـܝዛውފৎ৊وا ඔ൹༶ٷٺৎ৊ا ݆݁ ༟ڎد ଫଊ༟ اৎ৊ٺިازي اܳྥލ؞٭ܭ ࢴࣖ؜ܾ ؇ᆙᆘ اܳٺྡྷٴޝات، ༇຀؇ਐ಻و
ڢݠارات اෛູ؇ذ ݆݁ اࠍ੆گܭ ሒᇭ ඔ൹ܹ݁؇اܳأ ஓ୷ܝّ݆ ؇ᆙᆘ ،๤ཇ؇݁ٴ ႟ၽ૰૖ اܳިݬڰ٭۰ واܳٴ٭؇َ؇ت اܳٺྡྷٴޝات React ً؇ݿٺ༱ڎام

و݁ڎروݿ۰. ๤ངلأ۰
۰٪྘ྲྀ ሒᇭ واۊٺٴ؇ره ،2021 Agriculture-Vision ਃಸ؇َ؇ت ۰༟ިᆇ୞୘ ً؇ݿٺ༱ڎام اܳٷޙ؇م ڣأ؇ܳ٭۰ ݆݁ اܳٺۜگݑ ቕቆ
݁ڎఈః༠ت ؕ݁ U-Net ஓ஁ިذج ً؇ݿٺ༱ڎام اܳٺ۠ݞف۰ ሒᇭ أداء أڣݯܭ ۋگݑ وڢڎ ޗ٭؇ر. ࢻࣖون ޗ؇߉ߵات ๤དྷྡྷܳ Ⴄ၍؇ො੼ة
ሌᇿإ اܳٺݱྡྷ٭ژ ودڢ۰ 70 .0 ሌᇿإ Dice ۰༥در وݬܹب ۋ٭ت ،512×512 وࢻࣖڢ۰ RGB+NIR ݆݁ ݁ܝ۰َި
أڢܭ دڢ۰ ؕ݁ ٔިانٍ) 5 ሌᇿإ 3 ඔ൹ً) أ๤ངع ৖ً৑৖৑اݿٺڎ NDVI ๤ཇ݁ޝ আॻ༟ اৎ৊أٺ݄ڎ اࡺ࢕ࢦިذج ڢڎم اৎ৊گ؇ًܭ، ሒᇭ .95%
۰ً؇༶اݿٺ ߓ݆߳݁ اܳݱިر َگܭ আॻ༟ ڢڎرة Kafka وأޖ۳ݠت ا௱௯௫ڎودة. اৎ৊ިارد ذات ይዧٴ྘٪؇ت ݁ٷ؇ݿٴً؇ ᄩᄥأ෠ຬ ؇ᆙᆘ ،ًఈఃڢܹ٭

.؇ً࿌݁ٺިاز ؇ً༶݁ٷٺ 15 ሌᇿإ لݱܭ ؇݁ وۏިد ؕ݁ ปฆۋ (۰ਃ಻؇ٔ 5 .2 ݆݁ (أڢܭ ݁ٷۛڰݥ
اܳިڢب ሒᇭ ا৖৑ݿٺڎ৖৑ل U-Net، ޗ٭؇ر، ࢻࣖون اܳޚ؇߉ߵات NDVI، اᄴᄟڢ٭گ۰، ۰༟راෑෂا اৎ৊ڰٺ؇ۋ٭۰: اగၵၽܳ؇ت

اܳأ݄٭ݑ. اܳٺأ޺޾ ،ሒᇿ৚৑ا اܳٺأ޺޾ ،ሒᇆ؇اܳٷٴ اܳ؞ޚ؇ء ݁ޝ๤ཇات Kafka، اࠍ੆گ٭ࠔࠫ،
اܳިڢب ሒᇭ ا৖৑ݿٺڎ৖৑ل U-Net، ޗ٭؇ر، ࢻࣖون اܳޚ؇߉ߵات NDVI، اᄴᄟڢ٭گ۰، ۰༟راෑෂا اिऻء׫ոؼמ١: اڤոஈ࿦࿮ت

اܳأ݄٭ݑ. اܳٺأ޺޾ ،ሒᇿ৚৑ا اܳٺأ޺޾ ،ሒᇆ؇اܳٷٴ اܳ؞ޚ؇ء ݁ޝ๤ཇات Kafka، اࠍ੆گ٭ࠔࠫ،
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CHAPTER 1
GENERAL INTRODUCTION

1.1 Context and Motivation
Modern agriculture faces increasing pressure to produce more food while contending with cli-
mate variability, resource constraints, and the need for sustainability. Precision agriculture has
emerged as a key approach, using technology to optimize crop monitoring, resource allocation,
and decision-making.

Unmanned Aerial Vehicles (UAVs), equipped with multispectral sensors, offer high-
resolution imagery capable of capturing key vegetation indicators such as NDVI (Normalized
Difference Vegetation Index). When combined with machine learning models, this imagery can
reveal early signs of crop stress—such as nutrient deficiency, drydown, or weed infestations—
before they become visually apparent. However, much of the current analysis is conducted
offline, limiting its effectiveness for real-time decision support.

This thesis addresses this gap by proposing a real-time crop health monitoring pipeline that
integrates UAV-based data collection, deep learning segmentation models, and scalable data
streaming via Apache Kafka.

1.2 Problem Statement
Current crop monitoring methods often rely on delayed or manual analysis, which can be
inefficient and reactive. While UAVs provide valuable high-resolution imagery, turning this raw
data into timely insights remains a challenge due to:

• The computational demands of deep learning models like U-Net when applied to large
datasets.

• The lack of real-time infrastructure to support fast data ingestion, inference, and delivery.

• Fragmented systems that do not integrate image processing, classification, and visualiza-
tion in a unified pipeline.

11



Chapter 1: General Introduction

There is a clear need for a lightweight, scalable, and real-time solution that leverages vege-
tation indices like NDVI and modern ML techniques to enable proactive crop stress detection.

1.3 Research Objectives
This research aims to develop a real-time UAV-based crop monitoring system using deep learn-
ing and streaming infrastructure. The specific objectives include:

1. Designing a dual-output lightweight U-Net model optimized for NDVI-based anomaly
detection and classification.

2. Preprocessing UAV imagery to simulate real-world conditions using sequences of high-
resolution field images.

3. Implementing a Kafka-based pipeline for real-time data ingestion, model inference, and
visualization.

4. Evaluating the system’s performance under varying conditions, including latency and
prediction accuracy across multiple UAV streams.

1.4 Document Organization
This thesis is structured to reflect the full development cycle of the proposed system:

• Chapter 2 provides a literature review of machine learning, geospatial analysis, and real-
time streaming systems in agriculture.

• Chapter 3 identifies strengths and limitations of previous works and presents key research
gaps this thesis addresses.

• Chapter 4 outlines the system methodology, including model design, dataset preparation,
and pipeline implementation.

• Chapter 5 presents experimental results, including inference latency, prediction accuracy,
system scalability, and discusses findings, limitations, and implications for real-time pre-
cision agriculture..

• Chapter 6 concludes the thesis and suggests future directions for extending this work.

12



CHAPTER 2

BACKGROUND AND THEORETICAL FRAMEWORK

This chapter provides the theoretical foundation for our study by reviewing key concepts and
technologies in precision agriculture. We begin with an overview of crop health monitoring
techniques, geospatial data usage, and remote sensing tools. We then explore how machine
learning is applied to agricultural tasks such as disease detection and yield prediction. The
chapter also introduces Apache Kafka as a real-time streaming platform and examines how
these technologies are being integrated. Finally, we highlight the current gaps in fully combining
machine learning, geospatial data, and streaming systems—pointing to the need for unified,
intelligent solutions in modern agriculture.

2.1 Precision Agriculture and Crop Health Monitoring

2.1.1 Overview of Precision Agriculture

Farming has always been about working with the land. But today, it’s also about working with
data. Precision agriculture (PA) flips traditional farming on its head by treating fields not as
uniform plots, but as mosaics of micro-environments, each with its own needs.

The goal is to use resources like water, fertilizers, and pesticides more efficiently, so crops
grow better and farming is more sustainable. Tools like GPS, sensors, and UAVs help farmers
understand the condition of their fields in detail. [2].

At its core, PA relies on three pillars:

1. Data Collection: GPS-guided drones, soil sensors, and satellites gather real-time info on
moisture, nutrients, and plant health.

2. Analysis: Machine learning models crunch this data to spot patterns (e.g., ”This corner
of the field always dries out first”).

3. Action: Farmers use these insights to apply water, fertilizer, or pesticides only where
needed cutting costs and boosting yields.

13



Chapter 2: Background

2.1.2 Crop Health Monitoring Techniques

Monitoring crop health is a critical component of precision agriculture, involving the use of
advanced technologies to assess plant conditions and detect stress, disease, or nutrient deficien-
cies at early stages. Techniques such as computer vision analyze images to track growth and
identify abnormalities like leaf discoloration or stunted development. Thermal imaging helps
detect water stress by measuring temperature variations, while multispectral imaging captures
reflectance across different wavelengths, including near-infrared, which reveal subtle signs of
nutrient shortages or disease before they become visible to the naked eye. [3] [4]

Drones equipped with multispectral cameras have become indispensable tools in this pro-
cess. They can rapidly survey large fields, capturing high-resolution, geo-tagged images that
provide detailed spatial data on crop vigor, water stress, and pest infestations. These drones
combine a high-resolution RGB camera with multiple multispectral sensors (Green, Red, Red
Edge, Near-Infrared), delivering precise crop health insights with centimeter-level accuracy.
These insights enable farmers to implement targeted interventions such as variable-rate fertil-
izer application or early pest control, which improve yields, reduce input costs, and minimize
environmental impact. By integrating crop health monitoring with drone-based multispectral
imaging, precision agriculture empowers farmers to make data-driven decisions that enhance
productivity and sustainability. [5] [6]

2.1.3 Geospatial Data in Agriculture

Geospatial data plays a crucial role in modern farming by providing detailed information about
crops and fields. This data comes from satellites, drones, soil sensors, and GPS-enabled equip-
ment, helping farmers see how conditions change across their land. When combined with
Geographic Information Systems (GIS), it allows for better visualization and more informed
decisions.

Multispectral data refers to information captured across multiple, discrete bands of the
electromagnetic spectrum, extending beyond the visible range to include ultraviolet (UV),
near-infrared (NIR), and sometimes shortwave infrared (SWIR) wavelengths. Unlike standard
color images, which record only red, green, and blue (RGB) channels, multispectral imaging
systems can acquire data in several specific spectral bands, each chosen for its relevance to the
application or material under investigation.

Satellites capture multispectral images that show how plants reflect different types of light,
including visible and near-infrared (NIR). Drones complement this by taking high-resolution
photos closer to the crops. GPS technology tags all data points with exact locations, so farmers
know precisely where to focus their attention. GIS then layers this information to create maps
that highlight specific zones needing care [7, 8].

A key part of analyzing this data involves vegetation indices. These are simple formulas
that use light reflectance to estimate plant health. The most common index is the Normalized
Difference Vegetation Index (NDVI), calculated as
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NDVI = NIR − Red
NIR + Red

NDVI values range from -1 to 1, where higher values generally mean healthier, denser
vegetation. However, NDVI can sometimes lose sensitivity in very dense crops. To address
this, the Enhanced Vegetation Index (EVI) is used:

EVI = 2.5× NIR − Red
NIR + 6× Red − 7.5× Blue + 1

EVI is better at handling dense vegetation and atmospheric effects, giving a clearer picture
in those situations [9, 8].

Farmers use these indices to detect stress early, manage irrigation and fertilization more
precisely, predict yields, and monitor pests. GIS platforms help integrate other data like soil
type and terrain to optimize how fields are managed.

While working with geospatial data can be complex due to different formats and large
datasets, cloud computing and machine learning are making these tools easier to use and more
accessible. Beyond individual farms, geospatial data also supports regional and global food
security by identifying areas with yield gaps and helping prioritize resources [10].

2.1.4 Remote Sensing

Remote sensing in precision agriculture involves the use of various sensors and platforms to
gather detailed information about soil and crop conditions, enabling site-specific management
to optimize agricultural inputs and improve crop yield and health.

Remote Sensing Applications

• Monitoring crop health by detecting crop vigor, damage, and stress through optical sen-
sors that capture visible and infrared wavelengths.

• Observing soil conditions such as organic matter, texture, pH, and moisture content to
understand their impact on crop performance.

• Mapping soil properties, classifying crop species, detecting crop water stress, monitoring
weeds and diseases, and estimating crop yield.

• Supporting variable-rate technology (VRT) for precise application of fertilizers, pesticides,
and irrigation based on spatial variability within fields.

• Detecting abiotic and biotic stresses, including pests and diseases, and estimating crop
growth parameters like leaf area index, chlorophyll content, biomass, and canopy tem-
perature.

• Enabling real-time monitoring and decision-making for improved farm management. [11]
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Types of sensors used

• Satellite Sensors: Provide wide-area coverage with varying spatial, spectral, and temporal
resolutions. Examples include the Sentinel-2 A+B constellation, which offers improved
temporal, spatial, and spectral resolution for agricultural monitoring.

• Unmanned Aerial Vehicles (UAVs): Offer high spatial resolution and flexible sensor pay-
loads for detailed field-scale monitoring.

• Aircraft-based Sensors: Used for intermediate-scale observations with customizable sensor
suites.

• Ground-based Sensors: Include handheld or tractor-mounted multispectral and hyper-
spectral sensors for very high-resolution data collection.

• Multispectral Sensors: Capture data in several broad spectral bands (e.g., visible, near-
infrared).

• Hyperspectral Sensors: Capture data in many narrow spectral bands, allowing detailed
analysis of crop biochemical and biophysical traits.

• Thermal Sensors: Measure canopy or soil temperature to detect water stress and other
physiological conditions.

• LiDAR and Fluorescence Spectroscopy: Advanced sensors for structural and physiological
crop assessments. [12]

2.2 Machine Learning for Crop Health Assessment

Machine learning (ML) is a branch of Artificial Intelligence (AI) that enables computers to learn
from data without being explicitly programmed for specific tasks [1]. ML can be categorized
into four primary learning paradigms, each with distinct characteristics and applications in
agriculture, as shown in Figure 2.1.

2.2.1 Supervised Learning

Supervised learning involves training models on labeled datasets, where each input is paired
with the correct output. This paradigm is particularly useful for tasks like disease detection in
crops, where the model learns to identify diseased plants based on annotated examples. Tech-
niques such as Support Vector Machines (SVMs) and Random Forests are commonly employed
in this context [13].
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2.2.2 Unsupervised Learning

Unsupervised learning deals with unlabeled data, allowing models to identify patterns or group-
ings without predefined labels. In agriculture, this approach can assist in segmenting fields
based on soil properties or detecting anomalies in crop growth, facilitating early intervention
strategies [13].

2.2.3 Reinforcement Learning

Reinforcement learning involves training models to make sequences of decisions by rewarding
desired behaviors. In farming, this paradigm can optimize irrigation schedules or pesticide
application by learning the most effective strategies over time through trial and error [13].

2.2.4 Semi-Supervised and Self-Supervised Learning

Semi-supervised learning combines a small amount of labeled data with a large amount of un-
labeled data, making it beneficial when labeled data is scarce but unlabeled data is abundant.
Self-supervised learning, on the other hand, generates labels from the data itself, enabling mod-
els to learn useful representations without manual l abeling. These approaches are particularly
advantageous in agricultural settings where obtaining labeled data can be challenging [14].

Figure 2.1: Learning Paradigms [1]

2.2.5 Applications in Crop Health Assessment

Machine learning (ML) techniques have been increasingly applied in agriculture to enhance
crop health assessment. These applications leverage various data sources and algorithms to
monitor, predict, and manage crop conditions effectively.
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Disease Detection

ML models, particularly deep learning algorithms, have been utilized to detect and classify
plant diseases from leaf images. Convolutional Neural Networks (CNNs) can identify patterns
associated with specific diseases, enabling early intervention and reducing crop losses [15].

Stress Monitoring

By analyzing data from sensors and remote sensing technologies, ML algorithms can monitor
plant stress factors such as drought, nutrient deficiencies, and pest infestations. These models
help in timely decision-making to mitigate stress impacts on crops [16].

Yield Prediction

ML approaches, including Random Forests and Support Vector Machines, have been employed
to predict crop yields based on historical data, weather patterns, soil conditions, and farming
practices. Accurate yield predictions assist in resource planning and market strategies [17].

Precision Agriculture

Integrating ML with precision agriculture enables site-specific crop management. ML models
analyze spatial and temporal data to optimize inputs like water, fertilizers, and pesticides,
enhancing productivity and sustainability [18].

2.3 Real-Time Data Processing with Apache Kafka
Apache Kafka is a distributed streaming platform designed for high-throughput, fault-tolerant
real-time data processing. Its architecture and core concepts enable scalable ingestion, storage,
and analysis of streaming data, making it indispensable for precision agriculture applications
requiring immediate insights from diverse data sources.

2.3.1 Kafka Architecture and Key Concepts
Kafka architecture is built around several core components that work together to ensure relia-
bility, scalability, and fault tolerance, as can be seen in Figure 2.2.

• Broker: A Kafka broker is a server that receives data from producers, stores it on disk,
and serves it to consumers. Brokers form a cluster where one broker acts as the cluster
controller, managing partition assignments and monitoring broker health. Each broker
can handle thousands of partitions and millions of messages per second depending on
hardware.

• Topic: Topics are logical channels that organize messages. Each topic represents a stream
of events, such as user notifications or transaction logs. Topics are append-only and
immutable; messages once written cannot be changed or deleted by consumers.
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Figure 2.2: Kafka Architecture Overview [1]

• Partition: Topics are split into partitions, which are ordered, append-only logs. Each
partition is hosted on a single broker and assigned a unique offset to every message,
ensuring strict ordering within that partition. Partitions enable horizontal scalability
and redundancy by distributing data across multiple brokers.

• Producer: Producers are client applications that publish messages to Kafka topics. They
serialize data into key-value pairs and decide which partition to send each message to,
often using the message key to ensure ordering guarantees within partitions.

• Consumer: Consumers subscribe to topics to read messages. They track their position
using offsets, allowing them to resume reading from where they left off. Consumers can
operate individually or as part of consumer groups to share the workload of processing
partitions.

• Consumer Group: A consumer group is a collection of consumers that coordinate to con-
sume messages from partitions of a topic. Each partition is assigned to only one consumer
within the group, enabling parallel processing and fault tolerance through automatic par-
tition reassignment if a consumer fails. 1

1https://www.redpanda.com/guides/kafka-architecture
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• Zookeeper: A centralized system that supports distributed applications by handling
configuration, naming, synchronization, and group services. Kafka originally relied on
ZooKeeper to manage its cluster by tracking active brokers, partition leaders, topic con-
figurations (like partitions and replicas), consumer group membership, and access per-
missions for reading and writing to topics. 2

In Kafka, data flows through several key stages to ensure reliable and scalable event stream-
ing. First, producers serialize and transmit messages to the leader broker responsible for the
target partition within a topic. The broker then appends these messages to the partition log
on disk and replicates them to follower brokers for durability and fault tolerance. Consumers
retrieve messages by polling brokers for data from their assigned partitions, processing each
message in the order determined by its offset. To maintain reliable processing and support
message replay, consumers also commit their offsets, keeping track of which messages have
already been consumed. This mechanism ensures both fault-tolerant data delivery and the
ability to resume processing from the correct point in the event of failures. 3

2.3.2 Kafka Use Cases in IoT and Agriculture
Apache Kafka plays a vital role in precision agriculture by serving as a scalable, fault-tolerant
platform for real-time data streaming and processing. It efficiently handles high-throughput,
heterogeneous data from IoT sensors, drones, and satellites, enabling continuous ingestion and
distribution of key variables such as soil moisture, temperature, and environmental conditions.
This real-time capability supports AI-driven crop monitoring and decision-making, making
Kafka a foundational component in sustainable precision agriculture systems.

A practical example of this approach involves deploying Kafka to stream data from multi-
ple IoT sensors monitoring vineyard conditions. This real-time data pipeline feeds AI analyt-
ics platforms that automatically trigger precise irrigation adjustments based on soil moisture
thresholds. By leveraging Kafka’s robust streaming capabilities, the system optimizes water
usage, reduces waste, and maintains crop health, demonstrating Kafka’s effectiveness in sup-
porting sustainable farming practices.

This example highlights Kafka’s ability to integrate diverse data sources and deliver contin-
uous, reliable data streams to AI models, making it a backbone technology for modern precision
agriculture systems aiming to enhance resource efficiency and crop productivity. [19]

2.4 Integration of Machine Learning, Geospatial Data, and Streaming
Platforms

Despite the increasing importance of real-time intelligent systems in precision agriculture, the
full integration of Machine Learning (ML), Geospatial Data (GD), and Streaming Platforms

2https://www.geeksforgeeks.org/kafka-architecture
3https://www.redpanda.com/guides/kafka-architecture
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(SP) remains underexplored. However, there are notable advancements in the pairwise combi-
nations of these technologies, which demonstrate the potential for a future holistic framework.
Below, we discuss each of these pairwise integrations with supporting literature.

2.4.1 Machine Learning and Geospatial Data

The integration of machine learning and geospatial data has been extensively explored, partic-
ularly for tasks such as land cover classification, crop yield prediction, and disaster assessment.
In the context of precision agriculture, this pairing enables models to extract patterns from spa-
tially referenced data to inform decisions on crop health and resource allocation. Linaza et al.
exemplify this approach by employing deep learning models such as U-Net on high-resolution
satellite imagery. Their system supports agricultural decision-making by performing automatic
segmentation and disease classification, leveraging geospatial data to provide a spatial under-
standing of field conditions.[19]

2.4.2 Machine Learning and Streaming Platforms

ML and streaming platforms are increasingly integrated to support real-time inference and
anomaly detection from continuous data sources, such as IoT sensors or mobile devices.

In this pair, ML models operate on continuous data streams from farm sensors or imaging.
Bonacci et al. demonstrate such integration: they built an on-board push‐broom hyperspectral
scanner whose spectral data are classified by an embedded neural network, and classification
results are streamed in real time via Apache Kafka.

In practice, the system continuously acquires hyperspectral crop images, applies an
MLP classifier to identify plant type, and publishes the results over Kafka. This real-time
ML+streaming pipeline enables live crop monitoring and adaptive decision support (e.g.
weed/crop discrimination) in precision agriculture. [20]

2.4.3 Geospatial Data and Streaming Platforms

Here the focus is on streaming spatial data feeds into analytics platforms. Theofilou et al.
present an agricultural big-data warehouse where Apache Flume/Kafka ingest spatiotemporal
feeds (IoT sensor logs, satellite metadata) and Spark Streaming processes them. In their
architecture, weather, soil and satellite sensor data (all georeferenced) are treated as continuous
streams: Flume/Kafka handle high-velocity ingestion and Spark Streaming performs real-time
processing. This design explicitly supports geospatial data (e.g. partitioning by region, time)
in a streaming context, enabling up-to-date spatial analytics (like live mapping of soil moisture
or climate patterns) to inform farm management decisions. [21]
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2.5 Conclusion
This chapter has outlined the key technological components underpinning modern precision
agriculture: crop health monitoring, geospatial data, machine learning, and real-time stream-
ing platforms. We examined how each of these elements contributes to smarter, data-driven
farming practices, and reviewed existing efforts to integrate them in pairs. However, the full
convergence of machine learning, geospatial analytics, and real-time data processing remains
an open challenge. This gap highlights the need for integrated systems capable of delivering
timely, spatially-aware, and intelligent insights—an objective that frames the motivation for
the work presented in the following chapters.
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RELATED WORK

This chapter reviews recent research efforts at the intersection of machine learning, geospatial
data, and real-time processing in the context of precision agriculture. We first explore how var-
ious machine learning models—ranging from classical classifiers to deep neural networks—have
been applied for crop monitoring, disease detection, and yield prediction. Next, we examine
the role of real-time data processing frameworks, such as Apache Kafka, in handling large-scale
agricultural data streams. We then highlight the use of geospatial data, particularly satellite
and UAV imagery, in crop health assessment through vegetation indices like NDVI and NDWI.
Finally, we identify key research gaps that motivate the need for more generalizable models,
efficient infrastructure, and integrated solutions in smart agriculture.

3.1 Machine learning in Precision Agriculture

The integration of machine learning (ML) with remote sensing has revolutionized precision
agriculture by enabling advanced data analysis for crop monitoring, yield prediction, and re-
source management. Below is a detailed overview of the key ML models and their applications,
as evidenced by recent research:

Support Vector Machines (SVM) and Random Forest (RF) are the most widely adopted
models. SVM accounts for over 20% of applications, excelling in crop classification and disease
detection due to its robustness in handling high-dimensional remote sensing data. RF follows
closely at 18%, particularly effective for yield prediction and land-use classification by leveraging
ensemble learning to reduce overfitting. [17]

For soil moisture estimation, Decision Tree and Extra Tree Regression models have demon-
strated exceptional performance, achieving approximately 91% accuracy when analyzing time-
series satellite imagery. These models are favored for their interpretability in identifying soil
health indicators critical for olive cultivation and other crops. [18]

In UAV-based applications, RF classifiers have shown remarkable success in detecting crop
lodging (e.g., rice varieties), achieving 96.1% accuracy by integrating multispectral UAV data
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(444–842 nm). SVM is also frequently paired with hyperspectral remote sensing (>30% adop-
tion) for detailed vegetation stress analysis. [22]

These models address challenges such as data heterogeneity from diverse sensors (e.g., satel-
lites, UAVs) while balancing accuracy with computational efficiency. Future advancements
aim to enhance model generalizability across regions and crop types, particularly in resource-
constrained agricultural systems.

Deep convolutional networks, especially U-Net and its variants, have been widely applied
to UAV imagery for vegetation segmentation and health classification. For instance, Zhang et
al in 2021 they proposed Ir-UNet, an improved U-shaped CNN, to segment irregular wheat
yellow rust lesions in multispectral UAV data, reporting an overall accuracy of 97.1% for
identifying diseased vs. healthy regions, outperforming a standard U-Net [15]. In Segmentation
/ Classification architectures. For example, Silva et al in 2024 they compared Mask R-CNN,
U-Net, and YOLO models on high-resolution UAV images of soybean and bean fields for weed
detection, they found that modern single-shot detectors example YOLOv8 reached the highest
detection and segmentation accuracy, comparing Mask R-CNN and U-Net [23]. A study by El
Hoummadi et al. used UAVs with RGB and NIR imagery to map agricultural areas in Dubai,
achieving 89.7% precision with NDVI as input compared to 72. 8% with RGB alone, showing
that vegetation index like NDVI can affect more in the performance of model [24].

For the past five years, the Agriculture Vision Teams 1 have been hosting challenges focused
on analyzing agricultural patterns. In their 2020 challenge, participants evaluated models like
DeepLab V3+ and Feature Pyramid Network (FPN) architectures for semantic segmentation of
crop anomalies. The FPN-based model achieved superior performance (62.3% mIoU) compared
to DeepLab variants, demonstrating better capability to handle irregular agricultural patterns.

These studies highlight that machine learning, especially deep networks, is able to perform
fine-grained vegetation segmentation or disease classification from multispectral UAV data,
often with precision in the 80s to 90% range.

3.2 Real-Time Data Processing in Agricultural Applications
The integration of real-time data processing frameworks into agricultural systems has become
increasingly important for enabling precision farming, early detection of plant stress, and ef-
ficient resource management. With the advent of UAVs, remote sensors, and high-resolution
imagery, agriculture now generates vast amounts of data that require immediate analysis to sup-
port timely and informed decisions. Technologies such as Apache Kafka and Spark Structured
Streaming are being leveraged to build scalable pipelines capable of ingesting and processing
streaming data with minimal delay.

In one relevant study, a real-time processing pipeline was developed using a producer-
consumer architecture powered by Apache Kafka and Spark Structured Streaming. The pro-
ducer component reads images from a local directory, converts them into byte streams, and

1https://www.agriculture-vision.com/
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publishes them to a Kafka topic, with each image tagged using a unique identifier derived from
its filename to preserve ordering.

On the consumer side, Spark Structured Streaming subscribes to the Kafka topic and ingests
image byte streams in real time. These images are normalized and passed through a pre-trained
deep learning segmentation model to generate corresponding flood masks.

To ensure scalable and efficient storage, the system uses MongoDB’s GridFS, which handles
large image files by chunking them into smaller parts. This integration supports continuous,
low-latency image processing, making it well-suited for time-sensitive applications like disaster
monitoring and response [25].

3.3 Crop Health Monitoring using Geospatial Data
High-resolution satellite and UAV imagery are now routinely used to assess crop health. Mul-
tispectral satellites (e.g. Sentinel-2, Landsat, PlanetScope) deliver frequent global coverage in
visible, red-edge, NIR and SWIR bands, while drones can capture fine-scale multispectral data
on demand [26, 27]. These data enable calculation of vegetation indices: for example, NDVI
(Normalized Difference Vegetation Index, using NIR and red bands) is a well-established proxy
for green biomass and vigor [27, 28], and NDWI (using NIR and SWIR) highlights canopy wa-
ter content and drought stress [27]. In practice, mapping NDVI/NDWI over fields lets farmers
spot stressed areas (low NDVI/NDWI) before visual symptoms appear. For instance, Jeevan
et al. (2024) note that drone multispectral cameras (visible + NIR) produce NDVI maps that
correlate closely with plant health [28].

Studies show the complementary benefits of satellite and UAV data. Sentinel-2 imagery
offers wide-area, regular revisit (10m – 20m pixels every 2–5 days) with bands optimized for
vegetation indices [26], whereas UAV flights yield centimeter-scale detail at key growth stages.
Li et al. (2022) compared Sentinel-2 vs UAV multispectral data on wheat fields: Sentinel-2
provided smooth, broad NDVI trends, while UAV-based NDVI captured fine spatial variability
in the canopy [26]. In essence, drones reveal small-scale issues (e.g. patchy nutrient stress
or localized disease), and satellites supply context over larger areas. By fusing these data
and tracking indices like NDVI/NDWI through the season, practitioners can diagnose nutrient
deficiencies, irrigation problems or emerging diseases with better precision, informing targeted
interventions and resource management [28, 27]

3.4 Research Gaps and Opportunities
Despite notable progress in applying machine learning to precision agriculture, several chal-
lenges and limitations still hinder broader adoption and effectiveness. Key research gaps and
opportunities include:

• Lack of Generalizability: Many studies focus on specific crop types and limited geogra-
phies, leading to models that do not generalize well across diverse agro-ecological zones
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and underrepresented crops.

• Computational Complexity of Models: Deep learning models like U-Net and YOLO offer
high accuracy but have complex architectures that are computationally intensive and
unsuitable for real-time or edge deployment.

• Need for Lightweight Models: There is a need to develop simplified or lightweight
versions—such as a lightweight U-Net—that can perform efficiently in real-world farming
conditions.

• Limitations of Vegetation Indices: Relying on certain vegetation indices like NDWI can
be restrictive, as they may not always be computable due to missing spectral bands.

• Neglect of Data Infrastructure: While model development is well-studied, the support-
ing infrastructure for real-time agricultural intelligence (e.g., streaming frameworks like
Apache Kafka) is largely overlooked.

3.5 Conclusion
This chapter has reviewed the evolving intersection of machine learning, geospatial analytics,
and real-time data streaming within the context of precision agriculture. Traditional classifiers
like SVM and Random Forest have demonstrated strong performance on structured tasks such
as crop type classification and disease detection, while deep networks such as U-Net and YOLO
variants have enabled fine-grained vegetation segmentation and anomaly localization in high-
resolution UAV imagery.

Despite these advancements, current solutions face persistent challenges: limited model
generalizability, high computational costs, and underutilized streaming infrastructures. While
vegetation indices such as NDVI and NDWI remain central to crop health monitoring, their
integration into scalable, real-time systems remains underdeveloped.

These identified gaps directly motivate the development of our lightweight, dual-output
U-Net model and Kafka-based streaming pipeline. In the following chapter, we detail the com-
plete system architecture, data preprocessing pipeline, model design, and real-time evaluation
strategies used to address these challenges and enable efficient crop health monitoring at scale.
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METHODOLOGY

This chapter presents the design and implementation of a real-time crop monitoring system
based on UAV imagery, deep learning models, and scalable streaming infrastructure. The
methodology includes the system architecture, data sources, model design, and the end-to-end
data pipeline leveraging Apache Kafka.1

4.1 System Architecture Overview

Our system is designed to process high-resolution imagery from unmanned aerial vehicles
(UAVs) equipped with multispectral cameras capturing both RGB and near-infrared (NIR)
data. We use Apache Kafka to stream this raw data in real time, simulating multiple UAVs
acting as producers that send images to a single consumer, as illustrated in Figure 4.1.

The raw images, which can be as large as 200 MB, are processed and downsized to a more
manageable 10 MB for efficiency. Historical data is stored in a MongoDB database, while the
processed images are saved using a MinIO bucket-style storage system.

The system outputs ( visualization ) three types of prepared images:

• RGB images for visual inspection,

• NDVI (Normalized Difference Vegetation Index) images to assess and analyze crop health.

• Prediction masks from our machine learning model, overlaid on RGB images, highlighting
stress types (e.g. nutrient deficiency, drydown, or water stress) if detected. Each image
comes with metadata, including band details and resolution, to ensure traceability and
usability.

1The full implementation is available at: https://github.com/ucef-b/RT-streaming
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Figure 4.1: System Architecture

4.2 Data Preprocessing

For this work, we relied on the Agriculture-Vision 2021 dataset, a comprehensive collection of
aerial imagery tailored for precision agriculture. This dataset is split into two main components:
a supervised dataset and a raw image dataset. Below, we break down each part and explain
how we preprocessed the data to suit our needs.

4.2.1 Supervised Dataset
Description

The supervised dataset contains cropped versions of the original captured im-
age, divided into patches of 512x512 pixels, each with a filename in the format
(field_id)_(x1)−(y1)−(x2)−(y2)·(jpg/png). The field_id uniquely identifies the farmland,
while the coordinates (x1, y1, x2, y2) indicate the specific region of the field the image cov-
ers. Each image comes with corresponding masks labeling various agricultural conditions or
anomalies.The dataset originally includes nine mask classes: double plant, endrow, planter skip,
waterway, weed cluster, drydown, nutrient deficiency, storm damage, and water.

Prepossessing

Since our focus is on crop health, we narrowed down the classes to five that are most relevant:
nutrient deficiency, drydown, water, planter skip and weed cluster. Figure 4.2 shows examples
of two of the selected classes. The remaining classes (double plant, endrow, storm damage,
and waterway) were grouped into a sixth ”none-selected” class to represent non-health-related
conditions. This selection ensured our model targets issues directly impacting crop vitality.

To prepare the supervised dataset, all images and their corresponding masks were resized
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Figure 4.2: Example Stress type of planter skip and Water bodies

to 256×256 pixels. For each of the five selected classes, as well as a “none-selected” class
(comprising waterway, endrow, storm damage, and double plant), we included almost 5,824
samples across classes to ensure class balance. This resulted in a total of 6 labeled samples.

Dataset Integration & Split

We consolidated our supervised dataset into training, validation, and test subsets, maintaining
class balance across all six categories. The split ratios were 75% for training, 5% for validation,
and 20% for testing.

Table 4.1: Supervised dataset split (6 balanced classes)

Subset Count Percentage
Training 4,369 75%
Validation 291 5%
Test 1,164 20%
Total 5,824 100%

4.2.2 Raw Image Dataset
Description

The raw image dataset comprises high-resolution imagery, capturing 261 full-field images at
10 cm resolution across 54 fields from 2017 to 2020. These images originate from 2–7 flights
per field, forming a time series of data. Each image is identified by a path in the format
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raw\(field_id)\(flight_id)_(color_channel)·(tif), where the color channel includes RGB and
NIR bands. Some fields also include Sentinel satellite imagery at 10 m resolution.

Unlike the supervised dataset, the raw images remain unprocessed, making them suitable
for tasks such as generating NDVI maps or assessing the model’s robustness on real-world
data. We primarily used these images to simulate the UAV data stream in our Kafka pipeline,
reducing their size from approximately 200 MB to around 10 MB for real-time processing.

Preprocessing

To evaluate our data processing pipeline under UAV-like conditions, we generated simulated
image sequences. For each raw image, we created 120-frame sequences by applying subtle, pixel-
level rotations. This approach simulates gradual UAV drift and provides realistic streaming
data for performance testing, An example 4.3 is shown below, with the first frame and the 90th
frame of the sequence for a selected field.

Figure 4.3: Example of simulated UAV sequence: the first and 90th frames of the same field
after applying pixel-level drift.

4.3 Machine Learning Model Design and Training
Our crop health analysis system employs a dual-output U-Net architecture optimized for both
computational efficiency and predictive accuracy. The model accepts 256×256 pixel NDVI
(Normalized Difference Vegetation Index) inputs a critical choice for enhancing vegetation
stress detection, and simultaneously produces segmentation masks and multiclass predictions
through dedicated output branches. Figure 4.4 illustrates the complete architecture with its
key components.
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Figure 4.4: Proposed Multi-Task U-Net Architecture .

4.3.1 Architecture Overview
The network processes NDVI inputs through four progressive stages:

• Encoder Blocks (Downsampling): Four sequential blocks with separable convolutions (24,
48, 96, 192 filters) and 2×2 max pooling

• Bottleneck: Residual block with 384 depthwise separable filters and spatial dropout (20%)

• Decoder Blocks (Upsampling): Four transposed convolution blocks (192, 96, 48, 24 filters)
with skip connections

4.3.2 Key Architectural Features
• Multi-Scale Feature Fusion: Skip connections between encoder and decoder at matching

resolution levels

• Depthwise Separable Convolutions: 75% parameter reduction vs standard convolutions

• Dual Output Heads:

– Segmentation Head: 1×1 convolution with sigmoid activation.

– Classification Head: Global pooling 128-unit dense layer 6 class output with softmax
activation.

4.3.3 Training Procedure
The model was trained with several specialized components:
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• Loss Functions:

– Segmentation: Hybrid loss (70% Dice Coefficient + 30% weighted BCE)

– Classification: Binary cross-entropy with class weights

• Optimization: Adam optimizer (learning rate = 0.001)

• Regularization: Spatial dropout (10-20%) + 25% dropout rate in classification part.

4.4 Kafka-based Data Pipeline Implementation
To support real-time ingestion, preprocessing, model inference, and archival, we built an end-
to-end streaming pipeline using Apache Kafka:

• Kafka Producers: Simulated UAVs send RGB, NDVI and Model Predictions frames via
dedicated Kafka topics.

• Kafka Broker: Handles message queuing and delivery.

• Kafka Consumer: Receives image data, performs preprocessing and inference, then pub-
lishes prediction results.

• Storage: MongoDB stores historical original captured data.

• Frontend Dashboard: Displays streamed predictions using React and WebSockets.

Kafka’s scalability allows multiple UAV streams to be handled concurrently without major
delays, ensuring real-time throughput even as producer count increases.

4.5 Evaluation Metrics and Validation Approach
To effectively evaluate our multi-task model, we adopted a dual-metric strategy aligned with the
model’s architecture: one metric for the segmentation output and another for the classification
output. Each component plays a critical role in identifying and characterizing crop anomalies
in real-time.

4.5.1 Segmentation Evaluation: Dice Coefficient
For the segmentation head, which produces a binary mask indicating the location of anomalies
(such as drydown or planter skips), we use the Dice Coefficient as our primary evaluation metric.
This metric is particularly well-suited for image segmentation tasks because it emphasizes the
overlap between the predicted and ground truth masks, making it more informative than simple
pixel accuracy—especially when dealing with imbalanced datasets.

The Dice coefficient is calculated as follows:
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Dice =
2 · |P ∩G|
|P |+ |G|

=
2TP

2TP + FP + FN
(4.1)

Where:

• P is the set of predicted pixels,

• G is the set of ground truth pixels,

• TP = True Positives,

• FP = False Positives,

• FN = False Negatives.

This coefficient ranges from 0 to 1, where a value of 1 indicates perfect overlap.

4.5.2 Classification Evaluation: Accuracy, Precision, Recall, and Confusion
Matrix

The classification head is responsible for predicting the type of anomaly (e.g., nutrient defi-
ciency, drydown). For this multi-label classification task, we use a combination of the following
metrics:

• Accuracy — measures the overall proportion of correct predictions.

• Precision — indicates how many of the predicted positive cases were actually correct.

• Recall — measures how many actual positive cases were correctly identified.

• Confusion Matrix — provides a class-by-class breakdown of correct and incorrect predic-
tions.

These metrics provide a comprehensive view of the classifier’s behavior, especially in cases
where some classes might be harder to detect than others.

4.5.3 Real-time and Scalable Validation

In our real-time setup, each incoming UAV image (containing RGB and NDVI bands) is pro-
cessed on the fly. The model produces predictions, and evaluation metrics are computed per
image and aggregated over time. As the number of simulated UAVs scales from 5 to 30, we
monitor both predictive accuracy and system performance to ensure scalability under fixed
computational resources.

This streaming validation approach enables continuous performance monitoring and ensures
that the model remains effective even as the volume of incoming data increases.
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4.6 Conclusion
This chapter detailed the methodology for our real-time crop monitoring system, combining
UAV imagery with deep learning and Kafka-based streaming. Key components included:

• A curated dataset of 5,824 samples across 6 stress types

• An efficient dual-output U-Net processing 256×256 NDVI inputs

• A scalable Kafka pipeline handling multiple UAV streams

The architecture balances computational efficiency with detection accuracy through depth-
wise separable convolutions and multi-task learning. Our preprocessing pipeline transformed
raw field images while preserving critical agricultural features. The following chapter evaluates
this system’s performance using Dice coefficient and precision/recall metrics.
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CHAPTER 5

EXPERIMENTAL SETUP AND RESULTS

This chapter presents the experimental design, system configuration, and evaluation results for
the proposed real-time crop monitoring pipeline. The primary objective is to assess the system’s
performance under realistic UAV deployment conditions, both in terms of image streaming and
model inference. A modular architecture was implemented using containerized services (Docker)
to ensure scalability, reproducibility, and efficient resource usage across GPU-enabled hardware.

We evaluated multiple deep learning models, including U-Net variants, across various in-
put types (NDVI, RGB, RGB+NIR) and resolutions. Key metrics such as Dice coefficient,
classification accuracy, streaming latency, and throughput were measured to provide a compre-
hensive analysis of segmentation quality and system responsiveness. Special attention was also
given to the impact of image resolution and spectral input channels on per-class segmentation
performance.

5.1 System Overview and Configuration

To ensure scalable, reproducible, and efficient real-time crop monitoring, the system was de-
ployed using containerized services on a high-performance server. The following subsections
describe the hardware environment, software stack, and message streaming architecture.

1. Deployment Hardware

• Operating System: Ubuntu 24.04 LTS (64-bit)

• CPU: Intel Xeon Gold

• Memory: 128 GB RAM

• GPU: 2 × NVIDIA RTX A5000 (24 GB VRAM each, total 48 GB)
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2. Containerized Architecture

The system’s components were deployed via Docker and orchestrated using docker-compose.
Each service runs in an isolated container to enhance modularity and fault tolerance.

• Inference Server: FastAPI-based service for prediction

• Messaging: Apache Kafka for image streaming and coordination

• Frontend: React-based dashboard for live image and mask visualization

• Database: MongoDB for storing historical data

3. Real-Time Streaming via Kafka

Each UAV stream is assigned individual Kafka topics for image types:

• uav.{ID}.images.rgb

• uav.{ID}.images.ndvi

• uav.{ID}.images.predicted

This design enables easy scaling across multiple UAVs and data types. The dashboard
consumes these topics in real time and updates via WebSocket endpoints.

5.2 Results
We evaluated the system under multiple configurations, testing inference latency, message
throughput, and segmentation/classification quality across models and image types.

1. Kafka Throughput and Streaming Latency

The transmission of image frames via Kafka was tested under realistic UAV sequence simula-
tions. Despite large image sizes, the system achieved reliable delivery:

Table 5.1: Average Kafka image transmission time per frame.

Image Type Kafka Transmission Time
RGB < 1.0 s
NDVI 0.5 – 2.5 s

MongoDB writes for historical raw data exhibited intermittent delays, especially under high
throughput. Although it did not affect inference directly, it introduced a slight delay of 5s.
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2. Inference Latency Across Producers

We tested the system with varying numbers of Kafka producers. Results showed minimal
degradation in inference speed up to 15 producers, suggesting sufficient parallelism and system
resilience.

Table 5.2: Model inference time under varying producer counts. Higher producer counts lead
to increased inference latency, especially for U-Net (RGB+NIR).

Producers Model Type Average Inference Time
1–5 Light U-Net (NDVI) 3.1 – 4.2 s
15 Light U-Net (NDVI) 3.9 – 4.8 s

15–30 Light U-Net (NDVI) 7.0 – 8.0 s
1–5 U-Net (RGB+NIR) 9 – 11.1 s
15 U-Net (RGB+NIR) 15.2 – 17 s

15–30 U-Net (RGB+NIR) 22 – 25 s

Figure 5.1: Inference latency ranges for Light U-Net and U-Net models across different Kafka
producer counts. Shaded regions represent min-max latency.

Figure 5.1 illustrates the impact of Kafka producer count on inference latency for two
different models. As the number of producers increases, the latency for U-Net (RGB+NIR)
rises significantly due to the added computational load and input complexity. In contrast, Light
U-Net (NDVI) exhibits only a modest increase, suggesting it is more suitable for deployments
requiring fast response under high-throughput conditions.

The Dashboard for testing simulation that can views RGB and NDVI and view metadata
per UAV stream, including image resolution, spectral bands, processing times, and detected
crop stress types. Stress classes are listed as text below each.

37



Chapter 5: Experimental Setup and Results

Figure 5.2: Dashboard interface for real-time UAV monitoring.

3. Segmentation and Classification Performance

Our U-Net models were trained on multiple input modalities and evaluated using Dice coefficient
and classification accuracy. The RGB+NIR model achieved the best overall performance on
both training and test sets.

Table 5.3: Model performance comparison across input types, resolution, and backbones.

Input Type Resolution Dice (Train/Test) Class Acc. (Train/Test)
NDVI 256×256 0.57 / 0.52 0.94 / 0.91
RGB 256×256 0.62 / 0.54 0.95 / 0.92
RGB + NIR 256×256 0.66 / 0.58 0.96 / 0.92
NDVI 512×512 0.51 / 0.50 0.90 / 0.92
RGB 512×512 0.62 / 0.60 0.95 / 0.92
RGB + NIR 512×512 0.72 / 0.70 0.97 / 0.95

To gain deeper insight into model behavior, we examined class-wise segmentation perfor-
mance for the RGB+NIR model at both 256×256 and 512×512 resolutions. Table 5.4 presents
the Dice coefficient per semantic class: nutrient deficiency, drydown, water, weed cluster, and
planter skip.

To gain deeper insight into classification effectiveness, we also computed precision and recall
for the best-performing model configuration—RGB+NIR input at 512×512 resolution. This
model achieved:

• Precision: 0.9477

• Recall: 0.9482
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Table 5.4: Dice coefficient per class for RGB+NIR models at different input resolutions.

Class RGBN-512 Dice RGBN-256 Dice
Nutrient Deficiency 0.5797 0.5691
Drydown 0.6027 0.6062
Water 0.8293 0.7107
Weed Cluster 0.5861 0.5750
Planter Skip 0.7779 0.5030

Figure 5.3: Example predictions for each target class: nutrient deficiency, drydown, water,
weed cluster, and planter skip. The overlay masks (in color) illustrate the model’s segmentation
output on RGB input.

These metrics reflect the model’s strong ability to identify true positive crop stress conditions
while maintaining low false positive rates. Figure 5.4 shows the confusion matrix for this
configuration, illustrating high classification fidelity across most stress classes.
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Figure 5.4: Confusion matrix for the RGB+NIR model at 512×512 resolution. The diagonal
dominance indicates strong agreement between true and predicted labels.

5.3 Discussion

The experimental results demonstrate a trade-off between system speed and segmentation ac-
curacy depending on the choice of input type, model complexity, and resolution. Lightweight
models, such as the Light U-Net using NDVI input, offered low inference latency and good
classification accuracy. However, segmentation quality was lower, particularly for fine-grained
or spectrally complex classes.

In contrast, models trained on combined RGB and NIR inputs at higher resolutions
(512×512) performed better in capturing detailed crop stress patterns. The RGB+NIR U-Net
achieved a Dice score of 0.70 on the test set, indicating stronger generalization and improved
detection of spatially localized classes such as planter skips and water. However, this improve-
ment came with a noticeable increase in inference time, especially when the number of Kafka
producers increased beyond 15. These delays reflect the computational demands of processing
higher-resolution, multi-channel images in real time.

Kafka was used as the backbone for real-time image streaming and system coordination. It
proved reliable under varying load conditions, maintaining transmission times below 2.5 seconds
per image in most cases. This confirms its effectiveness for UAV-based data pipelines requiring
low-latency delivery. However, we observed that when inference was pushed toward the pro-
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ducer side (i.e., simulated UAVs acting as producers), performance became more sensitive to
the number of producers and available GPU resources.

Finally, segmentation performance varied across classes. High Dice scores for water and
planter skips indicate that distinct spatial or spectral features are captured well, especially at
higher resolutions. In contrast, lower scores for nutrient deficiency and weed clusters highlight
the challenges of segmenting classes with subtle or overlapping patterns.

5.4 Key Findings
• Model performance scales with input complexity: Combining RGB and NIR channels

improves segmentation performance, especially at 512×512 resolution.

• Real-time streaming with Kafka is effective: Kafka handled high-frequency image inges-
tion with low latency and supported multi-producer scenarios efficiently.

• Inference placement affects scalability: Shifting inference to the producer side can reduce
response time per stream but may overload GPU resources under high producer counts.

• Higher resolution boosts detection of narrow or spatially structured classes: Planter skips
and water regions were segmented more accurately at higher input resolutions.

5.5 Implications for Precision Agriculture
These findings highlight the potential of deep learning–based pipelines to support precision
agriculture by providing real-time, high-resolution insights into crop health. In particular:

• Learned features from RGB+NIR models outperformed traditional vegetation indices like
NDVI or NDWI for detecting certain stress conditions, such as water-related stress.

• The system’s ability to segment narrow and spatially distinct patterns (e.g., planter skips)
with high accuracy suggests that these models can assist in early detection and targeted
intervention strategies.

• Kafka-based streaming provides a practical foundation for integrating UAVs in large-scale
crop monitoring setups, ensuring timely data processing across distributed farms or fields.

5.6 Strengths, Limitations, and Challenges
Strengths

• The modular, containerized system design ensures easy deployment and scalability.

• Lightweight models like Light U-Net (NDVI) showed competitive classification accuracy,
enabling deployment on resource-constrained UAVs.
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• Kafka enabled efficient real-time streaming across multiple UAVs, demonstrating robust-
ness under high-load simulations.

Limitations
• Segmentation performance declined for classes with overlapping features or irregular

boundaries, such as weed clusters and nutrient deficiency.

• MongoDB write delays, though not critical, introduced a minor lag in historical data
storage under high-throughput conditions.

• The system does not currently support multilabel outputs, which limits its ability to
detect co-occurring stress conditions within the same region.

Challenges
• Improving segmentation for visually ambiguous or spectrally similar classes remains dif-

ficult without introducing additional contextual cues or temporal data.

• Maintaining inference performance while scaling to more UAVs requires either GPU
scheduling or model compression strategies.

• Incorporating domain-specific constraints (e.g., growth stages, weather patterns) could
help improve class discrimination and reduce false positives in operational settings.

5.7 Conclusion
This chapter presented a comprehensive evaluation of a containerized real-time crop monitor-
ing system deployed under simulated UAV field conditions. Through rigorous experimentation,
we established critical trade-offs between segmentation accuracy, computational efficiency, and
system scalability. The RGB+NIR U-Net model at 512 × 512 resolution demonstrated su-
perior segmentation performance (Dice=0.70), particularly for spatially distinct classes like
planter skips and water stress. However, this came at significant computational cost, with
inference latency increasing up to 25 s under high-load scenarios (> 15 producers). Conversely,
lightweight models like NDVI-based U-Net provided viable low-latency alternatives (3.1–4.8 s)
for classification-focused deployments while sacrificing segmentation granularity.

Kafka proved highly effective for real-time image streaming, maintaining a transmission
latency of under 2.5 seconds, especially on the consumer side, where it demonstrates the ability
to handle multiple Kafka topics almost simultaneously.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Summary of Contributions

This thesis presented the design, implementation, and evaluation of a real-time crop monitor-
ing system that combines UAV multispectral imagery, deep learning, and scalable streaming
infrastructure. Addressing key limitations in existing precision agriculture systems, this work
contributed the following:

• A lightweight dual-output U-Net model tailored for NDVI inputs, capable of simultane-
ously performing binary segmentation and multiclass classification of crop stress condi-
tions.

• A curated and balanced dataset derived from the Agriculture-Vision 2021 dataset, tar-
geting five critical crop stress types (nutrient deficiency, drydown, weed cluster, water,
and planter skip), enabling effective model training and evaluation.

• A Kafka-based streaming pipeline simulating real-time UAV data ingestion and infer-
ence. The system handles concurrent producer streams and delivers processed output—
including NDVI maps, stress masks, and metadata—for real-time visualization and stor-
age.

• Empirical validation of the proposed model and infrastructure. Results showed that
the lightweight U-Net achieved competitive segmentation accuracy (as measured by Dice
coefficient) while maintaining real-time throughput, even as the number of producers
scaled from 5 to 30.

Together, these contributions demonstrate the feasibility of real-time, scalable crop stress
detection using modern geospatial data and efficient deep learning models.
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6.2 Future Research Directions
While the system developed in this thesis shows promise for real-time monitoring, several
avenues remain open for enhancement and broader adoption:

• Integration of temporal features: Currently, predictions are made on single NDVI frames.
Incorporating temporal sequences (e.g., through ConvLSTM or 3D CNNs) could improve
stress detection by capturing crop development trends over time.

• Multiple Consumers for Parallel Inference: Future work could explore deploying multi-
ple Kafka consumers, each running different models or processing different image types
(e.g., NDVI, RGB, multispectral). This approach would distribute the computational
load, enable parallel inference, and allow ensemble predictions or task-specific pipelines,
improving both scalability and prediction robustness.

• Alternative Streaming Platforms (e.g., Apache Spark): While Apache Kafka provides ro-
bust messaging and decoupling, future systems could integrate stream processing frame-
works such as Apache Spark Structured Streaming to support complex, stateful operations
and advanced analytics. Spark’s distributed architecture may also enhance scalability and
allow tighter integration with downstream machine learning and database components.

• Transfer learning for underrepresented crops: Expanding the system to support various
crops and regions through fine-tuning and transfer learning could increase its generaliz-
ability and real-world impact.

In summary, this thesis lays the foundation for an operational real-time monitoring system
in smart agriculture. With further development, it can evolve into a robust decision-support
tool for precision farming at scale.
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