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Abstract

Maize is the main food crop grown in Sub-Saharan Africa and is consumed by
people with varying food preferences. Maize production is continuously and severely
affected by several threats, such as weeds, insects, bacteria, viruses, nematodes, fungi,
drought, and climate change. In the year 2016 fall armyworms (faw) invaded the crops
in Africa causing severe damage. The worm grows very fast and destroys the maize crops
in a short period. Different initiatives have been explored to raise farmer awareness, such
as the introduction of mobile applications such as the Food and Agriculture Organisation
Fall Armyworm Monitoring and Early Warning System (FAO-FAMEWS), Plant-
Village-NURU and others. All the smartphone apps mentioned directly assist small-scale
farmers in identifying and being aware of the faw. Moreover, they lack internet of things
(1oT) and machine learning (ML) components that would allow them to cover a larger
region and correct more data in a shorter period of time while analyzing it in real time.

In this study, we design a system to assist large-scale farmers in identifying the
faw-caused pattern and sending a report to the farmers highlighting the size of the
infection and the location for prompt action. In the proposed system we integrated
unmanned aerial vehicle (UAV) techniques and ML algorithms to detect early indicators
of faw in big farms and swiftly analyze the acquired data. The UAV, outfitted with 10T
sensors and ML algorithms, allows capturing, analyzing, and immediately notifying the
farmer of infected areas for further action.

The study is divided into three stages. First, the captured UAV images are
cropped to 150x150 pixels, and the Shi-Tomas corner detection algorithm is applied to
the cropped images. These images are then trained on convolution neural network (CNN)
based models, specifically the VGG16, VGG19, InceptionV3 and MobilenetV2 to
distinguish between healthy and infected images. The results show that this approach
outperforms other CNN-based models in terms of accuracy, sensitivity, specificity,
precision, and F1-score. Both InceptionV3 and MobileNetV2 outperformed other models
by achieving an accuracy of 100%, a sensitivity of 1.00, a specificity of 1.00, a precision
of 1.00, and an F1-score of 1.00. Despite its ability to achieve the highest precision and
sensitivity in a real-time classification environment, the proposed algorithm can
introduce noise to background images, leading to misclassification.

The second part of the study entails developing an autonomous system that
classifies the UAV images into four groups, namely healthy, infected, weed and

redundant counting infected images and sending a report to a farmer. The system is
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divided into three parts: data collecting using UAV, data processing and analysis with
CNN-based models (Hybrid CNN, VGG16, InceptionV3, Resnet50, and XceptionNet),
and reporting to end users via a short messaging service. Moreover, the proposed real-
time monitoring system's accuracy and training time are enhanced by using the hybrid
CNN (HCNN) model. As a result, the system achieved 96.98% accuracy and reduced the
training time by 16% up to 44%, making it quicker at detecting infected maize plants.

The third stage entailed developing two algorithms that improve the system
designed in the previous step by developing a model that enhances the contrast of images
captured in other farms to correlate with those used for training the proposed model to
improve accuracy; and developing an algorithm that counts infected images, pinpoints
the location of infected images, and estimates the infected areas on each UAV image.
The first algorithm reduces the percentage error of images captured from other farms
from 17.1% of the health group to 0.68% and -57.82% of the infected group to 6.64%,
while the second algorithm improves the system by pinpointing infected images and
displaying the size of infection on each UAV image.

In conclusion, the proposed method improves faw detection in large-scale farms,
saving time and money. It uses UAV technology to quickly scan fields and upload images
to the cloud for analysis with CNN-based models. The system reports infected areas,

allowing farmers to target only affected areas when spraying pesticides.
Key words

Digital agriculture, maize, fall armyworms, computer vision, image processing,
unmanned aerial network, internet of things, machine learning, and convolution neural

network.
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Chapter 1

General Introduction

1.1. Background

The global population is projected to increase from 7.7 billion people in 2020 to 8.5
billion people in 2030, making it a challenge to provide sufficient food for the world's
population. Most of the world's population increase may be attributed to emerging
nations, most notably the continent of Sub-Saharan Africa (SSA), which is projected
to see the highest annual growth rate of 2.5% [1]. Since 1990, the population of SSA
has increased by 96%, which is significantly more than the average global growth rate
of 38% [2]. To help farmers maximize their yield while decreasing their environmental
impact, digital agriculture should be seriously considered. Botswana and South Africa’s
economies rely on agriculture for 3% of their Gross Domestic Product (GDP), but
Ethiopia and Chad depend on it for 42% and 53%, respectively. The average
contribution of agriculture to total GDP in SSA is 15%, although this number varies
widely across the region. Around 80% of all farms in SSA are smallholder farms, and
approximately 175 million people are directly employed on these farms. Most people
in regions including SSA rely on cereals such as sorghum, millets, wheat, maize, and
rice as their primary sources of nutrition [3].

In many nations across SSA, maize is the most important crop for food production
and consumption [3]. Of the world's 22 countries, Africa is home to 16 nations that
count maize as their primary source of nutrition. In eastern and southern Africa, maize
accounts for over half of the calories and protein consumed. Still maize is responsible
for one-fifth of the calories and protein ingested in West Africa. It is estimated that
more than 33 million hectares of the total cultivated land in SSA, which totals 200
million hectares, is used for growing maize [3], [4]. More than 300 million people in
SSA rely on maize as their primary source of nutrition and income [5], [6]. South Africa,
Nigeria, Ethiopia, Tanzania, Malawi, Kenya, Zambia, Uganda, Ghana, Mozambique,
Cameroon, Mali, Burkina Faso, Benin, Democratic Republic of Congo, Angola,
Zimbabwe, Togo, and Cote d'lvoire produce the most maize in SSA. This is 96% of
SSA's maize harvest [3], [7].

Since 2016, the maize crop has been affected by various diseases and pests, but the
fall armyworm (faw) has been the most damaging pest regarding economic losses [5].

Researchers believe faw first arrived in Africa by stowaways in cargo containers and
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aeroplane holds, before being dispersed by the wind to other parts of the continent [5],
[8]. Beginning in the West African tropics in 2016, faw eventually reached the South
African Highveld and spread throughout at least 12 African countries (Togo, Ghana,
Zambia, Zimbabwe, South Africa, Malawi, Mozambique, Namibia, Kenya, Rwanda,
Uganda, and Tanzania). Damage caused by this armyworm in 2016 alone was
estimated at 300,000 hectares in SSA [8]. A poll conducted in Ghana and Zambia in

July 2017 anticipated a national mean maize loss of 45% and 40%, respectively [6].
1.2. The Biological Concept of Faw

The scientific name for faw is Spodoptera frugiperda. This moth feeds on many
different types of plants and flowers. Researchers believe it first appeared in the
Americas. A faw goes through four phases during its lifetime: egg, larva, pupa, and
adult (see Figure 1.1). In addition to maize, rice, sorghum, and sugarcane, it also eats
cabbage, beets, groundnuts, soybeans, onions, cotton, pasture grasses, millet, tomato,
and potatoes, making it one of the most destructive agricultural pests.

Each adult moth may lay up to 2,000 eggs during its two to three weeks life cycle,
faw can quickly and easily spread over large areas via prevailing winds [8], [9]. During
its lifetime on a maize plant, the faw goes through the following four stages: Stage one
(the egg) lasts for three to five days and involves the laying of 100 to 200 eggs at the
base of the maize plant, at the point where the leaf meets the stem. Larvae (stage 2)
develop for three to six days. The caterpillars' rapid feeding, especially at night on the
undersides of leaves causes them to become partially transparent shortly after hatching.
Older plants like the leaves surrounding the cob silks, while younger plants favor the
spiral. The pupa (stage 3) lasts for between 7 and 14 days. When infected, leaves have
holes as a result of faw penetrating the leaf's protective whorl. Over-fertilization of
immature plants can kill the growth point, preventing the development of new leaves
and cobs. After reaching maturity, the adult caterpillar (stage 4) spends between 14 to
23 days underground, digging a hole 2-8 cm deep. The caterpillar uses leaf litter to
protect itself from the harsh environment if the soil is too dense for the pupation

process. The adult moth later emerges after 8 or 9 days, and the cycle continues [9].
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Figure 1.1: The life cycle of faw

1.3. Problem Statement

Presently, the process of detecting patterns caused by faw in large farms is a
laborious task. Farmers are required to physically visit the farm and manually inspect
small sections, relying either on capturing images and uploading them through a mobile
application for classification or using their naked eyes if they are familiar with the
patterns caused by faw [10].

Since 2016, several mobile applications have been developed for the detection and
monitoring of faw symptoms and signs on various plants. Examples of such
applications include Food and Agriculture Organisation Fall Armyworm Monitoring
and Early Warning System (FAO-FAMEWS), Plant-Village-NURU, KALRO Fall
Armyworm, and FALL ARMYWORM. For instance, FAO-FAMEWS serves as an
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early warning system and provides general crop protection information. It operates by
having farmers capture pictures using their smartphones, which are then uploaded to a
server for classification when an internet connection becomes available. The
application analyzes images and issues warnings to communities in their respective
areas through local government channels. Moreover, Plant-Village-NURU and
KALRO Fall Armyworm offer general information on preventing various pests and
diseases in different crops. They also allow farmers to upload pictures to the database
if they require assistance from experts. In addition, FALL ARMYWORM provides
farmers with valuable awareness by illustrating the appearance, symptoms, and signs
of faw, as well as offering guidance on scouting, monitoring, and managing the
infestation.

In contrast, Kasinathan and Uyyala. proposed an approach for detecting faw insects
using the Mask Region Convolutional Neural Network (Mask R-CNN) to ensure crop
quality and safety. The performance of the Mask R-CNN detection model was
compared to other methods, including Region CNN (R-CNN), Faster R-CNN,
RetinaNet, and Single Shot Multi-Box Detector (SSD). The results of faw insect
detection demonstrated a mean average precision of 94.21% using the Mask R-CNN
model with the Resnet-101 backbone. This highlights the efficacy of the model in
accurately segmenting faw insects in field crops [11].

Furthermore, Hanyurwimfura et al. introduced an automated system utilizing the
Internet of Things (1oT) for monitoring and detecting faw in maize fields. The system
incorporated Long Range (LoRa) communication technology for data transmission and
Global Positioning System (GPS) for accurately identifying the location of the affected
maize crops. Various sensors integrated within the system could assess the color and
shape characteristics of the maize plants [12]. In addition, Sena et al. presented a
method that utilizes digital images acquired by a digital camera to identify maize plants
affected by faw damage. Their approach involved developing an algorithm capable of
analyzing digital color images of maize plants under controlled lighting conditions to
detect faw-inflicted damage. The proposed algorithm achieved a 94.72% accuracy in
correctly labeling 720 instances [13]. The primary objective of all these methods is to
assist small-scale farmers in detecting and preventing pest infestations. However, for
medium and bigger farms, it is essential to explore low-cost alternative real-time
scouting and reporting systems to avoid substantial losses and lower operating

expenses.
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The goal of this research is to assist farmers in reducing operational costs and time
spent on farms identifying and treating faw by utilizing cutting-edge technologies such
as unmanned aerial vehicles (UAV) outfitted with 10T sensors and machine-learning
(ML) approaches. UAVs can quickly survey large regions using loT-enabled sensors,
and ML algorithms paired with computer vision techniques may detect patterns of
maize leaf damage caused by faw. With these advancements, farmers can quickly check
wide areas, identify damaged sections, and apply pesticides before the faw spreads over

large areas of a farm, lowering costs without sacrificing yield.
1.4. Study Area

As shown in Figure 1.2, the research area was in Morogoro district, Tanzania, and
comprised four distinct 7-hectare farms. Three farms are located at Mikese with
coordinates (6°45'57" S, 37°54'44" E), (6°46'2" S, 37°54'33" E), and (6°45'46" S,
37°54'8" E), while one farm is located at Mkambarani with coordinates (6°46'21" S,
37°48'48"E).

Legend
water bodies ) \\3
Morogoro region @ ,NY
Bl Morogoro rural \l "

u Data collection

location

TANZANIA

Kilometer

Figure 1.2: Study area location

During data collection, the research clearance permission was followed through all
levels. Plant pathologists assisted in the search for and identification of pests, as well
as in categorizing the images after cropping them. We spent seven days total in each

field; five days looking for maize plants with infected leaves, and two days flying the
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drone three times over each field to check for infection. The presence of small holes,
semitransparent areas, and flesh frass on leaves is indicative of infection [9], as shown
in Figure 1.3. The data was collected in three different seasons: March 2020, March
2021, and May 2022.

Figure 1.3: a) Maize leaves image showing short holes taken by a digital camera (b) Maize
leaves showing semitransparent patches taken by a digital camera.

1.5. Research Aims

The primary objective of this thesis is to create a method for the early detection of
faw patterns on maize leaves by utilizing UAV technology and ML methods. The
following objectives are defined based on the study questions stated in Section 1.6 and
the gaps identified in Section 1.3:

1. To identify the pattern caused by faw on maize leaves and apply ML algorithms for
decision-making (i.e., distinguish between infected leaves and healthy leaves).

2. To develop a system that combines ML techniques and a UAV outfitted with 10T
sensors to report the status of the maize field. (i.e., show percentages of infected,
healthy, and weed leaves).

3. To design, develop and deploy an autonomous system for early detection of the

patterns caused by faw on maize leaves in the field.
1.6. Research Questions

When it comes to understanding the technical feasibility, effectiveness, and
sustainability of a system that uses a variety of technologies, such as ML techniques
and UAVs, there are still a lot of questions that need to be answered. One example
would be; 1) what ML approaches are utilized to detect the pattern generated by faw

on maize leaves readily? 2) which technologies can be utilized to develop a system that
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can recognize faw patterns on maize fields and communicate this information to
farmers? and 3) how can drone technologies be combined with 10T devices and ML
techniques to provide an autonomous reporting system? These questions seek answers
to the following general question: how can drone technologies be combined with l1oT
devices and ML techniques to provide an autonomous reporting system that displays
infested plants, their location, and the size of each UAV image covered on the ground?
The answers to these questions are essential to gaining a deeper understanding of the
topic at hand and determining whether the application of ML strategies and UAV
technology can make it possible to detect faw infestations in maize plants at an earlier

stage.
1.7. Methodology

This study is conducted systematically throughout four phases. During the initial
phase, data is collected and then analyzed using the Python programming language. In
the second phase, Deep Learning (DL) models are developed to recognize the faw
patterns on maize leaf images captured by UAVs flying over the fields. During its
training, the DL model is trained to differentiate between two groups of maize leaves,
namely infected and healthy. The Shi-Tomasi corner detection method is then used to
improve the detection of faw patterns on maize leaves. The third stage entails
improving DL models for classifying UAV images as healthy, infected, weed, or
redundant. The images captured by the UAV are segmented into four distinct groups
to enable autonomous detection and reduce misclassification. In turn the model reduces
the computation time and improves precision and sensitivity in real-time environment.
The fourth phase comprises of building an independent system that would receive data,
preprocess it, recognize faw-caused patterns, and provide a report to the farmer
specifying the number of infected images and the position of each infected UAV image.

The system utilizes a combination of the UAV and DL algorithms for data analysis.
1.8. Thesis Overview and Contributions

The research in this thesis is organized into six chapters as shown in Figure 1.4, each
dedicated to a specific goal. Chapter 1 begins with a general introduction that
discusses the study's framework. Then Chapter 2, covers a literature review on
computer vision in agriculture, the use of artificial intelligence in agricultural
improvement, a summary of deep learning models, and an explanation of the state -of-

the-art methods for detecting disease on maize.
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Chapter 3 provides a method for detecting faw patterns using the Shi-Tomasi corner
detection method. This addresses objective 1. The model categorizes UAV images as
infected or healthy, ignoring background images such as weeds, maize tassels, stems,
and soil. The performance of the original and Shi-Tomasi corner-detected images is
compared using four convolutions neural network (CNN-based) transfer-learning
models: InceptionV3, MobileNetV4, VGG16, and VGG19.

Chapter 4 proposes a CNN-based hybrid model trained on UAV images to
categorize them into four groups: infected, healthy, weed, and redundant. The new
model was developed because the previous chapter's Shi-Tomasi corner detection
method was producing more noise in the background images, leading to
misclassification. The proposed system can classify images autonomously by
categorizing them into four groups, which addresses objective 2. The hybrid model's
performance is compared to four CNN-based models: XceptionNet, Resnet50, VGG16,
and InceptionVa3.

Chapter 5 addresses two concepts that improve the system created in the previous
chapter. First, the chapter discusses how to enhance the contrast of images captured
from various farms or the same farm but at different seasons to match training images,
lowering real-time misclassification. Second, it describes how to detect the global
positioning system coordinate (GPSc) of infected images and determine the size of the
infected area. This process enables farmers to take immediate action in damaged areas.
These ideas contribute to Objective 3.

Final Chapter 6 reviews Chapters 2-5 and gives the conclusion, recommendations,

and directions of the research’s future work.
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Chapter 2

Literature Review

2.1. Introduction

This chapter provides a literature review on the application of digital agriculture,
computer vision in remote sensing, and artificial intelligence (Al) in improving agricultural
practices. In addition, we emphasize the contributions made and examine the gaps in the

previously published material.
2.2. Digital Agriculture

The term "digital agriculture” (DA) refers to the implementation of cutting-edge and
emerging technologies into a unified framework to assist farmers and other stakeholders
in the enhancement of their goods and procedures [14]. Farm management can benefit from
DA by boosting traceability, security, and automation. With the growth of Al and ML, data
processing, analysis, and manipulation have evolved significantly [15]. Farmers can
increase their farm's yield with the help of DA, saving money and reducing risk [16]. DA
is the future of the agricultural business since everything can be monitored in real-time
[14]. This increases crop value while reducing costs and the amount of energy required on
the farm. DA can be broken down into two distinct farming approaches, which are referred
to respectively as smart farming and precision farming [14].

The goal of smart agriculture is to make farming operations more predictable and
effective by focusing on the collection of data and its interpretation using computational
technologies. It uses various tools that enable farmers to check the state of their fields
without physically going into the fields themselves [16]. The power to make decisions for
an entire farm, a vast area, or even a single plant is granted to them because of precision
farming, which also makes crop and livestock farming more accurate, optimized, and
regulated [16], [17].

2.3. Computer Vision in Agriculture

Computer vision (CV) is a subfield of artificial intelligence that enables computers to
reason and interpret visual input similarly to humans [18], [19]. CV technology can detect,

identify, characterize, anticipate, and evaluate specific objects in a wide range of views,
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from still photos to live video. Its objective, especially with DL, is to train Al to the point
where it can do more than automate processes [18], [19], [20]. Monitoring crop health and
growth, preventing and controlling weeds, diseases, and pests, etc, are just a few of the
many agricultural uses that have been the focus of numerous studies that employ CV, Al,
and UAV [14], [18].

2.3.1.Computer Vision Applications in Agriculture

How we process, analyze, and modify agriculture data have been fundamentally altered
because of recent developments in Al and ML, particularly those in the fast-evolving field
of DL [18]. This is largely because of the recent uptick in interest in DL as a new frontier
in Al, in which the most representative and discriminative characteristics are learned end-
to-end and hierarchically [18], [21]. DL approaches have been widely successful in typical
CV tasks like target detection, visual identification, and robotics. They have also achieved
extensive success in a wide variety of other practical applications [20], [22].

Most studies have implemented a CNN algorithm that is derived from DL [22], [23],
[24]. CNN can distinguish distinct objects in an image by using the input image, learnable
weights, and biases. Compared to other classification algorithms, CNN requires a
substantially lower amount of pre-processing [23]. CNN can learn these filters with
sufficient training, despite the original approaches requiring hand-engineered filters [23],
[25]. CNN can be trained from the ground up or using the transfer-learning method. On the
other hand, Transfer Learning (TL) uses a previously trained model as the foundation for
a new model applied to a different task. CNN trained from scratch requires more data,
computation resources, and training time to make the model generalize, whereas TL uses
a model that has already been trained [25]. For the model's weights to become more
generalized, they are trained on many images before being applied to a different task.
Using network weights is a method that contributes to improved generalization while
requiring fewer data, less computational resources, and time spent on training [25], [26].

In this thesis, we used CNN-based models that were trained utilizing the fine-tuning TL
method. These models were VGG16, VGG19, InceptionV3, MobilenetV2, XceptionNet,
and Resnet50. The restricted computational resources and data led us to use these models.
Some researchers have employed CV and DL to monitor the health of plants in the fields
and their growth, as well as to control various diseases, pests, and weeds, and to monitor

farms by employing remote sensing technologies, particularly UAV [25].
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2.3.1.1. Crop Health and Growth Monitoring

Monitoring the health and development of the crop is essential for maximizing
production, identifying patterns in farm operations, and establishing the optimal time to
apply fertilizer.

For instance, using the photos captured by the digital camera, M.P. Rico-Fernandez et
al. investigated the effects of botanical indicators and color space by employing various
ML methods. They found variations in crop types, leaf color, and other characteristics.
Comparisons were made between various existing technologies, such as ML and threshold
processing. Based on the data, a novel formulation that uses the CIELUV color space and
a support vector machine (SVM) was presented. It has achieved results that are
encouraging in the field of agricultural monitoring. This technique is adaptable to various
climatic conditions and farming species. However, image analysis and improving the
efficiency and accuracy of analysis while the images are being seen in backlight settings
remains an incredibly tough task [27]. In addition, Rodrigo Pérez-Zavala et al. employed a
camera sensitive to the visible spectrum to locate grape bunches and identify grape berries.
The suggested approach is determined by the aggregated pixel regions' shape, texture, and
segmentation. The findings of the study demonstrate that there was an increase in the
accuracy of grape monitoring. This approach is reliable even when applied in environments
with different degrees of illumination and occlusion [28]. Moreover, Sun et al. proposed a
method that used continuous imaging to examine how the shape and color of rice leaves
changed over time in response to variations in nitrogen (N), phosphorous (P), and
potassium (K) treatments. They assessed the usefulness of dynamic characteristics for
identification. All images were processed in MATLAB to extract the morphological and
color features for dynamic analysis, and scans were performed on the top four leaves (the
first incomplete leaf and the top three fully developed leaves) every three days. When
assessing the efficiency of dynamic indices, the mean impact value was afterward used.
Results showed that N shortage had the most significant influence on leaf growth, followed
by P deficiency, and finally, K insufficiency; increased nutrient availability led to faster
leaf extension and a lower growing rate of chlorosis [29].

On the other hand, orthophoto processing utilizing the MATLAB image-processing
technique was carried out on palm oil plantations by F. Fahmi et al. using UAV. They

employed a Grayscale Co-occurrence Matrix (GLCM) approach to categorize fertile,
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sterile, and dead palm oil plants. The criteria they generated were based on four directions
and specific degrees of 0 degrees, 45 degrees, 90 degrees, and 135 degrees. Experiments
showed that UAV monitoring could provide information more quickly and accurately than

traditional approaches [30].
2.3.1.2. Crop Diseases, Insect, and Weed Control

Controlling and preventing the spread of crop diseases, insects, and weeds are essential
in producing high-quality agricultural goods and generating high yields. It is possible to
avoid yield losses caused by diseases and weeds by controlling them automatically and
promptly using modern farming practices.

For instance, Liu and Chahl, created a multispectral computer vision system for
detecting invertebrate pests widely seen on wild green leaves. This system was able to
identify the pests. During the studies, a satisfactory degree of accuracy was established
when identifying twelve prevalent invertebrate crop pests. In addition to having a high
degree of accuracy, the system can provide robots with decisions regarding their actions
in real-time. It is feasible to make intelligent predictions if one uses accurate and real-time
monitoring; this will be very important for the prevention and control of agricultural
diseases [31]. Moreover, Zhong Y et al. devised and put into action a vision-based
monitoring system that, when tested with You Only Look Once (YOLO) and SVM
techniques, was shown to have excellent performance. The overall accuracy rate of the
classification process was 90.18%, while the overall accuracy rate of the system was
92.50%. The system can serve as a full-service platform for predicting the occurrence
probability and development trend of pests, both of which are highly significant, in
addition to providing identification data that is effective and accurate. Both factors are
incredibly vital [32].

On the other hand, Toseef and Khan suggested an intelligent crop disease diagnosis
technique that can act as the critical back-end decision engine. To provide an output in the
form of a disease diagnostic, the system takes crop symptoms as its input and then uses an
inference engine to decide. The method has a diagnostic accuracy of 99% for the most
important diseases, and it may be used on the two most important crops, which are cotton
and wheat. The system initially generates a tiny data set, can monitor two crops
simultaneously, is straightforward to implement, and possesses a great deal of untapped

potential [33]. Likewise, Sabzi et al. presented a CV expert system that is based on neural
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networks. This system would recognize potato plants and three other types of weeds
(Secale cereale L., Polygonum aviculare L. and Xanthium strumarium L.) for on-site
spraying. The 126 color features and 60 texture features retrieved from each object are
listed below. The experiment results showed that the proposed expert system had an
accuracy of 98.38% and an average execution time of less than 0.8 seconds. Nevertheless,
when there was an exceptionally high plant density, the usage of the system was restricted
[34]. By merging aspects of computer vision and multitasking, Chang and Lin were able
to design a compact intelligent agricultural machine capable of automatically weeding
cultivated area and adjusting the amount of irrigation that is applied. The machine can
weed and water while keeping a deep soil moisture content of 80 + 10% and an average
herbicidal rate of 90% since it can distinguish between plants and weeds in real-time. This
strategy has a lot of potential because it incorporates multitasking and uses all available

resources to their maximum capacity [35].
2.3.1.3. Farm Monitoring with UAV

Precision agriculture requires real-time agricultural data management and correct
analysis [36]. As rapidly developing technology, UAVs have made it possible to get
agricultural data with high resolution, cheap cost, and speedy solutions in recent years [37].
The UAV is a form of aircraft that can fly missions without the need for a human pilot.
Unmanned aircraft systems comprise three components: an aircraft component, sensor
payloads, and a ground control station [38]. They can be controlled by electronic equipment
on board the vehicle or on the ground. It is a remotely piloted vehicle when controlled
remotely from the ground. For it to work, it needs to be able to communicate wirelessly in
a reliable manner [38]. UAVs can be built on either a fixed-wing or a rotary-wing platform.
The ability of fixed wing UAVs to fly at high speeds for extended periods while utilizing
simpler aerodynamic elements is one of the advantages of these vehicles. When taking off
and landing, some do not even require a runway or a launcher. The ability of rotary-wing
UAVs to take off, land, and hover vertically over a target is a significant advantage [38],
[39]. Using UAVs for remote sensing has increased agricultural output while
simultaneously lowering costs [40].

Multiple studies have been conducted using UAVs, ML techniques, and other
technology to monitor and improve farming practices. For instance, Han et al carried out

a comprehensive study on the biomass estimation of maize, an important crop. In this
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study, UAV remote sensing was combined with ML to provide spectral information that
could be used to estimate maize biomass. The researchers used an Octocopter DJI
Spreading Wings S1000 UAV platform with two cameras. They also proposed a method
for extracting plant height from UAV images and showing volume in trials, which revealed
that the method might contribute to increases in precision and demonstrated that the
technique should be improved. Because of this, the integration of ML and UAV remote
sensing provides an exciting new alternative [41]. In addition, the point cloud collected by
the UAV-RGB (Quadrotor UAV-RGB remote sensing system DJI Phantom 4 Pro) was
used by Yaxiao Niu et al. to derive data on maize biomass and elevation. The outcomes
demonstrate the benefits of utilizing this approach to create a high-performance ML
estimate model [42].

Moreover, Souza et al. proposed a method for mapping sugarcane hoppers based on
objectanalysis of UAV images (OBIA) utilizing an eBee Ag equipped with a Canon Power
Shot S110 compact. This study demonstrates the high degree of automation and flexibility
of the OBIA method, which may be applied to collecting essential information for
agricultural decision-making and monitoring [43]. Xiang Shi et al. developed a decision
support system for variable-rate irrigation using UAV multispectral remote sensing (VSI-
DSS). The vegetation index (V1) is calculated from multispectral images taken by UAVs,
and the system subsequently provides users with recommendations based on the results.
The findings confirm that the approach is rational and in line with the anticipated outcomes
but also highlight the need for further improvements in terms of reliability [44]. Due to the
widespread availability of image data, UAV platforms are used in nearly all-precision
agriculture. Many farming tasks, including crop monitoring, protection, and management,
can benefit from deploying of UAVs [16], [40]. With its adaptability, timeliness, and
stability, this method improves the scientific quality of assessment and helps with the
strategically manage of agricultural resources [45].

The crop monitoring and management described in this thesis were carried out with the
assistance of a quad copter drone known as a Phantom 4 Pro v2. The quad copter drone
known as UAYV is outfitted with a standard built-in camera that has a standard length of
the camera's focus that measures 8.6mm, a sensor width that measures 12.83mm, a
resolution that measures 5472 by 3078 pixels, a lens that has a field of view that measures

84, and an aperture that measures F/2.8 at infinity.
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2.3.2. Pattern Recognition and Matching

Pattern recognition (PR) is a branch of Al and ML that focuses on identifying and
interpreting data patterns or regularities. It refers to the process of identifying and
categorizing objects or events based on their underlying patterns or structures [46],
[47][48]. PR techniques are used to analyze and extract meaningful information from large
amounts of data, such as images, signals, text, or numerical data [49] [50]. The goal of PR
is to create algorithms and models that can recognize and categorize patterns automatically
in an accurate and efficient manner. Visual features, statistical distributions, temporal
sequences, and any other discernible characteristics within the data may be included in
these patterns[49] [50] [51]. Computers can make informed decisions, predictions, or

classifications based on identified patterns by recognizing patterns [47].
2.3.3. Images Processing Methods

Digital image processing primarily focuses on signal processing research, which
includes picture contrast adjustment, image coding, filtering, and denoising [52]. To
improve the visual information in an image for either human interpretation or autonomous
machine perception, image processing modifies the image's characteristics. Two primary
techniques used in this area are preprocessing and feature extraction [30], [52].
Preprocessing is necessary before images can be used for model training or inference. It
includes transformations such as adjusting brightness, hue, saturation, edge sharpness,
scale, and orientation [53]. Feature extraction, on the other hand, aims to reduce the size of
the initial data collection by analyzing the variations across input patterns based on a set
of shared characteristics or feature [30]. Pixels that collectively indicate edges, lines, and

other shapes are organized into more sophisticated features [52].
2.3.3.1. UAV Image Processing

When assessing DL-based algorithms applied to remote sensing data, three significant
tasks emerge: scene-wise categorization, object detection, and semantic and instance
segmentation [22], [54], [55]. Scene-wise categorization involves assigning a class label to
each image within a scene. On the other hand, object detection refers to the process of
labeling specific regions of an image using bounding boxes [54], [55]. Object detection is
a complex task as it involves locating and labeling objects within an image [55]. Semantic

segmentation, an alternative approach to drawing bounding boxes, involves delineating
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regions or structures around object boundaries to differentiate their classes at the pixel
level. However, semantic segmentation may struggle to distinguish multiple objects of the
same category, as each pixel is assigned only one class label [54]-[57]. To circumvent this
restriction, the instance segmentation task was introduced. It combines semantic
segmentation with object detection, enabling the recognition of multiple objects through
pixel-level masks, each tagged with a class label [56], [58]. However, Instance
segmentation allows for the precise identification of objects on a pixel-by-pixel basis while

maintaining their distinction [59].
2.3.3.2. Real-time UAV Image Processing

Using of UAVs in tandem with DL-based methods accelerates processing and
classification, but the underlying algorithms are computationally intensive [54], [55]. Even
though DL is often promoted as a quick way to extract information from data after training,
its architecture's complexity can be a bottleneck for real-time applications. Therefore, real-
time DL methods necessitate the creation of more efficient algorithms or specialized
graphic processing unit (GPU) processors [20], [22], [23], [54].

In remote sensing, high-resolution images captured by UAV provide a large amount of
information with minimal variation between classes, as stated by Xu et al, [60]. Besides
their proximal sensing capabilities, UAVs have an advantage over other types of sensing
platforms due to their ability to capture images at a higher resolution. Because of these
variations and the tremendous volume of data, it is more challenging to extract valuable
characteristics using traditional CNNs, which give equal weight to all regions. DL
architectures typically require low-resolution input images because they reduce
computation time and aid the model's generalization ability. For example, it took days for
models running on a GPU to converge, even when using the input dimension of 256x256
pixels, as proposed by Krizhevsky et al. [61].

In this thesis, the photos were resized to 150x150 pixels for easier classification and
training using a central processing unit (CPU). ML techniques were employed to
categorize the images into four distinct groups on a CPU-powered computer. The system
successfully and instantly identified the images, which initially had a resolution of

5078x3000 pixels, and assigned them to their respective categories.
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2.4. Machine Learning

ML employs data and algorithms to teach computers how to learn like humans, allowing
them to improve at tasks such as prediction, classification, and insight discovery [62]. It
works in three stages: first, data and algorithms are used to make predictions and categorize
data sets; second, an error function helps evaluate the accuracy; and third, the data points
are optimized to suit the model best [62], [63]. ML Based on their respective learning
strategies, machine learning may be broken down into three distinct categories. In Figure

2.1, we can see the connection between Al, ML, and DL.

Artificial Intelligence |

///~"’“I Machine Leaning I

Figure 2.1: The artificial intelligence overview

Deep learning

a) Supervised Machine Learning

Supervised learning, also known as supervised machine learning, involves using labeled
datasets to train algorithms for accurate data classification and prediction. Here, machine
learning algorithms are fed with pairs of input and output data from the past, with
processing in between each pair allowing the algorithm to adjust the model to provide
outputs as close to the desired outcome as feasible. Typical supervised learning methods
include neural networks, decision trees, linear regression, and support vector machines
[20], [54], [62].

b) Unsupervised Machine Learning

In contrast to supervised learning, unsupervised learning does not require all data and

training sets to be labeled in the same way. It analyzes and organizes unlabeled data sets
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with the help of machine learning algorithms. These algorithms enable the automatic
discovery of previously unknown relationships between data points. Exploratory data
analysis, cross-selling techniques, consumer segmentation, and picture and pattern
recognition all benefit greatly from this method's capacity to identify patterns and
similarities in large amounts of data. Methods like Hidden Markov models, k-means,
hierarchical clustering, and Gaussian mixture models are all examples of popular

unsupervised learning techniques [20], [54].
c) Reinforcement Machine Learning

Unlike supervised learning, where an algorithm is trained with examples, reinforcement
learning does not require pre-existing data. Instead, it uses the same process of trial and
error that humans do to acquire knowledge. It gains knowledge when the agent or
algorithm engages with its environment and responds to stimuli, positive or negative. For
reinforcement learning to work, the environment must be static or have a vast amount of
relevant data. It is believed that it is simpler to work with than supervised learning when
dealing with unlabeled data sets because it requires less management. The temporal
difference, deep adversarial networks, and Q-learning are only a few of the most popular
methods [64], [65].

2.4.1.Common Terms Used in Machine Learning
2.4.1.1. Underfitting

An underfit model fails to forecast test data reliably and does not generalize well. Poor
results on training data will reveal a machine-learning model to be unfit for its purpose.
When a model is underfitting, it does not learn enough from the training data; hence, its
predictions are inaccurate; poor model fitting results in low variance and significant bias.
Figure 2.2 demonstrates that the model does not adequately represent the plotted data.
Increasing the training duration and the number of features offered helps prevent
underfitting [52].
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Figure 2.2: Graph describing the underfitting state.

2.4.1.2. Overfitting

When a machine-learning model attempts to account for every observation in a dataset,
this is known as overfitting. Caching noise and wrong values in the dataset causes the
model to become less effective and accurate. The variance of the biased overfit model is
quite large. In supervised learning, overfitting is by far the most frequent issue. As can be

seen in Figure 2.3, the model tries to account for all the points in the scatter plot [52].
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Figure 2.3: Graph describing the overfitting state.

The performance of a model suffers from overfitting when it takes in too much
information from the training data, including irrelevant noise. This means the model can
identify noise or random oscillations in the data and interpret them as concepts during the
training. Problematically, the models' generalizability is hindered by the fact that these
notions do not apply to novel data [52]. Both overfitting and underfitting decrease the ML
model's effectiveness. However, cross-validation, training with more data, deleting
features, stopping training early, regularization, and ensemble can all help prevent

overfitting, the root reason.
2.4.1.3. Loss functions

The quality of a program'’s dataset representation is evaluated using loss functions. If
the prediction is wrong, the loss function increases otherwise it will drop. Loss function

changes reflect algorithm improvements [65].
2.4.1.4. Optimizer

Optimizers are functions or algorithms used to find the optimal values for a neural
network’s weights and learning rate. As a result, it helps to improve accuracy while
decreasing overall loss [66]. Because deep learning models typically have millions of

parameters, picking the best weights for them can be difficult [24], [54]. Optimizer work
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involves using of concepts such as epochs, batch size, and learning rate [66]. The batch
size that defines how many samples will be utilized to update the model parameters. At the
same time, the number of epochs is the number of times the algorithm iteratively runs
through the full training dataset [24], [55], [52]. As an alternative, the learning rate (n) is a
parameter that instructs the model as to how often it should update the model weights to
achieve a local minimum [52], [55]. In this thesis, we use several optimization algorithms
to evaluate the efficacy of our models, including Gradient descent, Stochastic gradient
descent with momentum, Mini-batch gradient descent, Adagrad, RMSprop, Adadelta,
Adam, Adamax, and Nadam [66]-[69]. Appendix Il has a full description of the

optimization algorithm.
2.4.1.5. Weights

The weight of a neural network is a parameter that modifies the input data at the
network's hidden layers [70]. Neurons, or nodes in a neural network, perform several
functions, including storing a set of inputs, a weight, and a bias value. As shown in
Equation 1, each node in a neural network receives an input, which is multiplied by some
weight value and then either observed or sent on to the next layer [23], [54], [70], [71]. It is
common practice for a neural network's weights to be stored in its hidden layers. The
strength of the signal (or link) between two neurons is controlled by weights [55]. A weight
quantifies the significance of the input in producing the desired result. A constant bias is
an extra input into the following layer, always with the value one [23]. Since bias units
don't get any information from the layer below them, they can act independently by sending
information to the world via connections with their weights [55]. The bias module ensures

that the neuron works even when there are no inputs.

Y = E(Weight * input) + bias 1

2.4.1.6. Activation Functions

The activation function (AF) evaluates the input against a target value. If the input value
is greater than the threshold value, the neuron is enabled and its output is passed on to the
next or hidden layer; otherwise, the neuron is inhibited [68]. Lacking an activation function,
a neural network's output signal is a simple linear function, a polynomial of degree one.
While it's true that linear equations are easy to work with, they can only handle very

straightforward mappings and cannot learn or detect complex patterns from data [71].
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Without an activation function, a neural network typically performs as a weak Linear
Regression Model [71]. Instead of learning and computing a linear function, a neural
network is best used to model complex data including images, videos, audio, speech, and
text [68]. Binary step function, linear, sigmoid, tanh, rectified linear unit (ReLU), leaky
RelLU, parameterized ReLU, exponential linear unit, swish, and softmax are some of the

most used activation functions [68], [72].
i.) Rectified Linear Unit Function

ReLU is an activation function in neural networks that is approximately linear [68]. All
input elements undergo a threshold operation, and all values below zero are transformed
into zero. The ReLU activation function has been shown to outperform the Sigmoid and
Tanh activation functions in deep learning [73]. Using the ReLU function has the benefit
that not all neurons are stimulated simultaneously. This means the linear transformation
output must be zero before a neuron is silenced. The gradient value can be zero during the
training of a neural network, in which case the weights and biases will not be changed
during the backpropagation phase. Equation 2 is the mathematical representation of ReLU.

_ N _ [xo ifx; =20 2
f(xi) - maX(Oﬁxl) - {0’ lf x; < 0

This function forces less-than-zero inputs to zero, solving the vanishing gradient
problem from previous activation functions. ReLU is utilized in deep neural network
hidden units with additional activation function in the output layers for object
categorization [74]. ReLU ensures speedier processing because they do not compute
exponentials and divisions [73]. ReLU introduces sparsity in hidden units by squashing
zero-to-maximum values. ReLU overfits readily compared to the sigmoid function, despite
the dropout approach and corrected networks improving deep neural network (DNN)
performance [75]. The ReLU and its variants have been used in various DL architectures,
including restricted Boltzmann machines [76] and CNN architectures [77], [74], [78].
According to Nair and Hinton. the ReLU has been used in various architectures due to its
simplicity and dependability [76]. ReLU's weakness during training can kill gradients.
Some neurons die, inhibiting future weight updates and stifling learning [79]. Leaky ReLU

was offered as a dead neuron solution.
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a) Leaky ReLU

The leaky ReLLU (LReLU) was introduced as an activation function in 2013 to keep the
weight updates alive throughout the propagation process [80]. This AF involves the
introduction of a modest negative slope to the ReLU. The alpha parameter was
implemented to fix the problem of dead neurons in ReLUs. This guarantees that the
gradients are never zero while training. Since the LReLU uses a small constant value,
approximately 0.01 for the negative gradient, to compute the gradient, the LReLU AF may

be computed using Equation 3, “a” stand for a small constant set to a value less than 1.

— LX) = Xi» lf Xi > 0 3

The results of the LReL U and tanh functions are the same as those of the regular ReLU
[80], except that the LReLU and tanh functions have non-zero gradients throughout the
time. This indicates that the result is not significantly improved, perhaps in terms of
sparsity and dispersion. Automatic speech recognition data was used to evaluate the
LReLU.

b) Parametric Rectified Linear Units (PReLU)

The parametric ReLU (PReLU) is a variant of the ReLU AF developed by He et al. in
which the negative portion of the function is adaptively learned. In contrast, the positive
part is linear [74]. Equation 4 represents the PReLU.

_ Xi, I,f Xi >0 4
f(xl) - {aixl-, I,f Xi <0

Where a; is the negative slope controlling parameter can be learned through back-
propagation training. If a;= 0, the PReLU becomes ReLU. The PReLU can be expressed
as shown in Equation 5.

f(x;) = max(0,x;) + a;min(0,x;) 5

The authors reported that PReLU outperformed ReLU in large-scale image recognition

and that PReL.U was the first to surpass human-level performance on a visual recognition

challenge [74].
¢) Randomized Leaky ReLU (RReLU)

A dynamic variant of the leaky ReLLU, randomized leaky ReLU trains its network with
a uniformly distributed random number (I, u). Equation 6 is used to calculate the ReLU

under random conditions.
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X, ifx%; =20 6

f(xji) - {aﬁxji, lf Xﬁ <0
Where a;~U(l,u),l <uand ,u € [0.1]
The test phase uses of the same averaging method as the training phase but without the

e l+u
dropout used to converge the learnt parameter to a deterministic value a;= - As aresult,

Equation 7 is used to obtain the actual test output.

Xji 7
Yii = T¥u
2

Xu et al., demonstrated that LReLU, RReLU, and PReLU outperform the ReLU on

classification tasks [81], and the RReLU has been tested and compared against the other

variations of the ReLU on standard classification datasets.
ii.) Sigmoid

In some literature, the Sigmoid activation function f(x) is also called the logistic
function or the squashing function [68]. In feed-forward neural networks, the Sigmoid is a
popular non-linear activation function. It takes in any actual number and outputs a number
between 0 and 1. When the input is high, the output approaches 1.0, when it is small, it

approaches 0. Equation 8 describes the relationship that characterizes the Sigmoid

function.

f@= 1=

The sigmoid function is often utilized in the output layer of deep learning networks to
make probabilistic predictions. It has been effectively implemented in various neural
network settings, including binary classification issues, modeling logistic regression tasks,
etc. Neal [82] argues that sigmoid functions' primary benefits lie in the fact that they are
easily grasped and are typically used in shallow networks. When training a neural network
with modest random weights, advise avoiding the Sigmoid [83]. Sharp damp gradients
during backpropagation from deeper hidden layers to input layers, gradient saturation,
slow convergence, and non-zero centered output (which allows gradient updates to
propagate in various directions) are only a few of the major shortcomings of the Sigmoid

activation function [68].
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iii.) Softmax

Softmax functions are another kind of activation function used in neural computation.
It accepts a vector of real numbers as input and spits out a probability distribution. The
Softmax function f(x;) produces a continuous variable with values between 0 and 1, with
1 representing the cumulative probability. As shown in Equation 9, softmax [79] can be
computed by using that formula.

Xi
F00 = 505 ’

When used with multi-class models, the Softmax function assigns the highest
probability to the target class, returning probabilities for each class. DL architectures
typically use the Softmax function in the last layer [84], [85]. In contrast to the Softmax
activation function, which is utilized for multivariate classification, the Sigmoid activation

function is only used for binary classification.
2.5. Deep Neural Network

DL is a subfield of ML that makes use of multilayer neural networks [20], [25], [54],
[55], [70], [86]. With limited success so far, these neural networks attempt, to simulate the
functioning of the human brain by allowing it to acquire knowledge through exposure to
large datasets [19], [20]. Single-layer neural networks are suitable for approximations, but
multi-layer networks allow for optimization and fine-tuning accuracy. DNN prediction and
optimization abilities are built up layer by layer from a series of interconnected nodes [25],
[54]. It is the process through which calculations are transmitted from one node to another
in a network. The only layers of a DNN typically on display are the input and output layers.
A DL model takes in data at its "input" layer and "outputs™ a prediction or classification at
its "output” layer [19], [25], [54]. By working backward through the layers, backpropagation
trains a model by using methods like gradient descent to calculate prediction errors and
then modifying the function's weights and biases [24], [55]. Together, forward and
backpropagation enable a neural network to learn from experience and produce highly
accurate predictions [87]. CNNs, recurrent neural networks (RNNs), long short-term
memory (LSTM), generative adversarial networks (GANS), recurrent belief propagation
networks (RBFNs), multilayer perceptron (MLPs), self-organizing maps (SOMs),
restricted Boltzmann machine (RBM), deep belief networks (DBNs), and auto-encoders

are some of the most popular deep learning algorithms [24], [54]. While CNNs and RNNs
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are the most frequent DNNs, they fall within the umbrella of supervised networks [54],
[88]. CNN is the most popular choice among remote sensing picture architectures, followed
by RNN.

2.5.1. Convolution Neural Network Architecture

A CNN is a DL algorithm for object recognition that takes an input image as well as
learnable weights and biases [24], [55]. Compared to other classification algorithms, CNN
takes much less pre-processing time [23], [24]. CNN's superior training over more
conventional methods that require hand-engineered filters allows it to learn these filters
automatically [22], [70]. The structure of the human brain's Visual Cortex serves as an
architectural model for CNNs, which mimic how neurons in the brain communicate [24].
Each neuron has a limited "receptive field" to process visual information. Compared to
other neural networks, CNN excels when given inputs of images, voices, or sounds. Each
consists of three layers: a convolutional layer, a collection layer, and a fully connected
layer [22], [23], [25], [54], [55], [70], [86].

As can be seen in Figure 2.4, the first layer of a convolutional network is the
convolutional layer. More convolutional layers or pooling layers often follow
convolutional layers, but the fully connected layer is always the last in the chain. CNN gets
more complicated with each additional layer, which allows it to recognize more significant
portions of the image. The earlier layers concentrate on the more fundamental
characteristics, such as colors and edges. As the image data progresses through the CNN
layers, it starts to recognize larger components or shapes of the object. Eventually, it can

identify the one that is sought after.
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Figure 2.4: Convolution neural network

a) Layer of Convolution

The convolutional layer is the basis of a CNN and is where most of the computation
occurs. It requires a few different components, such as input data, a filter, and a feature
map, among other things [23], [25]. For example, suppose the input is a color image
composed of a three-dimensional matrix of pixels. In that case, this indicates that the input
will have three dimensions corresponding to the RGB color space present in an image [27],
[28]. These dimensions are height, width, and depth. When searching for a specific feature
in an image, a feature detector (also known as a kernel or filter) will scan across the image's
receptive fields.

Moreover, the feature detector is a two-dimensional (2D) weighted array used to
represent a specific image region. Although the filter size can vary, typically it is a 3x3
matrix, which determines receptive field size [23]. When a filter is applied to an area of an
image, the next step is to compute the dot product of the input pixels and the filter. An
output array then processes this dot product. The steps are repeated until the entire image
is covered by the kernel, at which point the filter moves forward by one-step. The output
of a filter is a sequence of dot products based on the input data and the shape of the filter.
These dot products are collectively referred to as a feature map, activation map, or
convolved feature [22], [23], [55].
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Figure 2.5: Convolution layer

Figure 2.5 shows that it is not required for every feature map output value to correspond
to a pixel value in the input image. The only requirement is to be linked to the receptive
field, where the filter is used. Partial-connected layers, such as the convolutional and
pooling layers, are examples of popular neural network architectures [23]. This is because
not every input value needs to be represented exactly in the output array. This feature is
also referred to as "local connectivity.” It is critical to note that the feature detector's
weights remain constant as it moves across the image; this phenomenon is known as
parameter sharing. Backpropagation and gradient descent are two methods for adjusting
parameters while the model is being trained [24]. To begin training the neural network,
three hyper-parameters affecting the size of the output volume must first be set. The
following are some examples:

I.) The output depth depends on how many filters are used. For instance, if you used
four different filters, you would get four different feature maps, giving you a depth
of four.

ii.) Stride is the number of pixels that the kernel moves from one side of the input
matrix to the other, as shown in Figure 2.6. Even though two or more stride values
do not happen very often, a larger stride makes the output smaller.

iii.) When the filters do not fit the image being sent in, zero padding is usually used, as

shown in Figure 2.7.
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Figure 2.6: Convolution stride input and outputs a) convolution stride=1 b) output of convolution
stride=1 c) shows convolution stride=2 d) shows the output of convolution stride=2
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Figure 2.7: Padding (a) 6 x 6 image (b) 6 x 6 image with one layer of zero padding

b) Pooling Layer

The process of pooling layers, which is also referred to as down sampling, performs
dimensionality reduction to cut down on the total number of parameters contained in the
input [22], [23], [55]. The pooling operation, much like the convolutional layer, will sweep
a filter over the entirety of the input; however, unlike the convolutional layer, this filter
will not have any weights [22]. In its place, the kernel uses of an aggregation function,
which it applies to the values of the receptive field, to populate the output array [22], [23].
There are two different kinds of pooling: maximum pooling and average pooling.
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I.) Maximum pooling is when the filter moves across the input and chooses the pixel
with the highest value to send to the output array [22], [55]. This is done as it moves
across the input. As a side note, this method is used more frequently than the
standard pooling technique [22], [24].

ii.) Average pooling happens as the filter moves through the input, calculating the
average value in the receptive field to send to the output array [24].

While the pooling layer can cause significant data loss, it does provide some benefits for
CNN [22], [24]. They help simplify things, boost performance, and mitigate overfitting
concerns [23].
c¢) Fully Connected Layer

In full-connected layers, each output node connects directly to the previous node. This
layer classifies the previous layers' features and filters [22], [24], [55]. FC layers use a
softmax activation function to produce a 0 to 1 probability, while convolutional and

pooling layers use ReL U functions [22].
2.5.2. Training Convolution Neural Network

Models for CNNs can be trained either from scratch or through TL. The model trained
from scratch takes more time, data, and more powerful computation resources, such as
parallel GPUs to generalize [22]. This is incredibly challenging to achieve in image
processing because of the high cost of computing resources and the large amount of time
and money required to collect millions of images from various classes. On the other hand,
TL creates an easy model because the trained model's weights are reused after being
tweaked [22], [55]. In the following section, we will delve even further into the significance
of TL.

2.5.3. Transfer Learning

TL is altering previously trained network weights on many images before applying them
to a new task. This is done to generalize the network's capabilities [26], [55]. Better
generalization can be achieved by applying the technique of using network weights [55].
CNN employs TL to reduce the time and money spent on computation [22], [55]. While
working on this thesis, we used CNN-based models such as VGG16, VGG19,
InceptionV3, Resnet50, MobilenetVV2, and XceptionNet that had been trained using the
fine-tuning method of TL. These models have been extensively utilized and proven

accurate [89][90].
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2.5.3.1. Visual Geometry Group

The visual geometry group (VGGNet) consists of sixteen convolutional layers and
keeps a uniform architecture by employing filters of the same size (3x3) across all its
convolutional layers [91]. With two layers of 3x3, each neuron has a 5x5 receptive field.
Two 3x3 layers stacked together had 18 parameters, but a 5x5 layer had 25 parameters,
which cut the number of parameters. If you have two convolutional layers, you can connect
two ReLU layers instead of just one. So, in both VGG16 in Figure 2.8 and VGG19 in
Figure 2.9, the network comprises only 3x3 convolution layers and 2x2 pooling layers. A
softmax activation layer is used as a classifier after two fully connected layers with 4,096

nodes each. The image size that goes into the connected layers is 224x224 pixels.
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Figure 2.8:VGG16 model architecture
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Figure 2.9: VGG19 model architecture
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2.5.3.2. InceptionV3

GoogLeNet offers an alternative CNN by providing an inception module with extra
layers. GoogLeNet replaces fully connected layers at the top of the convolution network
with average pooling, significantly reducing the number of parameters [92]. The structure
of GoogLeNet as shown in Figure 2.10, was designed to consume as little energy and

memory as possible. In this study, we also examine InceptionV3, which was intended to

succeed InceptionV1 and InceptionV2 [93].

1x1 convolutions

Filter concatenation

3x3 convolutions

T
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Previous layer

Figure 2.10:InceptionVV3 model architecture

2.5.3.3. Residual Neural Network

The deep residual network with 50 layers (ResNet-50) was proposed by Ebrahimi and
Abadi [94]. It is a deep CNN with fifty layers and residual blocks that serve as shortcut
connections between layers. These residual connections aid in combating the problem of

vanishing gradients that occur in multi-layer networks. As a result, network training and

accuracy levels are improved. ResNet's architecture is shown in Figure 2.11.
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Figure 2.11: ResNet model architecture

2.5.3.4. MobileNet

MobileNet [95] is a lightweight model proposed by Google for mobile and embedded
systems. Because it uses depth-wise separable convolutions, the model minimizes the
number of parameters necessary to train a network. Additionally, it assists in the

construction thin deep neural networks in compared to the GoogleNet and Inception V3
models, as shown in Figure 2.12.
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Figure 2.12: MobileNet model architecture

2.5.3.5. Extreme Inception

The extreme inception, or XceptonNet, is built on the inception principle as shown in
Figure 2.13. To reduce the input data’s size, Inception uses various filter types and 1x1
convolutions on the various depth spaces. When using Xception, however, the input space
is compressed with 1x1 convolution across the depth before the filters are applied to the
depth maps [96]. In the Inception model, both operations are followed by a ReLU non-
linearity, whereas in the Xception model, there is no such non-linearity. Furthermore,

despite having the same number of parameters as InceptionV3, XceptionNet outperformed
InceptionV3 on the largest dataset.
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Figure 2.13: XceptonNet model archtecture
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2.5.3.6. Hybrid CNN Model

This thesis proposes the hybrid CNN (HCNN) model by combining the benefits of the
VGG16 model and the InceptionVV3 model. HCNN has shared inputs and outputs and uses
both the VGG16 and the InceptionVV3 network. The HCNN model uses only the bottom
layers of VGG16 and InceptionV3; these layers are then concatenated, sent through the
full-connected dense layers of size 128, and finally processed using softmax to produce
output in four categories. In-depth information on the design's structure is shown in Figure
2.14.

Input Layer (150x150x3)

S

VGG16: Model

InceptionV3

GlobalAveragePoolingMaxPooling2D GlobalAveragePoolingMaxPooling2D

Concatenate

Dense (128)

Dropout (0.2)

Dense (128)

}

Softmax

Figure 2.14: Hybrid CNN model architecture
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2.5.4. Disease Detection Methods in Maize Plants

Leaf diseases in maize can present themselves in various of ways, which has led to the
development of a wide range of methods for the accurate and speedy diagnosis of leaf
diseases [97]. In the past, successful methods for detecting and categorizing leaf diseases
have included the use of digital image processing, the 10T, SVM, and deep neural network
techniques [12], [98] - [100]. When these methods are combined with other approaches like
computer vision and remote sensing, the accuracy of detection is improved to identify

maize plants that have been afflicted with a variety of diseases [23], [55], [70], [86].
2.5.4.1. Sensor-based Disease Detection

The 10T is a new way of thinking that has brought traditional ways of living up to the
same technological level as other fields of work. Sensors can extract and gather many
features from end devices and transmit them to be further processed, which significantly
increases the efficiency of the system when connected devices are used in tandem.

For instance, Hanyurwimfura, D. et al. [12] proposed using an automated system based
IoT to monitor and detect faw in the maize field. LoRa for communication and GPS for
identifying the position of the affected maize crop were installed in the system. The
different sensors in the system could determine the color and shape of the maize. Because
it is expensive to install sensors on every leaf of a maize plant to detect its color and shape,
the system faces various challenges during its implementation in large and medium-sized

farms, respectively.
2.5.4.2. Detecting Disease with ML and Images Taken from the Ground

Ground-based digital camera images are more detailed and localized than the remote-
sensing images. With the help of CV and DL, crop diseases can be quickly and accurately
identified in a large volume of images [26].

For instance, to boost the precision of conventional Al techniques, Zhang et al., [101]
suggested optimizing a CNN with a Multi-Activation Function (MAF) module for
detecting maize leaf diseases such maculopathy, rust, and blight. The accuracy of the
proposed method was 97.41% in the validation set. More so, on ResNet50, the best results
were achieved by combining Sigmoid, ReLU, and Mish, which led to a 2.33%-point
increase in accuracy. Likewise, Waheed et al., [102] developed an improved version of the
dense CNN architecture (DenseNet) for detecting maize leaf diseases like common rust,
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grey leaf spot, and northern leaf blight. Regarding trainable parameters and computation
time, the proposed model was compared to other CNN-based models like EfficientNet,
VGG19Net, NASNet, and XceptionNet. The optimized DenseNet model was found to be
98.6% accurate, with fewer parameters and a shorter computation time. For the diagnosis
of Cercospora leaf spot, Common rust, and Northern leaf blight in maize, Panigrahi et al.
proposed a Random Forest (RF) algorithm. For disease detection in maize plants, they
compared the RF model to other supervised machine learning methods, including Naive
Bayes (NB), Decision Tree (DT), K-Nearest Neighbor (KNN), and SVM. The RF
algorithm achieved 79.23% precision [103]. Similarly, a CNN-based architecture referred
to as modified LeNet was proposed by Ahila Priyadharshini et al. [98] for maize leaf
disease classification. Images of maize leaves taken from the PlantVillage collection were
used in the testing. In the modified version of LeNet, the images are preprocessed using
Principal Component Analysis (PCA) whitening. This reduces the degree to which the
features are correlated with one another, which speeds up the process of extracting features
from maize leaves. With an accuracy of 97.89%, modified LeNet could distinguish
between four distinct classifications of maize leaf conditions: healthy, common rust, grey
leaf spot, and northern leaf blight.

Bhatt et al. [99] proposed a method for identifying maize leaf diseases by using CNN
based models such as VGG16, InceptionV2, ResNet50, and MobileNetV1l and an
ensemble of Adaptive Boosting cascaded with a decision tree-based classifier. The method
aimed to differentiate between leaf blight and leaf spot classes of diseases, which appeared
to be similar. According to the random forest test results, the accuracy provided by
InceptionV2 was the highest at 98%. The image classifier separated the images into four
groups: healthy, common rust, late blight, and leaf spot. Similarly, Zhang et al. [104]
proposed the use of the GoogLeNet and Cifar-10 models to categorize eight diseases that
can affect maize leaves: Northern leaf blight, grey leaf spot, southern leaf blight, brown
spot, rust, round spot, dwarf mosaic, curvularia leaf spot, and grey leaf spot. The VGG and
Alexnet models have more parameters than the proposed architecture for Google's
GoogLeNet network, which has 22 layers. On the other hand, the Cifar-10 model was
enhanced by adding additional layers and implementing the ReLU function. The dataset
consisted of 500 images, and image augmentation was utilized to increase the dataset’s
size. The improved Cifar-10 and GooglLeNet models attained accuracy levels of 98.8%

and 98.9%, respectively.
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Similarly, Lin et al. proposed a new multichannel CNN (MCNN). It is made up of the
following fundamental layers: an input layer, five convolutional layers, three subsampling
layers, three fully connected layers, and an output layer. The first and second subsampling
layers are connected directly to the first fully connected layer in video saliency detection
using a method that mimics human visual behavior. Furthermore, ReLU and dropout were
developed and implemented to prevent overfitting and gradient diffusion. The model
correctly diagnosed five diseases with 92.31%. Leaf blight, sooty blotch, brown spot, rust,
and purple leaf sheaf were the diseases in question [105]. Likewise, Alehegn., [106] on the
other hand, introduced KNN and artificial neural network (ANN) methods to categorize
three different forms of maize leaf diseases: common rust, leaf blight, and leaf spot. The
images’ color, morphology, and texture features were extracted and fed into the KNN and
ANN classification models. The accuracy of the proposed algorithms was measured at
94.4% for ANN and 82.5% for KNN, respectively. Similarly, Kai et al., [107] proposed
using back-propagation neural networks (BPNN) to categorize three distinct maize leaf
diseases. The first step of BPNN is to transform images into YCbCr format.

Finally, some texture features are derived from the grey-level co-occurrence matrix,
some texture features are derived. With BPNN, we were able to achieve a 98% success
rate in accuracy. This article describes how Song et al. used an SVM multi-classifier
approach to classify various maize leaf diseases. They were able to get an accuracy rate of
89.6%. In addition, Sena et al. proposed a technique that employs digital photos captured
by a digital camera to recognize maize plants with faw damage. They proposed an
algorithm to analyze digital color images of maize plants in simplified lighting conditions
and identify those that the faw had damaged. The proposed algorithm correctly labelled
94.72% of 720 [13].

2.5.4.3. Detect Disease with ML and UAV Images

Proximal sensing, which refers to images captured by UAVs close to the ground, contrasts
with remote sensing, which refers to images captured by satellites in space and used to create
maps of Earth's surface [15], [60], [108]. The images captured by UAVs are more detailed
and compact than those captured by satellites[15]. Using machine learning methods and
UAYV images, numerous pieces of data can be gleaned from photos. One such example is the
Resnet-34 model proposed by Wu et al. [109] which uses CNNs to detect Northern leaf blight

on maize leaves in UAV images. Features were extracted using the pre-trained ResNet
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model, and the results were fed into a straightforward linear classifier. The model's accuracy
was 95.1%.

2.6. Conclusion

This chapter delves into various topics related to DA, focusing on smart farming and
precision farming. Specifically, the chapter explores CV applications in agriculture,
including crop health and growth monitoring, as well as weed control. Furthermore, the
chapter provides a comprehensive explanation of the common terms used in ML. Lastly,
the chapter explores the techniques of DNN, particularly CNN, and discusses their
application in disease detection.

The subsequent chapter delves into the initial objective of identifying and recognizing the

patterns arising from faw infestation on maize leaves.
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Chapter 3

Identification of Maize Leaves Infected by Fall Armyworms Using UAV -

based Imagery and Convolutional Neural Networks

This chapter is based on

F. S. Ishengoma, 1. A. Rai, and R. N. Said, “Identification of maize leaves infected by fall
armyworms using UAV-based imagery and convolutional neural networks,” Computer

Electronic Agriculture, vol. 184, no. October 2020, p. 106124, 2021, doi:
10.1016/j.compag.2021.106124.
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3.1. Introduction

Precision farming technologies are essential for ensuring that healthy food is always
available [13], [26], [98]. Farmers harvest a small amount of crops each year due to pests
and diseases [98], [99], [107], [110]. The automatic detection of crop health from images
helps farmers increase yield and profit while decreasing input costs and time [110], [111],
[112].

The goal of this chapter is to precisely detect maize leaves infected with faw using
automatic recognition algorithm models based on CNN. We remotely captured photos of
maize leaves from farms using UAVS, specifically quadrotor drones. Then, four improved
CNN-based models, namely VGG16 [91], VGG19 [91], InceptionV3 [93] and
MobileNetV2 [110], are used to process, detect, and classify images. In all four models, we
adjust the weights of the uppermost layers while holding the weights of the lower layer’s
constant. In our analysis, we consider two scenarios: the first is when we train the models
using the original images, and the second is when we train the models with modified
images to improve their detection performance. During the preprocessing stage, we apply
the Shi-Tomasi corner detection technique to the original images thus result into modified
images. Our results demonstrate that models trained on the modified images outperform
the previously proposed methods. Specifically, we observed an improvement in accuracy
0f 3.92%, 6.59%, 3.25%, and 1.75% for VGG16, VGG19, InceptionV3, and MobilenetV2,
respectively.

The remaining sections of this chapter are organized as follows: Section 3.2 provides a
review of the materials and procedures employed in this study. Sections 3.3 and 3.4 present
the experimental setup and analyze the results of the experiment, respectively. In section

3.5, we discuss the results and finally, in section 3.6 conclude the chapter.
3.2. Material and Method
3.2.1. Data Description

The study took place in Morogoro, a region located in Tanzania, East Africa. It spanned
three years and was divided into three phases, as detailed in section 1.4. The initial phase
of data collection involved two farms, Mkambarani (6°46'21" S 37°48'48" E) and Mikese
(6°45'57" S 37°54'44" E), which together covered a land area of 3 hectares. The in-field
observations were carried out between March 15 and March 21, 2020. The first five days
were spent looking for fields where the maize plant shows positive signs of infection on
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the leaves. The last two days were spent flying the drone over the areas three times on each
field. More infections were found in the maize field at Mkambarani compared to the field
at Mikese. As a result, most of the photos depicting the infected leaves come from
Mkambarani. At the time that the data was being collected, the maize plant had been
growing for a total of three months.

The UAV images, as shown in Figure 3.1 were captured using an RGB sensor and stored
in the Joint Photographic Experts Group (JPEG) format. They have a resolution of 5472 x
3078 pixels and portray maize plants, weeds, and soil. Taken from a height of 5 meters
above the ground, these photos offer a comprehensive view of the environment. To ensure
comprehensive coverage, each image had a 60% overlap both in the forward and sideways
directions.

The UAV images were cropped and classified into four groups that are healthy, infected,
redundant and weed as shown in Figure 3.2. All the healthy images have a negative faw
sign, whereas all the infected ones have a positive one as described in section 1.4.
Furthermore, the redundant images consist of a maize stalk, a shadow, a tassel, and soil,
while the weed images feature a variety of weeds. On the other hand, Figure 3.3 provides
a clear description of the data divisions for the training, validation, and test sets.

This logical flow enables a comprehensive understanding of the image categories and the

data distribution across different sets.

Figure 3.1: The UAV image
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(d)

Figure 3.2: Shows the structure and nature of the dataset used in the study; a) Heathy images, b)
Infected images c) Redundant images that are shadow, soil, maize tassel and maize stem d) Different

types of weeds
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Figure 3.3: Cropped images categories

3.2.2. Shi-Tomasi Corner Detection Method

J.Shi and C.Tomasi developed a method for tracking the corner in an image [113]. The
method was based on the fundamental concept that corners could be located by searching
for significant variations in all directions. Open-Source Computer Vision (OpenCV)
includes a function "cv.goodFeaturesToTrack()" that employs the Shi-Tomasi method (or
Harris Corner Detection) to determine where the strongest corners in an image are located
[113], [115]. The Shi-Tomasi method for detecting faw-caused patterns on maize leaves is
summarized in Algorithm 1.

The grayscale images should be used as input, and the function should include
parameters such as the number of corners, a quality level, and the shortest Euclidean
distance between the detected corners. The number of corners represents the desired
corners based on the nature of the image, whereas a quality level is represented by a
number between 0 and 1. The quality level specifies the minimum acceptable corner
quality. Any corner that does not meet this criterion will be rejected.

Furthermore, the shortest Euclidean distance between detected corners aids in avoiding
the detection of nearby corners that are too close together. The function locates corners in
an image by rejecting corners that do not meet the quality level specified. The remaining
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corners are then sorted in decreasing order of quality. Starting with the highest quality
corner, the function selects the N strongest corners. It discards any nearby corners that are

closer than the minimum distance specified and returns the N strongest corners [114].

Algorithm 1: Shi-Tomasi corner detection method on maize leaves.

Step 1:. Load the UAV images and resize them to a size of 450 x 300 pixels.
Step 2:. Convert the resized images to grayscale (gray-image).
Step 3:. Apply the corner detection method using the OpenCV function.

Newimage = goodFeaturesToTrack (gray-image, Q, ¥, @), where letters Q, ¥, and
@, indicate the maximum number of corners to be detected and sorted, the quality
level of the corners (ranging from 0 to 1), and the minimum Euclidean distance
between detected corners respectively.

Step 4:. Convert the resulting corner coordinates to integers by using the "numpy.int0"
function. Newimage = numpy.intO(NeWimage)

Step 5:. Transform the corner coordinates into a continuous array and place circles on each
corner that fulfill the specified criteria in Step 3.

Step 6:. Repeat Step 5 for all the corners in the image, circling each one

When using the Shi-Tomasi corner detection method, an estimate is made for each pixel
regarding the image gradient along the x and y axes (Ix and ly, respectively) [114] After
that, the correlation matrix, denoted by the letter (M), for each pixel is constructed, as

shown in Equation 10.

_ [ 12 leyl 10
Ll, 12
We can improve their detection accuracy by applying a Gaussian function to the matrix's
elements [114]. Equation 11 is used to estimate the response of each pixel; corners with
the minimum eigenvalue below a threshold (R) are discarded; and the remaining corners
are ranked from best to worst [52], [115], [116].
R = min(44, 1,) 11

Eigenvalues of matrix M are denoted by A,, 1, and the threshold value R.
3.2.3. Augmentation

CNNs require a significant quantity of training data; data augmentation methods are one
way to increase the size of the training dataset. Without altering the original data's
structure, data augmentation creates new information. The most used augmentation
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techniques are mirroring [117], rotating [118], shifting [119], and various photometric
transformations [120]. A random 90° rotation, and horizontal and vertical flips, were used
to enlarge the dataset in this research [114], [121]. Using these techniques, we increased the
dataset size, reducing the likelihood of the model being over-fit during training [122].
Figure 3.4 (c and d) depicts the augmented method used in this study for infected and

uninfected images.

(d)

Figure 3.4. (a) Shows infected images (b) shows non-infected image (c) shows augmented infected

images 90 degrees random rotation, vertical flip, and horizontal flip (d) shows augmented non-

infected images 90 degrees random rotation, vertical flip, and horizontal flip.

3.3. Convolutional Neural Network

In recent years, machine learning techniques, and especially neural networks, have
become increasingly popular as computing power has improved. The earliest form of
neural network was ANNSs, which are formed by fully connected layers in which neurons
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from one layer are connected to the next, resulting in the generation of a vast amount of
training data [123]. Convolution, pooling, and fully connected layers are the three main
types of layers used to build a CNN (see illustration in Figure 3.5). Convolutional and

pooling layers extract features, then mapped to the output by a fully connected layer [123].

Input Feature Maps I Full-connected layers I Output |

150x150x3

Infecte

Healthy

|

Convolution | Maxpooling| Convolution I Maxpoolingl Size =256 I Softmaxl

Figure 3.5. Convolution neural network architecture

3.4. Results

In this section, we describe the experimental setup, define the parameters used to

evaluate the models, and then present the results.
3.4.1.Experimental Setup

The photos were obtained with the help of a quadcopter drone, the Phantom 4 pro v2,
which was outfitted with a standard built-in camera with a resolution of 5472 x 3078 pixels.
The lens on the camera had a field of view of 84, and its aperture was set to F/2.8 at infinity.
At a height of five meters above the ground, a total of 189 photos were taken across both
fields. When taking pictures, the drone was set up to stay at the same height the whole

time.
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Figure 3.6: Illustration of the method used in this study.

Python codes were used to crop the collected photos down to smaller sizes, with each
image now measuring 450 by 300 pixels (python v3.7 and pillow v6.0). The Shi-Tomasi
corner detector method, which is available in OpenCV [113], [115] was applied to the
images after they were cropped. Then the images were further cropped to have a size of
150x150 pixels so that they could be processed and classified more easily. The images
were cropped automatically to have a size of 150x150 pixels and were separated into three
different groups manually: infected, non-infected, and background. The infected group
consisted of images that showed a positive sign of the disease, the non-infected group
showed a negative sign of the disease (healthy), and the background group represented
grass, the trunk, and the soil. Images from the second group were thrown out after being
examined. Figure 3.6 shows the steps obtained from the images in this chapter.

Only two groups of images were considered during training, that is, infected and healthy

(non-infected) were considered. The total number of images in these two groups was
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11280: infected images 5640 and healthy images 5640. The dataset was divided into
training (7896), validation (1692), and test sets (1692) at a ratio of 70:15:15.

The models were built with the help of the Python programming language and the open-
source software framework TensorFlow 2.0. Despite being a low-level library,
TensorFlow has many useful features and can be easily modified, but Python offers a wider
variety of libraries and a more manageable learning curve [124]. The parameters used to
determine that Stochastic Gradient Descent (SGD) was the best optimizer were a
momentum of 0.9, a learning rate of 0.01, and a dropout rate of 0.2. On the other hand,
intel Core i5-7200u CPU 2.50GHz 2.71GHz and 16 GB of memory were used for the
training. Applying the Shi-Tomasi corner detector method to the dataset also enables the
detection of additional images during the preprocessing stage [52], [115], [116]. Therefore,
we used both the original and modified images with the corner detection method applied
to them for model training.

Time is always a concern when training a model. It took 5 hours to prepare the
MobileNetV2 model, 7 hours for the InceptionVV3, 8.5 for the VGG16, and 9 for the
VGG19. All four models were trained in the same amount of time regardless of whether
they were trained on the original images or the modified versions. Due to the extensive use
of parameters, training a model based on VGGNets takes significantly longer than training
other models. To ensure accuracy, each model went through 30 iterations, with early
stopping, patience, and a model checkpoint. Early stopping was used to monitor validation
loss, with a patience of 25 epochs to ensure that the local minima were reached. A model
checkpoint was also used to save the improved validation loss. After training the model,

we compared their performance on the training and validation sets.
3.4.2.Evaluation Parameters

The classification models were evaluated using the metrics accuracy (Ac), sensitivity
(Se), specificity (Sp), precision (Pr), and Fi-score (F1). The term "accuracy" describes the
degree to which a sample statistic corresponds to a parameter of the larger population [125].
Divide the total number of predictions by the proportion of correct ones to get the accuracy

rate. Equation 12 represents the concept of accuracy.

TN +TP 12
TN+TP+FN+FP

Accuracy =
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In this context, "True Positive™ (TP) refers to an outcome in which the model correctly
predicts the positive class, "True Negative" (TN) refers to an outcome in which the model
correctly predicts the negative class, "False Positive” (FP) refers to an outcome in which
the model incorrectly predicts the positive class, and "False Negative™ (FN) refers to an
outcome in which the model incorrectly predicts the negative class. A test's sensitivity can
be calculated by dividing the ratio of true positives by the sum of the true positives and the
number of false negatives. It is an expression of the ability to locate all instances of
relevance within a dataset [125]. The concept of sensitivity can be represented by Equation

13.

TP 13
TP+ FN

"Specificity" refers to the proportion of tests with a false negative result [125].

Sensitivity =

Specificity can be represented by Equation 14.

TN 14
TN + FP

According to Kosmopoulos et al., [126] precision is calculated by dividing the number

Specificity =

of true positives by the sum of the number of true positives and the number of false

positives, as shown by Equation 15.

TP 15
TP+ FP

Finally, the F1-score is required when a trade-off between precision and sensitivity is

Precision =

desired. It's more informative about the number of misclassified cases than the Accuracy

Metric [127]. F1-score can be represented by Equation 16.

Pr = Se) 16
Pr + Se
The sensitivity measures how well a model can identify infected images, while the

F;, — Score = 2(

specificity measures how well a classifier can rule out such images. A high precision value
indicates a small number of false positives when evaluating classification accuracy.
Finally, a high Fi-score suggests that the model is accurate at making classifications. In a
nutshell, if the values of all these performance parameters converge to one, indicating that

the model has stabilized, the model is performing well.
3.4.3.Experimental Results

Figures 3.7 show the level of accuracy achieved by the models that were trained using
the original images. As can be seen in Figures 3.7(a) and 3.7(b), there is not a significant

difference between the accuracy of the VGG16-based model and the VGG19-based model
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(b). Based on the information provided, it was determined that the average accuracy of the

VGG16 model was 92.26%, while the average accuracy of the VGG19-based model was
92.32%. Furthermore, as shown in Figures 3.7(c) and 3.7(d), there was no imaginary

difference between the accuracy of the InceptionVV3 model and the MobileNetV2 model.

The average accuracy of the model based on InceptionVV3 was computed to be 96.75%,

whereas the average accuracy of the model that was based on MobileNetV2 was 97.93%.

The validation curve (red line) was located relatively close to the training curve (blue line)

in each of the four models. A validity curve is a measurement tool that evaluates how well

the models perform.
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Figure 3.7. Accuracy of models trained on original images. Part (a) to (d) shows different models

trained on actual images. The blue line indicates the accuracy of the training set and the red line

indicate the accuracy of the validation set.

Page |54




Figure 3.8 shows how accurately the models were trained on modified versions of the
original images. As can be seen for the case of the original models, the accuracy values for
the VGG16-based model and the VGG19-based model did not vary an excessive amount,
as can be seen in Figures 3.8(a) and 3.8(b). Therefore, the VGG16-based model's average
accuracy was calculated to be 98.17%, while the VGG19-based model's average accuracy
was 99.00%. In addition, there was no imaginary difference between the accuracy of the
InceptionV3-based model and the MobileNetV2-based model, as demonstrated in Figures
3.8(c) and 3.8(d). While the average accuracy of the MobileNetV2-based model was also
100%, the average accuracy of the InceptionV3-based model was also 100%. In light of
this, there was an increase in the accuracy of the models trained on modified images
compared to those that were trained with the original images.

To begin, the accuracy of the model based on VGG16 improved from 92.26% to
98.17%, while the accuracy of the model that was based on VGG19 enhanced from 92.32%
to 99.00%, respectively. Second, the accuracy of the model built using InceptionV3
increased from 96.75% to 100%, and the accuracy of the model built using MobileNetV2
rose from 97.93% to 100%, respectively. It is also important to note that the accuracy
values reach steady-state after only a few epochs, which indicates that even though the
modes were run for a considerable amount of time, it is not necessary to do so when using
modified images because the Shi-Tomasi corner detection method was able to identify
short holes and windowpane easily. This makes it easier for the classifier to generalize the

images in a short amount of time.
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Figure 3.8. Accuracy of models trained on modified images. Part (a) to (d) shows different models
trained on altered images. The blue line indicates the accuracy on the training set and the red line

indicates the accuracy on the validation set.

Table 3.1 provides a summary of the models' performance in terms of classification.
Images that had been modified were used as input images for the models labeled as
VGG16-mod, VGG19-mod, InceptionVV3-mod, and MobileNetVV2-mod. Original versions
of the images were used for the models labeled as VGG16, VGG19, InceptionV3, and
MobileNetV2. As seen in the table, the accuracy of the VGG16-mod, VGG19-mod,
InceptionV3-mod, and MobileNetV2-mod models is 98.17%, 99.00%, 100%, and 100%.
This represents a significant improvement in performance in comparison to the models'
performances when trained with the original images, which performed respectively as
VGG16 (92.26%), VGG19 (92.32%), InceptionVV3 (96.75%), and Mobile (97.93%). It has
been discovered that the accuracy of all four models has increased, but it has been found
that networks based on InceptionV3-mod and MobileNetV2-mod have achieved the best
performance with the highest accuracy of (100%). It is important to point out that these
models can achieve such excellent results with such a limited number of epochs because
they have very few trainable parameters (See Figure 3.8).

On the other hand, the performance of VGG16, VGG19, InceptionV3, and
MobileNetV2 in terms of sensitivity varied by 5%, 7%, 4% and 2% respectively, from the
other four models. This shows the improvement of models trained on modified images.
Similarly, way, the table shows that the performance of the models with modified images
is 1.00 (InceptionVV3 and MobileNetV2), 0.98 (VGG16), and 0.99 (VGG19) in terms of
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sensitivity, specificity, precision, and F1-score, which is higher in every case than the
values that were found for the original images. After reaching a steady state, the values for
the InceptionVV3 model and the MobileNetV2 model were retrieved for analysis. This again
supports the claim that utilizing modified images ensures that the models will identify and

categorize infected images with the highest level of precision possible.

Table 3.1: Confusion matrix

Accuracy Sensitivity o . F1
Class Infected Healthy Specificity  Precision
(%) score
VGG16
(Infected) 837 9 92.26 0.93 0.93 0.93 0.93
(Healthy) 122 724
VGG16-mod
(Infected) 828 18 98.17 0.98 0.98 0.98 0.98
(Healthy) 13 833
VGG19
(Infected) 746 100 92.32 0.92 0.93 0.93 0.93
(Healthy) 30 816
VGG19-mod
(Infected) 833 13 99.00 0.99 0.99 0.99 0.99
(Healthy) 4 842
InceptionV3
(Infected) 841 5 96.75 0.96 0.97 0.97 0.97
(Healthy) 50 796
InceptionV3-mod
(Infected) 846 0 100 1.00 1.00 1.00 1.00
(Healthy) 0 846
MobileNetV2
(Infected) 827 19 97.93 0.98 0.98 0.98 0.98
(Healthy) 16 830
MobileNetV2-mod
(Infected) 846 0 100 1.00 1.00 1.00 1.00
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(Healthy) 0 846

3.5. Discussion

In this chapter, we proposed using a CNN-based TL method for identifying faw-infected
images. The same parameters were used to train four deep CNN-based models on both the
original and altered images (VGG16, VGG19, InceptionV3, and MobileNetV2). The
maize leaf images fine-tuned the models' upper layers, while the weights of the lower
layers were held constant. To retrain VGG16 and VGG19, a 0.2 dropout was applied to
the two fully connected layers. The final convolutional block and full-connected layer were
retrained with a dropout of 0.2 for both InceptionV3 and MobileNetV2. Models trained on
the altered images outperformed those trained on the original images regarding accuracy,
precision, and Fi-score (see Table 3.1).

When comparing the performance of models trained on original and modified images,
it is important to note that the latter shows a more erratic performance increase over time.
Table 3.2 compares the accuracy performance of the models proposed in our work to that
of other models already existing in the literature. The table clearly shows that the models
presented in this work have better results than any other methods that have been proposed
before. Applying the Shi-Tomasi corner detection method during image preprocessing
made it to identify short holes and windowpane simple, allowing the proposed models to
reach steady-state performance quickly. While both the existing and proposed works
utilized machine-learning techniques, it is important to note that they did not share a

standard simulation environment and focused on different diseases affecting maize leaves.

Table 3.2. Comparison of our proposed method with other methods.

Method Detection (%)
VGG16-mod 98.17

Proposed VGG19-mod 99.00
InceptionV3-mod 100
MobileNetV2-mod 100
BPNN [107] 98
CNN-AdaBoost [99] 98

Existing  LeNet [98] 97.89
ResNet-34 [63] 95.1
SVM [111] 89.6
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3.6. Conclusions

The goal of this chapter is to evaluate and compare four improved deep CNN models
for classifying faw-infected images. VGG16, VGG19, InceptionV3, and MobileNetV2
models are used in this analysis. The Shi-Tomasi corner detection technique is used to
enhance the 450x300 pixel maize images before analysis. This made it simple to identify
small cracks and broken glass. High levels of accuracy, sensitivity, specificity, precision,
and Fi-score are achieved using this method to identify the maize images. Compared to
other models, InceptionVV3 and MobileNetV2 performed best because they both achieved
F1-scores of one, 100% accuracy, 100% sensitivity, 100% specificity, 100% precision, and
100% F1-scores, respectively.

The upcoming chapter introduces real-time monitoring by improving the existing
models discussed in this chapter. The primary aim is to facilitate prompt and automated
disease detection and weed control. To achieve this, a new image preprocessing algorithm
is introduced, allowing the system to capture images in real-time without human
intervention. Moreover, to minimize misclassification, two classes (weed and redundant)

are included.
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Chapter 4

Hybrid Convolution Neural Network Model for a Quicker Detection of

Fall Armyworms Infested Maize Plants Using UAV-Based Images

This chapter is based on

F. S. Ishengoma, I. A. Rai, and S. R. Ngoga, “Hybrid convolution neural network model for
a quicker detection of infested maize plants with fall armyworms using UAV-based images, ”
Ecol Inform, vol. 67, no. July 2021, p. 101502, 2022, doi: 10.1016/j.ecoinf.2021.101502.
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4.1. Introduction

Identifying plant diseases visually across a vast region is laborious, and the results are
often inaccurate because of the subjectivity of human assessments [102]. Although
numerous automatic disease detection algorithms outperform visual methods in terms of
detection time and accuracy, they are not yet practicable for real-time monitoring.

In this chapter, we provide a novel approach that employs a HCNN model to improve
the identification of faw-infested maize leaves while minimizing misclassification in real-
time environment. Our suggested method combines the use of UAV technology for
capturing maize leaf photos with the HCNN model for autonomous classification.

The HCNN is built with a parallel structure that takes advantage of the strengths of both
the VGG16 and InceptionV3 models. While the models from the previous chapter (VGG16
and InceptionV3) are maintained for this study, the remaining models (VGG19 and
MobileNetV2) are not since VGG19's performance is comparable to VGG16 and
MobileNetV2 is specifically optimized for mobile and embedded devices with limited
computational resources. Furthermore, because this chapter requires real-time image
identification, using a tablet or mobile phone to handle UAV images is difficult. As a
result, two new models, XceptionNet and Resnet50, have been added for comparison.
Moreover, to improve the precision and specificity of the infected class in real-time, we
divide maize leaf UAV images into four categories healthy, infected, weed, and redundant.
This method enables real-time classification of each UAV image segment, thereby
reducing misclassifications between the infected, weed, and redundant classes.

The following factors are considered to implement the suggested system: One technique
for improving accuracy while reducing misclassification is to increase the number of image
categories. The second technique uses HCNN model with a parallel structure to shorten
the training period, in which the lower-layer weights used to extract features are shared
across models and only the top layers are retrained. The proposed hybrid system combines
the VGG16 and InceptionVV3 models' bottom layer weights and retrains the top layer
weights using images of faw-infected maize leaves. VGG16 and InceptionV3 were chosen
because of their higher accuracy over XceptionNet and Resnet50. In comparison to state-
of-the-art approaches, the suggested HCNN model saves more time during training without
reducing accuracy, according to our findings. The model improves accuracy to 96.98%

while reducing training time by 16.4%. In addition, by omitting preprocessing algorithms
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like Shi-Tomasi during real-time testing of the HCNN model, time is saved. This decision
is particularly advantageous because the algorithm has been found to cause the
misclassification of infected classes with weed and redundant classes. As a result,
excluding these preprocessing steps not only improves the efficiency of the testing process
but also ensures more accurate classification results.

The remaining portions of this chapter are organized as follows. Section 4.2 presents
the materials and methods, while Section 4.3 discusses the experimental setting. Section
4.4 contains the experimental data and commentary, while Section 4.5 concludes the

chapter.
4.2. Materials and Method
4.2.1.Data Description

The training set images for the model were acquired from Mkambarani and Mikese as
outlined in section 3.2.1. The second phase of data collection occurred on March 5 and 6,
2021, specifically at Mikese (6°47'7.6"S 37°54'44.3" E), covering a two-hectare area.
These captured images were used for real-time system testing to ensure optimal
performance. During the testing phase, the drone conducted two flights over the field,
capturing a total of fifteen photos. The settings and properties of these photos were the
same as those in section 3.3.1, except the overlap was adjusted to 40% to ensure a broader

coverage of the area.
4.2.2. Augmentation

Data augmentation is being used in many studies because it improves learning overall
[128], [129], and weed classes had the fewest images after UAV image cropping. To
achieve this, we used data augmentation to supplement our original dataset images drawn
from "healthy" and "redundant" classes. In Figure 4.1, twelve of the fifteen-cropped
images were classified as "healthy" or "redundant.” For this reason, we enhance the dataset
by randomly inverting it horizontally and vertically and rotating it by 90 degrees [114],
[121]. Figure 4.1(b) demonstrates how these tactics help increase the dataset’s size,

reducing the likelihood of model over-fitting during training [130].
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Figure 4.1: (a) Indicates the original infected image (b) Indicates augmented images from the left

side - horizontal flip, vertical flips, and random rotation by 90°

4.2.3.The Proposed Hybrid Convolution Neural Network

The proposed HCNN model uses a parallel setup to combine VGG16 and InceptionV3,
applying the input image to both models simultaneously and then using their combined
outputs to train a classifier on the full-connected layers. VGG16 and InceptionV3 were
selected because of their higher accuracy compared to the XceptionNet and Resnet50
models. Figure 4.2 depicts the HCNN architecture, which involves feeding a 150x150x3
image to VGG16 and InceptionVV3 models and then combining their outputs to feed into
full-connected layers of size 128 before being classified into four classes by a softmax
activation layer. Stochastic gradient descent (SGD) was used to retrain the fully connected
layer with parameters including a dropout of 0.25, a momentum of 0.9, and a learning rate
of 0.01.
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Figure 4.2: Proposed architecture

The proposed model uses a parallel structure known to classify images more quickly
than a serial one [131]. The system allows the top layers to be retrained without retraining
each model and uses shared weights for the lower layers to expedite feature extraction.
Moreover, four distinct types of images are selected to minimize false positives and

maximize precision.
4.3. Results

Within this section, we will outline the experimental configuration, establish the

parameters employed for model evaluation, and subsequently showcase the outcomes.
4.3.1. Experimental Setup

The use of a Phantom 4 Pro v2 drone, as detailed in section 3.5.1, enabled the collection
of 189 photos. Among these, 80 non-overlapping photos were chosen using a random
selection method. Using Python v3.7 and pillow v6.0, the photos were cropped to 150x150
pixels. Figure 4.3 shows cropped images classified as healthy, infected, weed, and
redundant. Health images depict a negative disease sign, and infected images depict a
positive disease sign, weed images depict various types of weeds, and redundant images
depict tassel, trunk, and soil. The redundant class was added to reduce misclassification,
which is crucial for UAV image testing. The 80 images were cropped, and 10,000 images
were chosen, resulting in a dataset that was split 70:15:15 into a training set (7,000),
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validation set (1500), and test set (1500). The classes of training set consisted of 1750
images, whereas both the validation and test sets comprised 375 images each.

The training was done on a computer with an Intel Core i5-7200u CPU and 16 GB of
memory. Training CNN models takes time; in this chapter, we trained five models in more
than 30 hours. VGG16 took 8.14 hours to train, InceptionVV3 9.21 hours, XceptionNet 7.39
hours, ResNet-50 6.1 hours, and HCNN 5.13 hours. To ensure accuracy, each model went
through 30 iterations, with early stopping, patience, and a model checkpoint. Early
stopping was used to monitor validation loss, with a patience of 15 epochs to ensure that
the local minima were reached. A model checkpoint was also used to save the improved

validation loss.

Capture UAV Image Crop Imageto | ) Divide the images into four categories
(5472x3078 pixels) (150x150 pixels) (Healthy, Infected, Weed and Redundant)

Validation sets.

Training CNN-based models Iﬂ— Training and
i Test set

Is the model ™S
generalizing? ’

l Yes

Classifier |«

A
Testing CNN-based models

Final model evaluation

4

Save the Weights of best-fit model
(weight.hS5)

Figure 4.3: Training and testing process of the models

It should be noted that after a successful classification, the weights of the best-fit model
(HCNN model) were transferred to the server denoted by B in Figure 4.3; these weights
are then used for system evaluation, as shown in Figure 4.4. The framework of the
proposed method, shown in Figure 4.4 below, was used to evaluate the HCNN model's
efficacy. Fifteen images were taken by the UAV and uploaded to the cloud using the

smartphone and a fourth-generation (4G) connection. A total of 10800 images were
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obtained after being uploaded to the server and cropped to 150x150 pixels. After the
images had been cropped, they were split into 60 groups and fed into the HCNN model's

weights for analysis.

Upload 15 i ¢ Download the images to the
Capture UAV Images ploa 1mages to server and crop into 150x150
(5472x3078 pixels) cloud using pixels.
smartphone/tablet. l

Load the cropped images as
input into the Weights of best-
fit model.

Class  Score  Percentage (%)

0 3672 34.0

1 2077 19.2

2 2277 21.1

3 2774 257 Load the Weights of best-fit
Where: model (weight.hS)
Class: 0 = Healthy

Class: 1 = Infected

Class: 2 = Weed
Class: 3 = Redundant o

Final report

Data processing station (Remote)

Figure 4.4: Framework of the proposed method

The duration of the test was 29.2 minutes, and the results showed that 34%, or 3672
images, were considered healthy, while 19%, or 2077 images, were considered infected,
21%, or 2277 images were considered a weed, and 25%, or 2774 images, were deemed
redundant. Automatic short message service (SMS) and email delivery of the classification

results to the farmer’s electronic mail (e-mail).
4.3.2. Evaluation Parameters

To evaluate the classification models, we use four parameters listed in section 3.5.2

accuracy (Ac), precision (Pr), Sensitivity (Se), and Fi-score (F1).
4.3.3. Experimental Results and Discussion

Figure 4.5 represents the accuracy level achieved by the HCNN model as a function of
the total number of epochs. The training accuracy was calculated to be 97.29%, and the
validation accuracy was estimated to be 96.67%. Because the training curve (represented
by the blue line) was relatively close to the validation curve (represented by the orange

line), the model did not suffer from overfitting while it was being trained.
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Figure 4.5: Accuracy of HCNN model.

The confusion matrix of the HCNN model, shown in Figure 4.6, is used to summarize
the model's performance. The blue diagonals represent the accurate classifications,
whereas the rest of the items represent incorrect classifications. The model classifier made
an error in identifying three images from the healthy class, labeling 1 (0.27%) as infected
and 2 (0.53%) as redundant. In addition, the classifier made an error in its classification of
23 (6.13%) of the images that belonged to the infected class, incorrectly labeling them as
21 (5.6%) healthy and 2 (0.53%) weed. Similarly, manner, the classifier got 7 (1.87%) of
the images in the weed class wrong, labeling 3 (0.8%) of them as infected and 4 (1.07%)
of them as redundant. Lastly, the classifier made an error in its classification of 11 (2.93%)
of the images that belonged to the redundant class by labeling 4 (1.07%) as healthy, 2
(0.53%) as infected, and 5 (1.33%) as a weed.

As a result, the model can accurately identify any class with a level of certainty of at
least 93.87%. In addition, the model is better at distinguishing between healthy and weed
leaves. The findings, on the other hand, suggest that the possibility of incorrectly

identifying infected leaves as healthy is relatively low, coming in at only 5.6%.
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Figure 4.6: Confusion matrix of the HCNN model

The proposed hybrid model’s classification report can be found in Table 4.1. It should
be noted that the model has a precision of 0.98 for the infected, weed, and redundant
classes, whereas the precision for the healthy class is only 0.94. In addition, the sensitivity
of the model for the healthy, weed, and redundant classes are extremely close to one
another, coming in at 0.99, 0.98, and 0.97, respectively; however, the sensitivity of the
infected class is lower, coming in at 0.94. It is worth mentioning that the sensitivity of the
infected class is 94% due to the misclassification of 21 images in that category as healthy
(FN). Conversely, the precision of the healthy class is 94%, as 21 images are classified as
healthy in the infected class, leading to FP.

In conclusion, the Fi-scores for the classes of healthy and infected individuals are the
same, coming in at 0.96, while the Fi-scores for the classes of redundant individuals are
0.98. We can conclude that the model accurately predicts (precision) any class by a
minimum of 94% and a maximum of 98% while simultaneously scoring between 94% and

99% for its true positive rate (sensitivity).
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Table 4.1: Classification report

Models Class Accuracy (%) Precision  Sensitivity  Fi-score
(Ac) (Pr) (Se) (F2)
Healthy 0.94 0.99 0.96
HCCN Infected 96.98 0.98 0.94 0.96
Weed 0.98 0.98 0.98
Redundant 0.98 0.97 0.98

Figure 4.7 compares the average degrees of accuracy achieved by each of the five
models. The training and validation accuracies that were measured throughout all the
epochs were used to calculate the models' average accuracy, which was then expressed as
percentage. The illustration makes it abundantly clear that HCNN achieves the best results
compared to all the other models, whereas Resnet50 achieves the lowest average accuracy.
More specifically, the proposed hybrid model has the highest accuracy, clocking in at an
average of 96.98%, while the average accuracies of VGG16, InceptionVV3, XceptionNet,
and Resnet50 are, respectively, 91%, 92.13%, 90.26%, and 89.8%. Therefore, compared
to the other models considered for this study, HCNN exhibits an improvement in accuracy
ranging from 4.85% to 7.18%.
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Figure 4.7: Comparison of accuracies of the models
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Finally, we evaluate the proposed hybrid model against the other four models in Table
4.2 (accuracy, trainable parameters, and training time). The table shows that the proposed
model has better results than the others. For example, the proposed model's trainable
parameters are only 0.34 million, compared to VGG16's 8.15 million, InceptionV3's 11.39
million, XceptionNet's 7.1 million, and Resnet50's 6.1 million. This is because we only
trained the top layers. The proposed HCNN model can accelerate the training process by
reducing the total number of parameters used in the training process. Training time per
epoch is decreased by as much as 44.3% when using the proposed model compared to
VGG16, 33.3% compared to XceptionNet, and 16.0% compared to Resnet50.

Table 4.2: Comparison of the proposed model with other models

Models Accuracy Total Trainable Training time Training
(%) parameters parameters (average time
(in millions) (In millions) minutes per reduction
epoch) (%)
VGG16 91.0 15.78 8.15 16.28 37
InceptionV3 92.13 22.08 11.39 18.41 44.3
XceptionNet 90.26 21.14 7.1 15.30 33
Resnet50 89.8 23.86 6.1 12.20 16
Proposed 96.98 36.86 0.34 10.25 -

4.4. Conclusion

The aim of this chapter is to enhance the existing model from the previous chapter by
constructing an efficient CNN model that reduces the time needed to categorize faw-
infected UAV maize images while maintaining the accuracy of the model. The proposed
HCNN model is based on the parallel combination of the VGG16 and InceptionVV3 models,
which is named as HCNN model. The hybrid model was evaluated and compared to the
VGG16, InceptionV3, XceptionNet, and Resnet50 models. The experimental findings in
terms of accuracy, trainable parameters, and the time required for training demonstrate that
HCNN performs noticeably better than the other models examined in this research. In
particular, the proposed HCNN model reduces the training time compared to all other

models by 16% up to 44%, making it quicker at detecting infected maize plants with faw
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while maintaining the best average accuracy of 96.98%. Furthermore, this reduction in
training time occurs while the proposed HCCN model outperforms all other models in
terms of accuracy, precision, and sensitivity.

In the upcoming chapter, two algorithms are presented to enhance the content covered
in this chapter. The first algorithm aims to align the image contrasts of captured images
from various farms with those of the trained images, thus reducing misclassification. On
the other hand, the second algorithm enables the system to generate notifications
displaying the infection density on each UAV image and the corresponding location of the

infection.
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Chapter 5

An Autonomous System for Early Detection of the Patterns Caused by

Fall Armyworms on Maize Leaves in the Field

This chapter is based on

F.S. Ishengoma, I. A. Rai, and |. Gatare “Contrast Enhancement of UAV-Based Maize Plant
Images for Automatic Detection of Fall Armyworm,” in Data Science and Algorithms in
Systems, R. Silhavy and P. Silhavy, (Eds.), Cham: Springer International Publishing, 2023,
pp. 100-107, doi:10.1007/978-3-031-21438-7_8.

and

F. S. Ishengoma, I. A. Rai, and I. Gatare “Autonomous System for Locating the Maize Plant
Infected by Fall Armyworm Using the UAV images” in Artificial Intelligence Application in
Networks and Systems, R. Silhavy and P. Silhavy (Eds.), Cham: Springer International
Publishing 2023, pp. 1-8, doi:10.1007/978-3-031-35314-7_10.
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In this chapter, we propose an autonomous system based on the HCNN model presented
in the previous chapter. To give the system autonomy, two distinct methods are employed.
First, a contrast-enhancing method is applied, allowing the contrast of images captured in
different farms or in the same farms but during different seasons to resemble the contrast
of images used to train the HCNN model. These images may have been taken during the
same or different seasons on the same farm. The second method is used to count the size
of each infection on each UAV image and transplant the GPSc from UAV images into

cropped images.

5.1. Contrast Enhancement of UAV-Based Maize Plant Images for Automatic

Detection of Faw
5.1.1.Introduction

Agriculture extensively uses computer vision systems to increase yield, predict
diseases, and decrease the time spent exploring farms. However, such systems necessitate
extensive high-quality training data to make reliable predictions [132]. Furthermore,
different image enhancement algorithms are required to improve classification accuracy
on data captured in different locations, farms, or seasons due to differences in contrasts
that can lead to poor performance [133]. Image enhancement is a method used to boost an
image's quality for better viewing by humans and computers [134], [135]. On the other
hand, contrast is the visual difference between an object and its background or other nearby
objects. For this reason, increasing the contrast in an image can make it look better [136],
[137]. Images with a higher contrast level have a more noticeable color scale difference
than those with a lower one. Increasing the contrast of an image maximizes the
effectiveness of the colors shown on screens, making details more apparent.

Due to severe weather conditions resulting in image noise, several methods have been
proposed to automatically analyze such images with low contrast and scene brightness
[138]. For instance, Huang et al. proposed an efficient image enhancement strategy called
Contrast Limited Dynamic Quadri-Histogram Equalization (CLDQHE) that yields
pleasing results while preserving brightness and structures [139]. Inspired by the
illumination reflection model, Wang et al. proposed a technique that uses an adaptive local
gamma transformation and color compensation. To estimate the Y component, the source
image is first converted to YUV color space [140]. However, some authors have used the

local gamma transform function to enhance the brightness of an image by adaptively
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adjusting the parameters. For instance, Shakeri et al. proposed a contrast enhancement
algorithm that uses of local histogram equalization to automatically calculate the total
number of sub-histograms and divide them according to density [137].

Additionally, Gaussian Mixture Model-based Contrast Enhancement (GMMCE) was
proposed by Abdoli et al. to enhance low-contrast images. This technique employs the
Gaussian distribution, which stands for the picture’s dominant intensity level, to handle
the histogram of a low-contrast image. The overall contrast of the image is increased by
boosting the sub-histogram split off from the main histogram based on the mean value of
the Gaussian in the GMMCE. It has been demonstrated experimentally that GMMCE's
shape-preserving method enhances image contrast [133]. As an alternative, Gu et al.
proposed the Robust Image Contrast Enhancement (RICE) method, which incorporates an
entire histogram modification framework and an automatic parameter selector. This
framework combines the original image, the product of the histogram and the sigmoid
transfer function, and the latter's visually pleasing inverted form. To solve the problems of
over- and under-enhancement that plague most existing contrast enhancement techniques,
they developed a saliency-preserving quality metric (QMC) for image contrast that is both
efficient and effective. QMC also helps optimize the model parameters used by the RICE
algorithm for maximum results [135].

Some recent research has proposed using UAVs equipped with ML algorithms to
automatically detect plant diseases and present results to farmers in real-time, allowing
them to take preventative measures sooner and mitigate the disease's negative effects.
However, due to differences in contrast, UAV images captured from different farms cannot
be used to train ML algorithms for disease detection in other farms reliably. Therefore,
separately training ML algorithms for each farm is one approach to solving this issue. This
is indeed the most thorough approach, but it also takes the longest. In this chapter, we
propose a system that, without modifying the training set, can automatically adjust the
testing set to suit any given farm's needs.

We would like to have a system that can monitor multiple farms for faw infestation in
maize leaves and immediately notify the farmers of any problems it finds. To do this, use
the Intensity Enhancement block to modify the HCNN model proposed by Ishengoma et
al. [141], which has been shown to classify the maize leaves images captured by UAV
effectively. This is done by adjusting the contrast of the cropped UAV images captured in

different locations to match the average difference of the images used to train the model.
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However, we believe that the contrast of the new images should be adjusted to resemble
that used for training the ML model. In this study, we discourage using existing image
enhancement methods because the machine learns and identifies the features based solely

on the training and validation sets.
5.1.2. Proposed Solution

This section details the proposed methodology's flowchart, evaluation parameters, and
algorithms. Our solution is based on extending the previous method proposed in chapter
4. The aim is to adjust the contrast of maize images captured in specific environments to
match the contrast of healthy and infected images that were used to train the HCNN model.
The model was trained to recognize four types of images: healthy, infected, weed, and
redundant, but its primary goal was to identify faws-infested images.

We examined two types of images in this study, which we refer to as Category | and
Category Il images. The HCNN model was trained using images from Category |. These
are assumed to be high-contrast images, producing the most accurate models. Category Il
consists of images captured from new farms or the same farm at different times of the year.
It is assumed that these images have less contrast than Category | images.

Category | images were captured using a quadcopter drone Phantom 4 pro v2 between
March 15 and 21, 2020, as described in sections 3.3.1. Alternatively, Category Il images
were obtained using a Mavic Air 2 quadcopter drone, positioned 6 meters above the
ground. This phase of data collection occurred at Mikese in Morogoro, Tanzania (6°46'2"
S37°54'33" E) and covered a two-hectare farm field. The observation period spanned from
May 22 to 29, 2022. The images were captured using an RGB sensor, saved in JPEG
format, and had dimensions of 4000x2250 pixels. These images depict maize plants,
weeds, and soil. To ensure complete coverage, each image had a 40% forward and
sideways overlap, capturing all relevant details, and 40 photos were captured during the
flight.
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Figure 5.1: Workflow of the proposed system

The extensions of the system are shown in Figure 5.1 as green blocks. After
downloading category Il UAV images from the cloud, as depicted in the figure, the images
are cropped to 150x150 pixels and passed through an intensity enhancement block that
adjusts the contrast of the images based on the intensity values of the images. The cropped
images are then loaded into the weights of the pre-trained HCNN model for classification
into healthy, infected weed, and redundant. The infected images are then forwarded to the
farmer and plant pathologist. The participation of a pathologist is essential for verifying

and confirming the type of plant diseases.
5.1.3. Evaluation Parameter

To adjust the contrast of a given image relative to another image, we use the Intensity
Factor (IF), defined as the ratio of total pixel intensity () values to maximum intensity
(m;) values in the image, to measure the brightness of an image. We also define the factor
that balances the image’s contrast, Alpha («). Alpha is the gain that is obtained by taking
a ratio of the IF values of category | images over the IF values of category Il images.
Finally, the percentage error (PE) parameter is used to determine how close the measured
value is to the actual value when evaluating the category Il images. In Equations 17-19,

the parameters are expressed as follows:
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17

IF = —
m;

Given an image of column size w and downsize |, m; = 255wl, where w and | are the
widths and the length of the image respectively,

18
_ IF(Categoryl)

*= IF(Categoryll)

19
_ TrueScore — EstScore

100
TrueScore x

values are calculated after cropping the images and categorizing them into four classes (Case
1), whereas EstScore values are calculated after passing the cropped images through the
HCNN model (Cases Il through VII).

5.1.1. Proposed Algorithm

To use the training set captured under various environmental conditions, the contrast of
the new images should be like that of the training images. As a result, whether the
difference between the new images is high or low should be adjusted using the proposed
Algorithm 2. The new images' contrast is adjusted to match the pre-trained models. To
reduce misclassification, the following algorithm is proposed to improve image contrast to
resemble those trained with the HCNN model. As a result, images with high contrast are

highly encouraged to produce good results during the training process.

Algorithm 2: Adjusting the contrast of the captured images.

Step 1:. Read the UAV images and crop them into 150 x 150 pixels.
Step 2:. Compute the IF values for each cropped image (category Il images).
Step 3:. Calculate the alpha («) value determining the gain to be multiplied for every

cropped image.

Step 4:. Process the cropped images’ new contrast using the following equation.
NeWimage (i,j) = a * oldimqge(i,j) + B , where i, j indicates that the pixels are
in the i-th row and j-th column, old;;,q4. Stands for the input image, beta (B) is
the bias used to control the brightness of an image. In this study a beta value is
maintained at zero to emphasize the importance of contrast analysis.

Step 5:. Load the new images into the next block, containing the HCNN model’s

classification weight
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Algorithm 2 is used to change the contrast of images in Category Il based on the IF
values of images in Category I. Notice that the figure's intensity enhancement block needs
the IF values of both the Category | and Category Il images as inputs. Therefore, the
proposed algorithm changes all Category Il images to the IF values of Category | images
that match them. These are called Cases 111-VII in Table 5.2.

5.1.2. Experimental Results and Discussion

In this section, we present and discuss the classification results of Category Il images
after their IF values have been adjusted to match that of Category | images. Calculating
the IF values for images in Categories | and Il requires using all five criteria outlined in
Table 5.1. The first criterion is to select the image with the smallest IF value from among
all the candidates, while the second criterion chooses the image with the largest IF value.
Additional criteria include averaging the IF values of the weed images, the IF values of the
infected and healthy images, and the IF values of all images. The table shows that for
images in Category I, the lowest and highest IF values are 0.569 and 2.23, respectively.

Similarly, all images have an average IF value of 1.175, where weed has an IF value of
0.717 and both infected and healthy have IF values of 1.017. Category Il images can have
an IF value between 0.133 and 1.462. The average IF value for the weed class is 0.519; for

the infected and healthy classes it is 0.738, while for all images it is 0.705.

Table 5.1: Intensity factors values of images

Description Category I  Category 11
The minimum intensity factor value 0.569 0.133
The maximum intensity factor value 2.23 1.462
The average intensity factor value of weed images 0.717 0.519
The average intensity factor value of infected and healthy images 1.017 0.738
The average intensity factor value of all images 1.175 0.705

Table 5.2 summarizes seven cases obtained from Category Il images. For a good
comparison, we chose only 10 UAV images that show the balance between four classes
out of 40 UAV images. Cropping 10 UAV images into 150x150 pixels yields 3380

Category Il images.
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Specifically, the Case | cropped images is divided into four groups: healthy, infected,
weeds, and redundant. Images for Cases I1-VII are automatically generated by the HCNN
model, with Case | images serving as a baseline. As a result, only scores in Case | are
accurate, while scores in Cases Il through VII are estimates. The table shows that while
the contrast of Category Il images did not change during the experiments for cases | and
I, it increased to 0.569, 2.23, 0.717, 1.017, and 1.175 when compared to the original
Category | images. Furthermore, the results show that the classification outputs for the
healthy and infected classes are 64.53% (2181) and 9.85% (333), respectively,
corresponding to 17.1 and -57.82% PE compared to Case | images. After enhancing the
Case 11l images to an IF value of 0.569, the classification results for the healthy and
infected classes are 49.76% (1682) and 10.53% (356), respectively, corresponding to
36.07% and -68.72% PE. Increasing the IF value to 2.23 also improves the contrast of
images in Case IV. In this case, the model classifies the healthy and infected groups as
35.59% (1203) and 6.86% (232), corresponding to 54.28% and -9.95% PE. Images in Case
V also benefit from an improved IF of 0.717. Classifying individuals into healthy and
infected groups yielded a 66.18% (2237) success rate and a 9.97% (337) success rate, or
14.98% and -59.72% PE, respectively. Classification results for the healthy and infected
classes, after setting the IF value to 1.017 in Case VI, are 77.31% (2613) and 5.83% (197),
respectively, corresponding to 0.683% and 6.643% PE. Case VIl hasan IF of 1.175 and a
classification output of 74.92% (2566) for healthy images and 4.32% (146) for infected
images, or 2.47 and 30.81% PE, respectively.

Table 5.2: Summary of the cases considered

Cases IF Classes Score Score (%) PE
value (%)

I. The output was generated after cropping Healthy 2631 86.35 -

the images, categorizing them into four Infected 211 2.16 -

classes and counting them. " Weed 40 0.91 -
Redundant 498 10.58 -

II. The output was generated after passing Healthy 2181 64.53 17.1

the cropped images through the adopted Infected 333 9.85 -57.82

model.  Weed 130 3.85 225
Redundant 736 21.77 -47.79
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III. The output was generated after Healthy 1682 49.76 36.07
enhancing the cropped images to the Infected 356 10.53 -68.72
minimum intensity factor and passing them 0369 Weed 230 6.81 -475
through the adopted model. Redundant 1112 32.90 -123.29
IV. The output was generated after Healthy 1203 35.59 54.28
enhancing the cropped images to the 53 Infected 232 6.86 -9.95
maximum intensity factor and passing them Weed 203 6.01 -407.5
through the adopted model. Redundant 1742 51.54 -249.8
V. The output was generated after enhancing Healthy 2237 66.18 14.98
the cropped images to the average intensity 0.717 Infected 337 9.97 -59.72
factor of the weed class and passing them Weed 127 3.76 -217.5
through the adopted model. Redundant 679 20.09 -36.35
VI. The output was generated after Healthy 2613 77.31 0.68
enhancing the cropped images to the Infected 197 5.83 6.64
average intensity factor of healthy and 1.017 Weed 33 0.97 17.5
infected classes and passing them through Redundant 537 15.89 -7.83
the adopted model.

VII. The output was generated after Healthy 2566 75.92 2.47
enhancing the cropped images to the 175 Infected 146 4.32 30.81
average intensity factor of all images and Weed 26 0.77 35
passing them through the adopted model. Redundant 642 18.99 -28.92

Since this study aims to predict faw-infested maize images, Table 5.2 shows that the

best results come from using the IF value of 1.017 with the contrast enhancement technique

shown in Figure 5.1. Compared to the baseline score, the error rate for Case VI is the

lowest, at 0.68%. In addition, Case VI gives good results because its IF value keeps image

contrast from being too bright or dark, which helps the HCNN model reduce

misclassification. On the other hand, Case III and IV images do not give good results

because they make images darker or brighter, which hides the features that make the classes

different. Moreover, Case V images do not work well because they are in the background

and sometimes have shadows from the leaves of maize plants, so their contrast is close to

that of Case III images. Finally, Case VII images are better than Cases III, IV, and V images

because the average of all images IF values make the contrast better. However, compared
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to Case VI, it does not work as well because when the IF values of background images like

soil and weed are averaged with other images, the contrast goes down.
5.1.3. Summary of Discussion

This section suggests a way to improve images that uses different intensity factors to
enhance the contrast of images taken in different environments so that they look like the
ones used to train the models. The proposed technique for improving contrast cuts down
on background noise, which makes it easier to classify. Since the contrast of an image
depends on the camera, the environment, and the weather, any system that uses computer
vision techniques should use a contrast enhancement algorithm. In this study, we took the
values of 0.569, 2.23, 0.717, 1.017, and 1.175 from the corresponding Category | images
to improve the contrast of Category Il images taken on different farms and at other times
of the year. The discrepancies created by varying these intensity factors were tested, and a
healthy and infected image with an average intensity factor of 1.017 achieved high
accuracy. The HCNN model was used to compare the results of classifying Category Il
images as healthy or infected. The healthy class got a score of 77.31% and the infected

class got a score of 5.83%, corresponding to the lowest 0.68% and 6.64% PE, respectively.

5.2.Autonomous System for Locating the Maize Plant Infected by Faw Using the UAV

Images
5.2.1.Introduction

Precision agriculture is the science of using high-tech sensors and analysis tools to
improve crop yields and assist management decisions. It increases productivity, reduces
operating costs, and ensures effective fertilizer and irrigation management [142]. For
instance, farmers can monitor their plants’ behavior at any time and from any location by
employing three techniques: UAV, ML, and loT [143]. Various methods have been
proposed using these three techniques to automate the farming process and reduce farmers'
costs and time.

For instance, Bhoi et al. proposed an loT-assisted UAV-based rice pest detection model
that uses the Imagga cloud to identify pests in rice during field production. Their method
detected and identified the pests and sent the information to the owner for further action
[143]. Moreover, Selvaraj et al. proposed a technique for classifying bananas in mixed-
complex African landscapes using pixel-based classifications and ML models derived
from multi-level satellite images (Sentinel 2, PlanetScope, and WorldView-2) and UAV
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(MicaSense RedEdge) platforms. Their pixel-based classification from a random forest
model using combined features of vegetation indices and principal component analysis
achieved up to 97% overall accuracy [144]. Wu et al. proposed a method that employs two
advanced deep learning algorithms: the Faster Region-based Convolutional Network
(Faster RCNN) and You Only Look Once version 3. (YOLOv3). Model performance was
compared using mean average precision, size, and processing speed. All models had
similar precision (0.602-0.64), but the YOLO-based models were smaller and processed
faster than the Faster R-CNN-adapted models. They used a UAV to collect many images
from a pine tree canopy during an early stage of infection to create a training dataset [145].

Furthermore, Yadav et al. proposed a method for early detection of bacteriosis disease
to reduce pesticide use and crop loss. Deep learning and an imaging method were used to
develop CNN models for bacteriosis detection from peach leaf images. The proposed work
compares the outcomes of imaging and CNN methods. The model architectures created
using different DL algorithms performed the best, with an accuracy of 98.75% in
identifying the corresponding peach leaf (bacterial and healthy) in 0.185 seconds per image
[146].

Several systems have recently been developed that use UAVS, 10T devices, ML, and
DL. For data collection, UAVs equipped with cameras and other 10T devices are used,
while ML and DL algorithms are used to create models that can learn the behavior of data.
In this chapter, we proposed a system that uses UAV and ML techniques to precisely
predict faw-infested maize plants locate the position of infected maize plants and estimate
the size of the infected area. The system performs three tasks: first, it crops UAV images
of size 5472x3080 into 150x150 pixels and transplants the GPSc from UAV images into
cropped images; second, it extracts the coordinates of the infested maize plant and counts
similar GPSc that determines the size of the infected area on every UAV image; and third,
it sends a report to the farmer indicating the infested plants and the size covered by
infection on every UAV image.

The rest of this work is organized as follows. First, the proposed solution is presented
in the following section, and the experimental results are presented and discussed in

Section 5.2.3. Finally, in Section 5.2.4, we conclude the chapter.
5.2.2. Proposed Solution

This section explains the proposed method flow chart, evaluation parameters and

algorithms. Our solution is based on extension of the previous method presented in
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Chapter 4, and the green (or) shaded blocks indicate the extended solution. The study aims
to design a system that uses UAV and ML techniques to predict faw-infested maize plants
precisely, locate the position of infected maize plant, and estimate the size of the infected
area. To achieve this, the HCNN model is employed to classify images into four distinct
classes: healthy, infected, weed, and redundant. The healthy class comprises non-infected
images, whereas the infected category encompasses images depicting faw-infested plants.
On the other hand, the weed class identifies the various types of weeds, while the redundant
class includes maize tassels, maize stems, and soil.

This study collected data using a quad copter drone, the Phantom 4 Pro v2, as described
in section 3.3.6 between March 15 to 21, 2020. The captured images were uploaded to the
cloud via a fourth-generation network, then downloaded and cropped into 150x150 pixels,
as shown in Figure 5.2. Cropping removes GPSc from images; Algorithm 3 is used to
restore these metadata to cropped images. The cropped images are then run through the
contrast enhancement block to remove background noise and reduce misclassification. The
HCNN model divides these images into four categories: health, infected, weed, and
redundant. Finally, the infected image lists are sent to a pathologist and a farmer. The
pathologist list contains only infected images, whereas the farmer list contains the names
of infected images, locations of infected images, the size of each infected UAV image, and
the number of infected images on each UAV image. Pathologists' involvement is vital for
validating the faw-caused patterns, identifying the disease stage, and recommending the
pesticides to use. Moreover, to speed up the process, the pathologist must check two to

three images to confirm the disease, as they receive only infected images.
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Figure 5.2: The proposed system workflow
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5.2.3.Evaluation Parameters

The size of the UAV image, on the other hand, is calculated by multiplying the ground
sample distance (GSD) by the width (lw) and the length (I;) of the image to get the actual
width (Wgng) and length (Lgng) On the ground respectively. The GSD is the amount of
surface area covered by a single image in flight. The size of the UAV image on the ground
assists the farmer in identifying the surface area containing the diseases. Equations 20-22
explain how to calculate the image’s GSD, the Wgng, and the Lgng . It should be noted that

the smaller the GSD, the more precise the picture.

Swhgnd 20
GSD =
(m) Fl,
W gna (m) = 1,,GSD 21
Lgnd (m) = IIGSD 22

The Swis the width of the UAV sensor, while the Fis the length of the UAV camera's focus.
The hgnq is the height used during image capture to represent the distance from the ground
to the UAV.

5.2.4. Proposed Algorithms

This section describes the two proposed algorithms for transplanting GPSc into cropped
images and counting infected cropped images. To transplant the GPSc from the UAV
image into the cropped images, Algorithm 3 is used. The system downloads the UAV
images of size 5472x3080 pixels and crops them to 150x150 pixels. After cropping the
system, transplant the GPSc onto the images by comparing the names of the UAV images
and the cropped images, and repeat the process until all the images are GPSc-transplanted.
In this experiment, one UAV image generates 720-cropped images. The images are loaded

into the contrast enhancement block after the GPSc is transplanted.
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Algorithm 3: Transplanting the GPS coordinates from UAV images into cropped images.

Step 1:  Crop the downloaded UAV images to 150x150 pixels while retaining the source names
in each image.

Step 2:  Ifthe name of the cropped image is similar to the UAV image, transplant the coordinates
from UAV image to cropped images.

Step 3:  Else ignore the image.

Step 4:  Load the images into the next block, for contrast enhancement and classification.

Algorithm 4's goal, on the other hand, is to count the images with similar GPSc,
allowing the farmer to assess the size of the problem on each UAV image. After receipt of
the classification output, infected images are extracted from other images, and a list
containing image names and the GPSc is generated. The algorithm detects and counts
similar GPSc, then associates the total with UAV images. Finally, a report is generated
with the UAV image name, GPSc, the number of infected images on each UAV image,

and the UAV image size.

Algorithm 4: Counting the cropped infected images.

Step 1:  Separate the infected class from the other classes.

Step 2:  Extract the images names and GPSc from the infected class.

Step 3:  Append the names linked with their GPSc on the new list.

Step 4:  Count the number of similar GPSc on the list and link the total to UAV images.

5.2.5. Experimental Results and Discussion

This section investigates the experimental results. To evaluate the system's
performance, 10 UAV images are cropped into 150x150 pixels, yielding 7200 images.
Each UAV image produces 720 cropped images. The cropped images are classified by
using the HCNN model which achieved an accuracy of 96.98%. According to the testing
results, 21.21% of 1527 images are classified as healthy, 36.49% of 2627 images are
infected, 28.66% of 2064 images are weed, and 13.64% of 982 images are redundant. The
infected images are then counted using Algorithm 4 based on image name and coordinate
similarity to assist the farmer in determining the magnitude of infection on each UAV

image, as shown in Table 5.3.
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Table 5.3 provides an overview of the farmer's report. The report includes a list of
infected images with GPSc, the number of infected images on each UAV image, and the
ground distance covered by each UAV image. The GPSc and ground distance covered by
the UAV image help farmers apply pesticides to specific faw-infested areas more
efficiently. Furthermore, the number of infected images on each UAV image directs the
farmer to the areas that require more attention. The number of infected images on the
DJI_0506 and DJI_0509 is 363 (50.42%) and 381 (52.92%), respectively, implying that
farmers should focus their efforts on these areas because more than half of the images are
infected. Moreover, the infection rate on DJI_0547, DJI_0551, DJI_0564, DJI_0567, and
DJI_0579 images is 237 (32.92%), 276 (38.33%), 278 (38.61%), 272 (37.78%), and 275
(38.19%), respectively, which is considered moderate because less than half of the images
are infected. On the other hand, the DJI_0532 and DJI_0576 images have lower infection
rates of 170 (23.61%) and 171 (23.75%), respectively. It can also be seen that the DJI_0509
image has the highest percentage of infected rate of 52.92%, while the DJI_0532 image
has the least percentage of infected rate of 23.61%. It should be noted that images were
captured at a distance of 5m from the ground using a UAV equipped with an integrated
camera with an 8.6mm standard F¢ and a Sy of 12.83mm. As a result, using Equations 46-
48, the GSD, Wgnd, and Lgng in this study are 0.00136m, 7.5m, and 5m, respectively.

Table 5.3: Final report received by the farmer

UAV Image GPSc Number of infected images on every Size (m)
name UAYV image
Latitude Longitude Quantity Percentage (%)  Wgna  Lagn

DJI_0506 6°4623.07" 37°48'43.25" 363 5042

DJI_0509 6°4623.08" 37°48'43.26" 381 52.92

DJI 0532 6°4622.61" 37°48'43.38" 170 23.61

DJI_0537 6°46"22.64" 37°48'43.00" 204 28.33

DJI_0547 6°4623.03" 37°48'43.06" 237 32.92 7.5 5
DJI 0551 6°46"23.20" 37°48'43.09" 276 38.33

DIJI 0564 6°46'23.57" 37°48'43.18" 278 38.61

DIJI 0567 6°46'23.42" 37°48'43.15" 272 37.78

DJI 0576 6°4623.34" 37°48'42.99" 171 23.75

DJI 0579 6°4623.02" 37°48'43.26" 275 38.19
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5.2.6.Conclusion

In this chapter, we propose an autonomous system based on the HCNN model provided
in the preceding chapter. Two separate methods are used to give the system autonomy.
First, a contrast-enhancing method is utilized, which allows the contrast of images
collected in various farms or in the same farms but at different times of the year to resemble
the contrast of images used to train the HCNN model. The discrepancies caused by
modifying these intensity factors were investigated, and a healthy and diseased image with
an average intensity factor of 1.017 demonstrated great accuracy.

On the other hand, the second method is used to count the size of each infection on each
UAV image and transplant the GPSc from UAV images into cropped images. The
proposed system uses UAV and ML techniques to predict faw-infested maize plants and
sends a report to the farmer that includes the GPSc of the infested images, the number of
infested images on each UAV image, and the ground size covered by each UAV image.
The system crops 10 UAV images, yielding 7200 images that are then classified into four
categories: healthy, infected, weed, and redundant using the HCNN model. The infected
images are then extracted and counted based on GPSc similarity to determine the amount
of infection on each UAV image. Identifying the number of infected images on each UAV
image allows the farmer to concentrate more attention on infected areas. Moreover,
because each UAV image has a different ground size, the farmer can use pesticides based
on the size of the infected area. In this chapter, the report received by the farmer shows
that DJI_0509 has the highest infection rate of 52.92%, while DJI_0532 has the lowest
infection rate of 23.61%. The combination of methods one and two allows the system to
identify images autonomously with minimal FP and FN.

In the following chapter, an overview of the general discussion, limitations of the study,

directions for future research, and the overall conclusion of the thesis are presented.
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Chapter 6

Conclusion and Recommendations

This chapter summarizes the thesis, highlights the research’s contribution, and suggests

some future directions based on the current work.
6.1. Summary

When using algorithms for computer vision and machine learning to find diseases in
maize plants, image analysis algorithms are improving, which lets techniques in various
agricultural applications move forward. In this thesis, we made a system that uses UAV
technology and machine learning to find the patterns that faw makes on maize leaves and
tell the farmer what's wrong. The thesis aimed to investigate and talk about ways to find
faw-infected maize leaves, automatically shows how nasty the infection is, and pinpoint
their location on every UAV image. Because of this goal, the following questions came
up.
1st-question. What ML methods are used to detect the pattern caused by faw on maize
leaves easily?

The machine learning models built on CNN and trained using the methods described in
Chapter 3 were able to detect the patterns accurately and effectively on maize leaves that
faw caused. In addition, before cropping the images into 150x150 pixels, applying the Shi-
Tomasi corner detection method on the UAV leaves helped the models generalize well,
and this helped some of the models achieve accuracy, specificity, and Fi-scores of 100%.
2nd-question. What technologies can be used to create a system capable of detecting faw
patterns on maize fields and reporting them to farmers?

The system was able to receive UAV images via the cloud, crop them to 150x150, and
then use the ML algorithms to locate the infested maize images by utilizing the UAV
technology, ML techniques, and cloud computing as described in Chapter 4. In addition, a
hybrid CNN model was developed to enable the system to classify UAV images
automatically. This model reduced the number of training parameters and decreased the
computation time required. In addition, the UAV images were separated into four
categories: healthy, infected, weed, and redundant. This helped cut down on the

background noise and improve the classification accuracy, precision, and sensitivity.
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3rd-question. How can drone technologies be combined with 10T devices and machine
learning techniques to provide an autonomous reporting system that displays infested
plants, their location and the size of each UAV image covered on the ground?

In Chapter 4, we saw how a UAV fitted with 10T sensors was used to collect data.
Finally, in Chapter 5, we saw how ML algorithms were used to automatically classify
images and send a report to the farmer. To achieve autonomous reporting, the system
employed three algorithms: one to transplant the coordinates onto the cropped images,
another to match the contrast of the captured images to the original images used to train
the model, and a third to determine the area covered by each UAV image and the severity

of the infection within it.
6.2. Limitation

Several factors constrain the methodology employed and the conclusions drawn from
the analyses of the results. In the first place, hardware with more powerful processors, like
GPUs, is needed for image processing. The dataset size and processing time increased
when a single UAV image was cropped to 150x150 pixels, yielding 720 images.

Second, a fast speed 50-250Mbps network, like the fifth generation (5G), is required to
upload and download the UAV image in the cloud with minimal latency. Delays can occur
due to the use of third- or fourth-generation networks.

Third, the mobile application is the only choice for real-time image processing; however,
due to the size of the UAV image after cropping, it generates many images that are too much

for a smartphone to handle.
6.3. Contribution of the Research

The thesis’ main contribution is the identification of a few patterns on maize leaves in
the field using UAV and ML techniques. This major contribution is supplemented by
empirical studies, which yielded a few empirical contributions summarized below.
Contribution 1. Using the Shi-Tomasi corner detection method to detect the corners of the
patterns caused by faw on maize leaves. The method enabled the CNN-based algorithms that
are VGG16, VGG19, MobileNetV2, and InceptionV3 to improve the detection of the
patterns. Moreover, the method improved the accuracy of MobileNetV2 and InceptionV3 to
reach a steady state within five iterations/epochs.

Contribution 2. Development of the hybrid CNN model helped to reduce the trainable
parameters that reduced the computation time as it was necessary because we were using a
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personal computer with a CPU. Moreover, to reduce misclassification the UAV images were
classified into four groups to cover every part of the image, including healthy, infected,
weed, and redundant.

Contribution 3. Development of the algorithm that changes the contrast of the captured
images in other farms or the same farms in different seasons to resemble the images used to
train the HCNN to reduce misclassification.

Contribution 4. Development of the two algorithms that are transplanting the coordinates of
the UAV images into the cropped images, counting the infected images on every UAV

image, and calculating the size of the infected region.
6.4. Direction of Future Work

During this thesis are still some issues that must be addressed. Therefore, the following

sections discuss some potential future research directions.
6.4.1. Develop a System that Reduces Delay.

The delay was the main challenge in the developed system. The following can improve the
e Design and Development of a drone equipped with 5G technology that will instantly
send the captured images to the edge servers for computation, reducing the delay

during uploading and downloading images on the server.
e Design and develop a system that uses UAV and the DL models based on YOLO and

integrate it with 5G, enabling the user in a remote area to detect diseases in real-time.
6.4.2. Develop a Model for the Detection of Several Diseases on Maize.

Classifying highly faw-infected crops like cotton, corn, millet, peanut, rice, sorghum,
soybean, sugarcane, and wheat might help farmers increase productivity while recognizing

infections in the early stages for future treatment.
6.5. Conclusion

This research uses Al algorithms and UAV techniques to present a novel CV method
for identifying and classifying faw-caused patterns on maize leaves. The method was
developed as part of this study. On the other hand, the Al algorithms based on CNN can
classify faw-infested plants, locate the position, and indicate the size of infection on every
UAV image. This was accomplished by using a UAV outfitted with 10T sensors, which

sped up the data collection process in the farms.
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Appendix Il

Optimizers

a) Gradient Descent

Training neural networks using gradient descent is an effective strategy since it relies
on making incremental changes at the local level to eventually reach a global consensus
[67]. After each epoch, a small update is made to the weights. The gradient descent
technique starts with a given set of coefficients, calculates the cost of those coefficients,
and then looks for a cost value that is less than the current value [68]. When the local
minimum has been attained, the cycle starts over again. Whenever a process reaches a local
minimum, it halts. Gradient descent is computationally expensive when the data size is
huge [67]. Despite its success with convex functions, it is unable to determine how far up
the gradient to advance for a non-convex function. The Gradient descent is the way to
minimize an objective function VF(8) parameterized by a model’s parameters 8 € R% by
updating the parameters in the opposite direction of the gradient of the objective function
VF (0) with respect to the parameters as indicated in Equation 1.

6 =6—1.VF(0) 1

b) Stochastic Gradient Descent

The randomness that the method is designed to exploit is referred to as stochastic, and
the name "stochastic" refers to that randomness. Instead of utilizing the complete dataset,
the stochastic gradient descent (SGD) algorithm uses a random selection process to choose

data batches for each iteration [52], [67]. It adjusts the parameters for each batch separately

as training samples (x")and label (y') as indicated in Equation 2.

0=06- n.VF(G;xi;yi) 2

Each cycle then involves randomly shuffling the data to get closer to the minimum
value. The algorithm's path is noisier than that of the gradient descent algorithm since it
uses subsets of the dataset at each iteration rather than the whole thing [52], [67]. To find
the local minimums, SGD uses more iterations. When compared to the gradient descent
optimizer, the overall calculation time grows with the number of iterations, but the
computation cost shrinks. SGD is preferable to the batch gradient descent approach when
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dealing with large datasets and limited processing resources. When the learning rate is
lowered gradually, SGD converges in the same way as batch gradient descent, with high
certainty reaching either a local or global minimum for non-convex and convex

optimization [67].
c) Stochastic Gradient descent with momentum

The weights are adapted as the stochastic gradient descent with momentum algorithm
sways back and forth between gradient directions [67]. Conversely, the process can be
sped up by including a small proportion of the prior update into the current update. To save
computing time, the stochastic gradient descent using a momentum algorithm eliminates
the need for many iterations to find the minimal value [52]. Momentum is a technique that
allows one to speed up in the right direction while simultaneously reducing erratic
movement. The method relies on incorporating a proportion of the previous time step's
update vector v,_; to the current update vector as indicated in Equations 3 and 4. The

momentum decay term y is usually set to 0.9 or similar value.

Ve = yVp—1 +NVF(6y) 3
6=6- V¢ 4
d) Mini-Batch Gradient Descent

Mini-batch gradient descent algorithms minimize training iterations by calculating the
loss function with a portion of the dataset (n training samples) rather than the full dataset
[67]. Because not all the training data needs to be imported into memory, the approach is
faster than both stochastic gradient descent and batch gradient descent algorithms. Mini-
batch gradient descent also has a rougher cost function than batch gradient descent but a
smoother cost function than stochastic gradient descent [52], [67]. Mini-batch gradient
descent strikes the best balance between speed and accuracy and is thus the method of
choice. Getting the necessary precision calls for tuning a mini-batch-size hyper parameter
[67]. Mini batch gradient descent is demonstrated numerically in Equation 5. Mini-batch
sizes typically fall in the range of 50 to 256, though this might be higher or lower depending

on the use case.
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e) Adagrad

Adagrad is a gradient-based optimization technique that adjusts its learning rate based
on the frequency with which a parameter is updated, performing greater updates for less-
frequently-used parameters. As a result, it is ideally suited for processing sparse data [67].
The adaptive gradient descent algorithm adjusts the learning rate with each iteration.
Training-time parameter changes account for most of the variance in learning velocity. The
greater the number of adjustable parameters, the less sensitive the learning rate will be to
those adjustments [52], [67]. These improvements are especially useful for sparse and
dense features found in real-world datasets. Adagrad uses Equations 6 - 8 to modify the
weights. The Adagrad does away with the necessity for manual tweaks to the learning rate.
Compared to other gradient descent methods, it converges more quickly and reliably. The
learning rate is aggressively and monotonically decreased by the Adagrad optimizer, which
is a drawback. This is because the squared gradients in the denominator keep adding up,
making that fraction larger [69][67].

The update for every parameter 6; at each time step t then becomes:

Bcs1,i = Oei — 0.0 Vei F(6r:) 6

In its update rule, Adagrad modifies the general learning rate n at each time step t for

every parameter 6; based on the past gradients that have been computed for 6;:

Ors1,i = O — T VoiF(6::) !

t,ii
In Equation 7 the G, € R%4 represents the diagonal matrix where each diagonal
element i, i is the sum of the squares of the gradients with respect to 6; up to time step t,
while € is a smoothing term that avoids division by zero. Without the square root operation,
the algorithm performs much worse.
As G, contains the sum of the squares of the past gradients with respect to all parameters
0 along its diagonal, therefore an element-wise matrix-vector multiplication between

G and p; as shown in Equation 8:
n
b1 = 0 ——=—— O V4F (6;) 8

JGt €
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f) RMSProp

RMS prop is also an improvement to the AdaGrad optimizer because it slows down the
rate at which the learning rate keeps going down. The algorithm's main goal is to speed up
the process of optimizing by reducing the number of function evaluations needed to get to
the local minimum [67], [69]. As shown in Equations 9 and 10, the algorithm figures out
the moving average of squared gradients for each weight and divides each gradient by the
square root of the mean square. The problem with RMS Prop is that the learning rate must

be set by hand, and the value it suggests doesn't always work.

E[g?]; = 0.9E[g2];-1 + 0.1V4F(67) 9

N
Or41 = O — —=—=—==V"pF(6,) 10

Elg?]¢ +€

RMSprop as well divides the learning rate by an exponentially decaying average of
squared gradients. The y is suggested to be set to 0:9, while a default value for the learning
rate n is 0.001.

g) AdaDelta

The AdaDelta optimizer is stronger than the AdaGrad optimizer. It is based on adaptive
learning and is meant to fix problems that AdaGrad and RMS prop optimizer have.
AdaDelta uses two state variables to store the leaky average of the second moment gradient
and the leaky average of the second moment of change of model parameters [67][69].
Adadelta only sums up gradients from a window of size w, rather than summing up all
squared gradients from the past. The sum of gradients is defined as a decaying average of
all squared gradients from the past, which saves space in comparison to storing w squared
gradients from the past [67]. The running average E[p?], at time step t then depends only
on the previous average and the current gradient as shown in Equations 11 - 21:

pr = VoF(6,) 11

E[p®]; = VE[p?]i-r + (1 = y)D? 12
The momentum term y is set to 0.9. For clarity A8, can be written as in Equations 13 and
14.
AB, = —1n.py,; 13
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9t+1 = Qt + A@t 14

The parameter update vector of Adagrad that was derived previously thus takes the form
of Equation 15:

N 15

AG, = — ®
‘ G+ € Pe

The diagonal matrix G, is replaced with the decaying average over past squared gradients

E[p?]; asshown in Equation 16.

16
Ay = ————=p
‘ E[p?]: +€ ‘

In Equation 17 the denominator is replaced with the root mean squared (RMS) error

criterion of the gradient.

n 17

A = —————
= T RMS[p], Pt

It was pointed out that the units in this update, as well as in SGD, Momentum, or Adagrad,
do not match, which means that the update should have the same hypothetical units as the
parameter [67]. So, another average of squared parameter updates with an exponentially

decreasing rate was set up as shown in Equation 18.
E[AB?], = YE[AO?],—1 + (1 — y)AB? 18

Equation 19 gives us the root mean squared error of parameter updates.

RMS[A], = JE[AO?], + € 19

Since RMS[AB], is unknown, [69] approximate it with the RMS of parameter updates until
the previous time step. Replacing the learning rate n in the previous update rule

with RMS[AB8],_, finally gives the Adadelta update rule as shown in Equations 20 and 21:

RMS[26],_, 20
Agt =~ "QF%sor.y Pt
RMS[p].
9t+1 = gt + Aet 21

h) Adam

The adaptive moment estimation (Adam) optimizer is an extension of stochastic
gradient descent that changes the weights of the network as it learns. It performs periodic

manual adjustments to the network's learning rate for each weight in the network [67],
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[69]. Adam takes after both the Adagrad and RMS prop algorithms in terms of his features.
Adam uses the second instant of gradients to adjust learning rates, while RMS Prop just
uses the first. Many people choose to use the Adam optimizer because of its many benefits.
It is recommended as the go-to optimization method and used as a standard by many deep
learning research papers [66][69]. Furthermore, the approach requires less tuning than any
other optimization technique, has a faster running time, uses less memory, and has less
storage requirements. Adam's weakness is that it prioritizes speed of computing over data
points, as is the case with algorithms like stochastic gradient descent [66], [67]. Thus,
algorithms like SGD provide better generalization but at the cost of computational

slowness.

me = fime_q + (1 = B)pe 22
v = By Veey + (1 — B2)p? 23

m; and v.are estimates of the first moment (the mean) and the second moment (the
uncentered variance) of the gradients respectively, hence the name of the method. As m;
and v, are initialized as vectors of 0’s, the authors of Adam observe that they are biased
towards zero, especially during the initial time steps, and especially when the decay rates are
small (i.e., B, and B, are close to 1). To account for these distortions, they calculate first and

second moment estimates that are bias corrected, as shown in Equation 24 - 25.

. my 24
T
s oVt 25
Y

The Adam update rule is given by Equation 26. The authors propose default values of 0.9
for B;, 0.999 for B,, and 1078 for ¢.

n 26

Orv1 =0 + my

~

vt e€

i) AdaMax

The Adam optimization algorithm is built upon by the AdaMax algorithm. It goes
beyond what the Gradient Descent Optimization algorithm can do [67]. In the Adam

update rule as shown in Equations 27 and 28, the v, factor scales the gradient inversely
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proportionally to the [, norm of the previous gradients (via the v,_; term) and current
gradient |p,|?:
Ve = Boveq + (1= B2)Ipel? 27

We can generalize this update to the [, standard as shown in Equation 21.

Ve = BV + (1—35)|Pt|g 28

Large g value norms are generally numerically unstable, which is why [; and I, norms are
most used in practice. However, [, on the other hand, has generally stable behavior. As a
result, the authors propose AdaMax [67] and demonstrate that v, with [, to the more stable
value shown in Equations 29 and 30. To avoid confusion with Adam, u, is used to stand for

the infinity norm-constrained v,:
Ve = B ve-r + (1= B0 pel® 29
vy = max(Bz-ve—q, |pel) 30

When Equation 31 is substituted for the Adam update equation, the AdaMax update rule is
obtained by replacing /9, + € with u,:

n
Orr1 = 0y — — 1y sl

Ut

Because u; relies on the max operation, it is less likely to bias towards zero than m, and
v, in Adam, so there is no need of computing a bias correction u,. Again, good default values
aren =0.002, 3, =0.9, and 3, = 0.999.

j) Nadam

Nadam (Nesterov-accelerated Adaptive Moment Estimation) combines Adam and
Nesterov accelerated gradient (NAG) Adam's momentum term, m, needs to be modified
so that NAG may be incorporated [67][66][147].

my =ymg_q +Np; 32
9t+1 = gt - mt 33
Orv1 = 60 — (yme—1 +1p¢) 34

It can be shown from Equations 32- 37 that gaining momentum consists of taking a single
step in the direction of the preceding momentum vector and a single step in the direction of

the current gradient. By recalibrating the parameters with the momentum step before
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computing the gradient, NAG enables us to take a more accurate step in the gradient

direction. By adjusting the gradient p;, the equation of NAG can be obtained:

pe = VF(O¢ — ym;_q) 35
my = yme—q + Npt 36
et+1 = et - mt 37

The following are some of the alterations to NAG that Dozat [147] suggests: The parameters
can be updated independently of the gradient, p;, saving the momentum step for use only

once. 0,1, we now use the look-ahead momentum vector to update the current parameters:

pe = VF(6,) 38
my =ymg_q +Np; 39
Or+1 = 6 — (ym, + npe) 40

Replacement of the old momentum vector m;, with the new momentum vector m;_, in
Equation 34. Similarly, the new momentum vector can substitute for the old one to give
Adam some Nesterov momentum. The rule for updating Adam is as follows in Equation 41
-42.

me = fime_1 + (1 = Fpe 41
P L 42
MTT g

43

n .
Orp1 =0 ———m;
VU + €

Expanding equation 43 with the definitions of m, and m, in turn gives us Equation 44:

Ory1 = O —

n (31mt—1 e —lﬂ)m) 44
Joo+e\1=Bf = 1-pf

Bame—y is the bias-corrected estimate of the momentum vector of the

1-B§

previous time step. It can be replaced withmm;_;:

It is worth noting that

n _ (1-BJp 45
Orr1 = 0, — W (.Blmt—l + 1_—[1)>tt
t 1
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Comparing Equation 45 to the modified momentum term in Equation 34, relative to how the
Nesterov momentum was added in Equation 40, we can now add it by replacing the previous
momentum vector m, with the current momentum vector m;_,. This yields the Nadam

update rule in Equation 46:

1- ﬁl)Pt) 46

n .
Ory1 = 60 — (Blmt + 1 _,Bt
1

U+ €
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