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ABSTRACT

Site-specific weed detection and management in agrarian lands is a crucial approach for
crop productivity management and chemical contamination mitigation in precision
agriculture. Traditional ways of executing this operation is expensive and labour
intensive, as well as exposing personnel to the danger of exposure to hazardous chemicals.
To create a more sustainable agricultural system, a program for automatically detecting
agricultural weeds in a mixed farmland using the Faster RCNN inception v2 model and
YOLOV5s neural network, was proposed. With the introduction of Unmanned Aerial
Vehicles (UAV) and technological advancements in Deep Learning techniques in recent
years, it has become possible to identify and classify weeds from crops at desired spatial
and temporal resolution. A DJI Phantom 4 UAV was used to simultaneously collect about
254 image pairs of a mixed-crop farmland. The proposed approach for Faster RCNN
involves labelling or annotating the images before uploading the dataset into an online
Graphic Processing Unit (GPU) known as Google Colaboratory (Colab) which runs on a
Python programming language, where the dataset were trained over five epochs (10,000,
20,000, 100,000, 200,000, and 242,000) to get the maximum epoch where the model
flattens out using Python programming codes and tested on the testing dataset for the
automatic identification and classification of weeds. Also, the YOLO v5 neural network
was trained over 100, 300, 500, 600, 700 and 1000 epochs and this was also implemented
on Colab using python programming language. Both neural network algorithms identified
and classified five classes which are as follows: sugarcane, spinach, banana, pepper and
weeds. The utilized classifiers' overall classification accuracy differed widely. Faster
RCNN exhibited the highest overall accuracies. Notably lower accuracies were observed
using YOLOV5. The lowest accuracies were achieved at 10,000 epochs with an overall
accuracy of 52%, weed precision of 50%, and weed recall of 8%, while the highest level
of accuracies and saturation point were achieved at 200,000 epochs with 98% overall
accuracy, 98% weed precision, and 99% weed recall. The minimum epoch of YOLOv5s
classification at 100 epochs achieved the overall accuracy of 16 %, weed precision of 5
% and 1% for the weed recall. Furthermore, the classifier achieved a maximum weed
precision at 600 epochs with a weed precision of 78 %, weed recall of 34 % and an overall
accuracy of 67 %. With only 16 % and 66% overall accuracy of YOLOV5s, the Faster
RCNN Deep Learning exhibited a better classification output, making it a better classifier
suitable for automatic weed identification and classification, and it is thus recommended.
Further research should be carried out to further compare the performance of Faster
RCNN inception v2 model with a few other recent powerful Deep Learning algorithms
to increase or strengthen weed detection on small farmlands. Also, images should be taken
at a flying height less than 30m and closer for smaller weeds so they appear larger in the
image.
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CHAPTER ONE

1.0 INTRODUCTION

1.1  Background to the Study

It is predicted that the world population will grow to an all-time high of 10 billion in the
year 2050 according to Alexandratos & Bruinsma (2012), but due to the currently
implemented agricultural production method and other environmental factors affecting
production rate, it will be nearly impossible to achieve the predicted increase in
agricultural produce demand. Hence, the need for the introduction of innovative ways and
systems of boosting the production rate of agriculture while minimizing the effect of these

environmental factors. One of such innovative systems is the Precision Agriculture.

The idea of Precision Agriculture (PA), also known as smart farming, has been discussed
in the agricultural sector as a management method since the middle of the 1980s. Later,
throughout the last two decades, Precision Agriculture was ranked among the top 10
agricultural sector breakthroughs (Crookston, 2006). Precision Agriculture is a systematic
technique and also a management system of using the proper quantity of input (such as
compost/fertilizer, water, and herbicides) at just the appropriate time and place to increase
productivity and minimize chemical use in order to protect the environment from
pollution (Zhang & Kovacs, 2012; Torres-Sanchez et al., 2013; Adekunle, 2013; Yao &

Huang, 2013; Huang & Thomson, 2015).

The ability of any farmer to adopt any highest quality judgment at the appropriate moment
for the best location of the farm depends on the ability to gather and interpret various

types of information (Mulla, 2013). As a result, techniques such as GPS/GNSS devices



and Remote Sensing (RS) are being deployed both as information sources and as tools
for carrying out various PA operations. For instance, RS technologies demonstrate a
significant capacity to offer the farmer useful information by utilizing satellite or aerial
vehicles for various imaging solutions. These technologies quickly capture photos over a
vast region (Zhang & Kovacs, 2012). Farmers can therefore utilize the photographs
gathered to assess crop strain, track crop yields, or forecast crop production. Although
these imaging systems provide farmers a lot of knowledgeable power, their poor spatial
resolution places restrictions on them. Therefore, to give greater in-depth picture data,
terrestrial RS systems were deployed. Regrettably, these methods lack the time necessary
to completely survey the vast agricultural areas. As a result, a different platform was
required which could bridge the barrier amongst aerial and also terrestrial remote sensing
systems. The Unmanned Aerial Vehicle (UAV) displayed a robust ability to fill this

shortfall (Pena et al., 2013).

UAVs have demonstrated their versatility over the last several years by serving as
platforms for various sensors including lidar, GNSS cameras, RGB and thermal sensors
(Nex & Remondino, 2014). Broadly speaking, the UAV imaging system is viewed as a
more affordable substitute to traditional remote sensing platforms that rely on satellites
or aircraft. Furthermore, due to the fact that UAVs fly at lower altitudes than satellites
and other aerial platforms, their imaging systems can offer superior spatial resolution
(Grenzdorffer et al., 2008). Therefore, UAV imaging technologies can be employed for
many precision agriculture operations such as plant health tracking (McCabe et al., 2015),
weeds control (Hervés Martinez et al., 2015; Pena et al., 2015; Hassanein & El-sheimy,

2017), and plant row identification (Slaughter et al., 2008).



Amongst the most common deployment of Unmanned Aerial VVehicles (UAVS) in PA is
the mapping and controlling of weeds. Distinct methods for weed classification using
UAV photographs platform have indeed been explored as they demonstrates the
potentials of bridging the differences amongst terrestrial and aerial imaging platforms
(Hassanein & EI-Sheimy, 2017; Mulla, 2013; Hervas Martinez et al., 2015; Pena et al.,
2015; Torres-Sanchez et al., 2013). Agricultural output and viability can be significantly
impacted by biological hazards which could be bacteria, viruses, weeds, fungi, and
insects. Weeds constitute the most serious issue amongst these, contributing to a
significant damage to crops on a global scale (Esposito et al., 2021). In essence, weeds
are uncultivated plants which thrives within agricultural fields as well as contend with
agricultural crops for natural resources such as water, manure, growing spaces, and also
sunshine (Hassanein & El-sheimy, 2017; Monteiro & Santos, 2022). Thus, it is critical to
get rid of such weeds as promptly as humanly possible so that the planted vegetation may
get the right quantity of nutrients to improve the output quality and quantity of the farm

area.

Nonetheless, one of most popular weed management techniques since the advent of
agriculture have been human weeding, mechanized weeding, and herbicide sprays
(Griepentrog & Dedousis, 2010; Bergin, 2011; Rueda-Ayala et al., 2011; Chauvel et al.,
2012). Medieval weed management techniques included hand pulling, chopping, or
physically covering weeds (Young et al., 2014). Hand implements were fabricated across
history to cultivate soils and eradicate weeds (Jabran et al., 2015). While these weed
management techniques significantly increase agricultural output, they are not without
their share of difficulties. The main difficulties in hand weeding include declining
available labor, rising labor costs, and uneven weed management (Carballido et al., 2013;

Gianessi, 2013). In a related manner, mechanical weed management necessitates



increased soil turnover, which can disrupt morphology of the soil and reduce nutrients of
the soil (Smith et al., 2011). The effectiveness, cost, and longevity of mechanical weed
management are not always good (Bond & Grundy, 2001). Also, Agrochemicals have
been employed recently in cubbing the spread of weeds (Peterson et al., 2018). The main
obstacles to routinely utilizing herbicides for weed management include herbicide-
resistant weeds, adverse health consequences, and ecological pollution (Annett et al.,
2014; Hoppin, 2014; Starling et al., 2014). It is crucial to diversify existing contemporary
weed management techniques due to the difficulties regarding traditional weed control
strategies, such as hand weeding, mechanical weed management and pesticides

(Westwood et al., 2018).

As a result, Agriculture has developed to use resources in a way that is considerably more
productive and cost-effective. Hence, Site-Specific Weed Management (SSWM), a
Precision Agricultural management system, was developed for efficient weed control
(Pena-Barragan et al., 2012). The ability to accurately pinpoint and identify weeds is a
necessary initial step in the development of an autonomous weed management system

(Liu & Bruch, 2020).

The four main processes of a standard weed detection system are image acquisition, pre-
processing of photographs, feature extraction, identification, and categorization of weed
plants (Shanmugam et al., 2020). These phases have been completed by the use of several
advancing technologies. The identification and classification of weeds is the phase that is
most important. The automatic detection of weed species has been more popular in recent
years as a result of the advancements in digital technology, notably in Graphics
Processing Unit (GPU), the application of Machine Learning (ML) approaches and

embedded processors (Gu et al., 2018; LeCun et al., 2015; Yu et al., 2019).



In subsequent times, Deep Learning models have developed as more precise and effective
substitutes for conventional parametric algorithms, particularly for large and extremely
complicated data (Rodriguez-Galiano et al., 2012). A key area of machine learning (ML)
is Deep Learning (DL). DL models do have several benefits in comparison to
conventional ML models for photograph categorization and object detection, such as the
Support Vector Machine (SVM) classifier (Sabat-Tomala et al., 2020), Object Based
Image Analysis (OBIA) (Torres-Sanchez et al., 2015), k-Nearest Neighbor (KNN)
(Kramer, 2013), the Random Forest algorithm (RF) (Liu et al., 2012), considering crops
and weeds can sometimes be identical, it can be challenging to extract and choose
differentiating features using Machine Learning techniques. Premised on its extremely

effective learning abilities, DL approaches can effectively solve this challenge.

Convolutional Neural Networks (CNN) have been discovered to operate excellently well
throughout vision - based applications ranging from categorization, forecasting, and
object identification, thanks to advances in parallel computing as well as the utilization
of larger datasets (Krizhevsky et al., 2012). The typical pixel-based technique requires
pixel-level computational analysis and mainly focuses on spectral characteristics,
ignoring the possibilities of geographical and textural variables to increase accuracy of
the model (Blaschke, 2010). Convolutional Neural Networks, on the other hand, which
consider spectral, textural, and spatial characteristics of pictures, have recently evolved,
allowing for higher classification accuracy and with increase in computational power
(especially Graphical Processing Units, GPUs) (Nogueira et al., 2017; Cevallos et al.,
2019; Sharma et al., 2017a). A Deep Neural Network with a convolutional structure is
known as a Convolutional Neural Network. It basic premise is to include convolutional

operations into neural networks in an attempt to solve the inadequacies of the original



neural networks with a large number of variables (Chang et al., 2016). Additionally, it
may retrieve more detailed information and mitigate the issue of overfitting in typical
neural networks. In this research; the Faster RCNN and the YOLO v5 algorithms were

implemented and compared for performance accuracy.

The methodology for detecting objects using the Faster RCNN is built upon a region
proposal approach. The original region-based methodological framework was called the
Region based Convolutional Neural Network (RCNN) (Girshick et al., 2015). Moreover,
it required a lot of computing work because each suggested location required a CNN-
based feature extraction. Through distributing convolutional features across several area
suggestions, a Fast RCNN was developed to cut down on computing time (Girshick,
2015). Employing Fully Convolutional Region Proposal Networks (RPN), which are
taught to suggest improved object regions, Faster Region-based Convolutional Neural

Network was developed to increase speed (Ren et al., 2015).

Secondly, YOLO is an abbreviation for "You Only Look Once" in English. YOLO
version 5 is a newer version of the You Only Look Once class algorithm, which is an
advanced object detector that does exceptional real time object identification (Malta et
al., 2021; Francies et al., 2022; Thuan, 2021; Reddy & Panicker, 2021). This can
categorize any imagery into a group as well as identify many objects inside a picture
(Jabir & Falih, 2022; Yang et al., 2021). This is among the fastest possible algorithms
which employs Convolutional Neural Network (CNN) for object identification integrated
bounding box predictions and object recognition into a unified end-to-end discrete

network.

The aforementioned CNN architectures (YOLO V5 and Faster RCNN with inception v2)

were implemented on the images of a mixed cropping farm for an automated



identification and classification of weeds from four (4) different crop classes taking into
consideration the significant influence of various training iterations or epochs on the
overall performance evaluation of the weed identification and classification scheme and
also defining the optimum and minimal training epoch for the classification algorithm.
Five varying epochs were tried to determine the ideal training epoch for the Faster RCNN
model, that indicates the maximal point of the training phase in which the model tends to
flatten out: 10,000, 20,000, 100,000, 200,000, and 242,000. For YOLOV5 model, six
varying epochs were also tested which includes 100, 300, 500, 600, 700 and 1000 epochs.
1.2 Statement of Research Problem

To fulfill the needs of an ever-increasing population, Agricultural production will need
to increase food production from subsistence Agriculture in the next decade via more
effective utilisation of natural resources with little environmental damage (Hobbs et al.,

2008).

According to the Food and Agricultural Organization (FAQO), food productivity must
increase by 70%, with the majority of this coming from improved yields per hectare of
Agricultural land (McFadyen, 2012). Reduced output losses due to pests, namely weeds,

are a serious concern for agricultural output (Popp et al., 2013).

Worldwide, 40% agricultural productivity losses are attributed to weeds, despite farmer
control methods (Vila et al., 2004). The damages would be total when no intervention is
done to safeguard crops against weeds (Chauhan, 2020). In the developed countries,
weeds account for about 5% loss in agricultural production, while it accounts for 10%
and 25% in less developed and least developed countries (Vissoh et al., 2004).
Agricultural farmers in developed countries devote more resources on weed management

compared to any other pest (Akobundu, 1987).



Subsistence farming is the most common type of agriculture in underdeveloped countries,
and weeds are typically controlled by hand-weeding. Hand implements were fabricated
across history to cultivate soils and eradicate weeds (Jabran et al., 2015). However, due
to expanding urban development, rising labor expenses, and a shrinking Agricultural

manpower, many are turning to herbicides to control weeds.

As a result, the indiscriminate utilization of pesticides for weed management in
subsistence farming operations has increased, raising health and environmental problems
(Tirado et al., 2008; Gianessi, 2013). Also, the mechanical weed management
necessitates increased soil turnover, which can disrupt morphology of the soil and reduce

nutrients of the soil (Smith et al., 2011).

It is crucial to diversify existing contemporary weed management techniques due to the
difficulties regarding traditional weed control strategies, such as hand weeding,
mechanical weed management and pesticides to a more robust and real-time system

(Westwood et al., 2018).

Subsequently, Deep Learning models have developed as a more precise and effective
substitutes for conventional parametric algorithms, particularly for large and extremely
complicated data (Rodriguez-Galiano et al., 2012). A key area of Machine Learning (ML)
is Deep Learning (DL). DL models do have several benefits compared to conventional
ML techniques for the classification of imagery, object identification and recognition, and
these ML algorithms includes the Support Vector Machine (SVM) classifier (Sabat-
Tomalaetal., 2020), Object Based Image Analysis (OBIA) (Torres-Sanchez et al., 2015),
k-Nearest Neighbor (kNN) (Kramer, 2013), the Random Forest algorithm (RF) (Liu et
al., 2012). Considering crops and weeds can sometimes be identical, it can be challenging

to extract and choose differentiating features using Machine Learning techniques.



To diversify this existing contemporary method, this project research incorporates the use
of Unmanned Aerial Vehicle (UAV) automation and Deep Learning algorithms (Faster
RCNN and YOLO). Hence, the need to evaluate the two Deep Learning algorithms since

the performance accuracy depends on the choice of algorithm utilized.

1.3 Research Questions

Consequent upon the objectives, this study will provide answers to the following

questions:
1. What method is used to define the spatial extent of the study area?
2. What is the measure of accuracy obtainable from the Faster RCNN algorithm in

automatic weed detection?
3. What is the classification performance of YOLO v5 algorithm on weed
detection?

4. How efficient is the FRCNN compared to YOLO v5 in automatic weed detection?

1.4 Aim and Objectives of the Study

The aim of this research is to evaluate the performance of Faster RCNN and YOLO v5

algorithms in precision weed mapping utilizing photographs taken by an Unmanned

Aerial Vehicle (UAV). In achieving the identified aim, the objectives to be pursued are:

1. UAV mapping of the mixed-crop farmland.

2. To implement Faster Region based Convolutional Neural Network algorithm for
automatic weed classification.

3. To implement YOLO v5 algorithm for automatic weed classification.

4. To carryout a perfomance evaluation of the results obtained from varying training

epochs in objective 2 and objective 3.



1.5  Scope of Study
This research focuses mainly on the use of a phantom 4 UAV having a Red Green Blue
sensor for acquiring data over a mixed crop farmland located in Lapan Gwari under Bosso

Local Government Area of Niger State, which aided the automatic detection of weeds.

The dataset acquired from the UAV shall cover the entire farm and the processes involved

in preprocessing and processing shall be covered.

This research further covers the implementation of the Faster Region Based
Convolutional Neural Network and You Only Look Once algorithms as well as the
training, testing, and validation of the developed model utilizing python programming
language codes on the google colaboratory interface. Finally, the performance of the

selected Deep Learning algorithms were evaluated.

1.6  Limitations

Due to the fact that this research was conducted during the dry season, it was a little bit
difficult getting an irrigated farm having a substantial amount of weed density. Also, the
successful processing and training of the Deep Learning models largely depended on the
properties of the Central Processing Unit (CPU) of the computer system. The CPU of the
system which was available to the author was inadequate to fully and successfully run the
model hence the switch to an online Graphic Processing Unit (GPU) on Google
Colaboratory pro with a RAM size of 32 GB and a runtime usage of 24hours that attracts

a fee of 9.99%.

1.7  Significance of Study
The findings of this study will aid farmers to identify or determine the locations of weed
clusters in the agricultural field and subsequently give the farmer a chart of the weed sites

gotten from the comparism of Faster RCNN and YOLO v5 algorithms. UAVs can map
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the farm and provide information about weed patches by instantly surveying wide swaths
of farm land. The capacity to gather and evaluate this data in real time will result in higher
crop yields, less money spent on weeds herbicides and pesticides, and better management

decisions overall.

As UAVs fly at a relatively low height than satellites as well as other aerial operating
systems, they produce images with a better spatial resolution. Additionally, Unmanned
Aerial Vehicle systems enable users to gather visual data having excellent temporal

resolution that can increase the adaptability of the data collecting processes.

Faster RCNN and YOLO v5 algorithms can recognize and categorize weeds in a non-
destructive manner which will aid in site specific weed management and will allow
farmers to be more aware of weed growth and distribution around the farmland while also
arming them with site specific knowledge pertaining to weed development, control and
mitigation. This is significant because, if the locations of weed patches are identified,

they can be managed precisely and effectively.

It is hoped that the findings of the research presented in this dissertation will help farmers
understand the importance and the applicability of UAVs in Precision Agriculture in
Nigeria. In general, greater production and cost savings will be realized through more

efficient herbicides and fertilizer usage.

1.8  Study Area

The research was done during the dry season of 2022 within a mixed cropping farm. With
a coverage of 2.8228 hectares, the privately owned farm land located at Lapan Gwari,
Minna, Niger State located within geographical coordinates (9°31'33"N 6°30'02"E),

(9°31'34"N 6°29'59"), (9°31'38"N 6°30'03"E) and (9°31'37"N 6°30'05"E), under Bosso
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LGA area is situated at about 7km away from F.U.T Minna permanent site (Gidan Kwanu
campus). The natives are Gwaris and they depend solely on agricultural practices such as
crop cultivation and fish farming. The natives mostly practice mixed cropping such as,
pepper, vegetables, sugarcane, rice maize and yams. The study site is generally made up
of loamy soil, and it is connected to a pumping machine for proper supply of water,
alongside the cultivation of spinach, pepper, banana and sugarcane. Figure 1.2 shows the
map of Niger State extracted from the map of Nigeria, from which the bosso local

government area under Minna is identified then finally, the site location map is displayed.

12



10°0'0" N

S5°0'0" N
N

ont SOOI o't o
S00"E 10°00"E 15°00"E 4[I|[| E 5 Gl[} E ] [}|[I E 7 [}|[I E
] 1 1
N N
Noo: NE
o =
: =7 =
& B
::Z z Z
= = =
=) = L2
2 g 7
- = S
|ﬁ
z Z
o+ 3
o] o
) N
Z
Lo
e
D Nigeria ‘a Z Z
0 460920 1840 2760 3680 i L0 20 40 80 120 160 :
Mies I e stae g' Miles | Bosso LGA 'g
T T T % T T T T %
50'0"E 10°0°0"E 15°%00"E £0'0"E 5°0'0"E 6°0'0"E T0'0"E
6°10°0"E  6°200"E  6°30°0"E  6°40°0"E  6°30°0"E
N
\ A
A 9°40"0"N 1 °40°0"N
h
*
Farmland
9°30°0"N 1 Legend 9°30'0"N
l:l‘lﬂu Sane LGAY
Cranthaga LGA
B B 1" Kortagora LOA
w1155 50
6°10'0"E  6°200"E  6°30°0"E  6°40°0"E  6°30°'0"E

Figure 1.1: Geographic description of the study area
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CHAPTER TWO

2.0 LITERATURE REVIEW

2.1 Precision Agriculture

The precise implementation of Agricultural inputs in accordance with inherent spatial
variability, soil and weather patterns, and crop prerequisites for improving crop yield,
revenue growth, sustainable development, environmental preservation, and quality of
products may be a more appropriate description of Precision Agriculture in the Nigerian
context (Patil-Shirish & Bhalerao, 2013). It refers to the use of ICT (Information,
Communication, and Technology) to control field variability (Gemtos et al., 2013).
Precision Agriculture, as described by the International Society of Precision Agriculture,
is a management approach which "collects, processes, and evaluates temporal, spatial,
and individual data and intermixes it with additional information to support managerial
decisions pertaining to estimated variability for improved resource use efficiency,
productivity, quality, revenue growth, and sustainable development of agricultural

production” (Shrestha & Khanal, 2020).

2.1.1 Precision agriculture tools

Using a wide range of implements, comprising software, hardware, and best management
techniques, Precision Agriculture is a highly advanced agricultural method that
necessitates technological proficiency (Shrestha & Khanal, 2020). The accompanying
sections provides a basic description of these tools.

2.1.1.1 Global positioning system (GPS)

The primary idea behind Precision Agriculture is location specificity (Sahu et al., 2019).
A satellite-based radio navigation system predominantly known as the Global Positioning

System (GPS) delivers 3D location information (latitude, longitude, and elevation) having
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precision ranging from 100 to 0.01 m at any time, in any condition, and at no cost. It is
made up of a whole set of 24 satellites that are circling the earth in a planned sequence
that is kept up by the US Department of Defense (DoD) (Yousefi & Razdari, 2015).
According to Brejda et al. (2000), GPS enables farmers to keep a close eye on crop health,
macro and micro-scale spatiotemporal heterogeneity of the soil, and to pinpoint the
precise location of field features like the field boundaries, acreage for field crops, soil
composition, pest presence, disease-affected areas and weed infestation. This enables the
implementation of key inputs such as (seeds, fertilizers, pesticides, herbicides, water, etc.)
depending on prior input data and effectiveness requirements (Batte & VVan-Buren, 1999).
2.1.1.2 Geographic information system (GIS)

The heart of PA has been the Geographic Information System (GIS) (Kumar et al., 2017).
The data evaluation using Global Positioning System (GPS) coordinates is the purpose of
this program. It analyzes and maintains globally dispersed data that is scattered both
spatially and temporally. New maps may be created using GIS data sets to show the
geographical and temporal variability in a certain field. GIS data gathered over time may
be utilized to retain records, discover relationships impacting output, and forecast how
crops will react to inputs (Dwivedi et al., 2017).

2.1.1.3 Remote sensing (RS)

According to Wojtowicz et al. (2016), Remote Sensing is a precision farming method
which employs sensors installed on aircraft or satellites to track variations in the

wavelength of light from fields and crops that are currently in development.

It is beneficial to keep track of the spectral and spatial variations throughout time at high
resolution (Moran et al., 1997). The spatio-temporal variations aid in understanding the

field's heterogeneity through time, aid in identifying various crop species, assist detect
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plants that have been harmed by disease or pests, and keep track of stress, soil, plant, and
drought conditions.

2.1.1.4 Real-time kinematic (RTK) system

A GPS-based navigation system called Real-Time Kinematic System improves the
accuracy of satellite position data (Luo et al., 2016; Wang et al., 2016; Wikipedia
Contributors, 2020). This highly accurate guiding system lessens operator burden by
preventing costly skips and overlaps, saving money on input costs, and reducing
production costs. This technique employs a fixed base station that broadcasts geolocation
to the rover's GPS receiver in order for it to adjust its position with respect to the fixed
base station's known position with a precision of 1-2 cm (Dwivedi et al., 2017). It makes
precise row-to-row placement possible.

2.1.1.5 Drones

Drones might be seen as the body of farmers, whereas precision agriculture is their brain
(Smith, 2018). Drones are deployed to inspect agricultural fields, soil, and weed spots for
growth, texture, and the presence of diseases and pests. They are also utilized to spray
chemical agents. Drones capture photographs with great resolution, enabling the creation
of yield maps, contour maps, weed maps, and maps showing varied seeding rates

(Dwivedi et al., 2017).

2.2  Weed Management

Since the dawn of civilisation, weeds have existed and are certainly not going to go away
any time soon (Renard et al., 2012). Weeds are considered to be a persistent and pervasive
hazard to agricultural output (Chen et al., 2012). Designing the best effective strategy in
a range of settings that ensures a healthy environment and a low impact of invasive weeds

is the general objective of weed control (Di-Tomaso et al., 2017).
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Mechanical, cultural, biological, and chemical treatments are the four categories into
which weed control strategies are typically separated (Scavo & Mauromicale, 2020).

Although the invention and use of herbicides in the middle of the 20th century led to a
reduction in the use of mechanical weeders on farms, these tools have since developed
into highly effective and adaptable weed control tools for a range of cropping systems
(Farooq et al., 2019). Many procedures can be used to accomplish mechanical weed
removal. By burying certain seeds at depths from which they cannot sprout, primary
tillage helps reduce weeds of species that reproduce by seeds (Machleb et al., 2020).
Other seeds would be raised to the soil's exterior, allowing them to be directly exposed to

cold, sunny or decomposition temperatures.

Herbicide treatments, often referred to as chemical applications, are the most effective
weed management techniques (Soltys et al., 2013). Herbicides are crucial weed-
controlling instruments that have increased production rates and enabled reduced-tillage
farming techniques (Bajwa, 2014). Although the effectiveness of herbicides is
undeniable, they may also cause soil erosion, environmental degradation, and health
issues in people (Kumar et al., 2019). There are several methods to decrease the usage of
expensive herbicides, including spot spraying, lower rates, and banding in conjunction
with between-row cultivation (Regnier & Janke, 2020). Cost savings brought on the less

frequent use of herbicides is one of the main advantages.

2.2.1 Principles of site-specific weed management (SSWM)

Site-Specific Weed Management (SSWM) entails treating solely weed spots and/or
altering herbicide treatments in accordance with the distribution of weed species (such as
herbicide-resistant or grass weeds) (De Castro et al., 2012). Numerous contemporary
agronomic and technical research on weed management have focused on automatic site-

specific herbicide administration because it has the capacity to reduce the quantity of
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sprayed chemical, enhancing farmer profits and decreasing pollution (Lati et al., 2021).
The field is treated as a collection of discrete management zones by site-specific herbicide
administration techniques, which allows for the use of certain quantities and varieties of
herbicide to eliminate the weeds that are there (Meyer & Mulliken, 2008). No herbicide
is used if weeds are absent or if their concentration is lower than the economic threshold
for treatment (the amount of weeds needed to make treatment worthwhile) (Shirzadifar et
al., 2015). To choose the most effective herbicide, it is crucial to be aware of the weed
species that are present (Combarnous, 2017). When specific weeds have been identified,
weeds can be managed in real-time (tactical technique) or strategically (strategic
approach) employing a prepared field map that shows the species and position of weeds
(Adamchuk et al., 2008). The tactical method necessitates a unique procedure but
provides the farmer with a more accurate estimation of the quantity and kind of chemical
required for a particular weed issue. Before weeds reduce agricultural yields
economically, post-emergence herbicide treatments should be undertaken (De Castro et
al., 2018). The essential time for weed management, according to UNL weed scientist
Stevan Knezevic, is the post emergence period (Knezevic & Datta, 2015). The length of
this phase is determined by the kind of crop, the variety of weed, the surrounding
environment, and the quantity and concentration of the crop and weed.

2.2.2 Unmanned aerial vehicle remote sensing tasks

The majority of Unmanned Aerial Vehicle Remote Sensing applications employ
photographs from sensors as primary data inputs; hence, they are computer vision-related
tasks (Zhu et al., 2018). Thus, classification, detection, and segmentation are three
common and important computer vision problems that can be classified into three
categories for UAV Remote Sensing tasks in PA which employ Deep Learning techniques

(mostly CNN) (Everingham et al., 2015).
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(i) Classification attempts to forecast whether there will be or won't be at atleast one
member of a specific object class in the photograph, and Deep Learning techniques
are necessary to offer a real-valued certainty of the item's existence (Chen et al.,
2021b). In order to identify crop diseases (Hu et al., 2020; Ha et al., 2017; Huang et
al., 2019), weed types (Bah et al., 2018a; Bah et al., 2018b; De Camargo et al., 2021
Ukaegbu et al., 2021), or crop types (Onishi & Ise, 2018; Zhao et al., 2020),
classification approaches are generally utilize.

(ii) Detection operations attempt to answer the inquiry "where are the occurrences in the
photograph, if any,” by predicting the bounding boxes of each item of a specific
object class in the photograph with corresponding certainty. In other words, the
object information that was retrieved is comparatively more accurate. The most
common uses include identifying crops that have pests Chen et al. (2021a) or other
diseases Li et al. (2021), locating the weeds in the images (Valente et al., 2019;
Veeranampalayam et al., 2020), counting the crop number for yield estimation
(Apolo-Apolo et al., 2020; Chen et al., 2019; Csillik et al., 2018) or disaster
evaluation (Zhang et al., 2020Db).

(iii) Segmentation is a process which forecasts the instance labeling (for instance
Segmentation) or object labeling (for semantic segmentation) of each pixel in the test
photograph, providing a higher accurate categorization for each pixel. It has the
ability not only to find things but also collect their finer-grained pixels.
Consequently, to precisely pinpoint interesting characteristics in pictures,
segmentation techniques are typically utilized. Semantic segmentation could assist
in identifying and tracking crop leaf diseases (Stewart et al., 2019; Kerkech et al.,
2018; Kerkech et al., 2020), generating weed maps (Huang et al., 2018; Sa et al.,

2018; Zou et al., 2021), or assessing crop growth (Osco et al., 2021; Zhang et al.,
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2020a), and yields (Xu et al., 2020), whilst also, instance segmentation indeed can
identify crop from weed plants (Champ et al., 2020; Mora-Fallas et al., 2020), or

conduct crop seed phenotyping Toda et al. (2020) at a finer level.

2.3  Machine Learning Methods

Across various fields, including medical systems (Tsouros et al., 2017; Bonotis et al.,
2019), marketing (Cui & Curry, 2005) and biology (Tarca et al., 2007), Machine Learning
(ML) has so far been utilized to analyze the data obtained for forecast and/or classification
applications. Machine learning technologies are frequently used in Precision Agriculture
to make the most of the vast amounts of data collected by UAVs (Mazzia et al., 2020).
The use of Machine Learning (ML) may diagnose diseases, predict certain factors relating
to crop growth rates, and even recognize different objects in photographs (Da Costa Lima
& Mendes, 2020). Owing to the rapid developments occurring, particularly in the Deep
Learning sector, the use of machine learning has significantly expanded lately (Dargan et

al., 2020)

2.4 Deep Learning Methods
A Deep Learning model, one of the types of machine learning, is created using the human
brain as a model. The Deep Learning Neural Networks replicate the cognitive processes

of the human brain by simulating a web of interconnected nodes (Magomadov, 2019).

Over the past few decades, a tiny subset of Artificial Intelligence (Al), commonly referred
to as Machine Learning (ML), has transformed a variety of fields since its development
in the 1950s. Deep Learning (DL) was born out of the ML sub - field of Neural Networks
(NN) (Alom et al., 2019). Since its introduction, Deep Learning has caused disruptions
of ever-increasing size and has excelled in nearly every application sector. Deep

Learning, which employs either hierarchical or Deep Learning structures, is a subset of

20



ML that has mostly been created after 2006. Determining model parameters is the first
step in the learning process, which enables the learnt model (or algorithm) to carry out a
specified task. For instance, the weight matrices are the parameters in Artificial Neural

Networks (ANN).

Contrarily, DL contains several layers between the input and output layer, allowing for
the presence of numerous stages of non-linear central processing unit having hierarchical
architectures which are employed for feature learning and pattern categorization
(Schmidhuber, 2015; LeCun et al., 2015). According to several articles, DL is a universal
learning strategy that can address practically any issue in a variety of application fields.
So DL is not task-specific, to put it another way (Bengio, 2009). Figure 2.1 shows the
classification of Al. Where, Al: Artificial Intelligence; ML: Machine Learning; SNN:
Spiking Neural Networks; NN: Neural Networks; DL: Deep Learning.

Al

ML

Brain-Inspired

SNN NN

Figure 2.1: The classification of Al. (Source: Kilichan & Yilmaz, 2020)

2.4.1 Convolutional neural network architecture
As specified in a Conventional Multilayered Neural Network, CNN is among the

subclasses of deep classifier architecture and consists of one or more convolutional layers
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accompanied by one or more fully connected layers (Savalia & Emamian, 2018). CNN's
design performs well while analyzing two-dimensional data types like images, movies,
and so on (Browne et al., 2008). A receptive field is a condensed area of the perceptual
field that is responsive to the intricate configuration of cells that make up the visual cortex
(Ide & Kurita, 2017). Numerous approaches, including Neocognitron, HMAX, and Lenet,
are available in the literature since the animal visual cortex seems to be the most potent
visual processing system (Sornam et al., 2017; Azizah et al., 2017; Zahara et al., 2020;
Pouyanfar et al., 2018). Since CNN never needs a shared weight, it differs from
Neocognitron (Du, 2018; Sornam et al., 2017). The localized connection pattern between
the neurons in neighbouring layers is how CNN's spatially local correlation originates. It

can be illustrated graphically in Figure 2.2.

layer m-+1 O
layer m
layer m-1 (O P

Figure 2.2: Pattern of neuronal connectivity (Sornam et al., 2017)

CNN has inputs, outputs, and hidden layers in between, similar to the design of a normal
Neural Network (Sornam et al., 2017). These hidden layers carry out a task known as
feature identification and three various types of data computations, including convolution,
pooling, and rectifier linear unit (ReLu) (Albawi et al., 2017; Al-Saffar et al., 2017;
Sornam et al., 2017). By passing the input photograph via a number of convolutional
filters, the convolution layer is employed to activate a particular aspect of the photograph
(Srinivas et al., 2016). Several aspects of the photograph are enabled by each filter. By

streamlining the output via a nonlinear downsampling approach, the pooling layer aids in
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reducing the amount of factors unrelated to the targeted problems (Sornam et al., 2017).
Rectified Linear Units accelerate learning as well as improve productivity by turning
negative values into zeros such that they can only be maintained as positive values (Tang

et al., 2018; Sornam et al., 2017).

In order for each layer to be capable of recognizing the various feature levels, these three
distinct procedures are continually done to tens or even thousands of layers. The CNN

architecture moved towards categorization after the feature identification was finished.

The network's capacity to forecast the amount of output classes, K, is represented by the
next-to-last layer, a fully connected layer which generates the K dimension vector, and
the last layer, a softmax layer, which produces the categorization output (Chen et al.,

2016). The component of the CNN is depicted in Figure 2.3.
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Figure 2.3: Architecture of CNN (Sornam et al., 2017)

2.4.1.1 Convolution layers

Convolutional, Pooling, and Fully-Connected (FC) layers are the three categories of
layers which constitute the Convolutional Neural Network (Akbar et al., 2017). A CNN
model will be created after these layers are stacked. Convolutional layers' neuron
components first were calculated by convolution operations over small regional spots of

input, after which activation functions (tanh, sigmoid, ReLU, e.t.c.) are applied to create
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a 2D feature chart, which is a crucial feature layer which distinguishes Convolutional
Neural Network (CNN) from other conventional Neural Networks (3D feature map)

(Zhang et al.,2019).

Typically, we have that

Zj=%X;*Kj+B, (2.1)
Aj=f(Z), (2:2)
while Z j indicates the output from the convolution process, Xi is the input to the
convolutional layer, Kij is the convolution kernel, and Bj is the cumulative bias. In the
expression that follows, Aj is the output feature map of the convolutional layer and f (Zj)
Is an activation function. Activation functions are computational processing on the input
that adds non-linearity into Neural Networks and aid in detecting non-linear patterns in
the input data (Sharma et al., 2017b). The terms "saturated functions™ refer to sigmoid
and Tanh. According to their descriptions or charts, the output of Sigmoid and Tanh
saturates at 0 or 1 and -1 or 1, respectively, whenever the input is extremely tiny or
extremely big. In terms of saturation, there are two issues. It is challenging to converge
in the training phase because the gradients at saturated areas are nearly negative,
substantially reducing neurons' backpropagation (Zhang et al., 2019). Additionally,
weight initialization when employing saturated activation functions needs to be more
carefully considered else the Neural Networks may well not train at all. Numerous non-
saturated activations have been suggested to address the saturation issue, including the
Rectified Linear Unit (ReLU) (Nair & Hinton, 2010), Leaky ReLU (Maas et al., 2013),
Parametric ReLU (PReLU) (He et al., 2015b) and Randomized Leaky ReLU (RReLU)

(Xu et al., 2015).
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In CNN, convolution is a crucial component. Contrarily, neurons within the same feature
map use the same variables thanks to weight sharing that significantly lowers the overall
amount of parameters (Indolia et al., 2018). The input may exhibit the same
characteristics, which include edges, points, angles, etc., at several spatial locations. The
CNN is less susceptible to position and moving because of weight sharing (Ghafoorian et
al., 2017). However, because each convolution process only considers a tiny portion of
the input, the recovered features retain the fundamental structure of the input, which aids

in pattern recognition. Figure 2.4 provides an Activation Function plot.

]
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Figure 2.4: Activation function plot (Zhang et al., 2019)

2.4.1.2 Pooling layer or subsampling layer

In order to decrease the feature map resolution, convolutional layers are typically
accompanied by subsampling layers (LeCun & Bengio, 1995; Huang et al., 2015; He &
Sun, 2015). In line with this reduction in parameters, processing is likewise downsized.

Figure 2.5 shows a Max Pooling layer implemented a single slice of an input volume,

Z j=down (X)), (2.3)

In which a subsampling strategy is represented by down(X]).
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Two common subsampling techniques, maximum operation and average operation, are
employed in CNNs (Alotaibi & Mahmood, 2017). In addition to max pooling and average
pooling, various techniques which are more effective in preventing overfitting issues in
CNN have been suggested, including mixed pooling (Yu et al., 2014), stochastic pooling
(Zeiler & Fergus, 2013), and Lp pooling (Sermanet et al., 2012). He et al. (2015a) suggest
a pooling technique known as spatial pyramids pooling (SPP), which may produce a
constant length feature map and hence handle different input photograph dimensions. Fast
Fourier Transform (FFT)-based CNNs can also use spectral pooling, a technique for
reducing dimensionality in frequencies that maintains better information than spatial
domain (Rippel et al., 2015). Whereas multi-scale orderless pooling, as described by
Gong et al. (2014), surpasses other approaches in high variability scene matching.
Contrary to convolution kernels, subsampling kernels are frequently chosen manually and
don't alter throughout training and inference. Subsampling is done for two major motives.
The first is that the size of the feature map is reduced by maximising or average over the
preceding feature map, whereas the other is that by subsampling, the resultant feature
map is much more resistant to distortions and mistakes of particular neuron units (Liu et

al., 2017).

Single depth slice

111 (2] 4
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>y
Figure 2.5: Max pooling layer implimenting a single slice of an input volume. (Source:

Rana, 2020)
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2.4.1.3 Fully connected layer

The Fully Connected (FC) layer, that links the neurons between two layers, is composed
of neuronal cells along with weights and biases (Dose et al., 2018; Viquerat & Hachem,
2020). These layers make up the final few levels of a CNN architecture and are often
positioned just before output layer. This compresses the input photograph from the earlier
stages and feeds it to the FC layer (Pu et al., 2019). The compressed vector is then sent
through some additional FC levels, in which the standard procedures on mathematical

operations happen. The categorization procedure starts to take effect at this point.

2.4.1.4 Rectified linear unit layer

RelLU stands for Rectified Linear Unit, that implements the non-saturating activation
function f(x) = max (0, X) (Ren et al., 2016; Pratama & Kang, 2021). Through assigning
negative values to zero, it essentially removes them from an activation map. Without
changing the receptive fields of the convolution layers, it creates nonlinearities to the

decision function and the entire network (Chi et al., 2019).

The saturating hyperbolic tangent f(x) = tanh (x), f(x) = [tanh (x)|, and the sigmoid
function (x) = (1+e-x)-1 are several other functions that may be employed to improve
nonlinearity (Vijayaprabakaran & Sathiyamurthy, 2020; Vargas et al., 2021). ReLU is
frequently used over other functions since it trains the neural network considerably more

quickly without significantly degrading generalization accuracy (Huang et al., 2020).

2.5 Faster RCNN Architecture

An object detection technique relying on the region proposal approach is known as the
Faster RCNN. The very earliest Region Proposal technigue algorithm was region-based
CNN (R-CNN) (Girshick et al., 2015). But then again, it was computationally intensive

because each suggested zone required a CNN-based feature extraction. Sharing
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convolutional features among area suggestions was suggested as a way to create a fast
RCNN and cut down on computation time (Girshick, 2015). Fully convolutional Region
Proposal Networks (RPN), which are taught to suggest accurate object areas, were
presented as a faster version of RCNN to increase speed (Ren et al., 2015). The four
components of the Faster RCNN model are classification, Region of Interest (Rol)

pooling, Region Proposal Network (RPN) and feature extractor.

This research utilized the Inception v2 convolutional layers for extraction of features.

The Inception v2 network has the benefit of being translation and scale-invariant because
of the utilization of broader networks having various kernel sizes in each layer of the
network (Veeranampalayam Sivakumar et al., 2020). For this, the region proposal layer's
feature map generated by the Inception v2 architecture is decreased in dimension.
Anchors or permanent bounding boxes at every position serve to define the RPN (Chen
et al., 2018). In order to allow the area proposal network to generate scale-invariant
proposals, anchors with various scales and aspect ratios are established at each point. A
convolutional filter on the feature chart is used by the region proposal layer to provide a
confidence score for the classifications of objects and backdrop (Suhail et al., 2020). It is
known as the objectness score. Additionally, anchor box regression offsets are produced
by the convolutional filter (Yi et al., 2021). As a result, if a region has k anchors, the
convolutional filter in the area proposal network produces 6k data, including 4k
coordinates and 2k scores. By this result, classification loss and bounding box regression
loss are computed. The feature map from feature extractor can then be blended with the
bounding box coordinates of anchors designated as objects. Bounding box areas with
various sizes and aspect ratios are adjusted to fixed size outputs in the Rol pooling layer

utilizing max pooling.
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When there is maximal pooling, the down sampling is performed by the maximal number
of pixels. The pooling layer is a down sampling layer (Krizhevsky et al., 2012).

Following classification, the bounding box discrepancies with reference to the ground
truth boxes of the max-pooled feature map of a predetermined size that corresponds with
each output are regressed. As a result, two losses, the classification loss and the bounding
box regression loss are estimated at this output, just as they were in the region proposal

layer. Figure 2.6 shows the Faster RCNN architecture.
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Figure 2.6: Faster RCNN architecture (Veeranampalayam Sivakumar et al., 2020)

2.5.1 Inception v2 architecture

CNN architecture's "inception architecture” modifies the feature extraction process (Khan
et al., 2020). The feature extraction section is where the difference may be found.

As can be seen in figure 2.11, the feature extraction part of Inception v2 employs base
layer and filter concat (Alamsyah et al., 2019). The enhanced usage of the computational

resources within the network is an attribute of Inception design (Chelghoum et al., 2020).
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The main advantage of the Inception Design is that it outperforms shallower and less
broad networks while requiring just a slight improvement in processing resources, and it
is efficient despite not using context or implementing bounding box regression (Szegedy
et al., 2015). Utilizing clever factorization techniques, the inception design aims to
decrease the constraint and increase better performance in terms of computing
complexity. To increase computational performance, the 5x5 pixel convolution layer of
the Inception v2 architecture was categorized to a 3x3 pixel convolution (Szegedy et al.,

2016). Figure 2.7 shows the Inception v2 architecture.
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Figure 2.7: Inception v2 architecture (Szegedy et al., 2015)

2.5.2 YOLO v5 architecture

Convolutional Neural Networks predicated on the "You Only Look Once" (YOLOV5)
framework family enable real-time object identification. The YOLO family was updated
with the publication of YOLOV5, by researcher Glenn and his colleagues, a month after
YOLOvV4 was released (Thuan, 2021). Glenn Jocher is the CEO of Ultralystics LLC and
a researcher (Jocher et al., 2020). Alexey Bochkovsky built the YOLO models on top of
the bespoke framework Darknet, which is primarily coded in C (Thuan, 2021; Wang,
2021). The firm that adapts older itrations of YOLO onto PyTorch, among the most

popular Deep Learning frameworks built in Python, is called Ultralystic, which is a brand-
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new Convolutional Neural Network that accurately recognises objects in real-time (Zhang
et al., 2022). In this approach, the whole imagery is processed by a single Neural
Network, after which it is divided into its component parts and bounding boxes and
probabilities are predicted for each one (Hemanth, 2022). The weighting of these
bounding boxes is based on the anticipated likelihood. The approach merely does a single
forward propagation loop through the Neural Network before making predictions, or
"only looking once" at the picture. Following non-max suppression, it provides
discovered objects that makes sure the object detection algorithm only recognizes each

object once.

According to Liu et al. (2019), YOLOVS5 is premised upon this, YOLO detection designs
and utilizes the outstanding classifier optimization technique in the area of CNNs in recent
times, which includes automated bounding box anchor training, enhancing mosaic data,
and the cross-stage partial network, etc; which are in charge of various operations in
various parts of the YOLOV5 architecture. The input, backbone, neck, and output are the
four essential components of the YOLOV5 design. The data preparation, such as adaptive
picture filling and mosaic data augmentation Wu et al. (2017), is mostly contained in the
input terminal. YOLOV5 incorporates adaptive anchor frame computation on the input in
order to adapt to various data sets, and this can therefore autonomously determine the
starting anchor frame size as the data changes. By repeatedly convolution and pooling,
feature charts of varying sizes may be extracted from the input picture, the backbone
network mostly employs a Cross-Stage Partial network (CSP) Kim et al. (2019) and
Spatial Pyramid Pooling (SPP) (He et al., 2015c). Whereas the SPP design allows for the
realization of extracting features from various scales for same feature map and has the
ability to create three-scale feature charts, that increase recognition precision, to cut down

on the complexity of calculations, Bottleneck CSP is utilized and also speed up inference.
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The feature pyramid architectures of FPN and PAN are applied to the neck network.
Robust semantic features are transmitted from the top feature charts into the bottom

feature charts utilizing the FPN structure (Liu et al., 2016b).

Additionally, the PAN structure transfers powerful localization features from lower
feature charts to higher feature charts (Wang et al., 2019). The collective strength of these
two systems improves the feature acquired from different network levels in Backbone
fusion, thus increasing the identification abilities. The head output is mostly utilized as
the last detection step to forecast targets of various sizes on feature maps. Four
architectures, known as YOLOv5s, YOLOv5m, YOLOvV5I and YOLOv5x, make up the
YOLOV5 (Liu et al., 2021; Yan et al., 2021). Their primary distinction is the quantity of
feature extraction module and convolution kernels placed around particular points in the

network. Figure 2.8 displays the YOLO v5 network architecture.
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Figure 2.8: The design of YOLO v5's network (Xu et al., 2021)

2.6 Training Epochs
Brownlee (2018) describes the number of epochs as a hyperparameter that specifies how

many times the learning algorithm will run across the whole training dataset. Each sample
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in the training dataset has had one epoch, which indicates that the internal model
parameters have been updated. Each epoch is made up of one or more batches. For
instance, as previously stated, an epoch with one batch is referred to as the batch gradient
descent learning algorithm (Dogo et al., 2018). Consider a for-loop across the number of
epochs, with each loop traversing the training dataset. Another nested for-loop within this
for-loop iterates through each batch of samples, where each batch has the provided "batch
size" number of samples. Typically, the number of epochs is huge, frequently hundreds
or thousands, permitting the learning procedure to continue until the model error is
adequately minimised (Hu, 2021). Examples of the number of epochs set to 10, 100, 500,
1000, and larger can be found in the literature and tutorials. Line charts with epochs along
the x-axis as time and the model's error or skill on the y-axis are typical (Hoiem et al.,
2021). These charts are also known as learning curves. These charts can aid in
determining if the model has overlearned, underlearned, or is adequately fitted to the

training dataset.

2.7 Google Colaboratory

Jupyter Notebooks which is the innovation on which Google Colaboratory is built, is
introduced before Google Colaboratory. According to Perez & Granger (2007), Jupyter
is a free software web application that combines interpreted languages, libraries, and
visualization tools. Working locally or online is possible using a Jupyter notebook
(Mendez et al., 2019). Each document consists of a number of cells, with script or
markdown code in each cell and the output is embedded in the content. Text, tables,
graphs, and images are common outputs. Due to the experiments' and findings' self-
contained presentation, using this technology facilitates the sharing and replication of
scientific works (Randles et al., 2017). An initiative called Google Colaboratory,

sometimes known as Colab, aims to spread knowledge about Machine Learning research
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and teaching (Colombo-Filho et al., 2020). Jupyter-based collaborative notebooks
function like a Google Document object, allowing users to work and interact on the same
notebook and share it with others (Carneiro et al., 2018). The crucial Machine Learning
and Artificial Intelligence libraries, including TensorFlow, Matplotlib and Keras, are
provided by Colaboratory in both Python 2 and 3 runtimes (Waheed et al., 2020; Suljovic
et al., 2022). All user data and customizations are lost when the Virtual Machine beneath
the runtime (VM) is disabled. Though the notebook is still there, it is also feasible to

upload things to the user's google drive account via the VM hard drive.

On a laptop, the complete model is trained and tested using Google Colaboratory and the
Python language. An entirely cloud-based, free Jupyter notebook environment is called
Colaboratory. It doesn't require any configuration and operates completely in the cloud

(Prashanth et al., 2021).

2.8  Software

Numerous software tools and strategies have been created to speed up data processing
because it may often be time-consuming. Table 2.1 provides an overview of the software
packages that have been used to process and speed up the data analyzing process in the

works assessed.
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Table 2.1: Software packages utilized for image processing in the research.

Software Tool Summary
Python programming Simple, general purpose, high level, and object-oriented
v3.8 programming language version 3.8.

Google Colaboratory K80 GPU, RAM 16GB, Runtime 12hours, Jupyter notebook

Free environment on google colabs.

Google Colaboratory ~ GPU- K80,T4 AND P100; RAM 32GB; Runtime 24hours;
Pro cost 10$ per month; Jupyter notebook environment on google

colabs.

CNN is used by the majority of computer vision applications (Nanni et al., 2017;
Voulodimos et al., 2018; Bhatt et al., 2021; Wang et al., 2019; Islam et al., 2016).
Hardware for superior performance and excessive electricity usage of this hardware are
indeed two significant issues with CNN (Carneiro et al., 2018). Consequently, high-
performance hardware is necessary, such as the GPU from Colaboratory. CNN training
utilizing Colaboratory's enhanced runtime is 2.93 times quicker than with all of the

physical cores of a Linux server, on average (Carneiro et al., 2018).
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2.9  Related Literatures on Weed Detection using Machine and Deep Learning

Algorithms

The spotlight has been drawn to methods centered on Machine Learning for spotting
weeds and crops (Murawwat et al., 2018). Support Vector Machine (SVM) classifier was
employed by Murawwat et al. (2018) to distinguish between carrot crops and weeds. With
72 training samples and 8 test samples, they were able to attain a classification accuracy
of more than 50%. The problem with the classic ML technique, such SVM or RF
classifiers, is that extraction of features is not automated and manually generated features
creation is a time-consuming stage. According to certain research, Deep Learning can
effectively cope with the drawbacks of manually created features for identifying weed
and crops by retrieving the features directly from the input data, in contrast to standard
Machine Learning techniques (Lee et al., 2015). Recent years have seen significant
advancements in the categorization of Remote Sensing data employing Deep Learning

for a variety of jobs, particularly agricultural ones.

Convolutional Neural Networks (CNNSs) have been utilized in several research to classify
crops and identify weeds in agricultural applications (Mortensen et al., 2016; Potena et
al., 2017; Di Cicco et al., 2017). Utilizing mixed crops of an oil radish plot with barely,
weed, stump, grass, and background soil photographs, Mortensen et al. (2016) classified
weeds using the VGG-16 CNN model. A perceptual system that employs shallow and
deeper CNNs was developed by Potena et al. (2017) for the categorization of weed crops.
When classifying weeds and crops, the deeper CNN is employed, whereas the shallower
one is utilized to recognize vegetation. Using a SegNet, Di Cicco et al. (2017) generated

sizable synthetic training datasets programmatically while randomly distributing the
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targeted environment's essential properties (i.e., crop and weed species, type of soil, light
conditions). The U-Net approach was used by Hashemi-Beni & Gebrehiwot (2020) to
identify and separate crops from weeds utilizing a small dataset. To enhance the
categorization outcomes, they used strategies like random cropping, random rotation, and

reflection on the data.

Additionally, techniques centered on Deep CNNs have shown successful weed
categorization and detection results. For instance, Yu et al. (2019), Olsen et al. (2019),
and Dyrmann et al. (2016) all employed similar techniques. Potena et al. (2017) used two
distinct CNNSs to analyse RGB and NIR pictures in order to quickly and precisely detect

crops and weeds.

A shallow CNN was utilized to categorize the retrieved pixels into crops and weeds after
a lightweight CNN had quickly and robustly segmented the vegetation. Beeharry &
Bassoo (2020) assessed the effectiveness of ANN and AlexNet, two weed detection
algorithms based on UAV imagery. According to the experimental findings, AlexNet's
weed identification accuracy was greater than 99%, while ANN's accuracy on the same

dataset was just 48%.

A model for segmenting weeds in aerial images was developed by Ramirez et al. (2020),
who then compared it to SegNet and U-Net. The study's findings demonstrated that more
accurate experimental results were achieved through data balancing and improved spatial
semantic information. An enhanced Mask RCNN model was suggested by Patidar et al.
(2020) to extract early cranesbill seedlings. These weeds can be utilized as natural
rheumatoid arthritis treatments. The suggested technique made it possible to entirely
remove the weeds from the actual photograph in order to receive all of the nutrients and

enhance production. A Deep Neural Network-based (DNNSs) semantic segmentation
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strategy for weed crop detection was put out by You et al. (2020). In order to increase
segmentation accuracy, four more components were included, which improved
performance for weeds with random shapes in a complicated environment. These
techniques can autonomously gather meaningful feature information from pictures

without depending on image preprocessing or data conversion.

Predicated on Faster RCNN, Le et al. (2021) investigated the detection of weeds from
crops in difficult field environments. The outcomes showed that Faster RCNN
techniques, particularly the Faster RCNN model with Inception-ResNet-V2, may be used
to detect weeds in challenging field scenarios with changing weather, lighting, occlusion,
and growth phases. For plant-specific management in precision farming, Lottes et al.
(2018) combined crop-weed categorization with joint stem identification. Their method
made use of an end-to-end trainable fully convolutional network that concurrently trains
class-wise stem recognition and pixel-wise semantic segmentation while continuously
estimating stem locations and the total area of crops and weeds. Using convolutional
neural networks and convolutional neural network frameworks, Gothai et al. (2020)
conducted research on weed detection. Building algorithms like the VGG-16, ZFNet, and
ALEXNET with four, six, eight, or thirteen convolution layers, as well as other

architectures, was done in an effort to increase accuracy.

The research gaps from the reviewed literatures suggest that future works be executed in
the following aspect:

M Evaluating the effects of varying training epochs on the performance accuracy

of some Deep Learning algorithms utilizing UAV’s for the acquisition of aerial

data. This research project will focus on filling this gap.
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(ii)

(iii)

Consideration of spectral and spatial resolutions to optimise the flight mission
to capture the size of the smaller weeds to be discriminated for better
performance accuracy is also unresolved.

Utilizing multispectral and hyperspectral imageries for the development of
improved classification algorithms for weed infestation assessments remains a

gap according to literature.
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CHAPTER THREE

3.0 MATERIALS AND METHODS

3.1 The Research Design

This chapter’s layout contains the methodology that was adopted in conducting this
research. Furthermore, it decribes the method of the materials that were utilized and also
the data acquisition for the research, the data source, the preprocessing and processing
operations of the data, including the methodological workflow adopted to achieve the
desired aim of the research. Farmers suffer agricultural production losses due to
unchecked weed growths on agricultural fields as a result of practicing conventional weed
removal practices which are time consuming, labor intensive and have adverse effect on
the soil. Consequently, this chapter illuminates the application of Deep Learning
algorithms (Faster RCNN and YOLO v5) and Unmanned Aerial Vehicles in resolving the

current issues faced by farmers.

3.1.1 Hardware and materials used for this study

The hardware materials utilized for this study comprises the following:

I. The quadrotor (phantom 4) UAV
ii. Flight controller

iii. A battery

iv. A microcomputer

v. RGB sensor.
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vi. A Laptop PC with 8GB RAM, processor speed of 2.6 GHz and an internal

memory of 1 TB.

3.1.2 Software and tools used

These are grouped into firmware and software. The firmware was executed on a
Tensorflow library with a python programming language version 3.8 on both Google
Colaboratory (Colab) free version which is accessible to all for free but having a RAM
size of 16 GB and a runtime usage of 12hours and Google Colaboratory pro with a RAM
size of 32 GB and a runtime usage of 24hours that attracts a fee of 9.99$. The python
codes aids the coding of the identification and classification network model used for the
training, testing and validation of the dataset. Furthermore, Pix4D mapper software was
used to create an orthomosaic of the study site.

3.2 Data Acquisition

On February 17, 2022, amidst clear skies, high-resolution UAV photograph data were
collected to assure comparable lighting conditions. A DJI Phantom 4, with an on-board
RGB sensor having a resolution of 12 megapixels and 5.74 mm focal length, was utilized
for the airborne survey. A 30 m height above ground level was selected for the flight
mission. This made it possible to traverse the study area with a flying duration of around

15 minutes and a spatial resolution of 0.5 cm.

Eight field targets were distributed uniformly across the research site to be utilized as
ground control points (GCPs) for georeferencing. A differential GPS (bi-frequency GNSS
receiver) centered on the German SAPOS correction service was used to establish the

field target centers for precision positioning in Real-Time Kinematic (RTK) mode.
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In order to minimize shadows, the mission was undertaken at midday. Using the built-in
three-axis gimbal, the sensor was mounted vertically at 90°. About 254 photographs in all
were captured at a mapping speed of 7 mph having a side and front overlap of 75%,
correspondingly. With UAV weight (battery & propellers included) of 1380g and battery
capacity of 5350 mAh. Plate I - IX presents the images of the flight path and equipments
utilized in the acquisition of aerial images as well as GCP’s for georeferencing the dataset

while Table 3.1 presents the details of the flight plan.

Plate II: Unmanned aerial vehicle DJI phantom 4
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Plate IX: The DGPS instrument used for acquiring GCP’s

Table 3.1: Details of the Flight Plan

Parameters Value
Shooting angle At 90°, in line with the main path
Capture mode Fly and capture
Flight direction -33°
Speed 7mph
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Altitude 30meters

Starting waypoint 1
Front overlap 75%
Side overlap 75%

3.3 Flow Chart for the Faster RCNN Algorithm
The Site Specific Weed Management was implemented employing a Faster Region based
Convolutional Neural Network which is a Deep Learning (DL) algorithm. This Deep

Learning algorithm ralize on the testing set after being trained. Figure 3.1 shows

loyed in this study, chquired and processing.

the flow of th

Data Collection

ce
101
Accuracy. Precision,

Recall, F1 score

Figure 3.1:  The workflow of the development and implementation of the faster
RCNN weed detection model
3.4  Pre-processing of Images
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In order for the dataset to fit into the model architecture for training and classifications of
weed patches, the dataset were pre-processed utilizing the necessary software packages.
This section contains the pre-processes employed to achieve the desired results. These

processes are as follows:

i.  Image Resizing
ii.  Data Annotation

1. Splitting of Data

3.4.1 Image resizing

The initial dimensions of the raw aerial photographs were quite enormous to fit in the
memory for processing so each raw aerial photographs of 4000 x 3000 mega pixels from
the dataset were then resized to 750 x 1000 mega pixels. In Python programming, an
adaptive interpolation technique is used to achieve the resize process. This was done to

reduce the large sizes of individual images.

3.4.2 Data annotation

Annotation is a machine learning method that labels data on photos that feature specified
items or objects by putting a bounding box around each crop in the field. The resized
images are labeled in order to pick the suggested region, that's comprised of the respective
crop. The weed regions in individual sub-images were labeled as rectangular bounding
boxes utilizing the python labelling imager program (Labellmg). Only five (5) annotators
were employed in the labeling procedure. The annotator was trained to outline rectangular

bounding boxes surrounding weed spots and the different crops on the farm.

3.4.3 Splitting data
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Given that there is a considerable number of data, it is split into test sets and train sets. A
training set is a subset of data used to train the model. The test set is a subset of
information that may be examined using our qualified model. 254 sub-photographs in
totality were manually labeled and were subsequently splitted between 80% training

dataset and 20% test image. Figure 3.2 shows the pre-processing workflow.

Figure 3.2: Workflow for pre-processing

35 Supervised Learning for both the Faster RCNN and YOLO v5 Models

The labeling of the training and validation datasets results in supervised learning. The
aerial photograph and the associated annotations are part of the dataset supplied into the
convolutional neural network as input. Accordingly, during supervised learning, the
algorithm picks up knowledge from the labeled dataset on how to map a certain input to

a specific output.

3.6  Training the Model with Dataset
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This suggested model was trained on Google Colab having a GPU (NVIDIA GeForce
GTX TITAN X (Linux)) employing Google Colaboratory Free with a GPU R-80 and
RAM 16GB and Google Colaboratory Pro with GPU K80,T4,P100 and RAM 32GB. The
runtime environment for Graphics Processing Units (GPUSs) can considerably expedite
the training process for many Deep Learning models. Tensorflow and CUDA/CuDNN
are implemented to parallelize computations on the GPU. Python 3 programming
notebook was thus uploaded. Numpy 1.19.5 and Tensorflow version 1.15.2 were installed
on the virtual machine for compatibility and to do various mathematical operations, as
well as to determine which GPU was allocated. The dataset was then loaded into the
Google colab workspace, as well as into a "datalab folder,” from where the photos,
annotated files, and separate test samples were obtained. The labels were entered into a
configuration file that defined all detectable classes ("'sugarcane, spinach, pepper, banana,
and weed"). The file names for training and validation were again retrieved by iterating
through all image files. Bounding boxes were made employing the label imager
"Labellmg software," which was also built in Python. Boundaries inside crops are defined
by using coordinates of the bounding boxes in ".XML" formats via XML annotation files.
The following step was to construct labelled tensor matrices (tf_records). Tensorflow
Record files comprise the real input data for the machine learning process in binary
format, making training faster. After that, the dataset is divided into training and testing
data. 80% of the data was used for training, while the remaining 20% was used for testing.
To evaluate the performance of the training, a Tensor board was placed and loaded. Paths
and training parameters were set up to specify what files and model waypoints should be
utilized during the training process, for example. 5 classes were defined, having a learning
rate of 0.0002, a batch size of 32, and so forth. The training on GPU was then carried out

for 10,000 epochs (this reflects the number of iterations the Deep Learning model has
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accomplished over the entire training dataset) took about 27.8minutes to fully complete

and subsequently, 20,000 epochs ran for 54minutes, 100,000 epochs ran for 3.6hours,
200 an for 7.9hours and 242,000 epochs took about 9.6hours to train. Then
the@ was exported. Inference means to apply the model to imagery which
have not been utilised for training. This is the testing dataset. Whenever the loss function

no longer converges and begins to idle about a given value, the training should be

terminated. Figure 3.3 presents the workflow of the training process.

Start
|

UPLOAD AND INSTALL UPLOADING/IMPORTING LABEL

+ Python 3 notebook > | Dataset * Generate bounding box
] with “labellmg”
* Numpy 1.19.5
+ Annotation files and * Generate tensorflow

S el L1559 independent test samples metrics “tf records”

Perfomance
metrics

A

*F1 score
*Accuracy
«Precision
«Recall

Configuration

of the Faster

RLCNN Number of classes

Batchsizeetc.

Figure 3.3: The training process flowchat

3.7 Evaluation and Prediction for both Faster RCNN and YOLO v5 Models
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The trained network is tested utilising test samples, and its performance is assessed
utilizing metrics which include confusion matrix, precision, recall, and F1 score for
various loU ranges. A confusion matrix is used to measure object identification accuracy.
3.7.1 Evaluation of performance
A confusion matrix is an overview of how many predictions a model performed were
accurate and inaccurate. It is beneficial to display both the model's faults and the many
kinds of errors that might occur when predicting an object's classification (Hasan et al.,
2021). Below are the terminologies used in describing the classification results (Maxwell
etal., 2021);
i. True Positives (TP) describes the number of instances that the model accurately
identified a positive sample as positive.
ii. True Negatives (TN) indicates a specific number of instances the classifier
correctly identified a negative sample as negative.
iii. False Positive (FP) describes the frequency with which a negative sample was
incorrectly categorized as a positive sample by the classifier.
iv. False Negative (FN) indicates the frequency with which a positive sample was
incorrectly categorized by the model as negative.
3.7.2 Accuracy metric
The algorithm's performance throughout all classes is often described by its accuracy
metric. It is determined by dividing the number of accurate predictions by the overall
number of predictions (Teimouri et al., 2018).

Truepositive + TrUenegative

Accuracy= (3.1)

TUepositive + TTUCnegativet Falsepositivet Falsenegative

3.7.3 Precision metric
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The precision is computed as the ratio of True Positives to both the total number of False
Positives and True Positives. The precision measures how effectively the model classifies
a sample as positive (Prashanth et al., 2020).

Truepositive

Precision = (3.2

ruepositive+ Falsepositive

The denominator rises and the accuracy becomes low whenever the model produces
numerous wrong Positive classifications or few accurate Positive classifications. On the
other side, the accuracy is higher when the model assigns more correctly classified
positives and assigns less incorrectly classified positives. The accuracy rating ranges from

zero (0) (no precision) to one (1) (complete or perfect precision).

3.7.4 Recall metric

Recall is measured as the proportion of positive samples that were actually accurately
identified as Positive samples to all positive samples. The recall gauges how well the
algorithm can identify positive samples. The greater the number of positive samples
detected, the greater the recall (Jiang et al., 2020).

Truepositive

Recall= (3.3)

TUepositivet FalSenegative
Only the classification of the positive samples is important to the recall. This is unrelated
to the classification of the negative samples, such as for precision. The recall will indeed
be 100% if the algorithm properly identifies all positive samples as positive, even if all
negative samples are wrongly categorized as positive. The outcome is a number that

ranges from 0.0 for no recall to 1.0 for complete or ideal recall.

3.7.5 F1 score metric
The harmonic mean of recall and precision is the F1 score. It accounts for both false

positives and false negatives. This enables the combination of accuracy and recall into a
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single metric that accounts for both characteristics. However neither Precision nor the
Recall by themselves provides the general overview. It is possible to have great recall
with poor precision or poor recall with superb precision. The F1 score offers a means of
expressing both issues with a single score. Once the values for the Precision and Recall
have been predicted, the macro average of both the Precision and Recall for the different

epochs will then be calculated as follows:

Average
. . P(Weeds) + P(Banana) + P(Sugarcane) + P(Spinach) + P(Pepper
Precision= ¢ ) +P( ) +P( g5 )+ P(Sp ) + P(Pepper) (3.4)
Average
Recall= R(Weeds) + R(Banana) + R(Sugasrcane) + R(Spinach) + R(Pepper) (3.5)
2*x(Average Precision+xAverage Recall
F1 Score = ( g g (3.6)

(Average Precision+Average Recall)

3.8 Flow Chart for the YOLO v5 Algorithm

The Site Specific Weed Management was implemented employing a YOLO v5 which is
a Deep Learning (DL) algorithm. This DL algorithm will evaluate on the validation set
then generalize on the testing set after being trained. Figure 3.4 presents the workflow for

the methodology of YOLOV5s processing, data acquired and processing.
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Figure 3.4: The workflow for the methodology of YOLO v5 processing

3.8.1 Pre-processing of images
The dataset were pre-processed to meet the dimensions that will properly fit into the
architecture of the YOLO v5 model and manually annotated. The following steps were
taken to achieve the desired results:

i.  Image Resizing

ii.  Data Annotation

ii.  Splitting of Data

3.8.1.1 Image resizing

The initial dimensions of the raw aerial photographs were too large to match up the
memory for processing as a result, each raw photographs of 4000 x 3000 mega pixels
taken from the dataset were then resized into 416 x 416 pixels to fit into the architecture
of the Yolov5 model. With Python programming, an adaptive interpolation technique
performs the resizing action.

3.8.1.2 Data annotation

Annotation is a machine learning method that labels data on photographs that constitute
specified objects by putting a bounding box around each crop in the field. The images
that have been resized are labeled to pick the proposed region, which is made up of
separate crops. The weed regions in individual sub-images were labeled as rectangular
bounding boxes utilizing the python labelling imager program (Labellmg). Five (5)
annotators were employed in the labeling procedure. The annotator was trained to outline

rectangular bounding boxes surrounding weed spots and the different crops on the farm.

3.8.1.3 Splitting data
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About 223 aerial photographs made up the dataset used to process the algorithm. This
dataset was subsequently divided into Training Set of 156 (70%), Validation Set of 45
(20%) and Test Set of 22 (10%) photographs. A training dataset is a subset of data used
to train the classifier. The test set is a subset of data that may be examined utilizing the
trained model and the validation set is used to assess the models’ performances. Despite
the fact that validation metrics are relatively low, the results of algorithms validated
utilizing an external validation dataset simply make the validation extra reliable for the

actual implementation in the field. Figure 3.5 presents the pre-processing workflow.

Image Image Data

Resizing Annotation Splitting

Figure 3.5: Workflow for pre-processing of YOLO v5 dataset

3.9  Training, Validation and Test of YOLO v5 Model

YOLOV5 uses a darknet framework. Google Colaboratory was employed to perform data
processing and analysis (Colab). Because training a neural network requires a virtual
computer to operate for 12 hours and requires little computing effort, Colab Free was
employed for this segment of the study. A GPU R-80 and 16GB of RAM were used for
learning and identification operations (NVIDIA GeForce GTX TITAN X). A workstation

running Ubuntu 18.04 with GPU acceleration served as the operating system for the
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virtual machine employed in the current investigation. Python 3.8 programming was used

to code and complete all Colab analysis.

The dataset were assembled representing the images with labelled bounding boxes around
the weeds and crops that are to be detected. All dataset were exported in the YOLOv5s
format. In training the model, a number of arguments were passed such as defining the
Image size of 416 x 416, because the model was more sophisticated, a batch size of 16
photographs was employed. The dataset was then sub-divided into a training set of 156,
Validation Set of 45 and a Testing Set of 22. Training epochs were set at 100, 300, 500,
600, 700 and 1000, 5 classes were set for the models classification, the dataset location
was set and the training process was carried out using the pre-trained weights that the
YOLO programmers made available. The information is initially uploaded into CSP
(Cross Stage Partial Network) to retrieve attributes of weeds and crops after being
submitted with all the image data. The Head component is ultimately utilized to report
data like class, grades, position, and object size. The focus module is used in the Backbone
stage to retrieve useful information features. In evaluating the YOLO v5 model
performance, training losses and performance metrics are saved to Tensorboard and
further to a logfile. Then inference is run with the trained weights on contents of
“test/images” folder or logfile (i.e. which is used for making real-world predictions and
classification). The expended time for 100 epochs was 4minute 62 seconds, 300 epochs
was 1lminutes 88seconds, 500 epochs was 18minutes 48seconds, 600 epochs was
22minutes 92seconds, 700 epochs was 25minutes 86seconds, and 1000 epochs was

38minutes 22seconds. Figure 3.6 depicts a pictorial workflow of the YOLO v5 model.
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Figure 3.6: Process flow of YOLOv5

CHAPTER FOUR

4.0 RESULTS AND DISCUSIONS

4.1 Results and Discussions for the Faster RCNN

This section presents the findings achieved while employing the Faster Region-based
Convolutional Neural Network with inception v2 model for weed detection and
classification in a mixed farm over 10,000, 20,000, 100,000, 200,000, 242,000 epochs are
addressed. The research was carried out on Google Colaboratory employing Python

programming, mostly utilizing the Tensorflow library.

4.1.1 Training loss graphs

Figures 4.1-4.5 show all of the usual training loss graphs together with the dataset, and
all the losses over all the the five (5) distinct epochs considerably decreased as the number

of training epochs increased all through the training process. The training loss represents
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how effectively the algorithm matches the training data (Bontonou et al., 2019). The
steady drop in training losses from Figure 4.1 to Figure 4.5 merely shows that the model
kept learning throughout the training session with an increment in the number of epochs
to a maximum of 242,000, beyond which there was no more significant learning from the
training data. The training loss curves in Figure 4.1 were partially reduced, indicating that
the model was still learning. The training loss starts to decrease in Figure 4.2. Between
Figure 4.3 to 4.5, the training loss curves declined significantly and smoothed out at
242,000 epochs, where it stabilized at 0. The total loss values are represented on the y
axis, and the number of epochs is represented on the x axis (the number of epochs refers
to how many instances the learning algorithm will run over the full training dataset).
Figure 4.1 to Figure 4.5 were exported from a visualization tool-TensorBoard.
Additionally, the training time over the training epochs of 10,000, 20,000, 100,000,
200,000 and 242,000 were 27.8minutes, 54minutes, 3.6hours, 7.9hours and 9.6hours

using Google Colaboratory.
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Figure 4.1: Total loss for 10,000 epochs
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Figure 4.2: Total loss for 20,000 epochs
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Figure 4.3: Total loss for 100,000 epochs
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Figure 4.5: Total loss for 242,000 epochs

4.2  Confusion Matrix for 10,000 Epochs

The confusion matrices which is an evaluation of precision in Convolutional Neural
Networks based Deep Learning as espunged by (Maxwell et al., 2021), was explored for
Weed, Sugarcane, Banana, Spinach, and Pepper identification using the Faster RCNN
Deep Learning model spanning five (5) different epochs have been shown in Table 4.1,
Table 4.3, Table 4.5, Table 4.7 and Table 4.9. The diagonal values depict the accurate
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estimates. The maximum accuracy recorded was 98.4% after the model had been trained
with a batch sizes of 32 at 200,000 epochs. With respect to the hyperparameter value of
batch size of 32, with 10,000 epochs in Table 4.1, the model successfully classified 75 %
annotations of sugarcane out of 191 annotations of sugarcane and just 1 % annotation was
mis-classified whereas 24 % annotations remained unsorted. 90 % of the annotations of
spinach out of 145 spinach annotations were successfully classified and only 1 % was
misclassified while 9 % also remained unsorted. Also, 92 % annotations of pepper were
successfully classified out of a total of 204 annotations of pepper while 6 % remained
unsorted. Further, 88 % annotations of Banana out of 65 annotations of Banana were
correctly classified and just 3 % were not properly classified while 9 % remained
unsorted. Ultimately, the classifier accurately determined 8 % annotations of weed out of
372 annotations of weed and just 3 % annotations of weed were not properly classified

while 89 % annotations of weed remained unsorted.

Table 4.1: Confusion matrix at 10,000 epochs

Sugarcane Spinach Pepper Banana Weed Unsorted Total

Sugarcane 144 0 2 0 0 45 191
Spinach 0 130 2 0 0 13 145
Pepper 0 0 187 0 0 17 204
Banana 1 0 1 57 0 6 65
Weed 7 0 5 1 29 330 372
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Unsorted 52 13 177 9 29 0 180

Total 204 143 274 67 58 411 1157

4.2.1 Precision and recall values for 10,000 epochs

In Table 4.2, the precision and recall values for 10,000 epochs are shown. The Precision
value ranges from O (which means no precision) to 1 (which means perfect precision).
Spinach had the highest precision of all classes (around 0.909), followed by banana,
sugarcane, and pepper, whereas weed had the lowest precision (at approximately 0.500).
Similar to precision, the Recall value ranges from 0 to 1. In terms of recall, "pepper" had
the maximum value (about 0.917), followed by "spinach,” "banana," "sugarcane,” and
"weed" (around 0.789), that had the lowest score. This indicates that while the model
was able to identify positive samples of "spinach,” "banana,"” "sugarcane,"” and "pepper,"

it could not identify as many positive samples of "weed".

Table 4.2: Precision and recall for 10,000 epochs

Category Precision Recall

Sugarcane 0.7058823529 0.7539267016
Spinach 0.9090909091 0.8965517241
Pepper 0.6824817518 0.9166666667
Banana 0.8507462687 0.8769230769
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Weed 0.5000000000 0.0779569892

4.3  Confusion Matrix for 20,000 Epochs

Table 4.3 shows the confusion matrix that was generated for 20,000 epochs. The findings
demonstrates that the algorithm was capable of correctly classifying 88% annotations of
sugarcane out of 191 annotations of sugarcane, while 12% annotations of sugarcane
remained unsorted. Likewise, out of 145 annotations of spinach, 97% were accurately
classified, whereas the remaining 3% remained unsorted. In addition, out of 204
annotations of pepper, 95% were accurately classified, while 5% remained unsorted.
Furthermore, out of 65 annotations of banana, 97% were accurately classified, while the
remaining 3% remained unsorted. Ultimately, out of 372 annotations of weed, the
algorithm correctly identified 52% annotations of weed, and just 0.5% annotations of
weed were wrongly classified, leaving 47% of them unsorted. The accuracy of the weed
classification at this epoch is just slightly better in comparison to the accuracy at 10,000

epochs.

Table 4.3: Confusion matrix for 20,000 epochs

Sugarcane Spinach Pepper Banana Weed Unsorted Total

Sugarcane 169 0 0 0 0 22 191
Spinach 0 141 0 0 0 4 145
Pepper 0 0 193 0 0 11 204
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Banana 0 0 0 63 0 2 65

Weed 1 1 0 0 195 175 372
Unsorted 24 6 14 4 96 0 144
Total 194 148 207 67 291 214 1121

4.3.1 Precision and recall values for 20,000 epochs

Table 4.4 displays the precision and recall values that were derived for 20,000 epochs.
The Precision and Recall values for spinach were the maximal, coming in at roughly
0.952 and 0.972, correspondingly. This is closely preceded by “Banana”, “pepper”,
“sugarcane” and “weed”. This indicates that while the model was capable of detecting

positive samples for “sugarcane”, “spinach”, “pepper” and “banana”, it did so less

frequently for "weed".

Table 4.4: Shows the precision and recall for 20,000 epochs

Category Precision Recall
Sugarcane 0.8711340206 0.8848167539
Spinach 0.9527027027 0.9724137931
Pepper 0.9323671498 0.9460784314
Banana 0.9402985075 0.9692307692
Weed 0.6701030928 0.5241935484
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4.4  Confusion Matrix for 100,000 Epochs

The confusion matrix and the precision and recall values generated when the model was

trained at 100,000 epochs, correspondingly, are shown in Tables 4.5 and 4.6. The outcome

demonstrates that of 191 annotations of sugarcane, the classifier was capable of

accurately classifying 100% of them. Additionally, 100% of the 204 annotations of

pepper and 100% of the 145 annotations of spinach were both accurately classified.

Similarly, out of 65 banana annotations, 100% were classified accurately. Ultimately, out

of 372 weed annotations, the model correctly identified 98% of them, whereas the

remaining 2% remained unsorted.

Table 4.5: Confusion matrix for 100,000 epochs

Sugarcane Spinach Pepper

Banana Weed Unsorted Total

Sugarcane

Spinach

Pepper

Banana

Weed

Unsorted

Total

191

192

145

145

204

206

65

66

363

14

377

191

145

204

65

372

18

995
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4.4.1 Precision and recall values for 100,000 epochs

The class with the highest possible precision was "spinach," preceded by "pepper,"
"banana,” and "weed," in that sequence, as shown by the results displayed in Table 4.6.
The classes containing the highest recall values are "sugarcane," “spinach," "pepper,"
"banana,” and "weed," in that sequence. In spite of the fact that "weed" again produced
the lowest precision and recall values at this epoch, it was found that these values had
greatly improved particularly in comparison to the outcomes of the model's training at
20,000 epochs, reaching roughly 0.96 and 0.98, correspondingly. This indicates that the
classifier was successful in identifying weed-positive samples at this point in time and

that training tends to improve when more training epochs are added.

Table 4.6: Precision and recall values for 100,000 epochs

Category Precision Recall
Sugarcane 0.9947916667 1.0
Spinach 1.0 1.0
Pepper 0.9902912621 1.0
Banana 0.9848484848 1.0
Weed 0.9628647215 0.9758064516

45  Confusion Matrix for 200,000 Epochs
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Table 4.7 shows the confusion matrix that was generated after the network was trained at
200,000 epochs, and Table 4.8 shows the precision and recall values that were also
generated at this epoch. At 200,000 epochs, the classifier was found to be 100% accurate
in classifying 191 annotations of sugarcane, 100% accurate in classifying 145 annotations
of spinach, and 100% accurate in classifying 204 annotations of pepper. Additionally, all
65 annotations of banana were accurately classified, making 100% of them bananas.
Ultimately, out of 372 weed annotations, the model correctly identified 99% of them, and
just 0.8% remained unsorted. The trend of the results demonstrates that though the model
has categorized all the annotated photographs of the different crops at 100,000 epochs

successfully, it continues to get better at classifying weed as the epoch advances.

Table 4.7: Shows the confusion matrix for 200,000 epochs

Sugarcane Spinach Pepper Banana Weed Unsorted Total

Sugarcane 191 0 0 0 0 0 191
Spinach 0 145 0 0 0 0 145
Pepper 0 0 204 0 0 0 204
Banana 0 0 0 65 0 0 65
Weed 0 0 0 0 369 3 372
Unsorted 2 0 3 1 7 0 13
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Total 193 145 207 66 376 3 990

4.5.1 Precision and recall values for 200,000 epochs

Based on the precision values found in Table 4.8, it was determined that the classes with
the highest precision were "spinach” and “banana,” then "sugarcane,” "pepper,” and

finally "weed," that had increased to 0.98. Additionally, the classes having the best recall

were "sugarcane,” "spinach,” "pepper,” "banana,” and finally "weed," which also

considerably improved to 0.9919, showing the classifier was capable of detecting positive

samples of "weed" over time.

Table 4.8: Precision and recall for 200,000 epochs

Category Precision Recall
Sugarcane 0.9896373057 1.0
Spinach 1.0 1.0
Pepper 0.9855072464 1.0
Banana 1.0 1.0
Weed 0.9813829787 0.9919354839

4.6 Confusion Matrix for 242,000 Epochs
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Tables 4.9 and 4.10 exhibit the outcome of the model's training at 242,000 epochs. The
classifier flattened out and the weeds' precision started declining at 242,000 epochs. This
meant that the classifier was no longer picking up new information from the training
dataset, hence it was not necessary to go beyond 242,000 epochs. The confusion matrix
is shown in Table 4.9, whereas Table 4.10 displays the precision and recall figures. With
the exception of weed, all of the annotated crops could be effectively classified by the
classifier at this time. Of the 372 annotations of weed, the model correctly identified 99%,

meaning that 0.5% of the weed annotations were misclassified.

Table 4.9: Confusion matrix for 242,000 epochs

Sugarcane Spinach Pepper Banana Weed Unsorted Total

Sugarcane 191 0 0 0 0 0 191
Spinach 0 145 0 0 0 0 145
Pepper 0 0 204 0 0 0 204
Banana 0 0 0 65 0 0 65
Weed 0 0 0 0 370 2 372
Unsorted 3 1 3 1 18 0 26
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Total 194 146 207 66 388 2 1003

4.6.1 Precision and recall values for 242,000 epochs

Table 4.10's precision and recall values show that the classifier was starting to flatten out
since the accuracy values started to decline, with the exception of "banana," that remained
relatively stable. Although the recall value only slightly increased from 0.991 to 0.995,
the precision value of "weed" decreased from 0.98 to 0.95, indicating that the training for
classification and detection had achieved a saturation point during which moment the loss
curve flattened out. This suggests that adding more epochs than 242,000 won't result in

any substantial improvements in the classification and detection of weeds.

Table 4.10: Precision and recall for 242,000 epochs

Category Precision Recall
Sugarcane 0.9845360824 1.0
Spinach 0.9931506849 1.0
Pepper 0.9855072464 1.0
Banana 1.0 1.0
Weed 0.9536082474 0.9946236559

4.7 Performance of Faster RCNN Model Showing the Cumulative Result from the

Accuracy Metrics.
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The overall accuracy was 52.6 %, 67.9 %, 97.3 %, 98.4 %, and 97 % for 10,000 epochs,
20,000 epochs, 100,000 epochs, 200,000 epochs, and 242,000 epochs, respectively. This
indicates that significant improvements in the network’'s performance have been
continuous as it trained with increment in epochs, particularly when the training epochs
were extended gradually from 10,000 to 200,000 even as the batch size for the algorithm
remained constant. The number of instances the learning algorithm will cycle through the

full training dataset is known as an epoch (Brownlee, 2018).

The cumulative performance was then reported at 10,000 epochs with an average
precision of 73 %, an average recall of 70.4 %, and an F1 score of 71.7 %, and at 20,000
epochs with an average precision of 87.3 %, an average recall of 85.9 %, and an F1 score
of 86.6 %. When the training epoch was changed to 100,000, it was found that the average
average precision was 98.7 %, the average recall was 99.5 %, and the F1 score was 99.1
%; however, when the training epoch was changed to 200,000, the average precision was
99.1 %, the average recall was 99.8 %, and the F1 score was 99.4 %. Lastly, when the
training epoch was raised to 242,000, the average precision, average recall, and F1 score
were generated and are displayed in Table 4.11 to be 98 %, 99.9 %, and 99.1%,
correspondingly. The corresponding times for 10,000 epochs, 20,000 epochs, 100,000
epochs, 200,000 epochs and 242,000 epochs were 27.8minutes, 54minutes, 3.6hours,

7.9hours and 9.6hours.

Table 4.11: Performance of faster RCNN inception v2 model showing the cumulative

result from the accuracy metrics.

Epochs Accuracy Average Average F1 score

Precision Recall
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10,000 0.5259615385 0.7296402565  0.7044050317 0.7168006091
20,000 0.6788581624 0.8733210947  0.8593466592 0.8662175648
100,000 0.9728643216  0.986559227  0.9951612903 0.9908415891
200,000 0.9838383838 0.9913055062  0.9983870968 0.9948336993
242,000 0.9720837488 0.9833604522 0.9989247312  0.9910814888

The accuracy, precision, F1 score and recall for the five epochs are compared in Table
4.11. Once contrasted to other epochs, the precision, accuracy, and F1 scores of
inceptionV2 at 200,000 epochs and 32 batch size produced the best results, which makes
it the perfect training epoch for accurate weed and crop identification. Using random
testing photographs, the same InceptionVV2 model was evaluated, and the outcomes are
depicted in Plate V down to Plate IX. The findings collected indicate that the classifier
had a very high degree of confidence in its ability to effectively detect the weed even

amongst the sugarcane, spinach, pepper, and banana.

Additionally, the performance of weed detection and classification outcomes was also
examined. The classification accuracy of the deployed model for 10,000 epochs was 52.5
%, the "weed precision achieved 50 %", the "weed recall achieved 7.7 %", and the "F1
score also achieved 71.6 %". Furthermore, the model achieved a "classification accuracy
of 67.8%", "weed precision of 67%," "weed recall of 52.4%," and an F1 score of 85.9%
over 20,000 epochs. Likewise, 100,000 epochs produced “classification accuracy results
of 97.2 %", "weed precision™ results of 96.2 % was achieved, "weed recall" results of
97.5 % was achieved, and an F1 score of 99 % was also achieved, whereas 200,000

epochs produced "classification accuracy results of 98.3 %", "weed precision” results of
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98.1 % was achieved, "weed recall” results of 99.1 % was achieved, and an F1 score of
99.4 % was also achieved. Lastly, 242,000 epochs produced "classification accuracy
results of 97 %","weed precision of 95 % was achieved, "weed recall of 99 % was

achieved and a F1 scores of 99 % was also achieved over the metrics.

In addition, it was identified that the automatic "weed" classifier had the maximum
precision (98.4%) at 200,000 epochs before accuracy began to decline at 242,000 epochs
and fell to 97%, whereas the "weed" precision likewise reduced from 0.98 at 200,000

epochs to 0.95 at 242,000 epochs.

4.8  Classification on Testing Dataset

The Faster Region based Convolutional Neural Network model was used to identify and
categorize crop images over 10,000, 20,000, 100,000, 200,000, and 242,000 epochs.
Examples of typical photographic outcomes of the classifier are shown in Plates V to IX,
demonstrating the model's capability to detect and categorize weeds from several other
crops for each testing image on the test set. A predicted bounding box of weeds and
sugarcane crops is shown in Plate V at 10,000 epochs. Weeds here were likewise only
partly detected in the photograph using predicted bounding boxes and an accuracy of 62%
due to their tiny size and the overlap of sugarcane leaves. The percentages of weeds,
spinach, banana crops, and sugarcane within 20,000 epochs are displayed in Plate VI. The
accuracy for banana crop is 99 %, spinach is 99 %, and sugarcane was about 97%. In the
case where the weeds were apparent, the model correctly identified the annotated weeds
in the farm photograph with 99% accuracy. At 100,000 epochs in Plate VII, the classifier
had a weed detection rate of almost 98%. The classifier demonstrated its ability to detect
the weeds in the sugarcane regions to a high degree of 99% in the following plots, which

is displayed at 200,000 epochs in Plate VIII, and this was largely facilitated by the
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classifier's learning ability with increase in the number of epochs. The detection and
classification of weeds began to become less accurate in Plate 1X at 242,000 epochs, and
it was recognized that the model had achieved a saturated state. The accuracy decreased
from 99% at 200,000 epochs to 96% at 242,000 epochs. When evaluated with crops in a
mixed farm, the classifier is capable of constructing a decision boundary to accurately

identify weeds from crops with a low frequency of misclassifications.

Plate V: The classifier’s confidence in detecting and classifying weed classes was 62 %

in accuracy at 10,000 epochs from the image
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Plate VI: The classifier’s confidence in detecting and classifying weed classes was 67 %

in accuracy at 20,000 epochs from the image
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Plate VII: The classifier’s confidence in detecting and classifying weed classes was 98

% in accuracy at 100,000 epochs from the image
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banana_trees: 94%

Plate VIII: The classifier’s confidence in detecting and classifying weed classes was 99

% in accuracy at 200,000 epochs from the image

76



Plate IX: The classifier’s confidence in detecting and classifying weed classes was 96 %

in accuracy at 242,000 epochs from the image

4.9 Results and Discussions for the YOLO v5

In this section, the results obtained using the YOLO V5 architecture for classification of
weeds in a mixed irrigation farm over 100, 300, 500, 600, 700 and 1000 epochs are
addressed. Python programming was used to conduct the investigations on Google Colab,

mostly utilizing the Darknet framework.

The dataset were assembled representing the images with labelled bounding boxes around
the weeds and crops that are to be detected. All dataset were exported in the YOLOV5s
format. In training the Yolov5 model, a number of arguments were passed such as
defining the image size of 416 x 416 and employing a batch size of 16 photographs due

to the complexity of the model. The dataset were splitted into a training set made up of
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70 % of the dataset, a validation set made up of 20 %, and a testing set made up of 10 %.
Training epochs were set at 100, 300, 500, 600, 700 and 1000, 5 classes were set for the
models classification, the dataset location was set and the training applied to the pre-
trained weights made available by the YOLO developers. The expended time for 100
epochs was 4minute 62 seconds, 300 epochs was 11minutes 88seconds, 500 epochs was
18minutes 48seconds, 600 epochs was 22minutes 92seconds, 700 epochs was 25minutes

86seconds, and 1000 epochs was 38minutes 22seconds.

4.9.1 Training loss graphs from YOLOv5

The training loss per network epoch was determined so as to evaluate how well the
network training process performed. The network went through 100, 300, 500, 600, 700
and 1000 epochs, it can be seen that the training losses decreased all through from Figure
4.6 down to Figure 4.11 meaning that the model was learning. The model keeps learning
as it goes through even more epochs, which leads to less training loss in later epochs. In
Figure 4.6, the loss curve started declining at a considerable rate. From 300 epochs in
Figure 4.7, the author observed a loss that is mostly constant from Figure 4.7 to Figure
4.11. This indicates however that the network is learning with increasing accuracy, which
shows that the training loss was presumably minimal, as illustrated graphically in Figure
4.7 to Figure 4.11. From Figure 4.9 to Figure 4.10, the loss curve had no significant
improvement meaning the training curve flattened out at 600 epochs in Figure 4.9. The
lower the loss becomes, the better the model performance will be. The number of epochs
is shown on the x-axis, while the loss value is shown on the y-axis. The graphs were

extracted from Tensorboard Visualization.
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Figure 4.6: The train/classification loss for 100 epochs
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Figure 4.7: The train/classification loss for 300 epochs
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Figure 4.8: The train/classification loss for 500 epochs
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Figure 4.9: The train/classification loss for 600 epochs
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Figure 4.10: The train/classification loss for 700 epochs
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Figure 4.11: The train/classification loss for 1000 epochs

4.9.2 Validation graphs from YOLO v5

The developed model's performance was evaluated using the validation dataset. The step
by step validation losses of the model are shown in Figure 4.12 to Figure 4.17. As
observed from the plots, the models converge gradually and poorly at 100 epochs in
Figure 4.12, but converge better as the loss function diminishes while it trains in Figure

15 and remain constant down to Figure 4.17. This is in line with the theory that the model
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is constantly tweaking its parameters and picking up relevant feature of the crops and
weeds without “overfitting” when the network learns the training data well, but performs
poorly on the generated data and “underfitting” when the algorithm is not able to model
either the training data or testing data. Figure 4.12 to Figure 4.17 indicates a possible
optimal case. The number of epochs is represented on the x-axis and y-axis represents the

validation loss values.
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Figure 4.12: Validation loss for 100 epochs
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Figure 4.13: Validation loss for 300 epochs
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Figure 4.15: Validation loss for 600 epochs
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Figure 4.16: Validation loss for 700 epochs
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Figure 4.17: Validation loss for 1000 epochs

4,10 Confusion Matrix for 100 Epochs

The Confusion Matrix for multi - class classification is shown in Figure 4.18 (in this case,
5 classes). The number of TP elements for each class is displayed on the diagonal (top
left to bottom right) as follows: 53% of all objects in the class of banana trees, 32% of all
objects in the class of spinach, 10% of all objects in the class of sugarcane, and 1% of all

objects in the class of weeds were properly categorized. Additionally, 13% of all banana-
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class objects were mistakenly predicted as sugarcane-class objects, another 33 % of
objects of the weed class were tagged as unidentified by YOLO (unsorted). 3 % of all
objects of spinach class were misclassified as sugarcane and 65% were classified as
unknown. 5 % of all objects of sugarcane class were misclassified as spinach while 86 %
were classified as unknown, and 99 % of all objects of the weed class was classified as

unknown and were not categorized into any class by the classifier.
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Figure 4.18: Confusion matrix for 100 epochs

4.10.1 Precision and recall values and graphs for 100 epochs

In Table 4.12, the value of Precision is within O (absence of precision) and 1.0 (ideal

precision). The most precise class was ‘pepper’ (an approximate of 0.947) preceded with
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‘spinach’, ‘banana crop’, ‘sugarcane crop’ and ‘weed plants’ (at approximately 0.0504)
as the least. The Recall value ranges from 0 (absence of precision) to 1.0 (ideal precision).
The class with the best Recall was ‘banana’ (an approximate of 0.615) preceded with
‘spinach’, ‘sugarcane crop’, ‘weed’ and ‘pepper crop’(at approximately 0.0167) as the
least indicating that less positive samples of "weed" and "pepper” were found, but the
classifier was capable of identifying positive samples of "spinach crops,” "banana crops,"

and "sugarcane crops".

Table 4.12: Precision and recall for 100 epochs

Category Precision Recall
Sugarcane 0.141 0.116
Spinach 0.378 0.375
Pepper 0.947 0.0167
Banana 0.156 0.615
Weed 0.0504 0.013

Figure 4.19, depicts the models precision curve metric that estimates the proportion of
accurate bounding box predictions. While Figure 4.20 depicts the recall curve metric that
determines the percentage of the actual bounding box that was successfully predicted. In
Figure 4.19, the model began improving swiftly from around 40 epochs all through to 98
epochs where it slightly dropped in precision on the precision curve while in Figure 4.20,
the recall curve also improved from 15 epochs which means the model is gradually

learning. The y-axis demonstrates the value of precision for Figure 4.19 and the x-axis
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displays the different ranges of epochs while the y-axis depicts the recall value for Figure

4.20 and x-axis displays the different ranges of epochs.
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Figure 4.19: Depicts the precision metrics curve at 100 epochs
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Figure 4.20: Depicts the recall metrics curve at 100 epochs

4,11 Confusion Matrix for 300 Epochs

The Confusion Matrix for multiclass classification is displayed in Figure 4.21 (in this
case, 5 classes). The number of TP combinations for every class is displayed on the
diagonal, from top left to bottom right: 92% of all objects in the class of banana trees,
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70% of all objects in the class of peppers, 97% of all objects in the class of spinach, 84%
of all objects in the class of sugarcane, and 45% of all objects in the class of weed were
properly categorized. Also, 8 % of all objects of the banana class were found by YOLO
as unknown, another 2 % of all objects of the pepper class were misclassified spinach and
28 % were found by YOLO as unknown. 3 % of all objects of spinach was found by
YOLO as unknown, 16 % of all objects of sugarcane class were categorized as unknown.
55 % of all the objects of weed class were classified as unknown and were not categorized

by the classifier into any class.
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Figure 4.21: Confusion matrix for 300 epochs

4.11.1 Precision and recall values and graphs for 300 epochs

The precision and recall values are displayed in Table 4.13. The value of Precision ranges
from O (absence of precision) to 1.0 (for an ideal precision). The most accurate class in
terms of Precision and Recall was ‘spinach’ (at an approximate of 0.809 and 0.927)
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correspondingly. Preceded with “banana crop”, “sugarcane”, “pepper crop” and “weed
plant” with Precision and Recall (at approximately 0.458 and 0.319) as the least. This
indicated that while the classifier was capable of identifying positive samples of

"spinach,” "banana,” and "sugarcane", it did not identify as many positive samples of

"weed".

Table 4.13: Precision and recall for 300 epochs

Category Precision Recall
Sugarcane 0.653 0.721
Spinach 0.809 0.927
Pepper 0.541 0.650
Banana 0.685 0.923
Weed 0.458 0.319

Figure 4.22, depicts the models precision curve metric that determines the proportion of
accurate bounding box predictions. While Figure 4.23 depicts the recall curve metric that
determines the percentage of the actual bounding box that was successfully predicted. In
Figure 4.22, the model began improving swiftly from around 100 epochs all through to
300 epochs on the precision curve and in Figure 4.23, the recall curve also improved
swiftly all the way to 300 epochs which means the model was learning. The precision and
recall capture the model performance, so the higher they are the better the model becomes.

The y-axis demonstrates the value of precision for Figure 4.22 and the x-axis displays the
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different ranges of epochs while the y-axis depicts the recall value for Figure 4.23 and x-

axis shows the different ranges of epochs.
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Figure 4.22: Depicts the precision metrics curve at 300 epochs
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Figure 4.23: Depicts the recall metrics curve at 300 epochs
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4.12  Confusion Matrix for 500 Epochs

The Confusion Matrix for multi - class classification is shown in Figure 4.24 (in this case,
5 classes). The number of TP elements for each class is displayed on the diagonal (top
left to bottom right) as follows: 85% of all items in the class of banana trees, 77% of all
objects in the class of pepper, 94% of all objects in the class of spinach, 83% of all objects
in the class of sugarcane, and 54% of all objects in the class of weed were properly
categorized. Additionally, 15 % of all objects of the banana class were found by YOLO
as unknown, another 23 % of all objects of the pepper class were found by YOLO as
unknown. 6 % of all objects of the spinach class were discovered by YOLO as
unidentified, 17 % of all objects of sugarcane class were categorized as unknown. 1 % of
all the objects of weed class were classified as sugarcane and 45 % of all objects of weed
class were found by YOLO as unknown and had not been categorized into any class by

the classifier.
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Figure 4.24: Confusion matrix for 500 epochs

4.12.1 Precision and recall values and graphs for 500 epochs

As observed in Table 4.14, the most accurate class in terms of Precision and Recall was
observed to be ‘spinach’ (at an approximate of 0.902 and 0.875) followed by ‘sugarcane’,
‘weed’, ‘banana’ and ‘pepper’ (at approximately 0.560) as the least. Then the Recall
values followed in the order of ‘sugarcane’, ‘banana’, ‘pepper’ and ‘weed’ (at
approximately 0.269) as the least meaning that the classifier was capable of identifying
Positive samples for “spinach crops”, “banana crops” and “sugarcane crops” but it did
not identify many positive samples of “weed plants” but with great improvement in

“weed” Precision initially from “0.458” at 300 epochs to ‘0.747’ at 500 epochs.
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Table 4.14: Precision and recall for 500 epochs

Category Precision Recall
Sugarcane 0.876 0.825
Spinach 0.902 0.875
Pepper 0.560 0.483
Banana 0.734 0.769
Weed 0.747 0.269

Figure 4.25, depicts the models precision curve metric that determines the proportion of
accurate bounding box predictions. While Figure 4.26 depicts the recall curve metric that
determines the percentage of the actual bounding box that was successfully predicted. In
Figure 4.25, the model began improving swiftly from around 100 epochs all through to
500 epochs on the precision curve and in Figure 4.26, the recall curve also improved
swiftly all the way to 500 epochs which means the model was learning. The precision and
recall capture the model performance, so the higher they are the better the model becomes.
The y-axis demonstrates the value of precision for Figure 4.25 and the x-axis displays the
different ranges of epochs while the y-axis depicts the recall value for Figure 4.26 and x-

axis displays the different ranges of epochs.
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Figure 4.26: Depicts the recall metrics curve at 500 epochs
4.13  Confusion Matrix for 600 Epochs

The Confusion Matrix for multi - class classification is displayed in Figure 4.27 (in this
case, 5 classes). The number of TP combinations for each class is displayed on the
diagonal, from top left to bottom right: 100% of all items in the banana tree class, 72% of
all objects in the pepper class, 94% of all objects in the spinach class, 81% of all objects

in the sugarcane class, and 56% of all objects in the weed class were properly categorized.
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Also 28 % of all objects of the pepper class were found by YOLO as unknown. 6 % of
all objects of the spinach class were found by YOLO as unknown, 19 % of all objects of
sugarcane class were classified as unknown and 44 % of all objects of weed class were

found by YOLO as unknown and could not be categorized into any class by the classifier.
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Figure 4.27: Confusion matrix for 600 epochs

4.13.1 Precision and recall values and graphs for 600 epochs

From the Precision and the Recall values presented in Table 4.15, it can be observed that
the most accurate class in terms of Precision was “spinach” (at an approximate of 0.932)
Preceded with “banana crops”, “sugarcane crops”, “weed plants” which improved to
‘0.782’ and then “pepper” as the least. Also, the most accurate class in terms of Recall

was “banana crops” (at 1.000) preceded with “spinach crops”, “sugarcane crops”, “pepper

crops” and “weed plants” (at an approximate of 0.338) that also improved from ‘0.269’
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at 500 epochs indicating that the classifier could slowly but steadily recognize positive

samples of "weed".

Table 4.15: Precision and recall for 600 epochs

Category Precision Recall
Sugarcane 0.814 0.674
Spinach 0.932 0.906
Pepper 0.700 0.544
Banana 0.891 1.000
Weed 0.782 0.338

Figure 4.28, depicts the models precision curve metric that determines the proportion of
accurate bounding box predictions. While Figure 4.29 depicts the recall curve metric that
determines the percentage of the actual bounding box that was successfully predicted. In
Figure 4.28, the model began improving swiftly from around 100 epochs all through to
600 epochs on the precision curve and in Figure 4.29, the recall curve also improved
swiftly all the way to 600 epochs which means the model was learning. The precision and
recall capture the model performance, so the higher they are the better the model becomes.
The y-axis demonstrates the value of precision for Figure 4.28 and the x-axis displays the
different ranges of epochs while the y-axis depicts the recall value for Figure 4.29 and x-

axis demonstrates the different ranges of epochs.
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Figure 4.28: Depicts the precision metrics curve at 600 epochs
metrics/recall
tag: metrics/recall

07 4

065 4

Figure 4.29: Depicts the recall metrics curve at 600 epochs

4.14  Confusion Matrix for 700 Epochs

The Confusion Matrix for multi - class classification is shown in Figure 4.30 (in this case,
5 classes). The number of TP elements for every class is displayed on the diagonal (top

left to bottom right) as follows: 92% of all items in the "banana trees" class, 73% in the
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"pepper" class, 94% in the "spinach™ class, 81% in the "sugarcane” class, and 52% in the
"weed" class were properly categorized. Also, 8 % of all objects of banana class were
found by YOLO as unknown, 27 % of all objects of the pepper class were found by YOLO
as unknown. 6 % of all objects of the spinach class were identified as unknown by YOLO,
19 % of all objects of sugarcane class were classified as unknown and 48 % of all objects
of weed class were found by YOLO as unknown and could not be categorized by the

classifier into any class.
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Figure 4.30: Confusion matrix for 700 epochs

4.14.1 Precision and recall values and graphs for 700 epochs

From the Precision and the Recall values displayed in Table 4.16, The classifier appeared
to be flattening out as the precision values started to decline with an exception for

‘spinach’ that slightly increased with a ‘0.001° margin. The value of Precision of “weed
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plants” reduced from “’0.782’ to ‘0.433” although the value of Recall increased slightly
from °0.338’ to 0.429’ this indicates that the loss curve flattened at this epoch, indicating
that the model training has achieved a saturation level. This suggests that adding more
epochs than 700 won't result in any substantial improvements in the classification and

detection of weeds.

Table 4.16: Precision and recall for 700 epochs

Category Precision Recall
Sugarcane 0.688 0.744
Spinach 0.933 0.938
Pepper 0.654 0.650
Banana 0.672 0.769
Weed 0.433 0.429

Figure 4.31, depicts the models precision curve metric that determines the proportion of
accurate bounding box predictions. While Figure 4.32 depicts the recall curve metric that
determines the percentage of the actual bounding box that was successfully predicted. In
Figure 4.31, the model began improving swiftly from around 100 epochs all through to
700 epochs on the precision curve and in Figure 4.32, the recall curve also improved
swiftly all the way to 700 epochs which means the model was learning. The precision and
recall capture the model performance, so the higher they are the better the model becomes.

The y-axis demonstrates the value of precision for Figure 4.31 and the x-axis displays the
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different ranges of epochs while the y-axis depicts the recall value for Figure 4.32 and x-

axis demonstrates the different ranges of epochs.
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Figure 4.31: Depicts the precision metrics curve at 700 epochs
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Figure 4.32: Depicts the recall metrics curve at 700 epochs

4.15 Confusion Matrix for 1000 Epochs

The Confusion Matrix for multi - class classification is shown in Figure 4.33 (in this case,
5 classes). The number of TP elements for every class is displayed on the diagonal (top

left to bottom right) as follows: 97% of all items in the spinach class, 86% of all objects
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in the sugarcane class, 73% of all objects in the pepper class, 85% of all objects in the
banana tree class, and 47% of all objects in the weed class were properly categorized.
Also, 15 % of all objects of banana class were found by YOLO as unknown, 27 % of all
objects of the pepper class were found by YOLO as unknown. 3 % of all objects of the
spinach class was classed as unidentified by YOLO, 14 % of all objects of sugarcane class
were classified as unknown and 53 % of all objects of weed class were found by YOLO

as unknown and could not be categorized into any class by the classifier.

banana_trees

0.8

pepper

0.6

spinach

Predicted

sugarcane

-0.4

weed

-0.2

background FN

banana_trees pepper spinach sugarcane weed background FP
True

Figure 4.33: Confusion matrix for 1000 epochs
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4.15.1 Precision and recall values and graphs for 1000 epochs

As observed in table 4.17, the “weed” Precision marginally improved from °0.433’ to
‘0.449°. The value of Recall dropped from 0.429 to 0.403 of which is a direct implication
that the classifier had already achieved a saturated level. At this point, there was no need

to proceed further for the iteration.

Table 4.17: Precision and recall for 1000 epochs

Category Precision Recall
Sugarcane 0.697 0.767
Spinach 0.911 0.957
Pepper 0.710 0.654
Banana 0.791 0.846
Weed 0.449 0.403

Figure 4.34, depicts the models precision curve metric that determines the proportion of
accurate bounding box predictions. While Figure 4.35 depicts the Recall curve metric that
determines the percentage of the actual bounding box that was successfully predicted. In
Figure 4.34, the model began improving swiftly from around 100 epochs all through to
1000 epochs on the precision curve and in Figure 4.35, the Recall curve also improved
swiftly all the way to 1000 epochs which means the model was learning. The Precision
and Recall capture the model performance, so the higher they are the better the model

becomes. The y-axis displays the precision value for Figure 4.34 and the recall value for
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Figure 4.35, whereas the x-axis displays the different ranges of epochs for both Figure

4.34 and Figure 4.35.
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Figure 4.35: Depicts the recall metrics curve at 1000 epochs

4.16 Cumulative Accuracy Metric Values

The overall accuracy obtained for 100 epochs was 16 %, 300 epochs was 65 %, 500
epochs was 66 %, 600 epochs was 67 %, 700 epochs was 65 % and 1000 epochs was 64
%. Thus there was steady improvement in the accuracies which was observed while
increasing the number of epochs from 100 to 600 as the batches size for the YOLO v5

remains the same.
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At 100 epochs, the observed average Precision was 33%, average of Recall of 19% and
also, the F1 score of 24%. As soon as the epoch reached 300 epochs, the observed average
Precision was 63%, average of Recall was 71% and an F1 score of 67%. Also, 500 epochs,
the observed average Precision was 76%, average of Recall achieved 64% and a F1 score
of 69%. Subsequently, when increased to 600 epochs, the observed average Precision was
82%, average of Recall achieved 69% and a F1 score of 75%. At 700 epochs, the observed
average Precision was 67%, average of Recall achieved 70% and a F1 score of 69%.
Finally, at 1000 epochs, the observed average Precision was 71%, average of Recall
achieved 72% and a F1 score of 71% as shown in Table 4.18. Also, all epochs were
processed on Colab Free having a GPU of K80, RAM of 16GB and runtime of 12hours.
The expended time for 100 epochs was 4minute 62 seconds, 300 epochs was 11minutes
88seconds, 500 epochs was 18minutes 48seconds, 600 epochs was 22minutes 92seconds,

700 epochs was 25minutes 86seconds, and 1000 epochs was 38minutes 22seconds.

Table 4.18 compares and contrasts each one of the epochs' Accuracies, average
Precisions, average Recalls, and then the F1 scores. When contrasted to other epochs,
YOLO v5 model at 600 epochs and batch size of 32, exhibited the best Precision,
Accuracy, Recall and F1 score outcomes, indicating it to be the best training epoch for

accurate weed and crop recognition.
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Table 4.18: Showing the cumulative accuracy metrics of YOLO v5

Epochs Accuracy Average Average F1 score
Precision Recall
100 0.160 0.334 0.190 0.242
300 0.646 0.629 0.708 0.666
500 0.655 0.764 0.644 0. 699
600 0.671 0.823 0.692 0. 752
700 0.653 0.676 0.706 0.691
1000 0.648 0.712 0.725 0.718

The accuracy of the categorization estimates for weed performance for the automatic
weed categorization was evaluated and the result from 100 epochs yielded a 16 % in
classification accuracy, Precision of weed was 5 % and a Recall of weed was 13 %. For
300 epochs, the classification accuracy of 65 % was gotten; Precision of weed was
observed to be 46 % and the Recall for weed was achieved at 32 %. For 500 epochs, a
classification accuracy having 66 % was achieved; with a Precision of weed at 75 % and

an observed Recall of weed at 27 %. At 600 epochs, it also yielded a 67 % in classification
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accuracy; a Precision of weed at 78 % and a Recall of weed at 34 % was achieved. At
700 epochs, 65 % of classification accuracy was achieved; including a Precision weed of
43 % and a Recall of weed at 43 %. Finally, at 1000 epochs, the classification accuracy
of 65 % was achieved; with a Precision of weed at 45 % and also a Recall of weed at 40

% was achieved over the evaluation metrics.

In addition, it was discovered that the autonomous weed classification classifier's
maximum weed precision (78%) was attained at 600 epochs, whereas the weed accuracy
began to decline at 700 epochs, when it fell to (43%). Also, there was no significant
improvement above 1000 epochs in the accuracy of weeds after increasing the epochs

from 600 through to 1000 epochs.

4.17 Output of the Model on the Testing Dataset

The weed pattern visualization outcomes displayed in Plate X down to Plate XV which
was done to observe the weeds of various sizes that have been identified within the mixed
cropping farm containing sugarcane, pepper, banana and spinach crops. In Plate X at 100
epochs, the yolovss model was able to identify and classify weeds within the irrigated
farm at approximately 63 % in precision. This was due to the fact that epoch used was
too small for the model to completely learn. Plate XI at 300 epochs, the algorithm was
able to classify weeds to a precision of 63 %. In Plate XII at 500 epochs, the model
classified weeds to a precision of 74 %. At 600 epochs in Plate X111, weeds were classified
to a precision of 78 % within the farm. Furthermore, weed class was identified and
classified to a precision of approximately 63 % in Plate XIV at 700 epochs and finally at
1000 epochs in Plate XV, weeds were classified with an accuracy of 51 %. From the
different epochs employed during training of the model, it was observed that at 600

epochs, the precision of weed reached it maximum state of 78 % and began to decline
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with increase in the numbers of epochs from 600 epochs to 700 epochs at 63 % and finally
to 51 % at 1000 epochs. This implies that the model can indeed predict weeds more
accurately at 600 epochs, which is crucial for agricultural weed identification and

classification purposes.
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Plate X: Weed classification results on test images at 100 epochs
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418 Comparing the Performance of Faster RCNN and YOLO v5 Based on
Results Obtained from the Overall Classification Accuracies, Weed Precision and

Weed Recall

The classifiers utilized have varying degrees of overall classification accuracy (Faster
RCNN and YOLOV5s). As shown in Table 4.19, Faster RCNN exhibited the highest
overall accuracies. Notably lower accuracies were observed using YOLOV5s. Using the
Faster RCNN classifier, the lowest accuracies were realised at 10,000 epochs with an
overall accuracy of 52%, weed precision of 50% and weed recall of 8% while the at
200,000 epoch, the highest level of accuracies and saturated point were achieved with
98% Overall accuracy, 98% weed precision and 99% weed recall. While the minimum
epoch of YOLOV5s classification at 100 epochs achieved the overall accuracy of 16%,
weed precision of 5% and 1% for the weed recall. Furthermore, the classifier achieved a
maximum weed precision at 600 epochs with a weed precision of 78%, weed recall of
34% and an overall accuracy of 67%. With only 5 % for the lowest weed precision and
of 78% for the highest weed precision of YOLOV5s, this exhibited by far a lesser
accuracy. The Faster RCNN Deep Learning exhibited a better classification output

making it the best classifier suitable for automatic weed identification and classification.
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Table 4.19: Accuracy comparison of the minimal and maximal achievable accuracy

epochs of both classifiers

Classifier Epochs Overall Weed Weed
accuracy precision recall

Faster RCNN 10,000 (MIN) 0.526 0.500 0.078
200,000 (MAX) 0.984 0.981 0.992

YOLOvV5s 100 (MIN) 0.160 0.0504 0. 013
600 (MAX) 0.671 0.782 0. 338

4.18.1 Processing time

Time complexity varies significantly depending on the classifier and the number of
observations. The model that required the most time to train, with an average of 27.8
minutes (min) and 7.9 hours (max) per classification, was the Faster Region based
Convolutional Neural Network algorithm this was due to the number of epochs, the model
architecture, layers and parameters used which made the Faster RCNN take longer time.
With YOLOV5, having a less complex architecture and lesser hyperparameters, the
calculation times was shorter at 4minute 62 seconds and 18minutes 48seconds. Table 4.20
depicts the minimum and maximum processing time for training both Deep Learning

models.

114



Table 4.20: The minimum and maximum processing time for training the selected

deep learning algorithms

Classifiers Epochs Training time per

classification

Faster RCNN 10,000 (MIN) 27minutes 8seconds
200,000 (MAX) 7hours 9minutes
YOLOv5s 100 (MIN) 5minute 2seconds
500 (MAX) 23minutes 38seconds

In this research, YOLOvV5 was discovered as being the least satisfactory classifier
amongst the other deep-learning approach. With minimal computation times and no
parameters that need to be tuned, Deep Learning delivers the most convenient usage.
Notwithstanding, the poor -categorization performance outweighs these benefits
especially when classifying weeds that are small due to only two anchor boxes in a grid
predicting only one class of object. Faster RCNN in comparison it is simple to apply, as
just one variable is required to be set by the user and it can detect smaller weeds well
since it has nine anchors in a single grid. After weighing every factor, including
classification accuracy, robustness, calculation complexity, and intuitiveness, Faster
RCNN was shown to be the better option for leveraging data supplied by UAVs to classify
weeds and other crop kinds. Comparing this strategy to the YOLOvV5s model, it performed

better and was more robust in categorization.
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CHAPTER FIVE

5.0 Conclusion and Recommendations

5.1 Summary of Findings

This research explored the performance of two models in weed classification which are
the Faster RCNN inception v2 model and YOLOvV5s architecture making use of
Unmanned Aerial Vehicle imagery to automatically distinguish and classify weed plants

from crops within an irrigated farm in Minna the state capital of Niger State.

After the implementation of the classification models (Faster RCNN and YOLO v5) for

the identification and classification of weeds, the following findings were generated:

(i) It was discovered that the accuracy of the models increased with increase in
training epochs until the models were saturated.
(if) YOLO v5 was discovered to be the fastest in terms of runtime as compared to the
Faster RCNN model which took greater time to complete its classification.
(iii) It was also discovered that the Faster RCNN out-performed the YOLO v5
classifier in aspects of performance accuracy in the development of the UAV

based automatic crop type classification and weed detection scheme.

5.2 Conclusion

Better accuracy in numerous real-time applications has been made possible by the
enormous advances in Deep Learning techniques. This study has demonstrated the
usability of Deep Learning strategies, specifically, Faster RCNN and YOLO v5
algorithms, for weed identification and classification. The effectiveness of the Faster

Region based Convolutional Neural Network applied and the YOLO v5 were assessed
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employing metrics which include accuracy, the precision, the recall, and a F1 score and
demonstrated to be exceptionally competent of autonomously recognizing and classifying
weed plants in a mixed farmland from UAV data with the use of the documented loss

function and confusion matrix.

In summary, YOLOV5 showed advantages in fast computation times while achieving
comparable detection accuracies in the identification and categorisation of weeds from a
mixed farm as compare to Faster RCNN. Also, after assessing every metric, notably
classification accuracy, the Precision, the Recall and a F1 score, Faster RCNN
architecture appeared to be the most effective and accurate classification approach of
weeds from various crop kinds employing Unmanned Aerial Vehicle imagery.
Subsequently, it was also observed that the increase in epochs influences the accuracy of
the classification model. With this, the aim of the research of implementing and

evaluating the performance of the Deep Learning algorithms investigated was achieved.

5.3 Recommendations

From the findings of this research, it is recommended that spectral and spatial resolutions
to optimise the flight mission to capture the size of the smaller weeds to be discriminated
for better performance accuracy and also, it is recommended in Faster RCNN not to go
above a maximum training of 200,000 epochs and below a minimum training of 10,000
epochs for accurate performance and for the YOLO V5, it is advised not to exceed a
maximum training epoch of 600 and a minimum training epoch of 100 for a good
performance output. Hyper-parameter tunning and data augmentation (artificially
increasing the training set by creating modified copies of a dataset using existing data)

could be done to observe how they affect the models accuracy.
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5.4 Contributions to Knowledge

i.  Performance accuracy increases with increase in training epochs for the selected
Deep Learning models.

ii.  The Faster Region-based Convolutional Neural Network out performs the YOLO
v5 algorithm in terms of Accuracy, average Precision, average Recall and F1
score.

iii.  This research have made the application of the right quantity of farm inputs
(water, manure/fertilizers and herbicides) more precise and also mitigated

excessive chemical use.

5.5 Future Work

Further research should be carried out to further compare the effectiveness of Faster
Region based Convolutional Neural Network model with a few other powerful Deep
Learning methods to discover faster and more accurate models for weed detection on
small farmlands while taking images at a distance less than 30m and closer for smaller

weeds so they appear larger in the image.
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Appendix A

Ground Control Points (GCP’s)

S/IN Station ID Control Coordinates (m) Height
Category
Northing Easting
0. CSN 128P Primary 1056599.017  222702.652 245.519
1. JAO1 Secondary 1053910 225665.4 209.9429
2. JAQ2 Secondary 1053950 225650.8 209.6335
3. JAO3 Secondary 1053993 225697.0 209.7679
4. JAO4 Secondary 1054008 225727.8 209.6353
5. JAQ5 Secondary 1054005 225779.2 209.186
6. JA06 Secondary 1053948 225758.6 209.1649
7. JAO7 Secondary 1053914 225713.8 211.1355
8. JAO8 Secondary 1053945 225706.5 210.6092
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Appendix B

Training codes for Faster RCNN

import functools

import json

import os

import tensorflow as tf

from object detection import trainer

from object detection.builders import input reader builder
from object detection.builders import model builder

from object detection.utils import config util

tf.logging.set verbosity(tf.logging.INFO)

flags = tf.app.flags
flags.DEFINE string('master', '', 'Name of the TensorFlow master to
use.')
flags.DEFINE integer('task', 0, 'task id')
flags.DEFINE integer ('num clones', 1, 'Number of clones to deploy
per worker.')
flags.DEFINE boolean('clone on cpu', False,

'Force clones to be deployed on CPU. Note
that even if '

'set to False (allowing ops to run on gpu),

some ops may '

'still be run on the CPU if they have no GPU
kernel.")
flags.DEFINE integer ('worker replicas', 1, 'Number of
worker+trainer '

'replicas."')
flags.DEFINE integer('ps_ tasks', O,

'Number of parameter server tasks. If None,
does not use '

'a parameter server.')
flags.DEFINE string('train dir', '',

'Directory to save the checkpoints and training
summaries.')

flags.DEFINE string('pipeline config path', '',
'Path to a pipeline pb2.TrainEvalPipelineConfig
config '

'file. If provided, other configs are ignored')

flags.DEFINE string('train config path', '',

'Path to a train pb2.TrainConfig config file.')
flags.DEFINE string('input config path', '',

'Path to an input reader pb2.InputReader config
file.")
flags.DEFINE string('model config path', '',

'Path to a model pb2.DetectionModel config
file.")

FLAGS = flags.FLAGS

def main( ):

141



assert FLAGS.train dir, '“train dir" is missing.'

if FLAGS.task == 0: tf.gfile.MakeDirs (FLAGS.train dir)
if FLAGS.pipeline config path:
configs = config util.get configs from pipeline file(

FLAGS.pipeline config path)
if FLAGS.task == 0:
tf.gfile.Copy (FLAGS.pipeline config path,
os.path.join (FLAGS.train dir,
'pipeline.config'),
overwrite=True)
else:
configs = config util.get configs from multiple files(
model config path=FLAGS.model config path,
train config path=FLAGS.train config path,
train input config path=FLAGS.input config path)
if FLAGS.task == 0:
for name, config in [('model.config',
FLAGS.model config path),
('train.config',
FLAGS.train config path),
('input.config',
FLAGS.input config path)]:
tf.gfile.Copy(config, os.path.join(FLAGS.train dir, name),
overwrite=True)

model config = configs['model']
train config = configs['train config']
input config = configs['train input config']

model fn = functools.partial (
model builder.build,
model config=model config,
is _training=True)

create input dict fn = functools.partial (
input reader builder.build, input config)

env = json.loads(os.environ.get ('TF_CONFIG', '{}"))

cluster data = env.get('cluster', None)

cluster = tf.train.ClusterSpec(cluster data) if cluster data else
None

task data = env.get('task', None) or {'type': 'master', 'index
0}

task info = type('TaskSpec', (object,), task data)

# Parameters for a single worker.
ps_tasks = 0

worker replicas =1
worker job name = 'lonely worker'
task = 0

is chief = True

master = "'

if cluster data and 'worker' in cluster data:
# Number of total worker replicas include "worker"s and the
"master".
worker replicas = len(cluster data['worker']) + 1
if cluster data and 'ps' in cluster data:
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ps_tasks = len(cluster data['ps'])

if worker replicas > 1 and ps tasks < 1:
raise ValueError ('At least 1 ps task is needed for distributed
training."')

if worker replicas >= 1 and ps tasks > 0:
# Set up distributed training.
server = tf.train.Server (tf.train.ClusterSpec(cluster),
protocol="'grpc',
job name=task info.type,
task index=task info.index)

if task info.type == 'ps':
server.join ()
return
worker job name = '$s/task:%d' $ (task info.type,

task info.index)
task = task info.index
is chief = (task info.type == 'master')
master = server.target

trainer.train(create input dict fn, model fn, train config,
master, task,
FLAGS.num clones, worker replicas,
FLAGS.clone on cpu, ps_tasks,
worker job name, is chief, FLAGS.train dir)

1 L

if name ==
tf.app.run|)

main

Testing Codes for Faster RCNN

import numpy as np

import os

import six.moves.urllib as urllib
import sys

import tarfile

import tensorflow as tf

import zipfile

from distutils.version import StrictVersion
from collections import defaultdict

from io import StringIO

from matplotlib import pyplot as plt

from PIL import Image

# This is needed since the notebook is stored in the object detecti

on folder.
sys.path.append ("..")
from object detection.utils import ops as utils ops

from object detection.utils import label map util
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from object detection.utils import visualization utils as vis util

### Model preparation variable

MODEL NAME = 'trained inference graph'

PATH TO FROZEN GRAPH = MODEL NAME + '/frozen inference graph.pb'
PATH TO LABELS = 'training/labelmap.pbtxt'

NUM CLASSES = 5 #remember number of objects you are training? cool.

### Load a (frozen) Tensorflow model into memory.
detection graph = tf.Graph()
with detection graph.as default () :
od graph def = tf.GraphDef ()
with tf.gfile.GFile (PATH TO FROZEN GRAPH, 'rb') as fid:
serialized graph = fid.read()
od graph def.ParseFromString(serialized graph)
tf.import graph def (od graph def, name='")

###Loading label map
category index = label map util.create category index from labelmap
(PATH TO_LABELS)

### Load image into numpy function
def load image into numpy array (image) :
(im _width, im height) = image.size
return np.array(image.getdata ()) .reshape (
(im height, im width, 3)) .astype(np.uint8)

###STATING THE PATH TO IMAGES TO BE TESTED

PATH TO TEST IMAGES DIR = 'test images/'

TEST IMAGE PATHS = [ os.path.join(PATH TO TEST IMAGES DIR, 'image{}
.Jjpg'.format (i)) for i in range(l, 5) 1]

IMAGE SIZE = (12, 8)

### Function to run inference on a single image which will later be
used in an iteration
def run inference for single image (image, graph) :

with graph.as default() :




with tf.Session() as sess:

# Get handles to input and output tensors

ops = tf.get default graph().get operations/()

all tensor names = {output.name for op in ops for output in o

p.outputs}

tensor dict = {}

for key in [
'num detections', 'detection boxes', 'detection scores',
'detection classes', 'detection masks'

tensor name = key + ':0'
if tensor name in all tensor names:

tensor dictl[key] = tf.get default graph().get tensor by n

tensor name)
if 'detection masks' in tensor dict:
# The following processing is only for single image
detection boxes = tf.squeeze(tensor dict['detection boxes']

detection masks = tf.squeeze (tensor dict['detection masks']

# Reframe is required to translate mask from box coordinate
s to image coordinates and fit the image size.

real num detection = tf.cast (tensor dict['num detections'] [
0], tf.int32)

detection boxes tf.slice(detection boxes, [0, 0], [real n
um detection, -11])

detection masks = tf.slice(detection masks, [0, 0, 0], [rea
1 num detection, -1, -11])

detection masks reframed = utils ops.reframe box masks to i
mage masks (
detection masks, detection boxes, image.shape[l], image
.shape[2])
detection masks reframed = tf.cast (
tf.greater (detection masks reframed, 0.5), tf.uint8)
# Follow the convention by adding back the batch dimension
tensor dict['detection masks'] = tf.expand dims (
detection masks reframed, O0)
image tensor = tf.get default graph().get tensor by name ('ima
ge tensor:0")

# Run inference
output dict = sess.run(tensor dict,

feed dict={image tensor: image})

# all outputs are float32 numpy arrays, so convert types as a
ppropriate

output dict['num detections'] = int (output dict['num detectio
ns'][0])




output dict['detection classes'] = output dict]|
'detection classes'][0].astype (np.int64)

output dict['detection boxes'] = output dict['detection boxes
'110]

output dict['detection scores'] = output dict['detection scor
es'][0]

if 'detection masks' in output dict:

output dict['detection masks'] = output dict['detection mas
ks'][0]
return output dict

### To iterate on each image in the test image path defined
### NB define the range of numbers and let it match the number of i
mAGES IN TEST FOLDER +1
for image path in TEST IMAGE PATHS:
image = Image.open (image path)
# the array based representation of the image will be used later
in order to prepare the
# result image with boxes and labels on it.
image np = load image into numpy array (image)
# Expand dimensions since the model expects images to have shape:
[1, None, None, 3]
image np expanded = np.expand dims (image np, axis=0)
# Actual detection.
output dict = run inference for single image (image np expanded, d

etection graph)

# Visualization of the results of a detection.
vis util.visualize boxes and labels on image array (
image np,
output dict['detection boxes'],
output dict['detection classes'],
output dict['detection scores'],
category index,
instance masks=output dict.get ('detection masks'),
use normalized coordinates=True,
line thickness=1)
display (Image.fromarray (image np))
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Appendix C

Training codes for YOLO v5

import argparse

import logging

import math

import os

import random

import time

from copy import deepcopy
from pathlib import Path
from threading import Thread

import numpy as np

import torch.distributed as dist

import torch.nn as nn

import torch.nn.functional as F

import torch.optim as optim

import torch.optim.lr scheduler as lr scheduler
import torch.utils.data

import yaml

from torch.cuda import amp

from torch.nn.parallel import DistributedDataParallel as DDP
from torch.utils.tensorboard import SummaryWriter
from tgdm import tgdm

import test # import test.py to get mAP after each epoch
from models.experimental import attempt load
from models.yolo import Model
from utils.autoanchor import check anchors
from utils.datasets import create dataloader
from utils.general import labels to class weights, increment path,
labels to image weights, init seeds, \

fitness, strip optimizer, get latest run, check dataset, check
file, check git status, check img size, \

check requirements, print mutation, set logging, one cycle, col
orstr
from utils.google utils import attempt download
from utils.loss import ComputelLoss
from utils.plots import plot images, plot labels, plot results, plo
t evolution
from utils.torch utils import ModelEMA, select device, intersect di
cts, torch distributed zero first, is parallel

logger = logging.getlLogger ( name )




def train(hyp, opt, device, tb writer=None, wandb=None) :
logger.info (colorstr ('hyperparameters: ') + ', '.Jjoin(f'{k}={v}
' for k, v in hyp.items()))
save dir, epochs, batch size, total batch size, weights, rank =

Path (opt.save dir), opt.epochs, opt.batch size, opt.total b
atch size, opt.weights, opt.global rank

# Directories

wdir = save dir / 'weights'

wdir.mkdir (parents=True, exist ok=True) # make dir
last = wdir / 'last.pt'

best = wdir / 'best.pt'

results file = save dir / 'results.txt'

# Save run settings

A}

with open(save dir / 'hyp.yaml', 'w') as f:
yaml.dump (hyp, £, sort keys=False)
with open(save dir / 'opt.yaml', 'w') as f:

yaml.dump (vars (opt), £, sort keys=False)

# Configure
plots = not opt.evolve # create plots
cuda = device.type != 'cpu'
init seeds (2 + rank)
with open (opt.data) as f:
data dict = yaml.load(f, Loader=yaml.SafelLoader) # data di

with torch distributed zero first (rank):
check dataset (data dict) # check

train path = data dict['train']

test path = data dict['val']

nc = 1 if opt.single cls else int(data dict['nc']) # number of
classes

names = ['item'] if opt.single cls and len(data dict['names'])
!= 1 else data dict['names'] # class names

assert len (names) == nc, '$g names found for nc=%g dataset in %

(len (names), nc, opt.data) # check

# Model
pretrained = weights.endswith('.pt'")
if pretrained:
with torch distributed zero first (rank):
attempt download(weights) # download if not found loca
1lly
ckpt = torch.load(weights, map location=device) # load che
ckpoint
model = Model (opt.cfg or ckpt['model'].yaml, ch=3, nc=nc, a
nchors=hyp.get ('anchors')) .to(device) # create




exclude = ['anchor'] if (opt.cfg or hyp.get ('anchors')) and
not opt.resume else [] # exclude keys

state dict = ckpt['model'].float () .state dict() # to FP32

state dict = intersect dicts(state dict, model.state dict ()
, exclude=exclude) # intersect

) # load
logger.info ('Transferred %g/%g items from %s' % (len(state

model.load state dict(state dict, strict=False

dict), len(model.state dict()), weights)) # report
else:
model = Model (opt.cfg, ch=3, nc=nc, anchors=hyp.get ('anchor
s')) .to(device) # create

# Freeze
freeze = [] # parameter names to freeze (full or partial)
for k, v in model.named parameters () :
v.requires grad = True # train all layers
if any(x in k for x in freeze):
print ('freezing %s' % k)
v.requires grad = False

# Optimizer

nbs = 64 # nominal batch size

accumulate = max (round (nbs / total batch size), 1) # accumulat
e loss before optimizing

hyp['weight decay'] *= total batch size * accumulate / nbs # s
cale weight decay

logger.info (f"Scaled weight decay = {hyp['weight decay']}")

pg0, pgl, pg2 = []1, [1, [] # optimizer parameter groups
for k, v in model.named modules () :
if hasattr (v, 'bias') and isinstance(v.bias, nn.Parameter) :
pg2.append(v.bias) # biases
if isinstance (v, nn.BatchNorm2d) :
pg0.append(v.weight) # no decay
elif hasattr (v, 'weight') and isinstance(v.weight, nn.Param

pgl.append (v.weight) # apply decay

if opt.adam:
optimizer = optim.Adam(pg0, lr=hyp['lr0'], betas=(hyp['mome
ntum'], 0.999)) # adjust betal to momentum
else:
optimizer = optim.SGD(pg0, lr=hyp['lr0'], momentum=hyp['mom
entum'], nesterov=True)

optimizer.add param group ({'params': pgl, 'weight decay': hyp['
weight decay'l}) # add pgl with weight decay
optimizer.add param group ({'params': pg2}) # add pg2 (biases)




logger.info ('Optimizer groups: %g .bias, %g conv.weight, %g oth
))

[}

er' % (len(pg2), len(pgl), len (pg0)
del pg0, pgl, pg2

# Scheduler https://arxiv.org/pdf/1812.01187.pdf
# https://pytorch.org/docs/stable/ modules/torch/optim/lr sched
uler.html#OneCycleLlR
if opt.linear 1r:
1f = lambda x: (1 - x / (epochs - 1)) * (1.0 - hyp['lrf'])
+ hyp['lrf']l] # linear
else:
1f = one cycle(l, hyp['lrf'], epochs) # cosine 1-
S>hyp['1lrf']
scheduler = 1lr scheduler.LambdalR (optimizer, lr lambda=1f)

# plot 1lr scheduler (optimizer, scheduler, epochs)

# Logging
if rank in [-1, 0] and wandb and wandb.run is None:
opt.hyp = hyp # add hyperparameters
wandb run = wandb.init (config=opt, resume="allow",
project="'YOLOv5' if opt.project ==
runs/train' else Path (opt.project) .stem,
name=save dir.stem,
entity=opt.entity,
id=ckpt.get ('wandb_id') if 'ckpt' in
locals () else None)
loggers = {'wandb': wandb} # loggers dict

# EMA
ema = ModelEMA (model) if rank in [-1, 0] else None

# Resume
start epoch, best fitness = 0, 0.0
if pretrained:
# Optimizer
if ckpt['optimizer'] is not None:
optimizer.load state dict (ckpt['optimizer'])
best fitness = ckpt['best fitness']

# EMA
if ema and ckpt.get('ema') :
ema.ema.load state dict(ckpt['ema'].float().state dict(

ema.updates = ckpt['updates']

# Results
if ckpt.get('training results') is not None:
results file.write text (ckpt['training results']) #
ite results.txt




# Epochs
start epoch = ckpt['epoch'] + 1
if opt.resume:
assert start epoch > 0, '%s training to %g epochs is fi
nished, nothing to resume.' % (weights, epochs)
if epochs < start epoch:
logger.info ('%s has been trained for %g epochs. Fine-
tuning for %g additional epochs.' %
(weights, ckpt['epoch'], epochs))

epochs += ckpt['epoch'] # finetune additional epochs
del ckpt, state dict

# Image sizes
gs max (int (model.stride.max ()), 32) # grid size (max stride)
nl model .model [ -

# number of detection layers (used for scaling hyp['obj'])
imgsz, imgsz test = [check img size(x, gs) for x in opt.img siz

# verify imgsz are gs-multiples

# DP mode
if cuda and rank == -1 and torch.cuda.device count () > 1:
model = torch.nn.DataParallel (model)

# SyncBatchNorm
if opt.sync bn and cuda and rank != -1:
model = torch.nn.SyncBatchNorm.convert sync batchnorm(model
) .to (device)
logger.info ('Using SyncBatchNorm() ")

# Trainloader

dataloader, dataset = create dataloader (train path, imgsz, batc

h size, gs, opt,
hyp=hyp, augment=True,
cache=opt.cache images, rect=opt.rect, rank=rank,
world size=opt.world si
ze, workers=opt.workers,
image weights=opt.image
_weights, quad=opt.quad, prefix=colorstr('train: '))
mlc = np.concatenate (dataset.labels, 0)[:, 0].max() # max labe
1l class
len (dataloader) # number of batches
assert mlc < nc, 'Label class %g exceeds nc=%g in %$s. Possible

[)

class labels are 0-%g' % (mlc, nc, opt.data, nc - 1)

# Process 0
if rank in [-1, O0]:




testloader = create dataloader (test path, imgsz test, batch
_size * 2, gs, opt, # testloader
hyp=hyp, cache=opt.cache ima
ges and not opt.notest, rect=True, rank=-1,
world size=opt.world size, w
orkers=opt.workers,
pad=0.5, prefix=colorstr ('va

")) 0]

if not opt.resume:
labels = np.concatenate (dataset.labels, 0)
c = torch.tensor (labels[:, 01]) # classes
# cf = torch.bincount (c.long (), minlength=nc) + 1.
requency

# model. initialize biases(cf.to(device))

if plots:
plot labels (labels, save dir, loggers)
if tb writer:
tb writer.add histogram('classes', c, 0)

# Anchors
if not opt.noautoanchor:
check anchors (dataset, model=model, thr=hyp['anchor
_t'], imgsz=imgsz)

model.half () .float () # pre-reduce anchor precision

# DDP mode
if cuda and rank != -1:
model = DDP (model, device ids=[opt.local rank], output devi
ce=opt.local rank)

# Model parameters

hyp['box'] *= 3. / nl # scale to layers

hyp['cls'] *= nc / 80. * 3. / nl # scale to classes and layers

hyp['obj'] *= (imgsz / 640) ** 2 * 3. / nl # scale to image si
ze and layers

model.nc = nc # attach number of classes to model

model.hyp = hyp # attach hyperparameters to model

model.gr = 1.0 # iou loss ratio (obj loss = 1.0 or iou)

model.class weights = labels to class weights(dataset.labels, n
c) .to(device) * nc # attach class weights

model.names = names

# Start training
t0 = time.time ()
= max (round (hyp['warmup epochs'] * nb), 1000) # number of w
armup iterations, max (3 epochs, 1k iterations)
# nw = min (nw, (epochs - start epoch) / 2 * nb) # limit warmup
to < 1/2 of training




maps = np.zeros(nc) # mAP per class
results = (0, 0, 0, 0, 0, 0, 0) # P, R, mAP@.5, mAPQ@.5-
.95, val loss(box, obj, cls)
scheduler.last epoch = start epoch - 1 # do not move
scaler = amp.GradScaler (enabled=cuda)
compute loss = ComputelLoss (model) # init loss class
logger.info (f'Image sizes {imgsz} train, {imgsz test} test\n'
f'Using {dataloader.num workers} dataloader workers

f'Logging results to {save dir}\n'
f'Starting training for {epochs} epochs..."')
for epoch in range(start epoch, epochs): # epoch

model.train ()

# Update image weights (optional)
if opt.image weights:
# Generate indices
if rank in [-1, O0]:
cw = model.class weights.cpu() .numpy() * (1 - maps)
** 2/ nc # class weights
iw = labels to image weights (dataset.labels, nc=nc,
class weights=cw) # image weights
dataset.indices = random.choices (range (dataset.n),
weights=iw, k=dataset.n) # rand weighted idx
# Broadcast if DDP
if rank != -1:
indices = (torch.tensor (dataset.indices) if ran
0 else torch.zeros (dataset.n)) .int ()
dist.broadcast (indices, O0)
if rank !'= 0:

dataset.indices = indices.cpu () .numpy ()

# Update mosaic border

# b = int (random.uniform(0.25 * imgsz, 0.75 * imgsz + gs) /
/ gs * gs)

# dataset.mosaic border = [b - imgsz, -
b] # height, width borders

mloss = torch.zeros (4, device=device) # mean losses
if rank != -1:

dataloader.sampler.set epoch (epoch)
pbar = enumerate (dataloader)

logger.info (('\n' + '%10s' * 8) % ('Epoch', 'gpu mem', 'box
, 'obj', 'cls', 'total', 'targets', 'img size'))
if rank in [-1, O0]:
pbar = tgdm(pbar, total=nb) # progress bar
optimizer.zero grad()

A}




for i, (imgs, targets, paths,

ni (since
train start)

imgs = imgs.to(device, non blocking=True) .float() / 255
.0 # uint8 to float32, 0-255 to 0.0-1.0

# Warmup
if ni <= nw:
xi = [0, nw] # x interp
# model.gr = np.interp(ni, xi, [0.0, 1.0]) # dou 1
oss ratio (obj loss = 1.0 or iou)
accumulate = max(l, np.interp(ni, xi, [1, nbs / tot
al batch size]) .round())
for j, x in enumerate (optimizer.param groups) :
# bias lr falls from 0.1 to 1r0, all other 1lrs
rise from 0.0 to 1r0
x['lr'] = np.interp(ni, xi, [hyp['warmup bias 1
r'] if j == 2 else 0.0, x['initial 1r'] * 1f (epoch)])
if 'momentum' in x:
X ['momentum'] = np.interp(ni, xi, [hyp['war

mup momentum'], hyp['momentum']])

# Multi-scale
if opt.multi scale:
sz = random.randrange (imgsz * 0.5, imgsz * 1.5 + gs
) // gs * gs # size
sf = sz / max(imgs.shape[2:]) # scale factor
if sf != 1:

ns = [math.ceil(x * sf / gs) * gs for x in imgs

[
(

.shape[2:]] # new shape (stretched to gs-multiple)
imgs = F.interpolate (imgs, size=ns, mode='bilin

ear', align corners=False)

# Forward
with amp.autocast (enabled=cuda) :
pred = model (imgs) # forward
loss, loss items = compute loss(pred, targets.to(de
vice)) # loss scaled by batch size
if rank != -1:
loss *= opt.world size # gradient averaged bet
ween devices in DDP mode
if opt.quad:
loss *=

# Backward
scaler.scale(loss) .backward()

# Optimize




o

if ni % accumulate ==
scaler.step (optimizer) # optimizer.step
scaler.update ()
optimizer.zero grad()
if ema:

ema .update (model)

# Print
if rank in [-1, O0]:
mloss = (mloss * i1 + loss items) / (1 + 1) # updat
e mean losses

o

mem = '%$.39G' % (torch.cuda.memory reserved() / 1E9
if torch.cuda.is available() else 0) # (GB)
s = ('%$10s' * 2 + '%10.49' * 6)

5
'%g/%g' % (epoch, epochs - 1), mem, *mloss, tar

gets.shape[0], imgs.shape[-1])
pbar.set description (s)

# Plot
if plots and ni < 3:

f = save dir / f'train batch{ni}.jpg' # filena

Thread(target=plot images, args=(imgs, targets,
paths, f), daemon=True) .start ()

# if tb writer:

# tb writer.add image (f, result, dataformat
s="HWC', global step=epoch)

# tb writer.add graph(model, imgs) # add m
odel to tensorboard

elif plots and ni == 10 and wandb:

wandb.log ({"Mosaics": [wandb.Image (str(x), capt

ion=x.name) for x in save dir.glob('train*.jpg')

if x.exists ()]}, commit=

# Scheduler

lr = [x['1lr'] for x in optimizer.param groups] # for tenso
scheduler.step ()
# DDP process 0 or single-GPU

if rank in [-1, O0]:
# mAP




ema.update attr (model, include=['yaml', 'nc', 'hyp', 'g
'names', 'stride', 'class weights'])
final epoch = epoch + 1 == epochs
if not opt.notest or final epoch: # Calculate mAP
results, maps, times = test.test (opt.data,
batch size=batch s

imgsz=imgsz test,
model=ema.ema,
single cls=opt.sin

dataloader=testloa

save dir=save dir,

verbose=nc < 50 an
d final epoch,

plots=plots and fi
nal epoch,

log imgs=opt.log i
mgs if wandb else O,

compute loss=compu

te loss)

# Write
with open (results file, 'a'
f.write(s + '%10.4g' *
d metrics, val loss

as f:

)
7 % results + '\n') # appen

if len (opt.name) and opt.bucket:
os.system('gsutil cp %s gs://%s/results/results%s.t
xt' % (results file, opt.bucket, opt.name))

# Log
tags = ['train/box loss', 'train/obj loss', 'train/cls
loss', # train loss
'metrics/precision', 'metrics/recall', 'metrics
/mAP_0.5', 'metrics/mAP_0.5:0.95',
'val/box loss', 'val/obj loss', 'val/cls loss',
# val loss
'x/1rQ0', 'x/1rl', 'x/1r2'] # params
for x, tag in zip(list(mloss|[:-
1]) + list(results) + 1lr, tags):
if tb writer:
tb writer.add scalar(tag, x, epoch) # tensorbo

if wandb:
wandb.log({tag: x}, step=epoch, commit=tag

ags[-1]) # W&B

# Update best mAP




fi = fitness (np.array(results) .reshape(l, -
1)) # weighted combination of [P, R, mAP@.5, mAP@.5-.95]
if fi > best fitness:
best fitness = fi

# Save model

if (not opt.nosave) or (final epoch and not opt.evolve)
# if save

ckpt = {'epoch': epoch,

'best fitness': best fitness,
'training results': results file.read text(

)

'model': deepcopy (model.module if is parall
el (model) else model) .half (),

'ema': deepcopy(ema.ema) .half (),

'updates': ema.updates,

'optimizer': optimizer.state dict(),

'wandb id': wandb run.id if wandb else None

# Save last, best and delete

torch.save (ckpt, last)

if best fitness == fi:
torch.save (ckpt, best)

del ckpt

# end training

if rank in [-1, O0]:
# Strip optimizers
final = best if best.exists() else last # final model
for £ in last, best:
if f.exists():
strip optimizer (f)
if opt.bucket:

os.system (f'gsutil cp {final} gs://{opt.bucket}/weights
') # upload

# Plots
if plots:
plot results(save dir=save dir) # save as results.png
if wandb:
files = ['results.png', 'confusion matrix.png', *[f
'{x} curve.png' for x in ('F1', 'PR', 'P', 'R')]]
wandb.log ({"Results": [wandb.Image (str(save dir / £
), caption=f) for f in files




if (save_ dir / f).exists()]}

if opt.log artifacts:
wandb.log artifact (artifact or path=str(final),
type="'model', name=save dir.stem)

# Test best.pt

logger.info ('%g epochs completed in %.3f hours.\n' % (epoch
- start epoch + 1, (time.time() - tO0) / 3600))

if opt.data.endswith('coco.yaml') and nc == 80: # if COCO

for m in (last, best) 1f best.exists () else (last): #
speed, mAP tests
results, , = test.test (opt.data,
batch size=batch size * 2

imgsz=imgsz test,

conf thres=0.001,

iou thres=0.7,

model=attempt load(m, dev
ice) .half (),

single cls=opt.single cls

dataloader=testloader,
save dir=save dir,
save json=True,
plots=False)

else:

dist.destroy process group ()

wandb.run.finish() if wandb and wandb.run else None
torch.cuda.empty cache ()
return results

if name == ' main ':

parser = argparse.ArgumentParser ()

parser.add argument ('--
weights', type=str, default='yolov5s.pt', help='initial weights pat
h')

parser.add argument ('--
cfg', type=str, default='"', help='model.yaml path')

parser.add argument ('--
data', type=str, default='data/cocol28.yaml', help='data.yaml path'
)

parser.add argument ('--
hyp', type=str, default='data/hyp.scratch.yaml', help='hyperparamet
ers path')

parser.add argument ('--epochs', type=int, default=300)




parser.add argument ('--batch-
size', type=int, default=16, help='total batch size for all GPUs')
parser.add argument ('--img-
size', nargs='+', type=int, default=[640, 640], help='[train, test]
image sizes')
parser.add argument ('--
rect', action='store true', help='rectangular training')
parser.add argument ('--
resume', nargs='?', const=True, default=False, help='resume most re
cent training')
parser.add argument ('--
nosave', action='store true', help='only save final checkpoint')
parser.add argument ('--
notest', action='store true', help='only test final epoch')
parser.add argument ('--
noautoanchor', action='store true', help='disable autoanchor check'
)
parser.add argument ('--
evolve', action='store true', help='evolve hyperparameters')
parser.add argument ('--
bucket', type=str, default='"', help='gsutil bucket')
parser.add argument ('--cache-
images', action='store true', help='cache images for faster trainin
g')
parser.add argument ('--image-
weights', action='store true', help='use weighted image selection £
or training')
parser.add argument ('--
device', default='"', help='cuda device, i.e. 0 or 0,1,2,3 or cpu')

parser.add argument ('--multi-

scale', action='store true', help='vary img-size +/- 50%%')

parser.add argument ('--single-
cls', action='store true', help='train multi-class data as single-
class')

parser.add argument ('--
adam', action='store true', help='use torch.optim.Adam() optimizer'
)

parser.add argument ('--sync-
bn', action='store true', help='use SyncBatchNorm, only available i
n DDP mode')

parser.add argument ('--local rank', type=int, default=-
1, help='DDP parameter, do not modify')

parser.add argument ('--log-
imgs', type=int, default=16, help="'number of images for W&B logging
, max 100")

parser.add argument ('--log-
artifacts', action='store true', help='log artifacts, i.e. final tr
ained model')




parser.add argument ('--
workers', type=int, default=8, help='maximum number of dataloader w
orkers')
parser.add argument ('--
project', default='runs/train', help='save to project/name’)
parser.add argument ('--
entity', default=None, help='W&B entity')
parser.add argument ('--
name', default='exp', help='save to project/name')
parser.add argument ('--exist-
ok', action='store true', help='existing project/name ok, do not in
crement"')
parser.add argument ('--
quad', action='store true', help='quad dataloader')
parser.add argument ('--linear-
lr', action='store true', help='linear LR')

opt = parser.parse_args ()

# Set DDP variables
opt.world size = int(os.environ['WORLD SIZE']) if 'WORLD SIZE'
in os.environ else 1
opt.global rank = int(os.environ['RANK']) if 'RANK' in os.envir
on else -1
set logging (opt.global rank)
if opt.global rank in [-1, O]:
check git status ()
check requirements ()

# Resume
if opt.resume: # resume an interrupted run
ckpt = opt.resume if isinstance (opt.resume, str) else get 1
atest run() # specified or most recent path
assert os.path.isfile(ckpt), 'ERROR: --
resume checkpoint does not exist'
apriori = opt.global rank, opt.local rank
with open (Path (ckpt) .parent.parent / 'opt.yaml') as f:
opt = argparse.Namespace (**yaml.load(f, Loader=yaml.Saf
elLoader)) # replace
opt.cfg, opt.weights, opt.resume, opt.batch size, opt.globa
1 rank, opt.local rank = '', ckpt, True, opt.total batch size, *apr
iori # reinstate
logger.info ('Resuming training from %s' % ckpt)
else:
# opt.hyp = opt.hyp or ('hyp.finetune.yaml' if opt.weights
else 'hyp.scratch.yaml')

opt.data, opt.cfg, opt.hyp = check file(opt.data), check fi
le (opt.cfg), check file(opt.hyp) # check files

assert len(opt.cfg) or len(opt.weights), 'either --cfg or -
-weights must be specified’




opt.img size.extend([opt.img size[-
1]] * (2 - len(opt.img size))) # extend to 2 sizes (train, test)

opt.name = 'evolve' if opt.evolve else opt.name
opt.save dir = increment path (Path (opt.project) / opt.name,

exist ok=opt.exist ok | opt.evolve) # increment run

# DDP mode
opt.total batch size = opt.batch size
device = select device (opt.device, batch size=opt.batch size)
if opt.local rank != -1:
assert torch.cuda.device count () > opt.local rank
torch.cuda.set device (opt.local rank)
device = torch.device('cuda', opt.local rank)
dist.init process group (backend='nccl', init method='env://
') # distributed backend
assert opt.batch size % opt.world size == 0, '--batch-
size must be multiple of CUDA device count'
opt.batch size = opt.total batch size // opt.world size

# Hyperparameters
with open (opt.hyp) as f:
hyp = yaml.load(f, Loader=yaml.Safeloader) # load hyps

# Train
logger.info (opt)
try:
import wandb
except ImportError:
wandb = None
prefix = colorstr ('wandb: ')
logger.info (f"{prefix}Install Weights & Biases for YOLOv5 1
ogging with 'pip install wandb' (recommended)")
if not opt.evolve:
tb writer = None # init loggers
if opt.global rank in [-1, O]:
logger.info (f'Start Tensorboard with "tensorboard --
logdir {opt.project}", view at http://localhost:6006/")
tb writer = SummaryWriter (opt.save dir) # Tensorboard
train (hyp, opt, device, tb writer, wandb)

# Evolve hyperparameters (optional)
else:
# Hyperparameter evolution metadata (mutation scale 0-
lower limit, upper limit)
meta = {'1lr0': (1, le-5, le-
1), # initial learning rate (SGD=1E-2, Adam=1E-3)
'"lrf': (1, 0.01, 1.0), # final OneCyclelLR learning
rate (1lr0 * 1rf)




"momentum': (0.3, 0.6, 0.98), # SGD momentum/Adam
betal

'weight decay': (1, 0.0, 0.001), # optimizer weigh
t decay

'warmup_epochs': (1, 0.0, -0) , # warmup epochs (f
ractions ok)

'warmup momentum': (1, 0.0, 0.95), # warmup initia
1 momentum

'warmup bias 1r': (1, 0.0, 0.2), # warmup initial
bias 1r

'box': (1, 0.02, 0.2), # box loss gain

'cls': (1, 0.2, 4.0), # cls loss gain

'cls pw': (1, 0.5, 2.0), # cls BCELoss positive we
ight

'obj': (1, 0.2, 4.0), # obj loss gain (scale with
pixels)

'obj pw': (1, 0.5, 2.0), # obj BCELoss positive we
ight

'iou t': (0, 0.1, 0.7), # IoU training threshold

'anchor t': (1, 2.0, 8.0), # anchor-
multiple threshold

'anchors': (2, 2.0, 10.0), # anchors per output gr
id (0 to ignore)

'fl gamma': (0, 0.0, 2.0), # focal loss gamma (eff
icientDet default gamma=1.5)

'hsv_h': (1, 0.0, 0.1), image HSV-
Hue augmentation (fraction)

'hsv_s': (1, 0.0, 0.9), image HSV-
Saturation augmentation (fraction)

'hsv v': (1, 0.0, 0.9), image HSV-
Value augmentation (fraction)

'degrees': (1, 0.0, 45.0), # image rotation (+/- d
eqg)

'translate': (1, 0.0, .9), # image translation (+

fraction)

'scale': (1, 0.0, 0.9), # image scale (+/- gain)
'shear': (1, 0.0
'perspective': (

10.0), # image shear (+/- deq)

0, 0.0, 0.001), # image perspectiv

e (+/- fraction), range 0-0.001
'flipud': (1, 0.0, 1. # image flip up-
down (probability)
'fliplr': (0, 0.0, 1. # image flip left-
right (probability)
'mosaic': (1, 0.0, 1. # image mixup (probabilit
Y)
'mixup': (1, 0.0, 1. # image mixup (probability




assert opt.local rank == -
1, 'DDP mode not implemented for --evolve'
opt.notest, opt.nosave = True, True # only test/save final
epoch
# el = [isinstance(x, (int, float)) for x in hyp.values ()]
# evolvable indices

yaml file = Path(opt.save dir) / 'hyp evolved.yaml' # save

best result here
if opt.bucket:
\} o)

os.system('gsutil cp gs://%$s/evolve.txt .' % opt.bucket
# download evolve.txt if exists

for in range(300): # generations to evolve
if Path('evolve.txt') .exists () : # 1f evolve.txt exists
select best hyps and mutate
# Select parent (s)
parent = 'single' # parent selection method: 'sing
'weighted'
np.loadtxt ('evolve.txt', ndmin=2)
min (5, len(x)) # number of previous results to
consider
X X [np.argsort (-
fitness(x))][:n] top n mutations
% fitness(x) - fitness(x).min() # weights
if parent == 'single' or len(x) == 1:
# x = x[random.randint (0, n - 1)] # random sel
ection
X = x[random.choices (range (n), weights=w) [0]]
# weighted selection
elif parent == 'weighted':
x = (x * w.reshape(n, 1)).sum(0) / w.sum() # w

eighted combination

# Mutate

mp, s = 0.8, 0.2 # mutation probability, sigma

npr = np.random

npr.seed (int (time.time () ))

g = np.array([x[0] for x in meta.values()]) # gain

ng = len (meta)
vV = np.ones (ng)
while all(v == 1): # mutate until a change occurs
(prevent duplicates)
v = (g * (npr.random(ng) < mp) * npr.randn (ng)
* npr.random() * s + 1).clip (0.3, 3.0)
for i, k in enumerate (hyp.keys()) : # plt.hist(v.ra
vel (), 300)
hyplk] = float(x[i + 7] * v[i]) # mutate




# Constrain to limits
for k, v in meta.items () :

v[l]) # lower limit
v([(2]) # upper limit

hyp[k] = max (hyplk],
hyp[k] = min (hyp[k],
hyp[k] = round(hypl[k], 5) # significant digits

# Train mutation
results = train (hyp.copy (), opt, device, wandb=wandb)

# Write mutation results
print mutation (hyp.copy (), results, yaml file, opt.buck

# Plot results
plot evolution(yaml file)
print (f'Hyperparameter evolution complete. Best results sav
ed as: {yaml file}\n'
f'Command to train a new model with these hyperparame
ters: $ python train.py --hyp {yaml file}')

Testing code for YOLO v5

import argparse

import json

import os

from pathlib import Path
from threading import Thread

import numpy as np
import torch

import yaml

from tgdm import tgdm

from models.experimental import attempt load
from utils.datasets import create dataloader
from utils.general import coco80 to coco9l class, check dataset, ch
eck file, check img size, check requirements, \

box iou, non max suppression, scale coords, xyxXy2xywh, xywh2xyx
y, set logging, increment path, colorstr
from utils.metrics import ap per class, ConfusionMatrix
from utils.plots import plot images, output to target, plot study t
Xt
from utils.torch utils import select device, time synchronized

def test (data,
weights=None,




batch size=32,
imgsz=640,
conf thres=0.001,
iou thres=0.6, # for NMS
save json=False,
single cls=False,
augment=False,
verbose=False,
model=None,
dataloader=None,
save dir=Path(''), # for saving images
save txt=False, # for auto-labelling
save hybrid=False, # for hybrid auto-labelling
save conf=False, # save auto-label confidences
plots=True,
log imgs=0, # number of logged images
compute loss=None) :
# Initialize/load model and set device
training = model is not None
if training: # called by train.py
device = next (model.parameters()).device # get model devic

else: # called directly
set logging ()
device = select device (opt.device, batch size=batch size)

# Directories
save dir = Path (increment path (Path (opt.project) / opt.name

, exist ok=opt.exist ok)) # increment run

(save dir / 'labels' if save txt else save dir) .mkdir (paren
ts=True, exist ok=True) # make dir

# Load model

model = attempt load(weights, map location=device) # load
FP32 model

gs = max (int (model.stride.max()), 32) # grid size (max str
ide)

imgsz = check img size(imgsz, s=gs) # check img size

# Multi-
GPU disabled, incompatible with .half () https://github.com/ultralyt
ics/yolov5/issues/99

# if device.type != 'cpu' and torch.cuda.device count () > 1

model = nn.DataParallel (model)




half = device.type != 'cpu' # half precision only supported on
CUDA
if half:
model .half ()

# Configure

model .eval ()

is coco = data.endswith('coco.yaml') # is COCO dataset
with open (data) as f:

data = yaml.load(f, Loader=yaml.Safeloader) # model dict
check dataset(data) # check
nc = 1 if single cls else int(data['nc']) # number of classes

iouv = torch.linspace (0.5, 0.95, 10).to(device) # iou vector f
or mAP@0.5:0.95
niou = iouv.numel ()

# Logging
log imgs, wandb = min(log imgs, 100), None # ceil
try:
import wandb # Weights & Biases
except ImportError:
log imgs = 0

# Dataloader

if not training:

L\l LI

if device.type != 'cpu
model (torch.zeros (1, 3, imgsz, imgsz) .to(device).type a

s (next (model .parameters ()))) # run once

path = data['test'] if opt.task == 'test' else datal['val']

# path to val/test images

dataloader = create dataloader (path, imgsz, batch size, gs,

opt, pad=0.5, rect=True,
prefix=colorstr('test: ' if

opt.task == 'test' else 'val: ")) [0]

seen 0

confusion matrix = ConfusionMatrix (nc=nc)

names = {k: v for k, v in enumerate (model.names 1f hasattr (mode
1, 'names') else model.module.names) }

coco9lclass = coco80 to coco9l class()

s = ('%20s' + '%12s' * 6) % ('Class', 'Images', 'Targets',

'R', 'mAPQ@.5', 'mAP@.5:.95")

e, r, fl, mp, mr, map50, map, tO, t1 = 0., 0., 0., 0., 0., O.,
0., 0., O.

loss = torch.zeros (3, device=device)

jdict, stats, ap, ap class, wandb images = [], [], [I, [], T[]

for batch i, (img, targets, paths, shapes) in enumerate (tgdm(da
taloader, desc=s)):

img = img.to(device, non blocking=True)




img = img.half () if half else img.float() # uint8 to fpl6/

img /= 255.0 # 0 - 255 to 0.0 -

targets = targets.to(device)

nb, , height, width = img.shape # batch size, channels, h
eight, width

with torch.no grad() :
# Run model
t = time synchronized/()
out, train out = model (img, augment=augment) # inferen
ce and training outputs
t0 += time synchronized() - t

# Compute loss
if compute loss:
loss += compute loss([x.float() for x in train out]
, targets)[1]1[:3] # box, obj, cls

# Run NMS

targets[:, 2:] *= torch.Tensor ([width, height, width, h
eight]) .to(device) # to pixels

1b = [targets[targets[:, 0] == i, 1:] for i1 in range (nb
)] if save hybrid else [] # for autolabelling

t = time synchronized /()

out = non max suppression (out, conf thres=conf thres, i

ou thres=iou thres, labels=lb, multi label=True)

tl += time synchronized() - t

# Statistics per image
for si, pred in enumerate (out) :
labels = targets[targets[:, 0] == si, 1:]
nl = len(labels)
tcls = labels[:, 0].tolist() 1f nl else [] # target cl

path Path (paths[si])
seen += 1

if len (pred) ==
if nl:
stats.append( (torch.zeros (0, niou, dtype=torch.
bool), torch.Tensor (), torch.Tensor(), tcls))
continue

# Predictions

predn = pred.clone ()

scale coords (img[si].shape[l:], predn[:, :4], shapes([si
][0], shapes[si][1l]) # native-space pred




# Append to text file
if save txt:
gn = torch.tensor (shapes[si] [0])[[1, O,
ormalization gain whwh
for *xyxy, conf, cls in predn.tolist():
xywh = (xyxy2xywh (torch.tensor (xyxy) .view(l, 4)
) / gn).view(-1) .tolist () # normalized xywh
line = (cls, *xywh, conf) if save conf else (cl
s, *xywh) # label format
with open(save dir / 'labels' / (path.stem + '.
txt'), 'a') as f:
f.write(('%g ' * len(line)) .rstrip() % line
+ '\n'")

# W&B logging

if plots and len(wandb images) < log imgs:

box data = [{"position": {"minX": xyxy[0], "minY¥Y":
xyxy[1], "maxX": xyxy[2], "maxY": xyxy[3]},
"class_id": int (c

"box caption": . (names[cls]

"scores": {"class score": conf},
"domain": "pixel"} for *xyxy, conf, cl
s in pred.tolist ()]
boxes = {"predictions": {"box data": box data, "cla
ss labels": names}} # inference-space
wandb images.append (wandb.Image (img[si], boxes=boxe
s, caption=path.name))

# Append to pycocotools JSON dictionary
if save json:
# [{"image id": 42, "category id": 18, "bbox": [258
41.29, 348.26, 243.78], "score": 0.2306},
image id = int (path.stem) if path.stem.isnumeric/()
path.stem
box = xyxy2xywh (predn[:, :4]) # xywh
box[:, :2] -= box[:, 2:]1 / 2 # xy center to top-
corner
for p, b in zip(pred.tolist (), box.tolist()):
jdict.append({'image id': image 1id,
'category id': coco9lclass[int (p|
if is coco else int(p[5]),
'bbox': [round(x, 3) for x in b],
'score': round(p[4], 5)})

# Assign all predictions as incorrect

correct = torch.zeros (pred.shape[0], niou, dtype=torch.
bool, device=device)

if nl:




detected = [] # target indices
tcls tensor = labels[:, O]

# target boxes
tbox = xywh2xyxy(labels[:, 1:5])
scale coords (img[si].shape[l:], tbox, shapes[si][0]
, Shapes([si][1]) # native-space labels
if plots:
confusion matrix.process batch (predn, torch.cat
((labels[:, 0:1], tbox), 1))

# Per target class
for cls in torch.unique (tcls_ tensor) :
ti = (cls == tcls tensor) .nonzero(as tuple=Fals
e) .view(-1) # prediction indices
pi = (cls == pred[:, 5]).nonzero(as_tuple=False
) .view(-1) # target indices

# Search for detections
if pi.shape[0]:
# Prediction to target ious
ious, 1 = box iou(predn[pi, :4], tbox[ti]).
max (l) # best ious, indices

# Append detections
detected set = set()
for j in (ious > iouv[0]) .nonzero(as tuple=

d = ti[i[j]] # detected target

if d.item() not in detected set:
detected set.add(d.item())
detected.append (d)
correct[pi[J]] = dous[]j] > iouv #

iou thres is 1xn

if len(detected) == nl: # all targ
ets already located in image
break

# Append statistics (correct, conf, pcls, tcls)
stats.append ( (correct.cpu(), pred[:, 4].cpu(), pred[:,
5].cpu(), tcls))

# Plot images
if plots and batch i < 3:
f = save dir / f'test batch{batch i} labels.jpg' # lab
els
Thread (target=plot images, args=(img, targets, paths, £
, names), daemon=True) .start ()




f = save dir / f'test batch{batch i} pred.jpg' # predi
ctions

Thread (target=plot images, args=(img, output to target (
out), paths, £, names), daemon=True) .start()

# Compute statistics
stats = [np.concatenate(x, 0) for x in zip(*stats)] # to numpy
if len(stats) and stats[0].any():
p, ¥, ap, fl, ap class = ap per class(*stats, plot=plots, s
ave dir=save dir, names=names)
ap50, ap = apl:, 0], ap.mean (1) # AP@QO0.5, APQR0.5:0.95
mp, mr, map50, map = p.mean(), r.mean(), ap50.mean(), ap.me
an ()
nt = np.bincount (stats[3].astype (np.int64), minlength=nc)
# number of targets per class
else:
nt = torch.zeros (1)

# Print results
pf = '%20s' + '%$12.3g' * 6 # print format
print (pf % ('all', seen, nt.sum(), mp, mr, map50, map))

# Print results per class
if (verbose or (nc < 50 and not training)) and nc > 1 and len(s
tats) :
for i, c in enumerate(ap class):

print (pf % (names([c], seen, ntlc],
ap[i]))

# Print speeds
t = tuple(x / seen * 1E3 for x in (t0, t1,
imgsz, batch size) # tuple
if not training:
print ('Speed: %.1f/
'

f/%.1f ms inference/NMS/total per %gx
)

.1
%$g image at batch-size %g t
# Plots
if plots:
confusion matrix.plot (save dir=save dir, names=list (names.v
alues()))
if wandb and wandb.run:
val batches = [wandb.Image (str(f), caption=f.name) for
f in sorted(save dir.glob('test*.jpg')) ]
wandb.log ({"Images": wandb images, "Validation": val ba

tches}, commit=False)

# Save JSON
if save json and len(jdict):




= Path (weights[0] if isinstance (weights, list) else weigh
ts).stem if weights is not None else '' # weights
anno_json = '../coco/annotations/instances val2017.json' #
annotations json

pred json str(save dir / f"{w} predictions.json") # pred

ictions json
print ('\nEvaluating pycocotools mAP... saving %s...' % pred
__Json)
with open(pred json, 'w') as f:
Json.dump (jdict, f)

try: # https://github.com/cocodataset/cocoapi/blob/master/
PythonAPI/pycocoEvalDemo.ipynb
from pycocotools.coco import COCO
from pycocotools.cocoeval import COCOeval

anno = COCO (anno_json) # init annotations api

pred = anno.loadRes (pred json) # init predictions api

eval = COCOeval (anno, pred, 'bbox')

if is coco:

eval .params.imgIds = [int (Path(x).stem) for x in da

taloader.dataset.img files] # image IDs to evaluate

eval.evaluate ()

eval.accumulate ()

eval.summarize ()

map, map50 = eval.stats[:2] # update results (mAPQO0.5:
0.95, mAPQRO0.5)

except Exception as e:
print (f'pycocotools unable to run: {e}')

# Return results
model.float () # for training
if not training:
s = f"\n{len(list (save dir.glob('labels/*.txt')))} labels s
aved to {save dir / 'labels'}" if save txt else "'
print (f"Results saved to {save dir}{s}")
maps = np.zeros(nc) + map
for i, ¢ in enumerate (ap class):
maps[c] = ap[i]
return (mp, mr, map50, map, *(loss.cpu() / len(dataloader)) .tol
ist()), maps, t

|l L

if name == ' main
parser = argparse.ArgumentParser (prog='test.py')
parser.add argument ('--

weights', nargs='+', type=str, default='yolov5s.pt', help='model.pt

path(s) ')




parser.add argument ('--

data', type=str, default='data/cocol28.yaml', help='*.data path')
parser.add argument ('--batch-

size', type=int, default=32, help='size of each image batch')
parser.add argument ('--img-

size', type=int, default=640, help='inference size (pixels)')
parser.add argument ('--conf-

thres', type=float, default=0.001, help='object confidence threshol

da')
parser.add argument ('--iou-

thres', type=float, default=0.6, help='IOU threshold for NMS')
parser.add argument ('--

task', default='val', help="'val', 'test', 'study'")
parser.add argument ('--

device', default='"', help='cuda device, i.e. 0 or 0,1,2,3 or cpu')
parser.add argument ('--single-

cls', action='store true', help='treat as single-class dataset')
parser.add argument ('--

augment', action='store true', help='augmented inference')
parser.add argument ('--

verbose', action='store true', help='report mAP by class')
parser.add argument ('--save-

txt', action='store true', help='save results to *.txt')
parser.add argument ('--save-

hybrid', action='store true', help='save labeltprediction hybrid re

sults to *.txt'")
parser.add argument ('--save-

conf', action='store true', help='save confidences in --save-

txt labels')
parser.add argument ('--save-

json', action='store true', help='save a cocoapi-

compatible JSON results file')
parser.add argument ('--

project', default='runs/test', help='save to project/name')
parser.add argument ('--

name', default='exp', help='save to project/name')
parser.add argument ('--exist-

ok', action='store true', help='existing project/name ok, do not in

crement')
opt = parser.parse args ()
opt.save json |= opt.data.endswith('coco.yaml"')
opt.data = check file(opt.data) # check file
print (opt)
check requirements ()

if opt.task in ['val', 'test']: # run normally
test (opt.data,
opt.weights,
opt.batch size,




opt.img size,

opt.conf thres,

opt.iou thres,

opt.save json,

opt.single cls,

opt.augment,

opt.verbose,

save txt=opt.save txt | opt.save hybrid,
save hybrid=opt.save hybrid,

save conf=opt.save conf,

)

elif opt.task == 'speed': # speed benchmarks
for w in opt.weights:
test (opt.data, w, opt.batch size, opt.img size, 0.25, 0
.45, save json=False, plots=False)

elif opt.task == 'study': # run over a range of settings and s
ave/plot
# python test.py --task study --data coco.yaml --iou 0.7 --
weights yolov5s.pt yolovbm.pt yolov5l.pt yolovbx.pt
x = list (range (256, 1536 + 128, 128)) # x axis (image size
s)
for w in opt.weights:
f = f'study {Path (opt.data).stem} {Path(w).stem}.txt'
# filename to save to
y = [1 # y axis
for 1 in x: # img-size
print (f'\nRunning {f} point {i}...")
r, , t = test(opt.data, w, opt.batch size, i, opt.

conf thres, opt.iou thres, opt.save json,

plots=False)
y.append(r + t) # results and times
np.savetxt (f, y, fmt='%10.4g') # save
os.system('zip -r study.zip study *.txt')
plot study txt(x=x) # plot
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