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This study aimed to develop a novel end-to-end plant diagnosis model for the 

analysis of plant health conditions in near real-time to optimize the rate of 

production on farmlands for an intensive, yet environmentally safe farming 

production to preserve the natural environment. 

 

First, field research was conducted to determine the extent of the problems 

faced by farmers in agricultural production. This allowed us to refine the 

research statement and the level of technology involved in the production 

processes. The advantages of unmanned aerial systems were exploited in the 

continuous monitoring of farm plantations to develop automated and accurate 

measures of farm conditions. 

 

To this end, this thesis applies the Precision Agricultural technology as a data-

based management system that takes into account spatial variations by using 

the Global Positioning System, Geographical Information System, remote 

sensing, yield monitors, mapping, and guidance system for variable rate 

applications.  

 

An unmanned aerial vehicle embedded with an optic and radiometric sensor 

was used to obtain high spectral resolution images of plantation status during 

normal production/growth cycle. Then, an ensemble of classifiers with 
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Convolution Neural Networks (CNN) was used as off the shelf feature extractor 

to train images to develop an end-to-end feature detection and multiclass 

classification system for plant overall health’s conditions. Whereby previous 

works have concentrated on using CNN as off the shelf feature extractor and 

model training to detect only plant diseases from plants. 

 

To date, no research has yet been carried out to develop an end-to-end model 

for the overall plant diagnosis system. Previous studies focused on the 

detection of diseases at any given time, making it difficult to implement 

comprehensive real-time PA systems.  

 

Applying the pretrained model to the new images showed that the model can 

accurately predict any plant condition with an average of 97% accuracy.  
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Chapter 1 

1. Introduction 

1.1. Background and Motivation of the Research 

Food is a vital necessity to human life [1], [2], requiring sustainable and 

continuous supply to meet the demands of the global population [3]. 

Sustainability challenges affect all the stages of the food system from 

production through to processing and distribution. Global food production has 

increased significantly in the last century, but sustainable agriculture (SA) is 

required to cater to the estimated increase in the global population. According 

to Malthus’s theory [4], the global population is expected to increase from 7 to 

9.7 billion in 2050 [5], [6], which will require a corresponding 70% increase in 

food production [7]. Therefore, the application of the fast and emerging 

Agricultural technology is necessary to sustainably maximize production 

across any vegetation type.  

 

Precision agriculture (PA) technology has been identified as a farming process 

that involves all aspects of production required to optimize yield on a plantation 

and ultimately aid/improve sustainable agriculture processes [8]. It enhances 

agricultural production by aiding;  

1) land preparation,  

2) monitoring plantations during in-season growth,  

3) early detection of pest and diseases,  

4) timely and appropriate application of farm resources and  

5) timely harvest and post-harvest processes [9], [10], [11], [12], [13], [14], 

[15].  
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To fully practise PA to attain its set objectives, constant monitoring of the 

plantation is required during all season but more importantly during growth 

season. Information obtained from plant images through constantly monitoring 

the plantation can aid farmers in providing treatment solutions to ailing plant 

health or early intervention to prevent any form of loss in the plantation.  

 

For image acquisition, satellites, mobile phones, UAVs are being used to 

obtain a variety of images from both active and passive sensors operating 

between the microwave to the ultraviolet regions of the electromagnetic wave 

spectrum [16]. The images have a different spatial, spectral, radiometric, and 

temporal resolution, enabling differential application of the sensors [16], [17]. 

The satellite images require pre-processing and merged to provide information 

about crop identification, crop area determination, and the crop condition. 

However, this method is limited by the associated cost of obtaining the data, 

periodic acquisition, and poor resolution due to its long distance from the 

ground [17]. Similarly, though the mobile phone can produce excellent images, 

it has limited abilities in aerial imaging for maximum coverage, control of 

movement disturbances and illumination and usually requires scouting the 

entire field which takes time [18],  [19],  [20]. 

 

To resolve the limitations of satellite and mobile phone methods and obtain 

images with the required resolution in near real-time, the use of Unmanned 

Aerial Vehicles (UAVs) was proposed [21], [22] and considered as the best 

and most efficient method for field data collection [23]. The use of UAVs in 
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agriculture is fast becoming widespread, with the implementation of aerospace 

engineering and sensor technology reducing cost. UAVs employ cameras to 

collect images and sensors to compile a set of data to help with the monitoring 

process and hence decision-making on the farm [24], [25]. 

 

In this study, UAV images were primarily gathered at very high resolutions (up 

to 1cm) allowing the differences in plantations to be easily noticed in 

centimetres as seen with the naked eyes. Because UAV provides immediate 

visual information about large areas of crops it may help farmers with fast 

decision-making usually after processing the images [26]. To implement the 

use of this technology for maximising production in this research, the focus 

was placed on using corn/maize (major cash crop) plant images taken on a 

farm in the tropical region. Corn is chosen as there is little to no solutions made 

available to determine the deteriorating effects on the plant’s health for farmers 

in the tropical region.  

 

A field study was carried out to understand the nature of the practise of 

Agriculture on a farm in Nigeria and a further review of the literature. Relevant 

data were obtained with accompanying images of the plantation that were 

analysed. It was discovered from this study that the majority of the farmers 

only speculate and give unregulated and uncontrolled solutions to the farm as 

soon as failing plant health is detected leading mostly to wastage of resources 

and a very low rate of harvest on the plantation or yield rate. Asides from the 

common infest of pests and diseases, the corn plantation is also found to be 

affected by a range of other factors such as nutrient deficiency, inadequate 
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supply of water or irrigation source, weeds, and irregular plant growth. To 

ensure increased production, these factors all have to be combined and 

addressed respectively. The process usually begins with taking images of the 

plantation, processing the images, and providing solutions in the form of 

feedback to the farmers for implementation. 

 

To date, there is no recorded or dedicated database available showing 

features of the different factors affecting plant health for carrying out analysis 

using machine learning on maize plants especially in the region of interest 

(Nigeria). However, some databases exist only with images of specific 

diseases common to maize plants collected from certain regions that are 

available online like the. PlantVillage database [27], [28]. But not only diseases 

contribute to the poor well-being of plants, other factors are largely responsible 

and can easily destroy the plants without treatment. The database created in 

this research will close the communication gap between the Government and 

the farmers to provide timely and appropriate solutions to agricultural 

production. 

 

Knowledge of a fields' conditions is a decisive factor in limiting the use of 

treatments like pesticides, fertilizers while protecting harvests. Indeed, it 

enables farmers to carry out proper practices in the right place and at the right 

time. However, assessing the healthiness of fields is not simple, and it requires 

a high level of expertise. The automatic identification of the plant’s conditions 

by imagery has the potential to solve all these issues by using automatic 

prospection or expert assistance tools 
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Plant image analysis, especially in the detection of diseases, has been an 

active area of research for many years, and several techniques have been 

proposed. These techniques have been used to develop identification methods 

for crop diseases, whether under controlled or real conditions, and were based 

in particular on the analysis of visible and near-infrared reflectance, on the 

development of specific vegetation indexes, or even by pattern analysis [29]. 

They also identify several issues that block the effective use of these 

techniques for the automatic identification of diseases [30]. 

 

Analysing the images from fields adds other issues, such as the ability to 

process complex elements like the vegetation or non-uniform backgrounds. 

Other problems are linked to the complexity of problems such as symptom 

variation over time and between varieties, or to the possibility of multiple 

disorders appearing at the same time on the field. Techniques capable of 

overcoming these challenges are needed to produce operational automatic 

identification solutions from the plant features. Since 2012, Deep Neural 

Networks (DNNs) and in particular Convolutional Neural Networks (CNNs) 

have been very successful in various computer vision tasks, such as object 

detection and recognition, and classification [31].The convolution layers of 

CNN can be understood as matching filters that are obtained directly from the 

data. CNN’s thus gives a hierarchy of visual representations that are optimized 

for specific tasks. As a result of CNN training, a model is obtained with a set of 

weights and biases that responds to the specific task it was designed for. One 

of the major advantages of CNN is their capacity for generalization, that is, its 

ability to process data that it has never seen before. This enables certain 
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robustness to background heterogeneity, to image acquisition conditions, and 

to intra-class variability translating to PA. Hence, these advantages of the deep 

learning techniques [32], [33], [21], [34] are explored by developing an end to 

end model for the automatic detection and classification of features from plant 

images.  

 

Summarily, work done in this thesis starts off by evaluating new methods of 

obtaining data in non-destructive ways to analysing the images using the deep 

neural network of CNN to develop near real-time solutions to the plantation.  

 

1.2. Statement of Problem 

Obtaining data when required of a plantation and automatically analysing the 

data for fast and accurate decisions on the farm is a big challenge bordered 

by certain factors. Getting the data to farmers in its raw form translates to a 

representation of colours or indices of production level, interpretation of the 

data is limited in providing prescription maps for treatment plans for all plant 

health condition. Thus, leaving the farmers with little or no clue on how to make 

good use of this information. 

 

An end-to-end plant recognition and classification model is required to 

generate the right amount of information required to make a timely treatment 

decision on the farm in real-time, especially for conditions adversely affecting 

corn yield. This will ensure that each plantation type can produce treatment 

plans based on the type of image obtained.  Also, the use of UAV for obtaining 

images in real-time is required for up-to-date data on the vegetation.  
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1.3. Research Aim and Objectives 

1.3.1.  Aim 

The aim of this research is to investigate technologies that can enhance 

agricultural production through an increased crop yield. Precisely, how data is 

obtained in real or near real-time for monitoring the vegetation and 

interpretation of the data into a form usable in decision making on the farm to 

provide targeted treatment systems through PA.  

 

1.3.2. Objectives 

The objectives of this study include the following:  

1. To obtain periodic data/images of (Maize) farm crops from UAVs 

from pre-processing to post-harvest period to enable monitoring the 

plantation for yield optimization on the farm yield.  

2. To efficiently and effectively analyse and interpret the images/data 

into understandable formats using relevant algorithms, programs, 

models for an immediate response of making fast and accurate 

decisions on the farm, and for government intervention to formulate 

the required policy and implementation.  

3. Creation of an automatic plant feature detection and classification 

of plant model using CNN to accurately match the features to a 

probable class.  

4. To test, validate and compare the performance of the proposed 

automatic model with other CNN architecture to determine the 



  8 
 

most efficient model to be used to develop a final model with the 

least top error evaluation.  

5.  Development of the final model with validated and carefully 

selected models after careful testing and experimentation with an 

ensemble of multiple classifiers of SVM, Decision tree algorithm and 

the use of the fuzzy classifiers.  

 

1.4. Research Questions 

This thesis is focused on answering the following questions: 

❖ Is it possible to obtain real-time information from vegetation and use 

this information to produce treatment plans on the farm? 

❖ Can this information be used to formulate a model of standards to 

determine pre- and post-input resources application, predicting 

harvest time with result validation/verification process?  

 

1.5. Contribution to the Present Research  

1.5.1. Thesis Contribution 

The contributions made in this research are of two distinct areas; taking images 

with a UAV and successfully analysing the images for better accuracy and 

classification results.  

❖ The work of Srdjan Sladojevic et al is improved by combining images of 

plant maize diseases and testing images as they would normally appear 

in-field conditions. 
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❖ Comparison of the different pretrained deep neural network models 

(that were trained on ImageNet) to determine the model with the 

strongest crop representation.  

❖ Development of an end-to-end plant diagnosis pipeline using 

convolutional neural network weights for feature extraction and an 

ensemble of classifiers to non-invasively identify healthy, 

undernourished as well as diseased plants.  

❖ Proposal for the development of an autonomous farming system with 

automatic plant feature detection and development of treatment 

solutions on the plantation.  

❖ Development/creation of a maize/corn database with thousands of 

pictures for analysis for developing an end-to-end plant recognition 

model with a wider range of features from in-field research gathering 

the fact that there are other factors affecting plant yield and optimisation 

apart from the frequently known attack of pests and diseases 

 

1.6. Outline of the Thesis 

This research is focused on improving and developing a fast and accurate 

method for the detection of farm images with the goal of increasing production 

on any farmland. It states the reasons for carrying out this research and 

validates the goal of carrying out the research. There is an increasing number 

of interests in this particular field of study with most of the research focusing 

mainly on major two areas; getting the image from the plantation and the 

automatic analysis for estimating the farm plants’ requirements in real or near 
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real-time. The description of each of the chapters in this work is detailed as 

follows.  

 

1.6.1. Chapter 2: Background  

This chapter reviews the existing work on farm image detection and analytical 

methods currently in use with a close relation to the research in this work. It 

aims at providing an overview of the methodology relevant to this research 

study. Also, the chapter provides the machine learning algorithms used for 

plant features classification.  

 

1.6.2. Chapter 3: Field Study Conducted on Plantations to Understand 

the Nature of Agricultural Production in Nigeria 

In this chapter, field research was carried out to fully understand the 

Agricultural practise in Nigeria, the level of technology involved & the impact 

of a plantation for a specific crop: corn (crop of interest), and how it is grown 

to be used in the analysis. 

 

1.6.3. Chapter 4: State-of-the-Art Technology  

In this chapter, the existing technology of Artificial Neural Network (ANN) used 

in plant image feature extraction and classification is reviewed. Then the latest 

methodology for computer vision analysis with the use of Convolution Neural 

Network (CNN) proposed for this study is briefly discussed. 
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1.6.4. Chapter 5: Formation of the Dataset for Image Classification and 

Prediction and Plant Disease Detection Using Plant Village Dataset and 

images from the database. 

This chapter involves the formation of a comprehensive dataset from an UAV 

for plant health analysis. The UAV images are used in combination with other 

images downloaded from the PlantVillage dataset to develop a model for 

detecting diseases that affect corn during its plantation growth cycle. The 

analysis is performed to detect the ability of CNN to accurately detect 

features from cluster images as they are taken on the farm without cropping 

the images or any pre-processing applied.  

 

1.6.5. Chapter 6: Multiclass Image Classification and Prediction 

This chapter entails the training of an efficient yet light neural network to 

identify a multiclass fine-grained classification using a deep neural network in 

c combination with other machine algorithms (Support Vector Machine (SVM), 

Decision Tree (DT), Fuzzy Clustering (FC)) to identify the classes: healthy, 

diseased, discoloured, weed identification and water-stressed plants.  

 

1.6.6. Chapter 7: Conclusion and Future Work  

Presents both the summary and the future work of the research work carried 

out.  

 

  



  12 
 

Chapter 2 

2. Background 

This chapter reviews the relevant research work on the analytical methods 

used in detecting features from farm images. It provides an overview of the 

data acquisition and processing methods relevant to this research study.  It 

discusses the suitability of analytical methods for accurate feature extraction 

and classification. 

 

2.1. General Overview of the Application of Agricultural technology  

The application of technology to agricultural production is increasing across 

many parts of the world, especially in countries where agriculture is the major 

source of revenue and livelihood [35]. Technology according to [36] is the 

practical application of scientific knowledge. Agricultural technology defines 

the use of machinery to enhance the effectiveness of production processes. 

The introduction of technology in agriculture has reduced the often-intensive 

manual labour of many agricultural processes. Further, technological 

applications in the agricultural sector increase crop yield through better 

management of farm input resources. Other advantages of applying modern 

technology to agricultural productivity are sustainable food supply [4], reduced 

hunger and malnutrition by improving the nutrient content of foods [37]; 

environmental sustainability and the associated increases in quality of life and 

living standards, and; financial stability due to reduced food prices [38]. Figure 

2.1 and 2.2 summarises the broad classification of agricultural technology and 

its socio-economic impacts, respectively. Technology plays critical roles at all 

stages of the Agro-industry, enhancing processing at both primary (production) 
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and tertiary (packaging) stages [39]. Technology has a central role in the effort 

to address the concerns of the impact of agricultural processes on the 

environment, resource conservation, and the management of rural 

resources. The technology applied to agricultural technology is generally 

classified into two (2) broad sub-main namely: yield technology and the ICT 

technology as seen in Figure 2.1 with regards to the immediate requirements 

and effects of management decisions taken on the farm to optimise production. 

Yield technology refers to technology that aids the growth of the plantation 

while ICT refers to the services that help with the implementation of the 

technology use. ICT focuses on the improvement of both agricultural and rural 

development through improved information and communication processes. 

ICT includes devices, networks, mobile services, services, and its application 

on the farm.  

 

Yield technology combines the hardware and data analytics applied across the 

food chain to aid the increase in yield, reduce waste, minimize risks and costs 

associated with production processes. Figure 2.2 shows a broader and more 

detailed breakdown of the services and user requirements on the plantation. 

The user requirements refer to the basic needs of an agricultural farm such as 

the irrigation management method where Landsat satellite-based 

evapotranspiration has been effectively used. Seeds from biotechnology, pest 

management, and eradication, soil assessment using digital soil mapping and 

improvement using carbon sequestration and nitrogen sensors, improved 

market access for selling the products and for price stability, innovative storage 

facilities for storing excess products to avoid wastage and prevent the products 
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from getting damaged and better livestock management through pasture 

management, animal tracking using RFID and school identification process. 

The system requirements also can be referred to as data management and 

processing which involves the overall process of data acquisition, data 

analysis, and dissemination of the data for use by the farmers. 

 

 

Figure 2.1 Classification of the Application of Agricultural Technology 

 

2.1.1. Agricultural Technology in Recent times  

The new age of technological advancement is pushing agriculture towards 

smart farming, helping maximise production on any existing farmlands, and 

developing new types of farming environments [44]. Data from optical devices, 

satellites, aircraft, and UAVs underline many smart farming methods [45]. For 

instance, the integration of these tools allows farmers to monitor resource 

levels and determine the exact amount of input resources to apply for optimal 
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yield [47]. Consistently, developments in the Internet of Things and Cloud 

Computing have increased the number of smart machines and sensors now 

deployed on farms to record farming processes [46]. The current study focuses 

on the use of UAVs and on-board sensors. With the images collected from the 

on-board sensors, plant properties such as biomass defined as the weight of 

the living plant material contained below and above a unit of ground surface 

area at any time, the Leaf Area Index, measured as the projected area of 

leaves over a unit of the land surface (LAI), diseases, water stress (caused by 

water deficit) and lodging (caused by water saturation), can thus assist in crop 

management, yield forecasting, and environmental protection and 

development of a prescription map for providing farm treatment solutions [24], 

[57].  
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Figure 2.2 Wide-ranging Impact of Technology on Agriculture. 
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2.2. Concept of Precision Agriculture (PA) 

PA is an information technology (IT) based farm management system that 

involves a process of data collection, mapping, and analysis (Figure 2.3) [14]. 

It is a viable solution to i) the ongoing reduction in the amount of arable land; 

ii) the projected increase in the global population, and; iii) the increasing cost 

of agriculture [49]. PA can aid farmers in making informed decisions about site-

specific treatments, reducing wastage of chemicals and water [14], [48]. Real-

time monitoring features are required to carry out swift actions, especially in 

fast-changing weather conditions or disease outbreaks [50]. Thus, equipping 

conventional tools like a rain gauge, tractor, and notebook with PA systems 

[51], [52], [23], [53], [49], [54], [55] enable them to act autonomously or 

controlled remotely.  

 

Today, autonomous machines play essential roles in the analysis and planning 

of farm processes, albeit with high-level human interventions [52]. This 

research aims to reduce human intervention in the implementation of smart 

farm machines by developing real-time systems that automatically capture, 

analyse and, provide farming solutions.  Also, with the current result of the 

declining agricultural workforce, the adoption of internet connectivity solutions 

in Agricultural practices has been activated, to reduce the need for manual 

labour. Internet of things solutions focuses primarily on assisting farmers to 

close the demand-supply gap by guaranteeing high crop yields, profitability, 

and also protection of the natural environment. PA is also the technique of 

using IoT technology to certify the maximum application of resources to 

achieve high crop yields while reducing the operational costs. IoT in 
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Agricultural technologies makes up the specialized equipment, wireless 

connectivity, software, and the Information technology services [40], [41]. 

 

Smart farming utilises recent technologies such as the smart connected 

devices, IoT sensors, Internet, farmers community, up to date assessment of 

various factors ranging from best conditions for plants/crops to grow, the 

nutrient requirements, to the soil and water quality check, etc. Smart Farming 

has the advantages of making farming easier, economical, cost-effective, 

reducing labour cost, and improving crop yields [41], [42]. 

 

 

Figure 2.3 Smart farming with Precision Agriculture (PA) Technology. 
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Figure 2.3 shows the concept of Smart Farming based on IoT with the 

management cycle as a cyber-physical system, which means that smart 

devices connected to the Internet can completely control the farm system. The 

image shows the stages of using PA on the farm from evaluation of the farm 

processes to the planning strategy employed then application of the required 

resources obtained from the prescription map and then results. The UAV is 

used to take images of the plantation and the images are transferred onto a 

PC for processing. The images are compared with previous images of the 

plantation, the information obtained is used to develop a prescription map to 

apply the required input resources at the right time and right place. In IoT smart 

farming, a system is developed for monitoring the plantation with sensors 

(light, humidity, temperature, soil moisture, etc.) and automating the plant 

watering system. The IoT-based smart farming process is exceedingly efficient 

as compared with the normal approach. The applications of smart farming 

based on IoT target conventional large farming operations and can be used 

with new levers to raise other growing or common trends in organic farming, 

family farming and improve highly simple farming techniques. IoT-based smart 

farming can help provide great benefits with environmental challenges such as 

efficient water usage, input resources optimization, and treatments [43]. 

Factors associated with effective implementation of Precision 

Farming/Agriculture. Some of the factors that influence the deployment and 

performance of a PA system are soil types, hydrology, and microclimates. 

Typically, initial aerial photography of the farm is required to be gathered as 

baseline information before modelling the factors that affect yield. The yield 

map serves as a confirmation of data of what the farmers have, usually by 
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simply taking an aerial photograph of the farm [44],  [10]. Remote sensing used 

in implementing this technology have platforms that include satellites, aircraft, 

balloons and helicopters, and a variety of sensors such as optical and near-

infrared sensors and RADAR (Radio Detection and Ranging) installed on 

these platforms for its applications. The cycle of PA and all the aspects 

involved in practising PA are represented and explained in Figures 2.4 and 2.5 

[45], [46], [11]. Figure 2.5 (a & b) presents in details the processes involved in 

applying PA on the farm and also explains the importance and advantages 

resulting from the application of the technology.  

 

The images collected from the diagnostic information from the on-board 

sensors, such as biomass, Leaf Area Index (LAI), disease, water stress and, 

lodging, can thus assist in crop management, yield forecasting, and 

environmental protection and development of a prescription map for providing 

farm treatment solutions [47], [48]. One major challenge faced with the use of 

precision agriculture is managing and analysing the large data sets from the 

sensors [49].  
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Figure 2.4 The Cycle of Precision Agriculture 
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Figure 2.5 (a) Precision Agriculture Technology Overview 
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Figure 2.6 (b) Precision Agriculture Technology Overview 
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2.3. Computer Vision in Agriculture  

Computer vision is a non-destructive method of inspection that has found 

limitless applications in the food industry, together with the inspection and 

grading of fruits, crops, and vegetables using computers and peripheral 

devices [64]. These devices are readily available with high computational 

power format and can have low-cost sensors [65].  

 

Plant disease identification is one of the biggest concerns in sustainable 

agriculture [50]. Formerly, the detection of plant diseases and plantation 

monitoring is achieved by manual inspection by experts in the field. However, 

continuous monitoring using this approach requires a large team of 

professionals to cover the entire farm area with an exponential farm-size 

dependent increase in cost. Over the past 10 years, a lot of research work has 

proposed some non-destructive techniques to achieve this goal. In [60], 

hyperspectral proximal sensing methods were used to evaluate plant stress 

conditions to environmental factors. However, optical technologies are 

considered the most practical approach to plant monitoring [61], [68], [69], [70]. 

The ideal methods applied to computer vision applications in agriculture are 

mainly on segmentation, classification, edge detection, feature extraction, and 

texture recognition. These techniques have been used constantly and 

improved by combining the image processing steps with algorithms to improve 

the accuracy of the results obtained [71], [72], [73].  

 

Martinelli et al used both thermal and fluorescence imaging methods to 

estimate plant stress induced by increased gases, radiation, water status, and 
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insect outbreak [62]. Similarly, Patchett et al applied chemical elements to 

leaves and used optical analysis to estimate their defence capabilities against 

a range of infectious agents [51]. Other studies have explored the utility of 

computer vision for detecting fruits, predicting the early onset of pests and 

diseases, and selecting treatment solutions at the right time [78], [79]. 

Automatic detection of plant diseases using computer vision techniques on 

plant leaves makes it easier, rapid, and cost-effective. Such systems can be 

loaded on unmanned ground or aerial vehicles to produce real-time inspection 

of leaves and other growth parameters [66].  

 

Key considerations in the use of computer vision in agriculture are cost-

effectiveness, user-friendliness, sensitiveness, and accuracy of the model [59]. 

However, previous studies have majorly analysed images from publicly 

available plant databases, but not in-field plant images. Static images are 

limited by adjustable environmental conditions such as the lighting, amount 

and, type of targets, the background, and movement that influence feature 

extraction and classification [68]. The approach used in this research is 

focused on using a low-cost technique for in-situ image acquisition and 

information extraction under variable environmental conditions.  

 

Several other studies have explored the utility of computer vision for detecting 

fruits, predicting the early onset of pests and diseases, and selecting treatment 

solutions at the right time [52], [53], [52], [54].  
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Before the advent of Deep Learning in the field of computer Vision field, some 

handcrafted feature-based methods had been widely applied especially for 

image recognition. For instance, Histogram of Oriented Gradients (HOG) and 

Scale-Invariant Feature Transform (SIFT), have been combined with Adaptive 

Boosting (AdaBoost) or Support Vector Machines (SVM) classifiers [55]. Such 

methods are limited by both high computational and time constraints due to 

the application of complex pre-processing, feature extraction, and 

classification methods.  

 

2.4. Application of Computer Vision in the Analysis of Plantations 

images 

Image processing and analysis is the core of computer vision [56], [57] 

involving a series of image operations (low, intermediate, and high-level 

processes) that enhances the quality of an image by removing defects such 

as geometric distortions, improper focus, repetitive noise, non-uniform lighting 

and capture induced camera motion [58], [59], [60]. Pre-processed images are 

subsequently segmented to differentiate the regions of interest from the 

background, producing quantitative information for decision-making systems. 

The interaction of image processing with a knowledge database at all stages 

of the entire process is essential for a precise decision-making process. 

Previous reports highlighted that the operation and effectiveness of an 

intelligent decision-making process are based on the provision of a complete 

knowledge base, in which machine vision technology is incorporated onto the 

computer systems [56], [61]. 
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2.4.1. Unmanned Aerial Vehicles (UAVs) 

Unmanned Aerial Vehicles (UAVs) are aerial vehicles that come in broad 

varieties, shapes, and sizes. They can be remotely controlled and can fly 

autonomously through software-controlled flight plans embedded in their 

systems with the use of GPS. The UAV is made up of light composite materials 

for a lightweight and increase in position-changing capability. The use of 

composite material strength makes them fly at extremely high altitudes and 

they have embedded various navigation systems or recording devices such as 

RGB cameras, infrared cameras, etc. Some of the reasons for the increased 

use of o of UAVs are that they are lightweight and easy to transport, they 

capture high resolution and low-cost images, they can fly a variety of altitudes 

depending on data collection requirements, they can travel to areas that are 

not accessible via car, boat, etc., they are extensively used in rescue 

operations, aiding the delivery of medicines and food, generating the live 

status of the affected area, reporting and communicating a crisis, etc., rapid 

availability of raw data/images. Several studies have shown that images 

obtained through real-time sensing with Unmanned Aerial Vehicles (UAVs), 

smartphones, and portable cameras provide cost-effective information for 

immediate management decisions on-farm processes [62], [47], [63], [64], [14].  

 

2.4.2. UAV Image Processing  

UAV images are processed using open-source software such as the digital 

terrain model (DTM) processing tools. The images have to be rectified and 

merged to an ortho-mosaic for further processing, while the best results so far 

recorded were achieved by photogrammetric processing. In some cases, 
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single image processing is used in place of photogrammetric processing where 

there is no regular image block alignment. The single image rectification 

involves correcting the optical distortion using a third-degree polynomial 

approach then, rectification using a non-parametric rectification approach 

before moving to mosaic processing [65]. 

 

Image blending is then applied as an effective way of producing high-quality 

mosaics with the constant radiometric variations of overlapping views 

occurring often with UAV images. Commonly, an improved scale-invariant 

feature transform (SIFT) algorithm is used very often for UAV imagery but 

comes with the disadvantage of consuming a lot of memory [66]. UAV images 

can also be completely analysed using a close-range VMS (Vehicle 

Management System) photogrammetry software and GOTCHA image 

matching. The Open source GIS software used in processing UAV images are 

the Qgis and the open jump available for download from the internet [67]. The 

processed images obtained from the software listed above can then be 

compared to the photograph taken on the ground with set GPS coordinates to 

map out areas of specific needs with input resources such as the use of 

herbicide, fertilizer, water, and also the identification of high yield producing 

vegetation’s on the ground depending on plants’ input requirements.  

 

2.5. Plant Image Classification and Feature Detection 

Analysing plant images provide information that can influence a crop 

management decision on the farm for immediate treatment from pre-planting 

to post-harvest stages.  The information obtained from vegetation can be 
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inferred from its shape, height, texture, colour and, growth rate.  Research into 

image analysis for Agricultural use has been active for over a decade now with 

several methods of data analysis [68] Figure 2.6 simplifies the key stages 

involved in the image analysis process [69].  

 

 

Figure 2.7 Technique for Image Analysis 

 

From Figure 2.7, image segmentation is a pre-processing stage that involves 

converting the image into segments based on uniformity. This is a key step 

required for efficient feature extraction. Different algorithms are usually 

developed to create image objects. Image segmentation procedures are 

thought to be characterized into two main areas: i) knowledge-driven and ii) 

data-driven approach (bottom-up). In the knowledge-driven approach, a model 

of the desired objects is defined, and then the extraction is performed while in 
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bottom-up approaches, the segments are generated based on statistical 

methods [70]. In feature extraction, the attributes of the result from the image 

segmentation are used. The features are the shape, colour feature, texture. 

Research in Precision Agriculture focuses on these two approaches; feature 

extraction and classification including anthropometric models, statistical 

methods, and histograms of gradients. The most successful methods used 

are; artificial neural network and support vector machines with both methods 

combined to achieve better feature extraction results [71]. Table 2.1 shows a 

list of the common software tools used for image analysis in Agriculture [72], 

[73], [74], [75].  

 

2.5.1. Feature Extraction 

Feature extraction is the process of parameterizing the features of the 

plantation to describe an efficient and effective descriptor. A lot of research 

has focused on this concept and have developed numerous feature extraction 

models for plant images. The most commonly used feature extraction 

techniques used for farm image detection are the fuzzy logic, clustering, neural 

network, the use of the support vector machine, principal component analysis, 

edge detection technique via segmentation, co-occurrence matrix for 

extracting texture feature and, the use of Gabor filter and wavelet transform. 

Amongst the applications where learning techniques have been employed for 

building a knowledge base, artificial neural network (ANN) and statistical 

learning (SL) are the two main methods. In the meantime, fuzzy logic, decision 

tree, and genetic algorithm (GA) have also been used for learning [76].  
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2.5.1.1. Review of Feature Detection Procedures in Farm Plant Images 

Brendon J. Woodford et al [77] proposed in his paper titled “Fruit Image 

Analysis using Wavelets” a wavelet-based image processing technique with a 

neural network to develop a method of online identification for pest damage in 

fruits plantations. In the research, three pests that frequently affect orchards 

were selected: the leaf-roller, codling moth, and apple leaf curling midge to be 

identified.  

 

Fast wavelet transforms with a peculiar set of Doubenchies wavelet were used 

to extract the key features which were performed in two basic steps. The first 

step is matching the images obtained by comparing the standard deviations 

for the three colour components (RGB). The second step involved finding a 

weighted version of the Euclidean distance between the image feature 

coefficients of the images selected in the first step and those selected for the 

querying image is calculated and the images with the smallest distances are 

selected and sorted as matching images to the query [77], [78], [79]. 

 

A novel approach was proposed for image analysis by integrating the image 

analysis technique into a diagnostic expert system [80]. A Central Lab. of 

Agricultural Expert System (CLASE) diagnostic model was used to manage a 

cucumber plantation where its expert system found out that the diseases from 

user observation were used to diagnose a disorder from a leaf image acquired. 

Image enhancement, segmentation, feature extraction, and classification were 

used for the disease identification and, three disorders such as Leaf miner, 

Powdery and, Downey were detected [81]. 
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The proposed approach greatly reduced errors due to differences between the 

system and user with the morphological features of the leaves used for plant 

classification and in the early diagnosis of certain plant diseases affecting the 

plantation. A system was also designed for the implementation of an artificial 

vision system that extracts specific geometric and morphological features from 

plant leaves, the system consists of an artificial vision system (camera) with a 

combination of image processing algorithms and feed-forward neural network-

based classifier [82], [83]. Rakesh & Amar proposed a fuzzy surface selection 

technique for feature selection and prediction approach based on SVM to 

develop a weather-based prediction model of plant diseases [84]. The 

performance of the conventional multiple regression, artificial neural network 

(backpropagation neural network and the generalized regression neural 

network) with the Support Vector Machine (SVM) was compared and it was 

discovered that the SVM based regression approach led to a better analysis 

of the relationship between the environmental conditions and diseases level 

useful for disease management and control [29], [85].  

 

In Table 2.1, some of the image processing tools that enhances agricultural 

practices is highlighted by improving the accuracy and consistency of 

processes to reduce farmers’ manual monitoring and reduce environmental 

pressure on the land. The other step used in determining plant nutrient and 

status estimation is pattern learning.   
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2.5.1.2. Pattern Learning 

Pattern learning is the automatic mapping of plant features to detect the health 

condition and status of the plantation. Most researchers have concentrated on 

using back-propagation artificial neural networks (ANN) for plant pattern 

classification and have achieved high accuracy [86].  

 

ANNs have successfully been applied for classification, prediction, and 

segmentation in quality evaluation of food products using computer vision. The 

two main categories of ANNs used in regards to its architecture are feed-

forward ANNs where the output of any layer is unlikely to influence that same 

layer and feedback ANNs having its signals travel in both directions by 

involving loops in the network [83], [87], [88], [66], [74]. Several farm image 

feature detection and classification have been performed and achieved good 

accuracy. Table 2.2  shows the different multi-layer classification and feature 

extraction techniques used in detecting and extracting features from plants 

[75]. The performance of each technique is also evaluated.  

 

Table 2.1 Common software tools used for image analysis in Agriculture 

No. Category Software tools 

1. Image processing 

tools 

IM toolkit, VTK toolkit, OpenCV library 

2. Machine learning 

(ML) tools 

Google TensorFlow, R, Weka, Flavia, scikit-

learn, SHOGUN, mlPy, Mlpack, Apache 

Mahout, Mllib and Oryx 

3. Cloud-based 

platforms for large-

scale information 

Cloudera, EMC Corporation, IBM 

InfoSphere BigInsights, IBM PureData 

system for analytics, Aster SQL 

MapReduce, Pivotal GemFire, Pivotal 
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No. Category Software tools 

storing, analysis and 

computation 

Greenplum, MapR converged data 

platform, Hortonworks and Apache Pig 

4. GIS systems ArcGIS, Autodesk, MapInfo, MiraMon 

5. Big databases Hive, HadoopDB, MongoDB, 

ElasticSearch, Apache HAWQ, Google 

BigTable, Apache HBASE, Cassandra, 

Rasdaman, MonetDB/SciQL, PostGIS, 

Oracle GeoRaster, SciDB 

6. Message-oriented 

middleware 

MQTT, RabbitMQ 

7. Modeling and 

simulation 

AgClimate, GLEAMS, LINTUL, MODAM, 

OpenATK 

8. Statistical tools Norsys Netica, R, Weka 

9. Time-series analysis Stata, RATS, MatLab, BFAST 

 

 

Table 2.2 literature review Image Processing techniques completed on 

Agricultural production 

References Application 

of model or 

system 

Application/ 

Importance 

Accuracy 

Chikushi et al 

1990 

Spider 

software 

Cucumber 

root length 

measurement 

simple and accurate 

measurement 

Yan et al 2000 Fuzzy logic 

decision 

making 

system for 

precision 

farming 

Weed 

coverage 

detection and 

recognition 

Simple and easily 

accessible information 
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Chen et al 2002 Machine 

vision 

technology 

and 

applications 

Detecting 

diseases, 

defects on 

poultry, 

carcasses 

and apples 

Accurate, non-

destructive, yields 

consistent results 

Da-wen and Sun 

2004 

Five steps 

image 

processing 

chain 

Food quality 

evaluation 

Flexible and non-

destructive approach 

Erives and 

Fitgerald 2005 

Portable 

hyperspectral 

tunable 

imaging 

system 

(PHyTIS) 

Recover 

scaling, 

rotation and 

translation 

hyperspectral 

images 

Robust, attractive and 

computationally 

efficient approach 

Kishore C. Swain 

et al 2007 

Suitability of 

low altitude 

remote 

sensing 

images 

estimating 

nitrogen 

treatment 

variations in 

rice cropping 

for precision 

agriculture 

adoption 

Accurate in acquiring 

high quality images of 

land and crop 

properties 

T.Jensen et al 

2007 

Using digital 

imagery 

acquired from 

a low-altitude 

platform 

 

 

Detecting the 

attributes of a 

wheat crop 

Accurate, Simple and 

inexpensive method 

Puchalski et al 

2008 

Combination 

of image 

processing 

techniques 

Apple defects 

detection 

Accurate with 

classification accuracy 

of 96% of the sample 

Schellberg et al 

2008 

Review of 

precision 

agriculture 

applications 

grassland Robust in decision 

support system 

Tellaeche et al 

2008 

Image 

segmentation 

and decision 

making 

Eliminating 

Avena sterlis, 

a weed 

growing in 

cereal crops 

Robustness in 

approach 
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Artizzu et al 

2009 

Case based 

reasoning 

system (CBR) 

Differentiating 

weeds, crop 

and soil in 

outdoor field 

images 

Accurate and Robust 

Jin et al 2009 Adaptive and 

fixed intensity 

interception 

and otsu 

segmentation 

Yellow skin 

potato defect 

detection 

Fast, valid and 

convenient for defect 

detection 

Mondal and 

Basu 2009 

Adoption of 

precision 

agriculture 

technologies 

India and 

other nations 

Review 

Terasawa et al 

2009 

Graphical 

software for 

image 

correction 

and analysis 

Observing 

plant growth 

status 

 

Weis and 

Gerhards 2009 

Bi-spectral 

Image 

processing 

describing 

shape 

features with 

main focus on 

K- nearest 

neighbours 

Detecting 

weed 

densities and 

species 

variations 

Diverse for application 

in the different species 

of weeds and crops 

Yanju and 

Zhenjiang 2009 

Computer 

vision system 

Monitoring 

plant growth 

 

Artizzu et al 

2010 

Computer 

vision-based 

methods 

Vegetation 

segmentation, 

crop row 

elimination 

and weed 

extraction 

Great precision and 

robust in real-time 

Beers et all 2010 Image 

visualization 

techniques 

Agricultural 

image 

transition 

towards 

sustainable 

development 

Improved accuracy of 

the complexity of a 

system. 
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Ehsanirad and 

Kumar 2010 

Gray level co-

occurrence 

matrix and 

principal 

component 

analysis 

390 leaves, 

13 kinds of 

plants, 65 

new or 

deformed 

leaves 

images 

78% accuracy for the 

gray level co-

occurrence matrix 

while the PCA was 

98% accurate 

 

 

Guijarro et al 

2011 

Autonomous 

robot 

navigation 

imaging 

supervised 

fuzzy 

clustering 

thresholding 

Identification 

of green 

plants, barley, 

corn, cereal, 

weed textures 

Effective under 

illumination conditions 

in outdoor 

environments 

Li et al 2011 Fisher linear 

discriminant 

analysis 

Citrus fruit 

images 

Better identification 

results with small 

estimation error 

Aubert et al 2012 IT based tools 

for precision 

agriculture 

Monitoring 

soil and crop 

conditions 

and analyse 

treatment 

options 

The model provides 

the theoretical and 

empirical basis for 

developing policies 

and initiatives to 

support PA technology 

adoption 

Cope et al 2012 Review on 

computational 

morphometric 

and image 

processing 

methods 

Analysing 

shapes of 

leaves, petals 

and whole 

plants images 

Review of the main 

computational, 

morphometric and 

image processing 

methods that have 

been used in recent 

year 

 

 

 

 

Reis et al 2012 Grape 

recognition 

system 

Detection of 

bunches of 

white and red 

grapes in 

colour images 

Achievement of 97% 

and 91% correct 

classifications for red 

and white grapes, 

respectively for 

harvesting time 

prediction 
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Sansao et al 

2012 

Excess green 

index images 

using Gaber 

Determination 

of weed 

coverage 

percentage 

by local 

orientation 

using an 

average 

squared 

gradient 

method 

Great capability to 

coherently distinguish 

high from low weed 

infestation 

Silva et al 2012 Image 

processing 

using 

LabVIEW 

software 

Determination 

of weed 

coverage 

percentage 

Highly recommended 

for weed mapping the 

percentage of weed 

cover in no till systems 

in colour images while 

infrared images are 

recommended in just 

conventional tillage 

system 

Mizushima and 

Lu 2013 

Image 

segmentation 

using Otsu’s 

method and 

support 

vector 

machine 

Apple sorting 

and Grading 

Provides an effective 

and robust 

segmentation means 

for apple sorting and 

grading in a multi-

channel colour-space 

Montalvo et al 

2013 

An automatic 

expert system 

based on 

image 

segmentation 

procedures 

Weeds/crops 

identification 

in maize 

fields 

Better accuracy in 

terms of both 

quantitative and 

qualitative analysis 

Mulla 2013 Review of 25 

years remote 

sensing in 

precision 

agriculture 

Near real-

time soil, crop 

and pest 

management 

General review of 

remote sensing with 

Precision Agriculture 

Pastrana and 

Rath 2013 

Image 

processing 

algorithms for 

leaf detection 

using an 

Identification 

of individual 

plantlets 

under 

Accurate in identifying 

small plants under 

different overlapping 

conditions 
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active shape 

model 

overlapping 

situations 

Romeo et al 

2013 

An automatic 

and robust 

expert system 

Greenness 

identification 

in agricultural 

images using 

histogram 

analysis in 

decision 

making and 

fuzzy 

clustering 

approach for 

classical 

greenness 

identification 

Efficient use of both 

expert system design 

and fuzzy clustering 

strategy 

Wu et al 2013 Image 

processing 

and 

segmentation 

using Otsu’s 

method 

Automatic 

foreign fibre 

inspection in 

cotton 

products 

Accuracy and speed of 

this segmentation 

method over others 

Kelman and 

Linker 2014 

Apple 

detection 

algorithm 

using shape 

analysis 

Detecting 

mature 

apples in tree 

images using 

convexity 

Accurate in removing 

edges initially 

identified by canny 

filters 

Manal Elarab et 

al 2015 

Thermal and 

broadband 

multispectral 

high-

resolution 

imagery from 

an unmanned 

aerial system 

using 

relevance 

vector 

machines for 

precision 

agriculture 

Estimating 

chlorophyll 

 

Accurate method for 

estimating chlorophyll 

in plants 
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Sebastian 

Candiago et al 

2015 

Agisoft 

photoscan, 

Micmac 

packages 

Evaluating 

multispectral 

images and 

vegetation 

indices for 

precision 

farming 

applications 

from UAV 

images of 

vineyards and 

tomatoes 

Fast and low-cost 

approach 

Jorge Torres-

Sánchez et al 

2015 

Agisoft 

PhotoScan 

Professional 

Edition 

software, 

OBIA 

algorithm 

High-

Throughput 3-

D Monitoring 

of 

Agricultural-

Tree 

Plantations 

with 

Unmanned 

Aerial Vehicle 

(UAV) 

Technology 

 

Accurate and high-

throughput monitoring 

of the spatial variability 

of agricultural-tree 

fields under two 

different plantations, 

patterns, including tree 

height and crown 

volume of all the trees 

in the whole plantation. 
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Francisca López-

Granados et al 

2015 

 

 

OBIA 

algorithm 

Early season 

weed 

mapping in 

sunflower 

using UAV 

technology: 

variability of 

herbicide 

treatment 

maps against 

weed 

thresholds 

 

Accurate methods for 

decision making 

Massimo 

Minervini et al 

2015 

Computer 

vision, 

geometric 

modelling 

Image 

Analysis: The 

New 

Bottleneck in 

Plant 

Phenotyping 

Accurate and timely 

approach on the entire 

plant 

Ramia Jannoura 

et al 2015 

 

ArcGIS 9.2 

 

Monitoring of 

crop biomass 

using true 

colour aerial 

photographs 

taken from a 

remote 

controlled 

hexacopter 

 

Inaccurate: 

Calculated vegetation 

indices failed to detect 

differences between 

cropping systems and 

was not correlated with 

the leaf area index 

H S Abdullahi et 

al 

 

 

Review of 

Precision 

Agriculture 

 

 

Review of 

Precision 

Agriculture 

with UAVs 

General review on the 

use of UAVs with 

precision agriculture 

 

2.6. Summary  

In this chapter, the different methods of analysing plant images were 

discussed, alongside the concept of PA and the advent of computer vision in 

Agriculture with the current state of the art technology. The use of UAVs to 

collect images at high resolution is discussed with its advantages.  

http://www.sciencedirect.com/science/article/pii/S1537511014001998
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Chapter 3 

3. Field Study Conducted on Plantations to 

Understand the Nature of Agricultural Production in 

Nigeria 

3.1. Introduction 

To fully understand the Agricultural practise in Nigeria, the level of technology 

involved and impact of a plantation for a specific crop: corn (crop of interest) 

and how it is grown, a study was carried out on the farm.  

 

With approval from the governing body of the farmland (Lower River Niger 

Basin), five farm plantations during growing season were visited with special 

interest in the corn plantation. The study aimed to investigate the practise and 

adoption of Precision Agricultural (PA) technology with research into the 

possible implementation of the technology for increased productivity and toto 

understand the nature of the challenges prevalent in the region.  

 

3.2. Experiment  

 The study was conducted on five different farms with different locations in 

Nigeria during the raining season. The study sites included: a rice plantation; 

vegetable; groundnut; melon and a maize plantation located in both Abuja and 

Kwara state (llorin) (River Niger basin) of Nigeria. More focus was placed on 

the maize plantation, as this crop is a widely consumed food, preserved for 

long term use and eaten in different forms. Also, it was the most prevalent crop 

in season at the time of collecting the data. Images of the maize plantation 
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were taken and information was collected with the aid of an interview guide set 

up for the farmers on-site to answer questions about agricultural production on 

the farms. 

 

The responses transcribed from the information contained in the audio/video 

recordings is summarised in Table 3.1. In the survey, questions were designed 

to inquire about the level of technological advancement in the farm practices. 

The data obtained were the level of education of the farmer/farm 

representative, production characteristics, the size of farmland, current 

adoption of the technologies, land characteristics, etc. Technologies that were 

considered included variable rate application of pesticides, other nutrients, 

variable rate seeding, field scouting for insects, pests and diseases, etc.  

 

Table 3.1 Transcribed Nigerian Farm data obtained from Questionnaires 

General 

Information 

 

Public Private Private Private Private 

Farm ownership 

Types 

 Government  Private 

Company 

Family Private 

Company 

Private 

Company 

Farm location Ilorin Abuja Ilorin Niger Ilorin 

Date of farm visit June 8th, 

2016 

June 15th, 

2016 

June 16th, 

2016 

July 18th, 

2016 

July 20th, 

2016 

 

Farm size 

100 hectares 70 hectares 34 hectares 10 hectares 200 hectares  

 

Plantation type 

Maize 

intercropped 

with 

groundnut 

Rice 

plantation 

Vegetables 

(spinach) 

Watermelon Rice 

 

Season of 

planting 

Rainy 

season 

Rainy 

season 

Rainy 

season 

Rainy 

season 

Rainy 

season 

 Rainfall Rainfall 

dependent 

Rainfall 

dependent  

Rainfall 

dependent 

Rainfall 

dependent  
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Type of water 

use 

(irrigation/rainfal

l) 

 

Use of fertilisers, 

manure 

Extensive 

use 

Extensive 

use 

Used 

heavily as a 

source of 

nutrient  

Applied 

twice during 

growth 

period 

Extensive 

use in 

plantation  

 

Type of farming 

practised 

Use of a few 

machineries 

provided by 

the 

government  

Use of 

machinery 

rented  

Subsistence 

farming  

Use of 

machinery 

obtained 

with 

personal 

funds 

Use of 

machinery 

for land 

preparation 

obtained 

with 

personal 

loan  

 

Maximum yield 

produce 

No record No record No record Record of 

harvests, 

purchases 

kept 

 

Predicted 

that output 

certainly 

outweighs 

the input 

 

Type of Seeds 

planted 

GMO 

(Genetically 

Modified) 

seeds 

GMO Seeds Best Seeds 

from 

previous 

harvests 

Seeds from 

harvested 

previous 

plantation   

 

GMO seeds  

 

Soil assessment 

none No prior soil 

assessment  

Soil 

preparation 

by tilling but 

with no soil 

assessment  

Lab soil 

sampling 

with 

application 

of gypsum  

Pre-

processing 

and land 

preparation 

before 

planting. 

 

Animal 

management 

None None None None none 

 

Tools used in 

the farm/ 

machinery 

Tractors, 

Ploughs, 

Harrows, 

thresholding 

machinery 

Tractors, 

Ploughs, 

Harrows, 

thresholding 

machinery 

Traditional 

tools. 

Tractors, 

Ploughs, 

Harrows, 

thresholding 

machine, 

sorter, 

grader 

Tractors, 

Ploughs, 

Harrows, 

thresholding 

machine, 

sorter, 

grader 

 

Maintenance of 

equipment’s 

No routine 

maintenance  

Yearly 

routine 

maintenance 

Quarterly 

routine 

maintenanc

e of 

equipment  

Yearly 

routine 

maintenanc

e 

Yearly 

routine 

maintenance 
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Transportation 

of products 

Within the 

region of 

cultivation  

Sold within 

the region 

where 

product is 

cultivated 

Sold within 

10 miles 

from harvest 

Sold within 

the area of 

harvest 

Some 

products are 

packaged 

and sent out 

for sale to 

other 

locations 

while some 

are sold at 

the local site 

of harvest.  

 

Farmer’s 

standard of 

living/ health 

Below 

standard: 

most farmers 

barely get 

enough 

products to 

sell or feed 

their family 

or educate 

their family.  

 

Very low 

standard of 

farmers  

Barely make 

enough to 

feed their 

family 

Farm 

owners 

make a 

decent living 

from their 

harvest, but 

the farmers 

don’t have 

enough.  

Farm owners 

make a 

decent living 

from their 

harvest, but 

the farmers 

don’t have 

enough.  

 

Accessibility to 

data  

The Internet 

and local 

record 

keeping of 

some farms 

 

Internet  No previous 

data survey 

used.  

Crowdsourci

ng/Internet 

Internet/surv

ey 

 

Pest 

management  

Direct and 

equal 

application 

across fields 

Direct and 

equal 

application 

across fields 

Direct and 

equal 

application 

across fields 

 

Direct and 

equal 

application 

across fields 

Direct and 

equal 

application 

across fields 

 

Scouting for 

pests and 

diseases 

Manually Normal 

detection 

with eyes 

Detection 

with eyes 

and 

discolouratio

n in plants 

 

Manually Manually 

 

Farmer 

Education level 

The majority 

of local 

farmers are 

uneducated 

with no prior 

knowledge of 

agriculture. 

Few 

Majority of 

local farmers 

are 

uneducated 

with no prior 

knowledge of 

agriculture 

Majority of 

local 

farmers are 

uneducated 

with no prior 

knowledge 

of 

agriculture 

Majority of 

local 

farmers are 

uneducated 

with no prior 

knowledge 

of 

agriculture 

Majority of 

local farmers 

are 

uneducated 

with no prior 

knowledge 

of agriculture 
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educated 

farmers  

 

 

Years of  

experience in 

farming  

 

10 25 22 28 35 

 

Farmers 

employment 

status  

Part-time 

employment 

with a 

government 

firm 

 

Full-time 

farmers 

Full-time 

farmers  

Full-time 

farmers 

Full-time 

farmers  

 

Age (farmers 

age (years) 

46 58 47 65 53 

 

 

3.2.1. Challenges of Farming in the plantation.  

Judging from the data gathered from the plantation, there is a very low level of 

technology usage on the farms due to challenges like the lack of or inadequate 

availability of funds, cooperative facility to farmers; inadequate 

education/extension workers and the lack of availability of the required 

technology. Other common challenges were; Inadequate recording keeping 

making it difficult to determine profit and losses; constant flooding from water 

in dams overflowing to plantations especially in the rice plantation; Influence 

of early onset of pests and diseases; inadequate storage facilities; Lack of 

access to market due to bad roads and poor storage facilities; high cost of 

traditional sampling making it difficult to determine the appropriate quantity of 

farm inputs required. All of the challenges are easily attributable to lack of 

adequate policies governing the practice of Agriculture in Nigeria to control and 

minimize them but the major concern is addressing the problem of non-
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uniformity and intra and inter-field variability on the field leading to poor 

production. 

 

Most of the farmers attributed the major loss of food products in their farms to 

the early onset of the infest of pests and diseases with delayed diagnosis and 

plant undernourishment. Also, the expensive costs of applying pesticides or 

herbicides to the plantation without a control measure which sometimes end 

up polluting nearby water sources like rivers or lakes (ground run-off). The 

majority of the farmers also explained the unequal germination of certain parts 

of the farm with unequal growth rate all subjected to the same growing 

conditions. This, they explained was due to the reducing infertility of the lands 

available and also the obvious competition constantly faced by the Nigerian 

lands due to deforestation, changes in climate change and at large 

biodiversity.  

 

In summary, the challenges found to be common to each plantation type from 

the data gathered are:  

❖ Lack of funds or cooperative facility to farmers; 

❖ Inadequate genetically modified seeds; poor dissemination of good 

agricultural practice 

❖ Inadequate education/extension workers; 

❖ Lack of required technology available; 

❖ Inadequate recording keeping making it difficult to determine profit and 

loss; 
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❖ Flooding from water overflowing in dams overflowing to plantations 

especially in the rice plantation; 

❖ Influence of pests and diseases; Diseases such as downy mildew, rust, 

leaf blight, maize streak virus (MSV), and more recently, maize lethal necrosis 

(MLN) which has led to the total loss of maize crops and Insect pests such as 

the stem borer which can cause losses of 20-40%. Other stresses such as the 

parasitic Striga (witch) weed which has led to losses of 60-90% in some parts 

of Nigeria 

❖ Inadequate storage facilities; the need for affordable, small-scale 

mechanisation to replace manual labour and significant post-harvest losses 

due to poor storage, pest attack, and spoilage. 

❖ Lack of access to the market due to bad roads and poor storage 

facilities; 

❖ The high cost of traditional sampling making it difficult to determine the 

appropriate quantity of fertiliser. 

 

The introduction of Precision Agricultural (PA) technology to the farms by 

constant monitoring can help minimize the problems of unequal distribution of 

farm resources to maximize both the resources and labour, it will also help 

farmers decide on when to plant and harvest to minimize loss of the farm 

products. These are some of the problems being tackled in this research.  

 

3.2.2. Study of the Images of the Corn Plantation.  

Pictures of the maize plantation were also taken alongside the interview with 

a high-resolution camera (Samsung Galaxy S6 edge+, model number; SM-
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G928F). A simple colour image of the maize plants acquired by the high pixel 

digital camera could predict the nutrient content of a leaf using its 

electromagnetic reflectance. Some of the images taken were auto stitched as 

shown in Figure 3.1.  

 

Figure 3.1 Auto-stitched images of the maize plantation 

 

The images show irregular growth pattern in the plantation with some areas 

producing at the normal or expected rate, some were flowering in readiness 

for fruiting and some were still at the very early stages of development all 

plants were subjected to the same seedlings and growing conditions. One very 

key observation made from labelling the images with the help of the farmers is 
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the fact that not only pests or diseases affect the growth of the crop, they are 

also hugely affected by either excessive rainfall which destroys the plantation 

or inadequate water supply that causes a portion of the plants to be dry out. 

Also, nutrient deficiency is a huge area for the farmers, they currently apply 

equal distribution of fertilizers to the land without any knowledge of what is 

required and in what quantity. Then, weed was another problem which 

constantly competes for nutrients with the maize plants.  

 

3.2.3. Justification for the choice of crop for Analysis  

This research is limited to using images obtained from a corn plantation 

because it is a readily available crop and given my origin, corn is produced as 

the largest in Nigeria and it produces approximately 8 million tons per annum 

[89]. It is conceivably the most common staple food in developing countries, 

providing food for over 900 million people earning less than the US $2 per day 

[90]. 

 

One of the main reasons for considering a Nigerian farm is the challenge of its 

economy having sole dependence on oil which has created a lot of difficulties 

over the years with the uneven distribution of wealth resources amongst only 

a certain small percentage of individuals [91]. It contributes to less than 40% 

of GDP [92]. The Agricultural sector is the other sector that is being explored 

to bring a long-lasting solution to the economy by increasing GDP and 

increasing more job opportunities as well as abundant food supply which 

previously contributed over 70% of GDP to the economy before the oil boom 

in 1970 [93]. 



  51 
 

 

Corn/maize is a cash crop that is greatly cultivated and contributes majorly to 

revenue generation. Also, 50% of the population consumes corn while the 

entire African continent accounts for 30% of global maize consumption [94]. 

There are certain risks connected with growing corn and the most prominent 

problem is the problem of uneven growth across a plantation and the 

infestation of both pests and diseases. It would be imagined that a continent 

that has such a heavy maize consumption rate will be a major maize producer 

but on the contrary, Africa accounts for only 6.5% of the Global Maize 

production with Nigeria being the largest African Maize producer, its production 

is slightly over 10 million tons of Maize confirming its heavy reliance on 

importation to bridge the production deficit. The demand for corn is expected 

to double by 2050 in line with the growing population in order to meet up to its 

required demand [95]. 

 

For farmers in the corn industry, this is itself a great sign for its value chain 

especially the local and cross-border trader, and thus presents an opportunity 

to increase its earnings exponentially.  

 

3.3. Corn: History, Cultivation, and Description  

Corn, biologically known as Zea mays, is an annual grass belonging to the 

family Poaceae. It is a staple food crop grown all over the world and its plant 

possesses a simple stem of nodes and internodes and the leaves to add up to 

about 8–21 per plant and grow from 30 to 100 cm (11.8–39.4 in) in length 

[96][89]. It can be made and eaten into different forms by the majority of the 
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Nigerian population. It is one of the major cash and food crops available. The 

ears of the corn are cooked and eaten directly as a meal (vegetable) or it is 

cooked, de-husked and, stored in cans as sweet corn. It is also transformed 

into other forms and made into flour used as swallow food called 

Semovita/Semolina or corn starch. It is also made into cereal and baby food 

(Cerelac), also, it is grown as a feed for livestock [97].  

 

Corn grows best in the warm, tropical, and sub-tropical regions as it requires 

warm soils for optimum production. The most important soil condition and the 

requirement for growing corn is high-quality soil that is deep, fertile, and drains 

well with a pH between 6.0 and 6.8. Corn plants are very heavy feeders and 

even with the most fertile of soils, they require close monitoring and update of 

nutrients as the plants develop, particularly nitrogen supplement. Corn also 

requires a large area of space between them because they grow large and 

pollinated by the wind. Corn is planted in areas where it receives full access to 

sunlight for most of the day provided with ample moisture [94].  

 

3.4. Planting & Growing of Corn 

The variety of corn grown determines its planting dates. According to research 

and data collected from the plant village, the standard varieties should be 

planted once the soil has warmed to at least 12.7°C (55°F) and the super sweet 

varieties as soon as the soil reaches 18.3°C (65°F). Maize is planted in blocks 

(several rows) instead of a single long row because it is wind pollinated and its 

pollen can move between plants much more efficiently. Generally, after 

planting, Corn undergoes a rapid growth period between 30 and 40 days and 
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should be fertilized before this. All fertilizer applications should be made before 

the tasselling period to make sure that the plant maximizes its nitrogen use. In 

this stage, it is important to closely monitor and look out for signs of nutrient 

deficiency and ensure that the plants remain deep green. The purple-tinged 

colour of leaves indicates that the plants suffer from a lack of phosphorus 

where the light green leaves indicate a deficiency in nitrogen and require 

immediate fertilizer application. Plants also require adequate soil moisture 

within its growing period to tassel and form silks. Precision Agricultural 

Technology is useful in this period to adequately distribute the nutrients 

efficiently on the farm. Nitrogen, phosphorous, and potassium deficiency in 

plants are detected as discolouration on the leaves and the symptoms usually 

begin from the lower to the upper leaves [89]. 

 

3.5. Recommendation for the Agricultural sector in Nigeria. 

All of these challenges are easily addressed by enforcing well laid out policies 

to control and minimize the problems. Also, it can be said that the majority of 

Nigeria’s small holder’s farmers are often too poor to employ modern tools 

such as tractors and ploughs. Only large farms practise agricultural 

mechanization which involves the use of tools, implements, and machines for 

a wide range of farm operations from land preparation to post-harvest 

practices. Meanwhile, Nigeria is still at its early stage of agricultural 

mechanization. Common farming practise is mixed cropping where each crop 

is planted in narrow spaces. This does not allow economies of scale from 

large-sized modern tools. Tractors, drafts animals, and ploughs are referred to 

as modern tools as they are non-traditional tools for a majority of Nigerians.  
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Harvests are done by using manual labour which is very labour intensive. The 

constraints of farm mechanization as they apply to large farms are: access to 

credit, setting up of manufacturing and repair services, improved infrastructure, 

access to fuel, electricity, and larger plots of land. Better legal and regulatory 

capacity of the public sector for implementing policy. The use of higher-yielding 

varieties of seeds, fertilizers, and improved soil quality can improve 

productivity while agricultural mechanization is often assumed to raise labour 

productivity [98].  

 

As previously discussed, the nitrogen concentration in green vegetation is 

related to chlorophyll content and indirectly to one of the basic plant 

physiological processes of photosynthesis. Therefore, nitrogen loss to farmers 

represents an economic loss for farmland owners. The potential benefits of 

precision agriculture are reduction in cost and more efficient use of production 

inputs, use of information technology to increase the size and scope of farming 

operations without increasing labour requirements, improved site selection and 

control of production processes that help in the production of higher value or 

specialty products, improved record-keeping and production tracking for food 

safety and environmental benefits [99]. The most common presumption about 

the importance of precision agriculture is that it will allow farmers to a achieve 

uniform and maximum production over their farm, but optimising input 

resources for the land with the accordance to the capability of the land [17]. 

With PA, also known as site-specific farming helps to make decisions on 

resource allocation to better match soil and crop requirements with their field 

variability. Precision technology is centred on information technology. 
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Therefore farmers with lots of experience may argue that PA is not relevant 

with fewer years of experience but may be greater for less experienced young 

farmers as they are likely to incline towards innovations [20]. To invest and 

develop the agricultural sector, agriculture is required to be taken as a long-

term certitude by means of a government that conducts itself like a business. 

This will increase food security, provide more job opportunities, contribute to 

international development while securing the environment. At the moment, 

agriculture is becoming one of the world’s fastest-growing sectors with a 

breakthrough in nutrition, genetics, informatics, remote sensing, precision 

farming, etc [100]. 

 

With the advantage of the Nigerian population estimated to be over 170 million 

[101] making it the most populous country in Africa with a large market 

advantage. Increased production will feed more than half of the population 

while reducing the importing of food resources which will therefore be at a 

reduced cost, which can be achieved by mechanisation and precision farming. 

Also, fertiliser consumption will be reduced, currently, it is wrongly applied due 

to the high variation in the field. Dynamic cheap soil testing will be suitable for 

the region before fertiliser application or planting. Areas of excessive 

application lead to stress to the area leading to runoff and water pollution. 

Research, data collection, and processing are required, development of a data 

bank and interconnection of data to available farm users and development of 

DSS (Decision Support Systems) computer model for making decisions on the 

farms. PA technology can play a major role in addressing most of these 
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challenges to ensure that yield is optimised on any plantation to a certain 

extent. 

 

A SWOT and PESTLE [102], [90] analysis was developed to highlight and 

enumerate the opportunities and strength of growing the agricultural division 

which is many and without a doubt can a worldwide leading producers of crops 

and fruits. The SWOT analysis highlights the strength, weakness, opportunity, 

and threats in the Agricultural sector in Nigeria while the PESTLE analysis 

shows the political, social, economic, technological, legislative, and 

environmental factors affecting the practise of Agriculture in Nigeria. This is 

illustrated in Figures 3.2 and Figure 3.3.  
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Figure 3.2 SWOT Analysis for Agricultural Development in Nigeria 
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Figure 3.3 PESTLE Analysis on the Impact of Technology to Agricultural 

Development 

 

The PESTLE analysis was used as a broad fact-finding activity to help an 

organisation establish the external factors that could impact decisions made in 

the Agricultural sector. A better understanding of these external factors 

maximises the opportunities and minimise threats in the sector. The political 

factors include government policy, political stability or instability, corruption, 

foreign trade policy, tax policy, labour law, environmental law and trade 

restrictions. The fiscal policies include budgetary, tax, debt management, and 

policy formulation for example; enforcing policies on the use of cassava mixed 

with flour for some food production to reduce import and encourage 

consumption of domestically produced goods. Nigeria's bad debt burden 
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affects its international credit rate which affects the flow of foreign and 

domestic private investment. The trade policies focus is on measures like 

tariffs, export, and import allocation prohibitions while the liberal trade policy 

was implored constituting an incentive for foreign investors who may need to 

import raw materials or export products and the protectionist constitutes an 

incentive for investors in non-tradable products that are consumed. Tax policy 

of 120% on expenses are tax deductibles provided that the research is carried 

out in Nigeria and are connected with the business from which income or 

profits are derived [103], [98], [97], [104]. 

 

The Economic factors is concerned with the stage of the business cycle of 

agriculture in Nigeria, which is still at its very subsistence level with 90% of its 

product consumed locally and the rest exported to neighbouring countries. The 

inflation rates in Nigeria which directly affect the import rate was reported to 

be 8.10% in October 2014 with an average of 12.33% as reported by The 

National Bureau of Statistics [105]. This directly increases the price of imported 

products while the consumer price index measures the change over time in 

prices of goods and services, this reports that the yearly increase of food prices 

was 9.6%. The exchange rates determine the relative prices of domestic and 

foreign goods and the strength of external sector participants in international 

trade: the exchange rate in Nigeria was quite stable during the oil boom that 

accounted for 70% of the GDP products as mentioned earlier [92]. The cost of 

labour is relatively cheap and leads to low productivity due to a lack of 

technological improvement and the use of primitive tools for cultivation. The 

impact of globalisation will lead to an increase in the supply of food available 
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for domestic consumption and releasing labour needed for industrial 

employment. These irregularities in policies and lack of continuity in policy 

formulation are major factors that greatly affect the exchange rate [106].  

 

The social and cultural factors affecting agricultural development: the land 

tenure system used in Nigeria is based on communal land ownership which is 

a great problem for large-scale agricultural production. Agriculture in Nigeria is 

mostly practised by low scale farmers who are illiterates and are also low-

income earners. Because of this, the farmers mostly tend to oppose 

innovations of modern technologies and the use of improved seeds, fertilizer, 

and tractors. They also do not have the resources to purchase these 

technologies and some do not have direct access to information about 

technological advancement while some have access to the information but 

can’t make use of the information as it is not duly interpreted. This is because 

the largest funds invested in this sector are its own funds by these poor 

farmers. These lead to low production in response to the growing economy. 

The gender distribution of farmers according to a fact of wealth sheets 

estimates that the ratio of men to women involved in the cultivation practise is 

6:1 while more women are involved with the processing of finished products 

and marketing of the products [107]. The age distribution of people involved in 

farming has the largest number in middle-aged men from 30 to 49 years of age 

(54%) while 30% of the farmers are aged 50 to 64, 10% to 65 and above age 

range, 6% to 15 to 29 years of age and nothing to children between the ages 

of 0 to14 [108].  
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The technological advancement of agriculture in Nigeria is still at a very 

minimal level as most farmers still practise crude farming. Due to the very low 

percentage contribution of Agriculture to GDP in Nigeria, a number of policies 

and programmes were set up to help farmers with large scale productions. 

These programmes brought about the very little impact on the sector as it 

couldn't reach out to a majority of farmers by providing them with credit facilities 

at low-interest rates, provision of mechanized farming tools, pesticides, and 

herbicides, unable to exploit her natural resources and produce capital goods 

etc. Presently (2014), the government has successfully created an e-wallet 

system of providing subsidies to farmers on the purchase of agricultural 

farming tools, herbicides at a subsidized rate. More effort is been made to 

reach out to more farmers as the programme only extends to a few numbers 

of rural farmers at the moment a number of projects have been undertaken to 

provide farmers with information on weather both for replanting and post-

harvest seasons. More so, a system is been developed to provide efficient 

marketing, storage system, information about farmland during production 

using GIS Technologies but this is still at the very initial stage. The technology 

disseminates information via SMS technology to farmers [109], [110].  

 

The investment legal framework for the agricultural sector provides incentives 

for, regulates, or protects investments, especially foreign investment. The 

important domestic investment legislation and international legal 

arrangements governing foreign private investment areas contained in the 

NIPC Act 16 of 1997) [111]. 
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It is a fact that environmental analysis is necessary for sustainable growth. The 

Federal Environmental Protection Agency produced a national policy on the 

environment in 1999 and the aim of the policy is to achieve sustainable 

development in Nigeria. The aim of the policy formulation was to secure an 

environmentally secure and adequate good health and being, conservation 

and use of the environment for the benefit of present and future generations 

and to restore, maintain and enhance the ecosystems and ecological 

processes essential for the functioning of the biosphere to preserve biological 

diversity and the principle of optimal sustainable produce in the use of living 

natural resources and environments. Strategies were put in place to ensure 

that the goals were achieved successfully [112].  

 

3.6. Summary  

With most Nigerian farms being mostly disjointed small scale farms, it is argued 

that PA will cost more than the advantages the technology proposes to offer 

but previous reports indicate that in some parts of the world, with precision 

agriculture, the advantages by far surpasses the losses encountered in the 

field to post-harvest losses, pest and disease attack and non-uniform 

plantation and also the reduction in cost of input resources.  Nigerian 

agriculture depends 90% on fertiliser for nutrients applied in equal proportion 

to every portion of the field. The sample images clearly show areas of variation 

with the growth rate in the maize plantation. 

 

The treatment plan formulated can be used to apply herbicides, pesticides, 

fertilisers, water at the right amount, at the right time, right space giving a great 
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chance for maximum production on the same field whilst preserving input 

resources, minimising cost and maximising profit. Information about how 

farmers should use PF or PA to make management decisions about the 

relative magnitude of benefits and costs of the technologies. Also, the data can 

be used on the GPS guided system for application of input resources on the 

farm with the treatment plan generated. Agricultural research institutes need 

to work closely with farmers and policy makers (Government) to determine the 

challenges faced by the farmers to develop technology initiative to help make 

the best use of these technologies. 

 

Having a larger data set will make simple image classification methods 

overwhelming, which will require a more robust system, future work will be to 

develop and train a predictive computer model for simulation of standard input 

and output applications of farm input resources. Hence, the use of Convolution 

neural network (CNN) in computer vision is proposed to be used in classifying 

and identifying plant health conditions 
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Chapter 4 

4. Review of the State-of-the-Art Technology in Plant 

Image Processing 

4.1. Introduction 

There is a growing interest in applying NNs to achieve a better goal of precision 

plant protection using high-resolution data  [34]. Precision Agriculture and plant 

protection offer a complete means of controlling plant diseases and monitoring 

the general plant health based on the concept of spatial-temporal variability 

[113], [66]. Generally, neural networks have been used for data mining 

purposes [114] but then its various applications with hyperspectral data have 

shown promise for early detection of the deteriorating state of a plant’s health 

[115]. It has unique capabilities such as learning, generalization, and 

imagination to facilitate a reliable diagnosis of plants’ health status. NNs are 

reported to have a higher degree of diagnosability than other machine learning 

techniques ever recorded [116], [34]. The mechanism employed in NN is 

based on the human nervous system and is very useful for pattern recognition, 

regardless of any unambiguous recognition rules [46]. Kamlesh et al.  in their 

report stated that neural networks require less official statistics and can model 

complex nonlinear relationships [34]. 

 

From all of the methods employed in agricultural images for feature detection 

and classification, the most successful methods used so far for high-level 

feature extraction was the artificial neural network and support vector 

machines for classification [117].  

https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/humans
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/nervous-system
https://www.sciencedirect.com/science/article/pii/S2214317317301774#b0230
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4.2. Artificial Neural Network (ANN) in Agricultural Applications 

Artificial neural network (ANN) is the current state-of-the-art technology in 

machine learning. It is an information processing system and intelligent 

programs inspired by biological neural networks consisting of the 

computational system of structure, processing method, and learning ability 

[87], [118]. The different network architectures usually require different 

learning algorithms.  

 

With the appropriate dataset, the learning algorithm extracts the knowledge 

base needed to make sense and formulate decisions from the data. Based on 

the information collected, the intelligent decision is made as to the output and 

the result is fed back to the knowledge database for making informed decisions 

on the farm [119], [120]. The process of learning and a general topology 

structure of ANN is simplified in Figure 4.1. It is a multi-layer network with an 

input layer, hidden layers, and an output layer. The number of neurons in the 

input layer represents the number of parameters that are being presented to 

the network as input. an artificial neuron receives inputs from the original input 

data or other nodes in an earlier hidden layer and computes an output. This is 

carried out by calculating a weighted sum of its inputs and adding a bias, where 

the weights and the biases are the parameters being learned. An activation 

function is then applied to determine if the neuron is to fire or not.  
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Figure 4.1 Simple schematic model of an Artificial Neural Network (ANN) 

 

4.2.1. Background of ANN’s 

ANN’s were Initially inspired by biological nervous systems, it combines the 

complexity of some statistical techniques to learn and imitate human 

intelligence just like the brain, which is characterised by their self-learning 

capability. The entire network represents a complex set of interdependencies 

and may include any degree of non-linearity theoretically. ANN technology 

permits the extension of computer vision technology into the areas of colour, 

content, shape, and texture inspection at near-human levels of performance, 

and can provide the decision making and classification abilities to succeed in 

the inspection tasks. The brain is made up of a large number of highly 

interconnected neurons working collectively to solve explicit problems. With a 

network, the neurons play a major role, by accepting and processing the inputs 

to create the outputs [56], [57]. Normally, the connection between two neurons 
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holds the weights in which the electrical information is encoded. An artificial 

neuron is the fundamental processing element of a neural network that 

receives many inputs to produce an output. Their inputs can also take on any 

value between 0 and 1. Also, the neuron has weights for each input and overall 

bias. ANNs have been applied for classification, prediction and, segmentation 

in quality evaluation of food products using computer vision. There are two 

main categories of ANNs with regards to its architecture: feed-forward ANNs 

where the output of any layer is unlikely to influence that same layer and 

feedback ANNs where signals travel in both directions by involving loops in the 

network [83], [87], [88], [66], [74]. 

 

4.2.2.  Artificial Neural Network (ANN) 

ANN in machine learning is an information processing system, and intelligent 

program inspired by biological neural networks consisting of the computational 

system of structure, processing method and, learning ability [140], [141]. ANN 

is considered by a great number of very simple processing neuron-like 

processing elements, a huge number of weighted connections amongst 

elements, distributed representation of knowledge on the connections. 

Knowledge is gained by the network by means of the learning process ARTIFI.  

Different network architectures require different learning algorithms. There is 

supervised learning in which the network is provided with the right output for 

each input pattern. The weights are set-out to allow the network to generate 

results as carefully as possible to the known results. The backpropagation is a 

member of this category for detecting errors back in the process [142], [75]. 

Unsupervised learning does not need a known output connected with the input 
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pattern in the training set. It discovers the underlying structure of the data set 

or similarity between patterns and classifies data into categories from these 

correlations. Another category is the hybrid network consisting of both 

supervised and unsupervised learning with part of the weights used in 

determining both processes [140],[143]. The most frequently used type of ANN 

in recent times is the non-linear feedforward and the most commonly known 

feed-forward type is the backpropagation [88]. 

 

A fully connected multi-layer neural network is known as the multilayer 

perceptron (MLP) (Figure 4.1). A small change in weight or bias results in the 

small corresponding change in the network output applied for extracting 

patterns and detecting trends that are otherwise too difficult to be detected by 

humans or computer techniques. Additional advantages of the ANNs are 

adaptive learning, real-time operations, self-organization, etc [83]. The general 

structure of an ANN for training is shown in the block diagram in Figure 4.2. 

The network consists of three (3) input layers, four (4) hidden layer units with 

the bias unit and the output has three (3) units. The first (1st) and (3rd) third 

units connect the first unbiased neuron and the second layer to the third unit 

in the output layer.  

 

Figure 4.3 shows the perceptron model for the ANN, the training input image 

set is fed into the model. For each presentation, the output of the neural 

network is compared with the desired output, and then, an error is computed. 

The error is then backpropagated to the neural network and used to adjust the 



  69 
 

weights such that the error keeps decreasing with each iteration. This step is 

repeated until the desired output is achieved.   

 

 

 

 

Figure 4.2 Architecture of ANN training system 

 

 

 

Figure 4.3 Neural Network Training  
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4.2.3. Advancement of Artificial Neural Network (ANN) In Plant Image 

Processing  

Generally, with neural networks, the Convolutional Neural network (ConVnets 

or CNNs) is one of the major categories that perform image recognition, 

classifications, and object detection [121]. The distinctiveness of a 

convolutional neural network is its ability to automatically detect a great 

number of filters in parallel that is unique to a training dataset with the 

limitations of a specific predictive modelling task, such as in image 

classification [122]. The result is highly specific features that can be detected 

anywhere on the input images.  

 

In a recent research study and in addition to the aforementioned literature, a 

CNN architecture was proposed by [123] to classify different types of plants 

from image sequences collected at random for better classification results. The 

results obtained were compared with others using SVM classifiers with 

different kernels as well as feature descriptors of LBP and GIST and the 

performance of CNN achieved an accuracy of 97.47% which outperforms the 

other methods with an accuracy between 74.92 to 89.94% [124]. Again, a 

procedure was developed by [125] for detecting and differentiating diseases 

on sugar beets using a similar technique using support vector machine and 

vegetation spectral indices. CNN was again used in the distinction between 

healthy sugar beet leaves that yielded a classification accuracy of 97% with 

several classifications between healthy leaves and leaves having symptoms 

of three diseases that attained an average accuracy of 86% [146]. A relative 

study by [126] performed between both the supervised pixel oriented and the 
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object-oriented classification based on image segmentation in PA using 

hyperspectral images were obtained using the CASI sensor and the statistical 

comparison used to determine the mean difference to neighbour objects. The 

effects confirmed that the segments had minimum mixing effects with respect 

to other segmentation levels and neighbouring ground entities [147] and the 

results achieved were fast and accurate for specific crops but not capable of 

detecting multiple features during processing.  

 

A part of the analysis in this thesis is similar to and has greatly improved on 

the performance of the methodology used by [127] wherein his research, he 

developed a neural network and SVM to identify plant diseases using image 

processing by training a network to generate a model to classify plant leaves. 

The images of the leaves are converted to RGB to Hue Intensity Saturation or 

lab colour space and the leaf disease segmentation is done by using 

hierarchical clustering [128]. To detect the accuracy of the plant images 

classification, a number of classification metrics are used. Table 4.1 [129] 

shows the accuracy metrics used and their different definitions and functions. 

 

Table 4.1 Performance metrics used in deep learning of plant image analysis. 

Number Performance 

metric 

Symbol 

Used 

Description 

1. Classification 

Accuracy 

CA The percentage of correct 

predictions made where the top 

class having the highest probability 

as indicated by the DL model is the 

same as the target label as 

annotated by the author. For 

multiclass classification problems, 

CA is the average from all of the 
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classes. CA is mentioned as Rank-1 

identification rate in (Hall et al., 

2015) 

2. Precision P The fraction of true positives (TP or 

correct predictions) from the total 

amount of relevant results, like the 

sum of TP and false positives (FP). 

For multiclass classification 

problems, P is also the average 

among the classes. P=TP/(TP+FP) 

3. Recall R The fraction of TP from the total 

number of TP and false negatives 

(FN). For multiclass classification 

problems, R is the average among 

all the available classes. 

R=TP/(TP+FN) 

4. F1 Score F1 This is the harmonic mean of 

precision and recall. For multiclass 

classification problems, F1 is 

averaged from all of the available 

classes. It is stated as F-measure in 

(Minh et al., 2017). 

 F1=2 * (TP * FP)/(TP+FP) 

5. LifeCLEF 

metric 

LC A score related to the rank of the 

correct species in the list of retrieved 

species 

6. Quality 

Measure 

QM This is attained by multiplying 

sensitivity (proportion of pixels that 

were correctly detected) and 

specificity (which proportion of 

detected pixels are truly correct). 

QM=TP2/((TP+FP) (TP+FN)) 

7. Mean Square 

Error 

MSE Mean of the square of the errors 

between the predicted and observed 

values 

8. Root Mean 

Square Error 

RMSE Standard deviation of the differences 

between the predicted values and 

observed values. A normalized 

RMSE (N-RMSE) was used in 

(Sehgal et al., 2017) 
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9. Mean Relative 

Error 

MRE The mean error is measured 

between predicted and observed 

values, in percentage 

10. Ratio of total 

fruits counted 

RFC This is the ratio of the predicted 

count of fruits by the model with the 

actual count. The actual count is 

attained by taking the average count 

of individuals (i.e. experts or 

volunteers) observing the images 

independently. 

11. L2 Error L2 Root of the squares of the sums of 

the differences between the 

predicted counts of fruits of the 

model and the actual fruit counts. 

12. Intersection 

over Union 

IoU A metric that evaluates the predicted 

bounding boxes by dividing the area 

of overlap between the predicted and 

the ground truth boxes, by the area 

of their union. An average (Dyrmann 

et al., 2016b) or frequency weighted 

(Mortensen et al., 2016) 

IoU can then be calculated. 

13. CA-IoU, F1-

IoU, P-IoU or 

R-IoU 

CA-IoU 

F1-IoU 

P-IoU 

R-IoU 

These are all the same CA, F1, P 

and R metrics as defined above, 

combined with IoU in order to 

consider true or false positives / 

negatives. Used in problem involving 

bounding boxes. This is done by 

putting a minimum threshold on IoU, 

i.e. any value above this threshold 

would be considered as positive by 

the metric (and the model involved). 

Thresholds of 20% (Bargoti and 

Underwood, 2016), 40% (Sa et al., 

2016) and 50% (Steen et al., 2016; 

Christiansen et al., 2016; Dyrmann et 

al., 2017) have been experiential. 
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4.3. Convolution Neural Network (CNN) In Agricultural Application 

There have been major improvements in the state-of-the-art techniques for 

performing image analysis outside the Agricultural vision literature within the 

last 5 years by which computers today are able to automatically classify 

images [123]. This is done through deep learning technology that learns the 

patterns naturally occurring in the images with the development of parallel 

computing using GPUs. Deep neural network architectures; convolutional 

neural networks also known as ConvNets accommodates a great number of 

model input parameters, all showing potential in capturing the large variability 

in data obtained [130].  

 

 ImageNet is one of the largest databases of labelled images used to train the 

Convolutional Neural Networks (CNN) using GPU-accelerated Deep Learning 

frameworks such as the Caffe2, Chainer, Microsoft Cognitive Toolkit, MXNet, 

PaddlePaddle, Pytorch, TensorFlow, and inference optimizers such as 

TensorRT as shown in Table 4.2 [131]. 

 

Table 4.2 Research on plant disease detection 

Authors Deep 

learning 

Architecture 

Data 

sources 

Performance 

Metrics  

Overall 

performance  

Yosuke 

Toda et al 

(2019) 

InceptionV3-

based 

convolutional 

neural 

network 

(CNN) 

PlantVillage 

image 

dataset 

F1 score 97.15% 

accuracy 

Adnan 

Mushtaq et 

al (2019) 

Googlenet Crowd AI Confidence 

level 

78% 

accuracy 
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Amanda 

Ramcharan 

(2019) 

Mobile CNN 

model 

Images 

from 

Tanzania 

Agricultural 

field  

F1 score 80.6% 

accuarcy 

Srdjan 

Sladojevic et 

al (2016) 

CaffeNet Internet 

search data 

Classification 

accuracy 

96.3% 

Alvaro 

Fuentes et al 

(2017) 

Deep meta-

architectures  

Tomato 

farm in 

Korea 

Intersection 

over Union 

(IOU) 

85.98% 

Konstantinos 

P. 

Ferentinos 

(2018) 

Range of 

deep learning 

architecture  

An open 

database of 

87,848 

images 

Classification 

Accuracy 

99.53% 

 

In Agricultural applications, authors in [132] used multi-layered Convolutional 

Neural networks for a Night-time tractor (tractors used specifically to carry out 

farm operations at night) operations commonly used for some fruits at certain 

times of the year with both the day/night operations allowing utmost flexibility 

for its adoption.  

 

For standard agricultural problems, the traditional classification method for 

high-resolution imagery has not been able to meet up the standards required. 

Classification methods for high-resolution agricultural remote sensing images 

based on CNN are currently being used to produce results with great accuracy. 

CNN is recorded to perform well in problems like speech recognition, language 

processing, and reading hand-written texts and in image analysis [133], [134]. 

CNN has been in use since the early 1990s with modifications in the year 2010 

to achieve excellent results but more presently, CNN’s are achieving very high 

performances on very challenging tasks. This is due to their ability to learn a 

great number of parameters with a large number of well-labelled data [135]. 

https://www.sciencedirect.com/science/article/pii/S0168169917311742#!
https://www.sciencedirect.com/science/article/pii/S0168169917311742#!
https://www.sciencedirect.com/science/article/pii/S0168169917311742#!
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Deep learning methods have recently been employed to obtain plant statistics 

and distinguish value crops and weeds in the fields. Mortensen et al. applied 

a deep CNN for classifying different crop types to estimate distinct biomass 

amounts [136]. The technique involves using RGB images of field plots 

captured at a height of about 3m above the soil level.  Overall accuracy of 80% 

with the evaluation of a per-pixel basis was achieved. Chen et al proposed a 

visual system to obtain a robust count of fruits in the field subject to the 

dramatic lighting changes and with heavy occlusions from neighbouring 

vegetation. They combined the use of CNN for blob region proposal and a 

counting algorithm based on a second CNN to estimate the fruit count in each 

region [137].  

 

Authors in [138] used CNN with adaptive boosting to detect plant diseases in 

ensembles and obtained an accuracy of over 88% when compared to other 

methods of using CNN only. Potena et al presented a perception system based 

on a combination of RGB+NIR imagery for crop and weed classification using 

a pixel-wise to obtain predictions for detecting features in the vegetation mask 

[139]. Performance of around 97% accuracy was attained for the vegetation 

detection, which is similar to a threshold-based approach based on the NDVI, 

and 98% for the crop and weed identification if the visual appearance remains 

the same between the training and testing phase.  

 

The focus on plant diseases all comes down to the fact that it is one of the 

major threats to global food security contributing to about 10 to 16% losses in 
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the global harvest of crops [140]. This is estimated to amount to losses of up 

to the US $220 billion going forward [141]. 

 

Malnourished plants are also one of the major factors affecting plant growth 

and also causing harvest losses, this can occur at any stage of the plant’s 

developmental stage. The most important nutrient of any plant life is nitrogen 

and then potassium and phosphorous. Ensuring that plants acquire their 

required nutrient in the right amount at the right time will increase production 

further and cut down a lot of the harvest losses incurred on the farmland.  

 

4.4. CNN Training  

In CNN, a network can be trained from scratch with a large dataset or fine-

tuning an existing model or making use of ‘’off the shelf Convolution neural 

network features’’. Fine-tuning involves transferring weights of the first ‘n’ 

layers learned from a previously based network to the new network.  The 

dataset attained for the new network is now trained to perform definitive tasks. 

Through transfer learning, CNN’s can efficiently learn generic image features 

and the features can be used with simple classifiers to solve most computer 

vision challenges. The process involves taking off the last layer of the trained 

CNN model and using the activations of the last connected layer as features; 

in this stage, it is used as a feature extractor rather than a classifier. Research 

has shown that this approach can be used for a dataset with a small number 

of images [142].  
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CNN learns by tuning the parameters of the network in a way where the input 

space is properly mapped to the output space. CNN’s have a fixed number of 

weights ruled by the choice of filter size and number of filters that are 

independent on input size. The weights are updated through backpropagation. 

Backpropagation is an algorithm used for training supervised learning of ANNs 

using the gradient descent where the gradient of the error function given with 

respect to the neural networks’ weights are calculated [133], [143].  The basic 

structure of CNN consists of two layers, one for the feature extraction layer 

with each neuron connected to the local window of the previous layer while the 

second layer is the feature mapping layer. Each layer of the network is 

composed of multiple feature maps with a plane, and the weights of all the 

neurons are equal in each plane. The model architecture for a CNN is shown 

in Figure 4.4; the model is configured to take a fixed-sized 224 x 224 RGB 

image as an input for processing. All the training images are immediately 

centre normalized [144].  

 

4.4.1. CNN Layers  

The CNN layers consist of 13 layers of the filters respectively. The model 

consists of the convolution layers, pooling layers, linearization, and fully 

connected layers (FC) [135]. The convolutional layer is the essential building 

block unit of the convolutional neural network and it consists of several basic 

building blocks. The layers implement basic functionalities like normalization, 

convolution, pooling, and fully connected layers. The layer’s parameters 

comprise a set of learnable filters which possess a small receptive field that 

convolves with the input to generate an output feature map [145]. The 
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Convolutional layer is the first layer that extracts features from an input image. 

Convolution conserves the relationship between pixels by learning features 

from the images using small squares of input data. It is a mathematical 

operation that takes (2) two inputs such as an image matrix and a filter. 

 

 

Figure 4.4 Basic Structure of a typical CNN block 

 

Regardless of the convolution output, the input normalization is usually not 

necessary; it is applied after ReLU nonlinearity and the first and second 

convolutional layer as it reduces top-1 (percentage of the time the classifier 

didn’t output the correct class of the highest score) and top-5 (percentage of 

time the classifier did not include the correct class among its top 5 guesses) 

error rates. CNN in neurons within a hidden layer is segmented into “feature 

maps” and the neurons within a feature map share the same weight and bias 
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and search for the same feature. The neurons are unique as they are 

connected to other neurons in the lower layers. For the first hidden layer, the 

neurons within a given feature map are connected to different regions of the 

input image. Then the hidden layer is segmented into feature maps again 

where each neuron of the feature map looks for an identical feature at other 

positions of the input image. Fundamentally, the feature map is the result of 

applying convolution across a given image. This convolution layer extracts 

features by computing a dot multiplication between the weights of the neurons 

and a small region of the input volume often termed kernels. These neurons 

are arranged like stacks of 2-dimensional filters that cover the depth of the 

input volume thus resulting in a 3D structure. During a forward pass, each 

kernel is convolved across the width and height of the input volume to produce 

a 2D feature map (as shown in 4.5) [146], [147], [148], [149]. 

 

 

Figure 4.5 The Convolution Operation of the CNN  

 

Each convolutional layers’ feature is displayed in a different block, visualization 

represents the strongest activation for the given feature map beginning from 
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the first convolutional layer, where features go from different pixels to simple 

lines, to the last convolutional layer (fifth) with the learned high-level features 

like shapes and certain parts of objects displayed [150], [151]. 

 

A pooling layer is a form of nonlinear down-sampling and its operation gives 

the translation of invariance; it operates independently on every depth slice of 

the input while resizing it spatially. Overlapping pooling is applied to lessen 

overfitting. Also, to further reduce overfitting, a dropout layer is introduced in 

the first two fully connected layers to randomly ignore some of the neurons. 

But, the disadvantage of the dropout is that it increases the training time by 

twice (2x) or thrice (3x) as compared to a standard neural network of the same 

architecture. Bayesian optimization experiments have also proven that ReLUs 

and dropout have collaboration effects, thus giving the network an improved 

accuracy result when used together [133]. The weights of the network are real 

numbers that express the importance of the respective inputs to the output and 

the bias is used for controlling how easy the neuron obtains an output result of 

1. For a neuron with a very large bias, it is easy to output 1, but when the bias 

is negative then it is difficult to output 1. 

 

Consequently, for a 2264 × 224 × 3 input image, if the given receptive field is 

3 × 3, every neuron in the convolution layer will have a total of 3 × 3 × 3 =  27 

connections, and ultimately 1 bias parameter. Then, the size of the feature 

map, now the output is computed using three hyper-parameters, depth, zero 

paddings, and stride where the depth refers to the number of filters used during 

the operation. The higher the number of filters used, the more the information 
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retrieved because each filter learns to search for a specific feature. Stride 

describes a pattern used to slide the filter across the input, if  𝑆 =  1 ,this 

means that the filter will be moved one pixel at a time across the input. Zero-

padding defines the number of zero pixels positioned around the input volume 

to preserve the spatial size of the output volumes. The spatial size of the output 

can be computed using, 

 {
𝑊 − 𝐹 + 2𝑃

𝑆
} + 1 (4.1) 

where 𝑊 is the input volume size, 𝐹 is the receptive field size, 𝑃 is the number 

of zero paddings used on the border and 𝑆 is the stride in which they are 

applied. Once applied to input images of size [224 × 224 × 3] and assuming 

that the neurons have a receptive field of 3 × 3 size, depth 𝐾 = 64, a single 

stride of  𝑆 = 1, zero padding 𝑃 = 1, then the result is  
224 −3+2

1
+ 1 = 224. This 

translates to the output volume of the convolution layer being a size of 

[224 × 224 × 64]. The activation layer in neural networks plays an important 

role in introducing nonlinearity to the output of a neuron. The nonlinearity 

makes the neural network a universal function approximator, by giving it the 

ability to understand different types of relationships. The most effective and 

commonly used activation function for CNNs is the rectified linear unit (ReLU) 

[152]; it involves the element-wise application of a zero thresholding function 

𝑓(𝑥) = max (0, 𝑥) where 𝑥 represents the input of the neuron. In comparison to 

other activation functions, CNNs with ReLUs train several times faster [130] 

(fast convergence) than sigmoid and tanh. The activation layer does not 

introduce other parameters to its input and does not change the dimension of 

the input. In the architecture, the activation layers are placed after every 
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convolution layer. In addition, networks with more than one fully connected 

layer can also be deployed with the exception of the last fully connected layer.   

The Pooling layers are normally introduced between the successive 

convolution layers. It consistently reduces the number of parameters and then 

decreases the computational complexity of the network by reducing the spatial 

size of the feature maps. They summarise the output of the neighbouring 

neurons [130]. 

 

For every 2D slice of the feature map, the most common type of pooling 

operation used is the max-pooling which takes the maximum of each 2 x 2 

region, thus discarding about seventy-five percent (75%) of the activations as 

illustrated in Figure 4.6.  

 

 

Figure 4.6 Max-pool with 2×2 filter having stride of 2. 

  

Summarily, the pooling operation does not introduce new parameters; instead, 

it leads to shrinkage of the first and second dimensions of the feature map. 

The operation takes two parameters, the stride S and spatial dimension F. 

Therefore, the pooling operation reduces a feature map from 𝑊1 × 𝐻1 ×  𝐷 to 

𝑊2 × 𝐻2 × 𝐷 dimension. Both 𝑊2 and 𝐻2 are computed with the equation 4.2; 



  84 
 

 𝑊2 =
𝑊1−𝐹+𝑆

𝑆
,  𝐻2 =

𝐻1−𝐹+𝑆

𝑆
, (4.2) 

The operation introduces translational invariance with respect to elastic 

distortions [153]. 

 

The fully Connected (FC) layers have a 2D dimension and its neurons with full 

connections to the previous layer’s activation, unlike the convolution and 

pooling layers. They are typically configured to output the networks’ predicted 

label/classes making them the final layer of the network. In the ImageNet Large 

Scale Visual Recognition Competition (ILSVRC) [31], 3 FC layers were used, 

and since then, it has been the pattern and standard used amongst most 

researchers. Finally, flattening the 3D feature maps at the end of the 

computation interprets the learned spatial invariant features from the network. 

 

The most popular arrangement of the CNN Layer Pattern used by most 

researchers [121], [130], [154] starts with the image-input layer, and ends with 

an FC (decision) layer, in between these two are repeated stacks of CONV-

RELU layers followed by pool layers, then a few FC-RELU layers (Figure 4.7). 

This layer pattern is described mathematically as, 

𝐼𝑁𝑃𝑈𝑇 ⟹  𝑋(𝑌(𝐶𝑂𝑁𝑉 ⟹  𝑅𝐸𝐿𝑈)  ⟹  𝑃𝑂𝑂𝐿)  ⟹  𝑍(𝐹𝐶 ⟹  𝑅𝐸𝐿𝑈) ⟹  𝐹𝐶 

Typically, the number of CONV-RELU layers that appear before the pool layer 

is usually within the range 0 < 𝑋 < 4, and the combination variables 𝑌 and 𝑍 

are normally greater than 1.  
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Figure 4.7 Characteristic of a CNN Layer Pattern. 

 

4.5. CNN Architectures 

There are different architectures of CNNs developed each year that all 

compete to correctly classify images, detect objects, perform image 

segmentation and other advanced tasks. The most commonly used CNN 

architectures are discussed in this section [155]. The evolution and emergence 

of the different architectures from the ILSVRC is shown in Figure 4.8. 

 

It all began with LeNet in 1998 and eventually, after approximately 15 years, 

proceeded to the ground-breaking models that won the ImageNet Large Scale 
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Visual Recognition Challenge which includes AlexNet in 2012, then the 

GoogleNet in 2014, and ResNet in 2015 to an ensemble of previous models in 

2016 [156]. 

  

Figure 4.8 Development of the CNN Architectures 

 

4.5.1. VGG Architecture  

VGG-16 architecture is a progressive CNN (Figure 4.9) having a different 

number of filters with a 3×3 receptive field. VGG-16 consists of 16 weight 

layers together with its 13 (thirteen) convolutional layers,5 max-pooling layers, 

a filter size of 3×3, and 3 fully-connected layers. The configurations of both the 

fully-connected layers in VGG-16 are the same with AlexNet, the stride and 

padding of all convolutional layers are fixed to a pixel.  
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The number of filters of the convolutional layer group starts from 64 in the first 

group and then increases by a factor of 2 after each max-pooling layer until it 

reaches 512. The VGG architecture has made an improvement above the 

AlexNet by replacing its large kernel-sized filters (11 and 5 in the first and 

second convolutional layer, respectively) with multiple 3×3 kernel-sized filters 

one after the other. The architecture of the VGG is represented in Figure 4.9. 

With a given input image, the VGG network outputs the different probability of 

classes that an image could potentially belong to. VGG network is quite 

popularly used based on its simplicity, it uses only 3×3 convolutional layers 

stacked on top of each other in increasing depth. Max pooling is usually used 

in reducing the volume size controlled by its two FC layers, each with 4,096 

nodes are then followed by a SoftMax classifier [155]. Though VGG attains an 

extraordinary accuracy on the ImageNet dataset, its deployment on the most 

modest-sized GPUs is a challenge because of its huge computational 

requirements in terms of both memory and time. Hence, it becomes inefficient 

due to its large width of convolutional layers [119]. 

 

For instance, a convolutional layer with a 3×3 kernel size that takes 512 

channels as input and outputs 512 channels, the order of calculations 

becomes 9×512×512.  Classification or localisation accuracy can be improved 

by increasing the depth of CNN layers irrespective of the use of the small 

receptive fields in the layers with VGG.  
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Figure 4.9 Illustration of VGG- 16 Architecture  

 

 

4.5.2. AlexNet Architecture 

The AlexNet was first used in 2012 [151], and it showed that for the first time, 

that an end-to-end supervised training using a deep convolutional neural 

network architecture is a practical possibility for image classification problems 

with a very large number of classes thus beating the traditional approaches 

using hand-engineered features by a substantial margin in standard 

benchmarks [131]. The absence of the labour-intensive phase of feature 

engineering and the generalizability of the solution makes them a very 

promising candidate for a practical and scalable approach for computational 

inference to the use of plant diseases and in detecting other features in the 

plant images. The AlexNet architecture is shown to have attained a 

significantly improved performance over the other non-deep learning methods 

for ImageNet Large Scale Visual Recognition Challenge (ILSVRC) 2012 [142]. 

AlexNet has five (5) convolution layers, three of which are its pooling layers, 

and two fully-connected (FC) layers with around 60 million free parameters as 

shown in Figure 4.10 [155]. The network is made up of 8 layers in total, 5 are 

convolutional layers and 3 are the fully connected layers. ReLU activation is 

performed at the end of each layer leaving out the last one that outputs with a 

SoftMax and a distribution over the 1000 class labels. Dropout is introduced in 
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the first two (2) FC layers. Also, Max-pooling is applied after the first, second, 

and fifth convolutional layers. 

 

  

Figure 4.10 AlexNet architecture 

 

4.5.3. ResNet Architecture  

The Residual Network or the ResNet is reported to be doubtfully the most 

ground-breaking CNN model in the computer vision/deep learning community 

in the past couple of years. ResNet permits the possibility to train up to 

hundreds or thousands of layers and yet still achieve very good 

performances. By taking advantage of the ResNet’s powerful representational 

ability, the performance of many computer vision applications for feature 

identification has been boosted [157]. ResNet 50 was used in the experiment 

in chapters 5 & 6 which is a 50 layered deep CNN with residual blocks that can 

be termed a shortcut of connections between its layers. The residual 

connections aid in combating the challenge of vanishing gradient with the case 
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of networks with a larger number of layers. This helps in better training the 

network and increasing accuracy [155]. The image in Figure 4.11 represents 

the layers of the ResNet image processing. 
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Figure 4.11 layers of ResNet Image Processing. 
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The ResNet has the introduction of the residual block with its skip connection 

identity mapping. From Figure 4.11, the dotted skip connections signify the 

multiplying identity mapping by the weights’ linear projection to align the 

dimensions of the inputs. The identity mapping just adds output to the previous 

layer ahead without any parameters and the skip connections between layers 

add the outputs from previous layers to the outputs of stacked layers. Thus, 

resulting in the ability to train much deeper networks. 

 

4.5.4. GoogleNet Architecture 

The GoogleNet model proposed is significantly more complex and deeper than 

all of the other CNN architectures. GoogleNet architecture is shown in Figure 

4.12. It has two convolution layers, two pooling layers, and nine “Inception” 

layers. Each “Inception” layer consists of six (6) convolution layers and one 

pooling layer. GoogleNet is referred to as the current state-of-the-art CNN 

architecture for the ILSVRC challenge with its accuracy of 5.5% top-5 

classification error on the ImageNet challenge when compared to AlexNet’s 

15.3% top-5 classification error [154]. 

 

In a convolutional operation at one location, every output channel (512 in the 

example above), is connected to every input channel referred to as a dense 

connection architecture. The GoogleNet builds on the impression that most of 

the activations in a deep network are rather unnecessary (value of zero) or 

even redundant because of the high correlations between them. Henceforth, 

the most effective architecture of a deep network has a sparse connection 

between the activations, which suggests that all 512 output channels cannot 
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have a connection with all the 512 input channels. There are procedures to 

crop out such connections which results in a sparse weight/connection. But 

kernels for sparse matrix multiplication are not optimized in BLAS (Basic Linear 

Algebra Subprograms) that are routines providing standard building blocks for 

performing basic vector and matrix operations or CuBlas (Complete cuBLAS 

library) packages which render them to be even slower than their dense 

counterparts. In lieu of this, GoogleNet developed a module termed as the 

inception module (Figure 4.12) that approximates a sparse CNN with a normal 

dense construction. It achieves 93.3% top-5 accuracy on ImageNet and is 

much faster when compared to VGG [158]. 



  94 
 

 

Figure 4.12 Illustration of the GoogleNet architecture 
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4.6. Summary  

CNN has made outstanding progress, especially in image processing and 

vision related tasks. It has certainly revived the interest of scientists in ANNs. 

The improvements in CNNs can be characterised by the different inclusion of 

the  activation, loss function, optimization, regularization, learning algorithms, 

and innovations in architecture. This chapter reviewed the advancements in 

the CNN architectures used in the research, especially, based on the design 

patterns of the processing units. A brief history of CNNs was covered, its 

applications, challenges, and future directions. From recent literature, it is 

evident that the main boost in CNN performance has been achieved owing to 

the replacement of the conventional layers structure with blocks.  
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Chapter 5 

5.  Methodology Selection, Classification of he 

Framework for Analysis and database formation  

5.1. Introduction  

This chapter consists of the formation of a new and unique database. Also, 

maize plant disease was classified using images collected from in-field 

plantation in combination with those downloaded from the PlantVillage dataset 

by means of a deep neural network of CNN.  

 

Thus, this chapter consists of two subsections: 

- Formation of a database with the newly acquired images 

- Maize plant disease classification  
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SECTION I 

5.2. Database Formation 

This section describes the formation of a comprehensive dataset. The data is 

used to develop a model for the accurate classification results of the plant 

features. An UAV was used to collect the data for this analysis. The UAV used 

was contracted from a private owner in the Northern part of Nigeria with its 

specification as listed in Table 5.1 and operated by its staff to collect the 

images. The UAV was equipped with the new generation hyperspectral 

sensors with programmed tasks matched by programming pack available on 

the DJI Phantom 3 professional drone.  
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Table 5.1 DJI Phantom 3 UAV or Drone specification used for the Image 

Collection and details of farm location 

 

The ethics and regulations of flying the UAV were strictly adhered to by following 

the NCAA (Nigeria Civil Aviation Authority) authorized flight path plans. The 

process of preparing the drone for image capture is explained in Figure 5.1.The 

system set up to take the images is made up of five (5) major steps involving 

the telemetry system, radio control connection, the ground station set up for 

controlling and transmitting the images, sensors onboard, and the process of 

studying the site for uploading the map for the relevant flight path. The flow of 

the progression of taking the images from capture to image processing is 

explained in the block diagram In Figure 5.2.  



  99 
 

 

 

 

Figure 5.1 UAV preparation for Image Capture. 
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Figure 5.2 Block diagram flow of the process of image capture and analysis 

 

5.3. UAV Specification 

The DJI PHANTOM captured aerial images on a sunny afternoon on July 12 

2016 with an annual average temperature of 26.5 0C and precipitation of 1217 

mm. The flight height was a maximum of 10km above the plantation which was 

also varied according to the height of the plantation covering an area of 8000 

m2. Most of the images taken were sharp while some had a degree of 

blurriness to them resulting from the motion of the platform created by wind, 

yet, they were all usable in the analysis. Some of the raw images taken are 

represented in Figure 5.3 before they were cropped and resized to be used for 

the analysis. The images consist of the up-close images of the plantation taken 

from all angles and from the top & sides for a complete view of the plantation.  
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Figure 5.3 Aerial Images of the Maize farm 
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5.4. Dataset Formation 

A sample dataset of four thousand (4000) maize leaves was carefully selected 

from the overall images and was labelled into four (4) distinct groups, diseases 

(which contained three different classes), the healthy class, discoloured plants, 

and water stressed plants. The justification for selecting this sample size is due 

to the closely related classes of images being distinguished and also based on 

the ImageNet output where samples have been trained in the order of 1000 

data examples per class (considering there were four classes of data). This is 

also in the interest of confirming the accuracy of the classes in the dataset to 

reliably develop the model. A sample of the division of the four categories is 

shown in Table 5.2 as they were randomly selected. This database creation is 

the first of its kind with multiple features. 

 

Table 5.2 Detailed information about maize leaves dataset 

Description Quantity  

Healthy leaves 1600 

Diseased leaves 800 

Water-stressed leaves 900 

Discoloured leaves 700 

 

5.5. Image Processing  

The images collected were appropriately and properly labelled for accurate 

classification results from training to evaluation stages. They were labelled 

with the help of the expert farmers who are professionals at spotting the 
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different plant health conditions towards a better Agricultural development from 

the Nigerian Ministry of Agriculture. This process is very crucial as any 

potential mislabelling could produce false results during training and eventually 

testing [133].  To increase consistency and performance of the model, the 

images were resized to 224 x 224 pixels (with fastai library [159] that 

automatically converts fixed-size models to dynamically sized models) written 

in a custom script (Keras [160]) designed to output the specified input 

requirements based on the chosen CNN architecture. 

 

The dataset was also split accordingly into multiple divisions based on training 

and testing requirements. The data was initially split into 60% for training and 

40% for testing/validation then 80%/20%, 70/30%, and 50/50% division 

respectively. For the 60/40 % division, the neural network trains 60% of the 

data and it is then artificially increased, specifically image augmentation was 

applied. This ensures sufficient variance. Hence, data augmentation is 

employed online and in a randomised manner.  

 

5.6. Data Augmentation Strategy 

In order to efficiently train a deep neural network, millions of images are usually 

required. Data augmentation has been used to increase the number of training 

images and reduce class imbalance [161]. For this reason, the images were 

specifically augmented by randomly resizing the images, by cropping, taking 

its aspect ratio, rotation by taking 90, 180, and 270 degrees, flipping (mirroring 

each of the rotated images) the images, centre crop (by and cutting the centre 

of the image by the same size) and pixel normalization each to increase the 
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dataset and to avoid overfitting during the training process. Table 5.3 and 

Table 5.4 shows the results of the augmentation and summarises the data 

augmentation protocol used in this analysis performed one after the other. 

Examples of the process for the processed images are shown in Figure 5.4 

 

Table 5.3 Data augmentation protocol 

Description Range Enumeration 

Random 

resize-crop 

Input image cropped and resized 

randomly between 0.7 to 1.0 of the 

original size (5 random values). 

2400 training 

samples x 5  

Subtotal 12,000 

Random 

aspect ratio 

Images are resized randomly with 

different aspect ratio ranging from 

0.7 to 1.35 the original size (5 

random values). 

12000 samples 

x 5 

Subtotal 60,0 

00 

Random 

rotation 

Random rotation between -16 to 16 

degrees (5 random rotations). 

60,000 samples 

x 4 

Subtotal 

240,000 

Horizontal Flip Images are randomly flipped with 

default probability of 0.5 

2,400,00 x 5/4 

Subtotal 300, 

000 

Center crop  Images are randomly cropped to a 

size of 224 x 224 around the center 

300, 000 x 2 

Subtotal 600, 

000 

Pixel 

normalization 

Images are normalized form 0 – 

255-pixel values to a range of 0 – 1 

Data size 

doesn’t change 

Zscore 

normalization 

All images are zscore normalized, 

by subtracting the mean pixel and 

dividing by standard deviation 

Data size 

doesn’t change 

 

Table 5.4 shows. the aforementioned augmented images as they were divided 

and increased to 600, 000 training samples. 
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Table 5.4 Data Augmentation of ImageSet 

Image 

Classes 

Number 

of 

original 

images 

Total number 

of images: 

original and 

augmented 

images 

Number of 

images 

from the 

dataset 

used for 

validation 

Number 

of 

images 

for 

testing 

Healthy leaf 1600 240000 960 640 

  

Diseased 

plants 

800 120000 480 320 

Discolouration 700 105000 420 280  

Water-

stressed 

plants 

900 135000 540 360 

Total no. of 

images 

4000 600,000 2400 1600 
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Figure 5.4 Examples of the Augmented Images from Table 5.4 (from flipping 

& rotation) 
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5.7. Discussion 

In this section, the method for the formation of the unique dataset with the UAV 

was demonstrated with the relevant labels given to each of the images before 

the images were augmented for the proposed model development. The recent 

advances in proximal remote sensing with UAV with RGB or multispectral 

imaging have made it possible to create high throughput and cost-effective 

datasets. The platform in which the images are collected makes the images 

presented with a very high pixel resolution and its low cost compared to 

traditional ground-based platforms, this makes them accessible and hence the 

images can be available on demand. The characteristics of UAVs give them 

an advantage over other methods of image collection and also results in higher 

accuracy results.  In flying the UAV, high altitude images are prone to low pixel 

resolution and noise, hence it was decided that the UAV be flown mostly at 

about 30m above the ground level to minimise the probability of error due to 

low pixel numbers. Although the images taken had some distortion from the 

wind, they were all suitable for use in the analysis.  

 

Image labels and ground truth is essential in image classification models. 

Inappropriate labels can reduce the generalisation model weights, reducing 

the utility of an image classification model. This problem was eliminated by 

consulting expert farmers for the correct image labels. Using an automated 

python script to adequately resize the images ensured consistency and the 

input requirement of the proposed model. 
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Data augmentation strategy is a very powerful tool to overcome overfitting and 

to aid the successful build of a useful deep learning model [161], where the 

validation error must continue to decrease with the training error. Data 

augmentation is the method to achieve this. The images were augmented 

arriving at a total number of 600,000 image samples. The augmented images 

were avoided in testing to also avoid overfitting of the model. The augmented 

data represented a comprehensive set of possible points to minimize the 

distance between the training and testing set. There are other methods of 

reducing model overfitting which was not employed in this research, they all 

serve the same purpose and there are no existing augmentation techniques 

that can correct dataset that has very poor diversity with respect to the testing 

data.  

 

Also, all the methods of augmentation algorithms perform best with the 

assumption that both the training and testing data are drawn from the same 

data distribution otherwise they will be not useful for the analysis.  

 

5.8. Summary 

This section focused on the use of UAVs and the stages involved in monitoring 

maize crop growth/health status during growth seasons. This is to ensure that 

the maize crops or plants obtain the required amount of treatment needed to 

avoid losses to increase production/growth rate. Multiple applications that use 

UAVs have emerged due to their low cost.  
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By ensuring that the specific quantity of required farm input resources such as 

fertilizers, insecticides, herbicides, water to plants, and the reduction in farm 

labour activities are the key areas where the UAV has been implemented. 

Then monitoring the plantation as have been exemplified in this report with the 

UAVs can also ensure an improvement in soil fertility by providing resources 

to less fertile areas before planting and after harvest with thermal imaging 

data.  

 

The images were labelled accurately labelled with expert help for better 

classification results. Data augmentation was applied to the 4,000 sets of 

images obtained as a means to increase the dataset for training to avoid 

overfitting and also for robust and accurate model development. The 

development of this database with multiple features is a novelty and the data 

are available for use by researchers with similar interests to this research. 
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SECTION II 

5.9. Plant Disease Detection Using Plant Village Dataset with a 

Combination of the New Dataset. 

5.9.1. Introduction 

In this section, the current deep learning technique for plant disease detection 

using the combined dataset of the new images obtained and PlantVillage [28] 

obtained from an existing database was evaluated to predict maize plant 

diseases on in-field images accurately. The process is represented in Figure 

5.5 from image capture to the classification step.  

 

PlantVillage dataset was considered in this research because it is considered 

a benchmark set and widely used to train and evaluate published disease 

detection models. The other publicly available dataset for plant diseases is the 

LifeCLEF, Malayakew, UC Merced, Syngenta Crop Challenge, Leafsnap, 

AFSIS, Dataset, and Flavia [162].  

 

 

Figure 5.5 General stages of plant disease identification 

 

Plant diseases have been ascertained as one of the main sources of loss in 

corn production. Generally, plant diseases begin with obvious signs in a wild 

state before spreading over the plantation [163], [164]. Early intervention is 

required to eliminate the associated production losses. Therefore, deep 
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learning-based detection of corn diseases can facilitate the development of 

treatment plans aimed at reducing losses. It is critical to prevent financial and 

resource wastage, that is not directly related to corn yield by implementing 

long-term pathogen fighting initiatives [165], [166]. Central to the effective 

decision system for the management of crop diseases is the ability to identify 

different classes of diseases since they require different treatments. Indeed, 

incorrect classification of a disease can lead to actions taken on the farm 

without production benefits. There have been successive generations of deep-

learning-based disease diagnosis in various crops as reported in [167], [168], 

[138].  

 

5.10. Methodology 

An approach to training a model with the dataset of maize plant diseases for 

accurate classification results was adopted using ResNet-50 architecture. 

ResNet-50 was selected to test the problem investigated on the database 

combination because it has been proven to achieve excellent results in a 

similar analysis as reported in [119]. 

 

5.10.1. Image Data 

Plantation images obtained from the UAV on the lower River Niger Basin 

plantation were combined with the PlantVillage dataset and were stored on a 

local PC. The dataset combination used is shown in Table 5.5. The 

PlantVillage images were obtained from the open database containing 54,306 

images with 3,824 that were specific to maize plant diseases and 800 from the 

new dataset contained plant diseases and 1,600 containing healthy plants. 

The images in the dataset were named and subdivided into 4 different classes 
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inclusive of the healthy class, common rust, gray leaf spot, and Northern leaf 

blight, of the most prominent plant diseases, especially in a maize plantation. 

These classes represent plant diseases that are visible from leaves with the 

human eye. 

 

In order to distinguish the healthy leaves class from the diseased ones, the 

healthy classes included in the dataset were set as a standard for comparison.  

The dataset was split into different divisions of training and testing set, by 

randomly splitting the 4,390 images. The performance of the model was 

assessed by training and testing the dataset on the different train/test division 

to determine the best performing division. The colour images with its 

background were re-assessed by seeking human experts from the field to 

ensure correct labelling. From the image database, it is seen that about one-

third of the percentages of the images were those images (37.3%) that have  

been captured in real cultivation conditions in the field. Figure 5.6 shows 

samples of a random class, containing two representative images in laboratory 

conditions, and two in-field conditions. A Python script was developed for the 

division of the two datasets to produce uniformly distributed pseudorandom 

numbers for the random selection of the Images.  
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Figure 5.6 Plant Image Diseases with Healthy Plants (raw images & 

processed images). 
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The farm field images contain condensed information requiring the application 

of a pre-processing step to extract a certain feature from the plant images (e.g., 

colour and shape) that is physically predefined by Agricultural experts 

compared to the images in laboratory conditions. The alternative of using the 

colour images was using the grayscale images which were not considered as 

previous works [34] have indicated that the method does not improve the final 

classification accuracy of deep learning models in applications that are similar. 

The same applies to the segmentation of the leaves from the background of 

the images, thus this additional step in the process was also not considered. 

This is simply because deep learning systems like CNNs have the autonomous 

ability to identify the important and non-important features of a set of images 

by selecting only the important features while leaving out the less important 

features. 
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Table 5.5 Maize plant ImageSet for diseases detection. 

Class Number of 

Images 

Total number of 

mages: Original 

and augmented 

Number of 

images from 

the dataset 

used for 

testing 

Healthy 557 4456 220 

 

Common rust 963 7704 385 

 

Gray Leaf spot 2388 2388 955 

 

Northern leaf 

blight 

482 3374 192 

Total number of 

images 

4390 17922 1752 

 

 

5.11. Computer Specification  

5.11.1. Software and Hardware Configuration 

The deep learning framework used in these experiments is known as 

Facebook’s PyTorch [169], a machine learning library with both a C language 

backend and a python front end. The Facebook PyTorch framework was 

chosen because it is an open-source available freely for use and works based 

on dynamic graph model and therefore the model can be manipulated at 

runtime during the computation. 

 

The hardware used to run all of the experiments is the Google Colab [170], a 

cloud-based research tool that provides free access to state-of-the-art python 

machine libraries.  
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The hardware specification is: 

• GPU: Tesla K80 GPU 

• CPU: Intel(R) Xeon(R) CPU @ 2.30GHz 

• RAM: ~12GB 

• HD: 311GB 

 

5.12. Image processing and labelling 

Appropriate format, labels, and sample size are central to the effective 

implementation of machine learning approaches, including CNN models. 

Therefore, the images were resized to 224 * 224 RGB in a script written in 

python which was stored in a “jpeg” format. Images were augmented thus, 

creating a total of 17922 train and test images (Figure 5.4). Data augmentation 

increased the size of the database, helping to reduce the risk of model 

overfitting during the training process [171]. This is because complex-deep 

neural networks learn millions of parameters, and mathematically, it has been 

proven that the data samples need to be at least equal or more than the 

learned parameters [119].  

 

An epoch is set when an entire dataset is passed forward and backward 

through the neural network once. The batch size is the total number of training 

samples present in a single batch/set of iteration. The entire dataset cannot be 

passed into the neural network at once so, the dataset is divided into a number 

of batches or parts. Iterations are the number of batches essential to complete 

an epoch.  Dropout is a regularization technique used in dropping out hidden 

input layers of the neural network randomly to prevent overfitting. Weight 
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decay is also a regularization technique applied during training after each 

update, the weights are multiplied by a factor slightly less than 1 to prevent the 

weights from growing too large. This can be seen as gradient descent on a 

quadratic regularization term [172]. 

 

Table 5.6 CNN Training Parameters 

Parameter  Value 

Epoch 100 

Batch size 32  

Dropout layer 0.3 

   Learning rate 0.1–10 

   Weight decay 0.001 

 

In the experiment, the first step taken was to download a pretrained residual 

neural network (Resnet-50) that was trained on the huge ImageNet dataset 

with the parameter selection in Table 5.6. The process of fine-tuning is 

repeatedly changed to alter the pretrained parameters of the CNN hidden 

layers of the final layers and its hyper-parameters. The best-suited model for 

plant disease detection was achieved through this process and finalised for 

predictions.  The results were achieved from the pretrained ResNet-50 model 

by freezing all of the weights of the CNN layers with the last layer removed and 

four (4) new layers added which is retrained as shown in Figure 5.7. The layers 

are the FC layer, a ReLU, a drop out layer, and the classification SoftMax 

layers. This approach aids in achieving excellent results and can be used on 

a relatively small size of the dataset. It also trains faster as compared to 

training from scratch. ResNet-50 selected is specifically a 50 layered residual 
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neural network that has been proven to minimise complexity and inference 

time during training [173].  

 

 

Figure 5.7 Pretrained model and the custom model design of this research. 

 

The customization layer is organized by adding a linear fully connected layer 

with 512 nodes, which are later fed into a rectified linear activation layer 

(ReLU). The dropout layer of 0.3 is chosen as a threshold that is added to 

regularize and as a result ensure generalization.  Later, a final linear node is 

then added to classify the outputs. 

 

To perform the classification, the last linear layer that has two nodes for the 

multiclass experiment containing four (4) nodes are used (three (3) diseases 

and a healthy class). Specifically, the logarithmic SoftMax function [174] as 

defined in equation (5.1 & 5.2) was used to compute the loss. The optimization 

algorithm used in the analysis throughout is the efficient Adam optimization 

algorithm. 
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𝜋𝜃(𝑠, 𝑎) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 =  
ⅇ∅(𝑠,𝑎)𝑇𝜃

∑ ⅇ∅(𝑠,𝑎𝑘)𝑇𝜃𝑁

𝑘=−1

                       (5.1) 

log(𝜋𝜃(𝑠, 𝑎)) = log(ⅇ∅(𝑠, 𝑎)𝑇𝜃) − log (∑ ⅇ𝜙(𝑠,𝑎𝑘)𝑇𝜃𝑘

𝑁=1
)    (5.2) 

Where 𝜃 is the optimal parameters, 𝑇 is the time step, ∅ (𝑠, 𝑎) is a vector, 

𝜋 (𝑠, 𝑎) denotes probability of taking action  𝑎 in state 𝑠.  

 

5.13. Model Architecture 

A summary of the architecture of the framework that gave the results is 

represented in Figure 5.8 highlighting the processes from the collection of 

datasets to the identification of the diseases. 

 

 

Figure 5.8 Proposed architectural framework of plant diseases identification. 

 

5.14. Results 

Figure 5.9 is a snippet (in python) of the customised layer that is added to the 

frozen ResNet-50 layer before the deep neural network is trained through 50 

and 100 iterations (epochs).  
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Figure 5.9 Snippet of the customised layer in python 

 

During the forward pass, input images are passed through the model to get an 

output. The loss function is then used to compare the network’s prediction to 

the ground truth classes. Error is then computed and propagated backward in 

order to adjust the weights of the neural network for better prediction. This is 

repeated through all the epochs (iterations). A screenshot of the training 

process is shown in Figure 5.10. 
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Figure 5.10 Summary of the training process on the dataset. 

 

Figure 5.10 shows how the losses vary for each of the training and validation 

divisions. It is obvious from the graph which can also be spotted easily that 

both losses settle (reduces) a lot quicker, this is evidence that the deep neural 

network is learning fast on the new set of images. It is also an advantage 

associated with fine-tuning. With the set of results being generated, further 

training was not required through thousands of iterations, rather just fifty (50) 

through hundred (100) iterations that produced an extremely good validation 

result of 100% on the unseen data. The results are displayed in the graph in 

Figure 5.11 and Figure 5.12. Precisely, a 100% validation accuracy was 

observed before reaching an epoch of a hundred (100). However, training 

continued training as it was noticed that only small improvements occurred on 

the training loss until the 100th epoch was reached and training accuracy had 

peaked. 
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Figure 5.11 Training and validation loss through 100 epochs 

 

Figure 5.12 Training and Validation accuracy 

 

A summary of the results achieved for each of the training-test data division is 

given in Table 5.7. A visual representation of the results obtained from the test 
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field images used from the model is represented in Figure 5.13. Where there 

are multiple features occurring on the field, the model was able to perform 

multiclassification on the different feature sets.  

 

Table 5.7 Results of the training dataset 

Data Train Data Test Epoch Accuracy 

 

50% 

 

 

50% 

 

 

50 

 

0.9833 

 

60% 

 

 

40% 

 

100 

 

1 

 

80% 

 

 

20% 

 

100 

 

0.9964 
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Figure 5.13 Classification of the test images (real in-field farm images 

collected from the field) 
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Figure 5.14 Visual display of the maize plant during processing 

 

The classification results obtained from testing the farm images are seen in 

Figure 5.13. The image having more classes is accurately classified and those 

features that exist in the entire images are also classified and labelled 

appropriately. Figure 5.14 is a visual display of the images of maize plants at 

the time through the training and classification process in the Convolutional 

Neural Network method. 
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Again, to efficiently detect the diseases, a test was conducted to determine the 

accuracy of the training data with two hundred (200) maize diseases on each 

of the data sets uniformly to remove the possibility of bias from the 

classification process. This is represented in Table 5.8. The images were 

randomly selected from both the PlantVillage dataset and the images collected 

from the plantation. 

 

Table 5.8 Results of the Plant Disease Classification. 

Name of 

Disease 

No. of 

Dataset 

Accuracy % Loss % 

Healthy Leaf 

Plant 

200 100 0 

Common Rust 200 95 5 

 

Gray leaf spot 200 97 3 

 

Northern leaf 

Bright 

200 98 2 

Total  800 97.5 2.5 

 

 

The total loss recorded in the testing data was 2.5% with an excellent top- 1 

identification accuracy of 97.5%. The improvement in the CNN architecture 

shows to a large extent the success of the model and making it appropriate to 

develop a model with the parameters. 

 

5.15. Discussion  

Training with deep learning requires substantial data and the more data the 

CNN model has to learn, the more the features it can obtain with increasing 
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accuracy. Thus, the reason for using the dataset which was again enriched 

with augmented images. 

 

Generally, the problems faced by farmers in detecting plant diseases for an 

early intervention requires developing a system for ease of use, 

understanding, and translation. In this research, the deep learning technique 

(CNN) was exploited for plant disease recognition, centred on the advantages 

of deep learning techniques and their practical applications owing to the 

evidence that most researchers have successfully used the deep learning 

approach for plant diseases recognition from the extensive search of the state-

of-the-art literature.  

 

The main objective of this study is to train the network to learn the features that 

distinguish one class from the others. As such, when using more of the 

augmented images, the chance for the network model to learn the appropriate 

features will be increased. The augmentation process is described in Section 

II. The dataset containing 54,306 images were downloaded with various leaf 

types and 3,854 that were specific to maize diseases was extracted. The 

diseases seen to be common to the maize plants are the common rust, Grey 

Leaf spot, Northern leaf blight. 

  

5.16. Summary  

Presently, very little has been explored about the standard implementation of 

Convolutional Neural Networks (CNN) for plant disease recognition built on a 

framework that employs the GUI to train the network by using raw images with 
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feature extractions embedded in the program’s reference library. A system that 

automatically recognises and classifies the maize leaf diseases was designed 

from the healthy leaves using CNN. The development and novelty of the 

proposed model lie in its simplicity; coloured images and the healthy leaves 

are in accordance with other classes, allowing the developed model to 

differentiate between the classes of diseased leaves from healthy plant leaves 

as seen in the environment by exploiting deep CNN. 

 

The initial experiment via fine-tuned Resnet-50 neural network achieved a 

perfect result of 100% accuracy on the test/unseen data. This is a very 

promising result that shows the strength of a carefully chosen, tuned, and 

trained neural network. It also shows that the 60% division of the training data 

and the 40% test data gave the best result with an epoch of 100. This is also 

evidence that a careful process of data collection and correct manual labelling 

by professionals aids the process of machine learning and automation. In 

summary, this answers the first question of this research about feature 

detection and automatic classification. It can then be concluded that, yes, 

machine learning can be used to identify healthy from the unhealthy maize 

leaves.  

 

Despite the convincing results, there is still a big challenge, which is whether 

machine learning can be used to do the fine-grained classification of 

subclasses that fall under the big umbrella known as “unhealthy-leaves”. Since 

lack of nutrients, water shortage, and/or diseases all cause the leaves to 

appear as unhealthy, there is a need to investigate if the same model which 
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achieved 100% accuracy will be able to sub-classify these datasets. Hence, 

an experiment was conducted in chapter 6 to evaluate the result of these 

multiclass classifications. 
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Chapter 6 

6. Multiclass training 

6.1. Introduction  

This chapter consists of the training of an efficient yet light neural network to 

identify a multiclass fine-grained classification using a deep neural network. 

The classes identified from the plants were: healthy, diseased, discoloured, 

weed, and water-stressed plants.  

 

A key feature of PA is an accurate classification of multiple plant conditions 

using a set of plantation images. Methods described in previous chapters were 

incapable of performing multi-feature automatic and real-time detection of 

multiple plant conditions. To date, no research has yet been carried out to 

develop an end-to-end model for the overall plant diagnosis system. Previous 

studies focused on the detection of a single disease at any given time, making 

it difficult to implement comprehensive real-time PA systems. 

 

Treatment of the plantation during image capture and processing requires 

simultaneous detection of many informative plant features in real-time [175]. 

However, current plantation classification models cannot simultaneously 

detect more than one plant condition, making it challenging to identify the co-

occurrence of nutrient deficiency and the presence of pests or diseases. Thus, 

it is difficult to timely apply pest and disease control measures while increasing 

nutrient levels. Fertilizer application in the presence of pest and disease 
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produces suboptimal results. Models that enable simultaneous detection and 

treatments of multiple plant conditions can increase agricultural yield. 

 

The approach used is novel and utilises different identification methods for 

extracting the multi-features on the images of the shape, colour, and texture in 

the monitoring of plants’ health on- the- go and its possible rate of development 

during the in-plant season. 

 

From the extensive field research carried out (chapter 3), it was discovered 

that not only are plant diseases are key factors affecting plantation growth but 

other factors are detectable from images by constant monitoring. Hence, the 

reason why images of a plantation were collected and a model developed to 

detect all plants; conditions for the provision of on-time treatments. 

 

Computationally, ConvNets can learn multiple features from a single plantation 

image. Multiple CNN based feature extractors can be connected one at a time 

(for best accuracy results) to different classifiers to detect plant diseases. 

There are close similarities between some of the classes and with fewer 

spectral channels in comparison with a coarse or medium spatial resolution 

remotely sensed data, it can be challenging to differentiate subtle differences 

amongst similar plant feature types [176]. Temporarily, features of the same 

class may sometimes exhibit strong spectral heterogeneity due to the 

differences under the illumination conditions in which the images were taken 

that might complicate accurate classification results. Therefore, such high 

intra-class variability and the low inter-class difference can ultimately make 
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automatic classification of all the plant images a challenging task. The deep 

feature representation of the CNN where features can be learned hierarchically 

from simple concepts like the edges to higher-level complex patterns like the 

texture, segments, objects, an ensemble of models can be used to minimise 

the errors associated with each of the separate classifiers, improving the 

performance of the model. With the relatively small size of the dataset 

gathered, the images were classified on the CNN model only as a benchmark 

for comparison with the hybrid model. The model comprises of a CNN feature 

extraction framework coupled with ensemble classifiers (CE) for the detection 

of multiple plant conditions (see Methods in Chapters 2 & 4). The classification 

is performed via the ensemble of the support vector machines, decision tree, 

and fuzzy classifier. Using a specific classifier for a single set of features, the 

classifier is unlikely to attain the highest accuracy for the plant images because 

the results are based on both spectral and spatial information.  

 

In classifier ensemble technologies, two strategies are usually employed; 

multiple classifiers or the decision fusion [177], [178].  Multiple classifiers were 

used here which are based on the manipulation of the training sample sets of 

images with boosting and bagging [179]. Boosting is a consecutive ensemble 

method that generally decreases the bias error and develops strong predictive 

models. Boosting is referred to as an adaptive boost that belong to a family of 

algorithms that changes a weak learner into a strong learner. It has multiple 

learners and the data samples are weighted, hence, some of the data might 

participate in the new sets more often. For every iteration, the data points that 

are incorrectly predicted are identified and subsequently, the weights are 
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increased so that the next learner can pay additional attention for accurate 

prediction results.  

 

Bagging, also known as bootstrap aggregating is usually positioned on top of 

the majority voting principle. The data samples are bootstrapped every time 

the model is trained. Once the samples are chosen, they are trained and 

validated for the predictions, and then the samples are replaced into the 

training dataset with samples selected at random. Generally, the base 

classifiers like the decision trees are fitted on the random subsets of the main 

training set. Afterward, the individual classifications are aggregated (voting or 

averaging, etc) [180], [181]. 

 

The multiple classifiers usually require a large sample size and its 

computational complexity tends to be high when they are used to extract and 

classify the images whereas, in this experiment, the result of the feature 

extractions is fed to the class of the ensemble classifier to output the 

probabilities of each feature belonging to a particular class.  

 

The hybrid end-to-end classification system is developed based on the 

assumption that both the CNN and the individual classifiers can provide 

different feature representations with strong complementarity.  

 

6.2. Methodology 

This section describes the complete methodology that would be deployed in 

this study. As the aim of this is to develop a model that can predict possible 
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health conditions of a plantation from images. A model is developed to 

automatically detect farm plant images by using several images obtained in 

real-life field conditions from a drone (details in chapter 5) for training, testing, 

and validation.   

 

The approach used is novel and utilises different identification methods for 

extracting the multi-features on the images of the shape, colour, and texture in 

studying the rate of stages of development of the plants and monitoring plant 

health on- the- go. The model is developed with multiple identifiers and 

classifiers with different descriptors. Both the feature extractor and the 

classifiers are very key in image recognition and directly affects the results of 

the predictor system to be developed.  

 

The model is developed with CNN both as a classifier and as a multiple feature 

extractor and, then CNN as a feature extractor together with other ensemble 

machine learning classifiers (CE). Both the feature extractor and the classifiers 

are very key in image recognition and directly affects the results of the predictor 

system to be developed. With the acquired set of images, a model is developed 

to analyse features from one end to another end and accurately classify them 

for making swift management decisions on the farm. Different architectures of 

the CNN are used as the feature extraction technique with ensembles of 

classifiers for each of the classes required. The supervised model captures the 

features on the images and then classification is performed via the ensemble 

(CE) of the support vector machines, decision tree, and fuzzy classifier.  
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6.3. Model Assumptions 

There were some valid assumptions made during computation on each of the 

models developed in this analysis including; 

❖ Disease classifiers have in-built multi-classifiers to detect a range of 

plant conditions depending on the crop type as already exemplified in 

chapter 5. 

❖ Any plant not on the same plantation ridge is otherwise automatically 

classified as a weed or unwanted growth to the plantation.  

❖ A given test image contains information about multiple problems on 

the farm making Precision Agriculture (PA) suitable for application on 

the farm.  

 

6.4. Model Development 

It was aimed to develop an end-to-end model to detect and evaluate the overall 

performance of the plantation at any given time. Thus, the performance of the 

different types of CNN architectures was evaluated. Under the assumption that 

input images encode information about multiple plant conditions, the model 

was implemented for accurate classification results. (Figure 6.1).  
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Figure 6.1 CNN network Architecture during feature extraction and 

Classification 

 

Figure 6.1 shows the convolution operation, pooling layer, and linearization 

steps in the analysis during feature extraction and classification stages.  

The operation extracts different features of the input, the first layer extracting 

low-level features like the edges, lines, corners, and the higher-level features 

extract high-level features like shapes, patterns, colours, objects, etc. The 

feature map is the result of the convolution and pooling operation from the 

second stage before classification. The convolutional and pooling layers are 

fixed together one after the other in the CNN framework until the high-level 

features are extracted [124]. 

 

CNN uses 5 to 25 units for pattern recognition in each layer with the first layer 

detecting the very primitive patterns of the image. The subsequent layers 

identify patterns of the proceeding layers. Here, the fully connected layer of 

the CNN serves as a feature extractor with learnable kernel weights. The 

receptive fields of the convolution layers to local features were restricted. This 
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configuration reduces memory and computation requirements while giving 

better performance for applications where the input has a local correlation 

[182]. The block diagram representation of the system design for the process 

is represented in Figure 6.1. The different pretrained deep neural network 

models trained on ImageNet to determine the model with the strongest crop 

representation to formulate a final model based on the crop type selected are 

the AlexNet, VGG-16, GoogleNet, and ResNet.  

 

The architecture and layout of the developed model are shown in Figure 6.2. 

The first stage is the data labelling after collection of the images and then 

augmentation is performed. Then the dataset is divided into training, testing, 

and validation before they are passed onto the CNN for multiple feature 

detection. Finally, the trained images are fed into the failure prediction model 

to detect the accuracy of the model.  

 

 

Figure 6.2 System design for automatic feature detection or prediction. 
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6.4.1. Brief review of The Ensemble methods used (CNN with SVM, DT, 

Fuzzy classifier) 

The performances of VGG, AlexNet, ResNet, GoogleNet (literature in chapter 

3) to efficiently extract features and its classification performed with some 

machine learning algorithms with their characteristics and unique classification 

methods that have successfully been used to classify plant images correctly.   

 

6.5. Feature Classification 

The usual classification method used with a CNN is the use of a dense layer 

of the fully connected (FC) neurons and a SoftMax layer to output the 

probability that the given image belongs to a particular class. However, a 

number of other machine learning algorithms that were reported to have 

correctly classified plant diseases were selected in this research to output the 

desired results from the multiclassification. A range of three classifiers (SVM, 

fuzzy classifier, and the decision tree) was chosen to help make informed 

decisions on the best choice of the classifier to develop a final model. 

 

The classifier ensemble is a machine learning technique that combines several 

base models to produce an optimal predictive model with the goal of finding a 

single model that will best predict a wanted outcome. The ensemble algorithm 

is trained to learn the expected outputs to make the right predictions with the 

diversity in the farm image features, which is very unlikely to overfit. A brief 

description of each of the methods is described here. 
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6.5.1. Support Vector Machine Ensemble (SVM) 

Support vector machines provide a great generalization performance and their 

implementations are based on approximated algorithms coupled with their high 

complexity of time and space. Bagging and Boosting in SVMs are used in the 

ensemble to improve its limited classification performance [179].  

 

The ensemble methods are learning algorithms that generate a set of 

classifiers to classify new data points by using a (weighted) vote of its 

predictions. The original ensemble method used is the Bayesian averaging, 

but more recently, new algorithms used include error-correcting output coding, 

Bagging, and boosting [180]. Each of the SVM is trained independently using 

samples of the plant images for each of the features to be detected. The first 

SVM detects plant diseases, the second detects discolouration on the 

plantation suggesting either nutrient deficiency or the health of the plants and 

the third SVM is trained to detect water-stressed plants, the fourth detect weed 

identification and, the final SVM is trained any other anomaly or deviation from 

normal and has the ability to detect any missed feature from a healthy plant. It 

is expected that the ensemble will improve the classification performance in 

the case of the multiclass classification. Each of the models is evaluated to 

measure the generalization performance of the models during training 

independently.  

 

Another classifier will compensate for every incorrect classification over the 

training images with the correct classification image samples in the ensemble.  
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With boosting, the training samples for the individual SVMs were chosen to 

update the probability distribution for the errors and in bagging, the samples 

are trained individually over randomly selected images. The results of the 

ensemble output are a collection of individual outputs of the several classifiers 

with individual decisions combined to classify any test sample. Once the SVMs 

have been independently trained, using the linear or non-linear combination 

technique aggregates the results with a combination technique, either. Though 

the simplest way of combining the SVMs is through majority voting for the 

linear combination of the SVM. 

 

6.5.2. Decision Tree Ensemble 

Decision trees are largely well-suited for ensembles due to the fact that they 

are fast and unstable [183]. Henceforth, it is possible to create a combined 

effect within the decision tree ensembles or forests. A very well-known 

technique for promoting variance in decision tree forests is the of use trees 

that randomly pick which attributes to divide the data on [184]. Insufficiently 

large ensembles, the technique can yield improved accuracy than the standard 

entropy-reducing decision trees on several datasets as it creates more 

variance within the models. L.Breiman in his research exemplified that bagging 

is particularly effective with forests of random decision trees [181].  

 

Several techniques exist that are used in performing ensemble of decision 

trees are bagging, stacking, a mixture of experts; random forests, and the COD 

(Coefficient of Dispersion) based approaches.   
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Boosting for increasing the overall accuracy follows the decision tree 

ensemble. The boosting serves as the base classifier to form a strong rule for 

separation between the classes.  

 

6.5.3. Fuzzy Classifier Ensemble 

Using an ensemble of the fuzzy classifier may result in loss of the simplicity 

and clarity of the model but an increase in the accuracy can be achieved. 

ANFIS (Adaptive-Network-based Fuzzy Inference System) was used in this 

research using the bagging approach. Bagging is selected because it performs 

well on unstable classifiers since it is desired that the model being developed 

is able to accommodate all forms of plant images.  As stated earlier, a classifier 

is stable if a small change in the training set does not cause a substantial 

change in the classifier. ANFIS is one of the most used fuzzy inference 

systems applied under the framework of adaptive networks [185]. An adaptive 

network is considered as a superset of feed-forward neural networks with 

supervised learning. ANFIS is considered as a type of Neuro fuzzy network 

that has fuzzy rules embedded within the neural network [186], [187].  

 

Some authors [188] have used the ensemble of ANFIS with different 

membership functions within the ANFIS and a minimum ensemble size of 8 to 

get the final prediction. The results produced lesser error with its use of the if 

and then rules. In the experiment, 4 bags are formed with each one obtained 

via sampling of the total set of images with replacement from the data training 

set. The bag is simply the same size as the training set. By applying the ANFIS 

learning algorithm, each bag is used as a training set in order to operate a 
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separate classifier. Each of the classifiers F1 to F4 predicts the different 

classes for each of the separate features in the testing set. ANFIS is run using 

the feature map from the CNN which serves as input then a separate checking 

FIS is generated that captures the parameters of the training data with 

minimum error and eventually resulting in a more accurate model. After 

training, the model is then used to classify the data set aside for testing. The 

predictions achieved consist mainly of the de-fuzzified outputs from the 

checking Fuzzy Inference System (FIS). These real numbers from the output 

are approximated to the nearest whole number then any resulting value that is 

invalid or outside of a specific range is altered to the closest valid class value 

possible. 

 

6.6. Hybrid classification approach (CNN-CE) 

The use of CNN and the ensemble of the different classifiers (hybrid model 

referred to as CNN-CE) is based on the average or mean rating or averaging 

phenomenon used to minimize the errors caused by each of the separate 

classifiers before the Individual results from the ensemble classifiers are 

evaluated. Feature extraction is performed by forward passing an image 

through the trained CNN. CNN is used in the model development as a 

pretrained off the shelf feature extraction tool. The features are then fed to the 

classifier module for accurate classification results into one of the five (5) 

classes of the corn health conditions. To increase the confidence level or the 

probability of a very high predicted class of satisfactory level, each of the 

classifiers has been independently trained to output a single class of the plants’ 

feature. This is illustrated in Figure 6.3 as the classification approach in which 
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a maximum accuracy is expected in predicting the correct health condition 

from the corn leaf images.  

 

The kernel weights of each of the layers are decided as part of the process 

while the convolution layers detect the local features because they restrict the 

receptive fields of the hidden layers to be local. The weight of the convolution 

layer used by the feature extractor is determined in the training process. The 

enhanced network structure of the CNNs eventually leads to savings in 

memory requirements and a reduction in computational complexity 

requirements while giving better performance for applications where the input 

has local correlation [189].  

 

The ConvNet architecture makes the clear assumption that the inputs are 

images that enable the encoding of certain properties into the architecture. 

This property makes the feedforward function much more efficient to 

implement and greatly reduces the number of parameters in the network. Fine-

tuning helps to utilize the optimal weights of deep architectures learned 

through large visual data. 

 

Training the CNN to extract features starts by using properly labelled images 

(Figure 6.4) as inputs. It has been established that CNNs outperform humans 

in cases of classifying objects into fine-grained categories such as a particular 

breed of birds or dogs [128], hence the robust feature extraction process is 

one of the most vital steps in achieving high accuracy in crop images because 

of the large variations that occur due to the different severity of levels of the 
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diseases, the changes in light conditions, variation in size of the leaves and 

the different growth stages of the corn leaves.   

 

Augmentation is performed to incorporate the variations of the images that 

would be captured in uncontrolled field conditions as similarly done in Chapter 

5 but with the new set of data obtained. The augmentation results are shown 

in Table 5.4 of the images performed on the training images. The top layer of 

the VGG-16, AlexNet, Resnet-50, and the GoogleNet previously pretrained on 

the ImageNet data were re-trained with images of the different features from 

each class corresponding to Healthy, water-stressed, diseases, discoloured 

and in the detection of weed plants for the iteration.  

 

For Weed detection that is one of the primary objectives in the field of PA, its 

identification and detection are the initial stages of crop growth and with deep 

learning techniques, the continuous and even distribution of herbicide can be 

minimized to maximize crop yield for farmers. In a plantation, weeds are the 

unwanted plants that compete for food with the grown plants, they destroy the 

plants thereby causing great losses to farmers. CNN in this research for weed 

detection is used for real-time semantic segmentation of the weeds and crops 

by exploiting the existing vegetation indices. The image extraction process 

divides each incoming training image into sub-images and these are sent to 

the CNN models to predict the potential weed regions in the test images. 

Because weeds normally occur outside the plantation ridges and sometimes 

are of the same height as the plants, segmentation is employed to easily spot 

and separate the plantation from the weeds with the annotated images. The 



  146 
 

hybrid of the CNN-Classifier Ensembles (CE) is regarded as an End-to-End 

system with its classifiers in ensemble. 

 

 

Figure 6.3 Architecture of the Model: CNN with the Support Vector Machine 

(SVM) ensemble 

 

Figure 6.3, presents the working topology of the proposed system model. The 

model shows the classifier and feature extraction module with the result 

module. to perform multiple feature extraction and multiclassification using 

different classifier ensembles.  A range of CNN architecture is modelled to 

determine the most efficient and effective feature extraction architecture. 

Three similar models were developed with ensembles of DT and FC where 

SVM is substituted with the DT and FC respectively. 
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6.7. CNN Classification 

The CNN classification starts off by using the pretrained CNN that finetunes 

the parameters on the new dataset to ensure the model achieves a good 

accuracy. The network framework utilised a pretrained CNN classification 

model to extract feature maps from the input images, then compute the centers 

of feature maps as stored patterns to infer the test image class before 

classifying the images using the parameters in Table 6.1. The network weights 

were optimized using the Adam Optimization algorithm with a learning rate of 

0.01 and a weight decay rate of 0.005 and 0.9 momentum. Adam Optimization 

[190] is an adaptive learning rate optimization algorithm designed specifically 

for training deep neural networks. It is a combination of PMSprop and 

Stochastic Gradient Descent with a momentum that can handle sparse 

gradients on noisy problems. It is also an adaptive rate method that computes 

each learning rate for the different parameters. It also uses estimations of both 

the first and second moments of the gradient to adapt to the learning rate for 

each weight of the neural network [191].  

 

A set of 100,000 images with a size of 224×224 was fed to the network as a 

batch per iteration. The experiments were run for a total of 30 epochs, where 

one epoch is the number of training iterations in which the particular network 

has completed a full pass of the entire training set. 30 epochs were chosen 

based on the empirical observation that in all of these experiments, the 

learning always converged well within 30 epochs.  
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Table 6.1 Parameter selection for the CNN classification 

Parameter 

 

Value 

 

Image Batch size 

100,000 

 

Epoch 

30 

 

Drop Out layer 

0.3 

 

Learning Rate 

0.01 

 

Weight decay 

0.001 

 

 

During training, all the weights of pretrained CNN architectures are maintained 

excluding the last layer.  The customization layer is achieved by adding a linear 

fully connected layer with 512 nodes, which are fed into a rectified linear 

activation layer (ReLU), a dropout layer with 0.3 thresholds is then added to 

standardise and ensure generalization. A final linear node is then added to 

classifier the outputs. Hence, for a multiclass experiment, the last linear layer 

is recorded with five nodes to output each of the classes. The results obtained 

are shown in Table 6.2. 

 

The deep learning framework used is Facebooks’ PyTorch with a ‘C’ language 

backend. The hardware used is also the Google Colab, a cloud-based 

research tool providing free access to state-of-the-art python machine libraries. 
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(a) Diseased plants 

(b) Discoloured plants 

(c) Water stressed plants 
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Figure 6.4 Cropped images from the UAV of the plant’s health status 

 

6.8. Classification results and analysis  

By integrating the classification results of the CNN and the CE using the above- 

mentioned parameters and conditions, the final classification of the proposed 

CNN-CE was obtained from the analysis using the dataset generated (Chapter 

5). Using CNN as a robust feature extraction tool gives a very high 

classification accuracy in the plant images due to the fact that there can be a 

lot of variation in the images of the single class. The variations may have been 

from the difference in severity levels of the diseases or pests, changes in 

illumination conditions, or the difference in the growth stages of the maize 

plants. Hence, the reason for using the different CNN architecture with the 

classifier ensembles for the classification results.  

 

(d) Healthy plant leaf  
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The features from the trained CNN are fed into the classification algorithms of 

the SVM, DT and, fuzzy classifier. The decision tree builds multiple trees and 

merges them to obtain an accurate and stable prediction of the features. 

It sets a stopping criterion during training for the nodes to split which then 

utilizes the entire feature space with control in the correlation between the trees 

thus managing the bias between bias and variance.  

 

SVM builds a decision boundary (hyperplane) to divide the data into two 

classes. The hyperplane with the greatest margin between itself within the 

training dataset has a higher probability of new data bee correctly classified. 

Kernels such as the Radial Basis Function (RBF) are used to map higher 

dimensional data in a space where a linear separation is not feasible. Boosting 

(Adaboost) is used on top of the base classification algorithm (SVM, DT, FC) 

to increase classification between two weakly classified classes and also to 

the best performing classifier to increase the overall accuracy when used as 

an ensemble. The fuzzy classifier easily classifies the different plant features 

of the uncertain and imprecise data or the test data.  Each learner is added 

successively during training and trained using adaptively weighted training 

data. Each learner is assigned a weight and a more accurate learner is given 

a higher weight. During iteration, the learner(s) are added until the threshold is 

reached or maximum accuracy is attained. At first, equal weight is given to 

each image feature, if the prediction is incorrect initially, then a higher weight 

is given to the image in the next iterations. The models were retrained using 

fine-tuning as similarly used in section 5.3 with the dataset split into training, 

validation, and testing (table 6.1). The validation is used to tune the network 
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parameters to avoid bias during training. The model fine-tuned the maize plant 

images in a batch of 32’s for each iteration using the Adam optimizer with a 

learning rate of 0.001 for the CNN classification. The average accuracy 

obtained on some of the test data for CNN-CE hybrid and the CNN as the 

benchmark analysis is presented in Table 6.2. Each of the ensemble classifiers 

is separately trained to detect one of the 5 different classes but the diseased 

classifier is trained on the multiple diseases that largely affect maize plants. 

The classifiers each output the probability of a feature belonging to a particular 

class. In Figure 6.1, the CNN classification of the plant images on the different 

architecture produced high accuracy results when matched with the classifier 

ensembles.  

 

Table 6.2 Results of the feature extraction and classification of plant image 

features 

Architecture  SVM Decision 

Tree 

Fuzzy 

Classifier  

CNN 

training 

(only) 

Effective 

average 

training & 

execution 

time 

VGG-16 90% 91% 89% 80.6% 32 mins 

38 secs 

AlexNet 89% 92% 88% 79.7% 6 min 45 

secs 

ResNet-50 97% 93% 96% 81.2% 25 mins 

23 secs 

Google net 92% 93% 91% 80.8% 11 mins 

49 secs 
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The best classification results of the proposed CNN-CE were obtained with the 

combination that uses the ResNet-50 for feature extraction and the SVM (the 

RBF kernel with parameters C = 1 and gamma = 0.1) with an average 

classification accuracy result of 97% and the decision to develop the final 

model was based on these parameters.  

 

Table 6.3 Training and testing division of the dataset 

       

    

 

 

 

 

 

 

 

 

 

Image classes 

80/20 70/30 60/40 50/50 

Healthy 1280/320 1120/480 960/640 800/800 

Diseased  640/160 560/240 480/320 400/400 

Water-stressed 720/180 630/270 540/360 450/450 

Discoloured plants 560/140 490/210 420/280 350/350 

Weed detection Others  others others others 

 

Using this set of results, a confusion matrix was developed to illustrate the 

performance of all the classifiers in Figure 6.5 – 6.8. 

 

The confusion matrix shows the total number of observations in each cell. The 

rows of the confusion represent the true class, and the columns represent the 

predicted class. The diagonal and off-diagonal cells correspond to correctly 

and incorrectly observations, respectively. It is seen from the images with the 

         Training/Testing division %                        

 



  154 
 

most confusion appearing was between the discoloured plants and the water-

stressed plant set (figure 6.5 & figure 6.6). The healthy class was easily 

differentiated from the other classes and the diseases showed a great 

dissimilarity also from other classes with their unique and different features. 

The CNN classification for each of the architectures was less accurate in 

comparison with the CNN-CE classification results. The addition of the 

classifiers presents great accuracy for the different feature classes and CNN 

alone will accurately classify single feature classification. 

 

 

 

Figure 6.5 Confusion Matrix: SVM Ensemble on ResNet-50 features 
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Figure 6.6 Confusion Matrix: CNN with Decision Tree Ensemble 

 

 

Figure 6.7 Confusion matrices for CNN based classifiers (a) VGG-16 (b) 

ResNet-50 
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Figure 6.8 Confusion matrices for CNN based classifiers (a) AlexNet & (b) 

GoogleNet 

 

Generally, a base model can be developed with pre-set values and converted 

into the software that can be developed into software subject to changes in 

conditions of the images taken that can ultimately be adjusted in the model to 

suit and generate robust classification and feature extraction results for making 

apt decisions on the farm. 

 

6.9. Final Model Selection & Development  

In the previous analysis (Section II, Chapter 5), ResNet-50 based model had 

the best multi-feature prediction performance. The results in Table 6.2 have 

shown that combining a CNN architecture with the SVM produced better 

classification results. Therefore, the ResNet-50 coupled with the SVM model 

was selected as the best performing model. The ResNet-50 model can perform 

feature extraction without applying segmented methods and thus suitable for 

real-life applications.  
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In-field plant images (n = 4000) was used to construct the final model. The 

dataset was split into 60:40% train and test sets, respectively. The images 

were resized to 224 by 224 to match the ResNet-50 deep network. Multiple 

features were extracted from the fully connected layers of the model and 

classified with an ensemble of SVM models. For the fine-tuned model, all the 

ResNet-50 layers except for the last layer were pretrained before feature 

extraction and classification using SVM ensemble. The network was trained 

through 250 iterations and performance accessed by classification accuracy. 

For each iteration, input images were passed through the model to get one of 

four outputs. Then the network’s prediction error was backpropagated to adjust 

the weights of the neural network. The model deals with problems of working 

with noisy images and also using poor or low-resolution images. It accurately 

performs automatic image processing. Segmented images are mostly used for 

plant disease classification [167], meaning that plants have to be separated 

from their roots in order to extract geometric and similar features. With these, 

the datasets with the images are difficult to obtain in real life and hence making 

real-time applications difficult.  

 

The ResNet-50 model has been improved and can perform feature extraction 

without applying segmented methods and thus suitable for real-life 

applications. Fine-tuning also has the advantage of having lower 

computational complexity than other transfer-learning based models [173]. 
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6.9.1. Steps Involved in the Final Model Development  

The steps involved in the process of developing the model for the best 

performing architecture and fine-tuning are: 

Step 1: acquire the in-field farm field plant images 

Step 2: The images are resized according to the ResNet-50 deep network: The 

colour images are resized to 224 x224 

Step 3: Multiple feature extraction using the fully connected layers of the deep 

learning model, ResNet-50 

Step 4: The features are classified using the deep features with the ensemble 

of SVM classifiers.  

For fine-tuning, the following process is performed:   

Step 1: Obtain the plant images  

Step 2: Resize images according to the input requirements of the ResNet-50 

architecture using fine-tuning.  

Step 3: Pre-train all the ResNet-50 layers except the last layer  

Step 4: Classification is then performed using the newly created model.  

The experimental studies were implemented using the same system required 

used in the general experiment (section 6.5).  

In developing the final model, the layers of transfer learning based on fine-

tuning using the multiple-image features were customized. Figure 6.9 shows 

the snippet of python in the customized layer.  
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Figure 6.9 Snippet in Python of the customized layer 

 

It is a snippet (in python) of the customised layer that is added to the frozen 

Resnet-50 layer. Then the deep neural network is trained through 250 

iterations (epochs). 

 

During the forward pass, input images are passed through the model to obtain 

one of four outputs. The loss function is then used to compare the network’s 

prediction to the ground truth classes. The error is then computed and 

backpropagated in order to adjust the weights of the neural network for better 

prediction. This process is repeated through all the epochs (iterations). A 

screenshot of the training process is shown in Figure 6.10. 
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Figure 6.10 Results from 250 epoch’s show identification accuracy of 96.87% 

on unseen data 

 

Also, Figure 6.11 shows how the losses vary for training and validation, clearly, 

it can be seen that both losses settle very quickly, this is evidence that the 

neural network is learning fast on the dataset, it is also an obvious advantage 

of fine-tuning. Thousands of iterations were not required through training, 

rather just 250 iterations produced good average validation accuracy of 

96.87% on unseen data, and this can be seen in figure 6.12. 
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Figure 6.11 Variation training and validation loss 

 

 

Figure 6.12 Training and Validation accuracy showing consistent 

performance gain from epoch 1. 

 

The execution time taken to complete the training process was 25 minutes on 

average but much shorter for testing and validation as shown in Figure 6.13. 
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Figure 6.13 Average training time for the CNN architecture. 

 

 

6.10. Discussion of Results 

The model deals with problems of working with noisy images and also using 

poor or low-resolution images. The model can accurately perform automatic 

image processing with the evaluation performed using the rigorous technique. 

 

Three End to End systems with three (3) different classifiers in the ensemble, 

one for each system was developed, namely SVM, decision tree, and the fuzzy 

classifiers.  The system was designed for the process as represented in Figure 

6.1 while the architecture of the model developed is shown in Figure 6.3. 

The analysis has clearly shown that deep learning of CNN explored in the 

experiments offers superior performance compared to work from other authors 

and also other traditional approaches of machine learning techniques.  
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In this research, a fusion approach of CNN-CE was proposed to integrate 

classifiers and CNN with shallow structures and the contextual based CNN 

with deep architectures for the classification of plant features remotely sensed 

imagery. From the data obtained, it is apparent that not only are plant features 

affected by diseases, but there are also a number of other factors to be 

considered for yield optimization. This is where PA plays a key role by 

identifying these other conditions and factoring them into the decision-making 

process of implementing treatment solutions.  

 

The study used pretrained CNN models to obtain the best performance in the 

detection of multiple plant features before they are classified using the fine-

tuning based on transfer learning and the different architecture of CNN: VGG-

16, AlexNet, ResNet-50 and, GoogleNet architecture. The architectures were 

implemented in the model design with the best performance-matched with 

different classifier ensembles to differently classify the different farm conditions 

of diseases, plant discolouration, water-stressed plants, weed detection from 

healthy plants using colour image features. 

 

By combining the feature descriptors, the average recognition rate of the 

classifiers is significantly improved and increases the robustness of the model 

as well as the processing time required. Given the results, all models 

performed reasonably well with good accuracy results but the model that 

recorded the highest classification accuracy was the ResNet-50 used in 

combination with the SVM. For the AlexNet model, the accuracy obtained with 

the combination of the three different classifiers was 92.0% with the decision 
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tree, and the lowest performance recorded was 88.0% with fuzzy classifier, the 

VGG-16 reported its highest accuracy as 91% with the decision tree ensemble, 

the GoogleNet had its highest accuracy of 93% with the decision tree 

ensemble again while the ResNet-50 reported the highest average 

performance accuracy of 96.87 with SVM.  

 

From Figure 6.12, an accuracy of 96.87% was achieved during validation with 

their performances calculated using SVM. The high accuracy thus leads to the 

conclusion that this model is the most suitable for determining the different 

plant features on the farm for making on-time and informed management 

decisions. This combination is selected as the model for optimization for the 

results and hence will be incorporated into the final model which can be 

developed into software for use in UAV, UGV, Tractors, mobile phone 

applications, or other applications used on the farm.  

 

The graph in Figure 6.14 shows the comparison of all the accuracy scores 

attained for all the different deep feature architectures. It is obvious that the 

results are all in the normal or acceptable ranges as they have been able to 

correctly classify the multiple features.  

 

At the moment, there is no way of making a direct comparison of the results 

with any other research as it is the first of its kind to consider all the different 

farm conditions.  
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Figure 6.14 Performance result for each of the deep learning architecture 

with its paired classifier 

 

It is clearly seen from the graph the highest performing architecture with its 

associated classifier ensemble and also the other methods are shown to 

perform well enough to be used in testing other images before selecting the 

best model for other plant types. This shows that the deep learning models 

have unique features such as its number of layers, number of connections, 

and its unique filter types. This is also responsible for the different results 

achieved from the different models.  

 

In summary, the fine-tuned ResNet-50 model had a better accuracy score with 

the SVM classifier. Also, the fine-tuned GoogleNet model had a better 

accuracy score than the GoogleNet features and SVM classifier. The fine-

tuned AlexNet model had a better accuracy score with the SVM classifier than 

the fuzzy classifier and the decision tree ensemble.  
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The execution time for each of the models was also evaluated as shown in 

Table 6.2. According to the results, the deep learning methods have much 

consistent and average training times when compared to other conventional 

methods in other research work. The best and final model was chosen based 

on its classification accuracy and the best average time taken to train and the 

shortest testing time of the model. During training, the execution time that was 

lowest was the AlexNet while VGG-16 recorded the longest training time. The 

model with the highest reported performance had an execution time of 

approximately 25 minutes as shown in Figure 6.16. During the retraining 

process, the time was cut by almost half by using the chosen model 

combination. Then, the timing is significantly reduced during testing which is 

of utmost importance to the development of the model. It is desired that the 

model will already be pretrained before being deployed to test unseen images 

on the field during image capture and experimentation.  

 

It is also seen that the resolution of the data and its accompanying distinct 

features determine the ability of the deep learning architecture to accurately 

detect the features. Bad images yield bad results and indistinct features can 

develop inaccurate and distorted results.  

 

The contributions of this chapter include: 

❖ Development of an efficient neural network training strategy 

❖ Classification of other plant defects such as water-stress and 

discolouration (which is due to lack of nutrients, rather than parasitic 

attack) and also weed detection. 
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6.11. Advantages of the developed Model  

 

❖ The model used images from plants taken in-field, thus avoiding the 

traditional process of collecting samples and analysing them in the 

laboratory. 

❖ The model also considered the possibility that a plant can be 

simultaneously affected by more than one condition ranging from 

diseases, nutrient deficiency, water-deficient plants, discolouration in 

the same sample. 

❖ The approach employed used coloured input images captured under 

different conditions with various resolutions and different sensors.  

❖ The model can competently deal with different illumination conditions, 

the size of object and background variations in the surrounding area of 

the plant images thereby eliminating the pre-processing step. 

❖ This approach also practicalizes a near real-time application that is 

usable in the field with a reduction in the cost of obtaining the images.  

❖  The model identifies the most suitable deep-learning architecture for 

the task outlined by considering three main families of detectors of the 

deep learning architecture.  
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Chapter 7 

7. Conclusion And Future Work 

7.1.  Conclusion  

In this research, the recurrent problems associated with increasing food 

production were explained and solutions experimented with from field data 

collected using CNN.  

 

This thesis focuses on effectively and efficiently extracting features and 

classifying them for making fast and accurate management decisions on the 

farm for an early intervention process to optimise yield. This eventually leads 

to more sustainable farming towards smarter and more secure food 

production. 

 

Remarkable progress has been made in image recognition owing to the 

availability of large-scale datasets and the recent revitalization of the deep 

learning network of Convolution Neural Networks. This process is a data-

driven learning process used with well-labelled datasets and decides to a great 

extent, the performance of the model. ImageNet offers a very comprehensive 

database of more than 1.2 Million natural images categorized into 1000 plus 

classes [130]. Although no large-scale annotated Agricultural image dataset 

as compared to ImageNet, data acquisition is difficult, and annotation for each 

category, plant type, condition, and the different stages of the plantation’s 

development. 
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From the model developed in chapter 6, It was interesting to see and explore 

the performances of each of the different CNN architectures to help in choosing 

the best architecture for the final model development. 

 

The goal was to obtain images and perform a CNN classification but due to 

the relatively small dataset gathered, an ensemble of classifiers was 

introduced to the model development where CNN was used only as an off-the-

shelter feature extractor and the ensemble classifier for the multiclass 

classification.  It is desired for each of the classes of the features to be 

accurately classified and distinguished. Information gathered from experts 

revealed that not only diseases were the key problems in plant stages 

development, but they also enumerated other factors like nutrient deficiency, 

irrigation problems, and weeds. These factors are well covered in literature but 

no focus has been put into solving the problems which appeared in plant 

images after collection. 

 

The main experiment in this thesis covers these factors in the model 

development to ensure an optimized production of food. Maize or corn was 

selected as it is a major cash crop and widely consumed. The analysis started 

with forming a database of images that were combined with the existing 

database of the PlantVillage dataset to detect plant diseases from maize in-

field conditions. CNN was used for the classification that yielded good results 

from chapter 5. The model was able to automatically detect features before 

classifying them. This generalization ability of CNN makes it one of the best 

means to develop a model that can be used on the field directly during image 
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capture for processing to develop treatment plans in the shortest time possible. 

A second experiment (chapter 6) was then performed by taking into 

consideration the other features obtained from the dataset formation labelled 

by the farmers.  

 

To increase food production to its maximum potential, there are a number of 

factors that were highlighted and could be solved especially relating to 

Nigerian Agriculture where the field study was carried out. The majority of the 

problems lied in its policy formation with the Government. responsible for 

putting them in place (chapter 3). Most of the problems gathered from the field 

study can be greatly reduced by practising Precision Agriculture. PA will also 

reduce losses on the field: harvest loss, input requirements loss, early 

detection, and treatment of farm plant diseases while preserving the natural 

environment. 

 

The models built on the new and improved database improved feature 

detection and segmentation problems in the plant images dataset. Also, the 

model has demonstrated that a robust deep-learning-based multiclass 

detection for the overall real-time plant health detection and recognition using 

deep learning is possible. 

 

The model can at this time effectively perform pest identification, minimize or 

control herbicide use, control the application of plant nutrients, identify weeds 

across the plantation, and identify the irrigation needs of the farm. 
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Also, the model has been able to compare performances of data analysis 

techniques with similar techniques, and comparable performances to CNN 

(i.e., SVM, decision tree, and fuzzy classifier ensembles). The findings suggest 

that CNN offers better performance and outperforms other popular image 

processing techniques unlike using SVM, KNN, and, other machine learning 

techniques for classification of the image features. These methods mostly 

depended on hand-engineered extracted features making them solely 

dependent on the experts responsible for mapping out the features before the 

network is trained. They are also not robust to handling a large amount of data, 

which can overwhelm the system.  

 

While training the neural network can consume a lot of time, the trained model 

classifies the model quickly making them suitable for use in computers and 

also compatible with smartphones in the testing phase. A very large verified 

dataset of images is required to develop an accurate model for detecting an 

end-to-end diagnosis of the plantation health status if it is desired to train from 

scratch but the model was adequately trained using fine-tuning that eventually 

generated good results. The models were based on fine-tuning due to the 

unavailability of a very large dataset. Training from scratch with CNN is not 

possible due to the unavailability of the required images to create a viable 

dataset at the moment. Using CNN for classification, the results presented had 

lower accuracy than the hybrid model developed. This is due to the relatively 

small dataset obtained but with a much larger dataset, the model is expected 

to give results with high accuracy. 
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From the five (5) dataset classes that were trained on 3 different models, the 

average accuracy of the models is evaluated based on its ability to predict 

accurately. The best performing model achieved an overall average accuracy 

of 97%. The effectiveness of the feature extraction technique proposed and 

the accompanying classifier ensemble is evaluated by comparing the results 

of the plant image detection algorithms/ models with one another using the 

different Convolution Neural Network (CNN) architecture available.  

 

Using the different architectures, the best performing architecture (ResNet + 

SVM) is selected based on its accuracy. Using the colour datasets, there was 

a significant difference in performance in the comparison. Thus, showing that 

multiclass classification can be achieved using deep neural networks and a 

result of a careful selection of the appropriate network architecture and proper 

training strategy with a good data collection and labelling.   

 

In spite of the limited availability of open datasets in agriculture, the dataset 

gathered is made readily available on request and free to download for use by 

any researcher in need of similar processing. This method also avoids the 

complex and labour-intensive step involved in feature extraction from plant 

images to train the models, and the model can be easily trained on a 

desktop/laptop and deployed on a mobile device for classification purposes. 

 

The developed model in this research is expected to serve as a decision 

support tool to aid farmers to identify the diseases and plant health in general 

as soon as possible during the plant’s life cycle. 
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Consequently, any farmer can take a close-up picture of the leaf with the 

symptoms occurring in the plantation to identify its state. The major 

contribution is to apply deep neural networks to detect maize plant health using 

images taken in real-scene and under challenging, conditions such as 

illumination, complex background, different images resolution, size, pose, and 

orientation. After several experiments, the model was able to find excellent 

classification results after evaluating the effectiveness of the system. Thus, 

proving that the proposed model can considerably support an accurate 

detection of leaf health status with little computational effort.  

 

Also, more focus will be put into addressing the most disturbing and prominent 

plant health problems like diseases, nutrient deficiency by targeting the 

automatic severity estimation of the different states to help farmers in deciding 

how to intervene to stop or minimize to the barest minimum the problems. 

 

As of today, no other research has yet considered the plant’s other defects 

affecting its overall health status to attain the aim of Precision Agriculture for 

an optimised and equally fertile plantation. 

 

7.2. Future Work 

A lot of research is being carried out daily to optimize food production in the 

Agricultural sector. With the huge potential of the deep learning technique and 

its multiclass classification and automatic feature detection, it is now possible 

to develop applications on cheap embedded devices such as mobile phones 
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and unmanned aerial systems of ground vehicles to run on these applications 

for providing an immediate response or treatment solutions on any plantation. 

The mobile applications can also easily detect the early onset of the prevailing 

health conditions of the plants which can be used by the majority of farmers.  

Also, devices such as the Jetson nano (which costs about £80) and Movidius 

stick (costing £99) [192] could be used in developing the model because they 

are very optimistic in embedding and deployment.  

 

For an optimised model to be developed for every plant model, more data is 

required to be taken during the plantation season to accurately determine the 

health conditions of the plants. This model will be different from plant to plant 

but a base model where existing features can be added will be feasible for 

development on the farm devices.  

 

It is desired that a CNN model is developed for the multiclass classification and 

made as simple as possible with the possibility of exploring the output of each 

of the processing layers through a display as installed on the output monitor 

which can be a tractor, UGV, UAV or other farm machinery. 

 

More exploration into similar research can guarantee this process and help 

farmers optimise production on every farmland and also minimizing input 

resources while helping to preserve the environment.  

 

The development of a vast and rich database with multiple farm features 

cannot be overemphasized at all stages from one farming region to the other, 
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with this a more solid and reliable prediction model can be developed to 

efficiently classify the plant’s health for immediate use and provision of 

treatment required.  

 

The prediction model can then be developed into software for use in smart and 

mobile devices application to detect the failing health of plants and developing 

a prescription map for providing solutions as soon as they appear and this will 

be used for the automatic diagnosis system with a visual inspection that will 

eventually be of great benefit to users with little or no prior knowledge of the 

plants they are cultivating in addition to the application already available for 

automatically detecting the different plant types. Given that the net effect and 

influence on profitability from using PA are highly variable, it is key that its 

application and adoption are carefully considered prior to investment and 

implementation. 

 

From calculations using the ROI calculator [193], the cost-benefit analysis of 

implementing PA on the corn plantation with an area of 100 hectares (ha) with 

yield per unit being 250 tonnes, the unit price of $2 results in a total input 

savings of $5,000 and a yield increment of $6,000 with a $50,000 total income. 

The results suggest a significant reduction in input resources like seeds, 

fertiliser, and agrochemicals. Also, the environment benefits from a more 

precise targeting of agricultural chemicals.  

 

Asides from the savings and increased earning potential of Precision 

Agriculture, Precision farmers have discovered that the ordinary day to day 
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farm processes has become easier to manage and maintain as a result of the 

technology implementation and streamlining practices. At the same time, as 

several farm tasks take loads of effort to complete, adopting modern 

technologies aid the tasks in getting completed easily. For instance, the drones 

used in the analysis will be employed in calculating the total crop numbers and 

unmanned robots charged with weeding responsibilities. Both tasks would 

normally be arduous to conduct by the farmers.  

 

It is also anticipated that this research motivates more researchers to 

experiment with deep learning centred towards more agricultural problems 

involving classification and prediction towards a smarter, more sustainable 

farming and more secure food production.  

 

7.3.  Authors’ Publications: Journals and Conference Papers 

7.3.1. Journals 

Advances of image processing in Precision Agriculture: Using deep 

learning convolution neural network for soil nutrient classification 

Journal of Multidisciplinary Engineering Science and Technology (JMEST) 

ISSN: 2458-9403 Vol. 4 Issue 8, August - 2017 www.jmest.org 

JMESTN42352362 7981 

Case Study to Investigate the Adoption of Precision Agriculture in 

Nigeria; The use of simple image analysis with fuzzy classification to 

determine the degree of spatial and temporal variability on a maize 

plantation 
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Journal of Agricultural Economics and Rural Development Vol. 3(3), pp. 251-

258, October, 2017. © www.premierpublishers.org. ISSN: 2167-0477 

Accepted 25 October 2017 

Halimatu Sadiyah Abdullahi*, Ray E. Sheriff 

Journal paper 

Design of an End-to-End Plant Diagnosis System using ConvNets and 

Classifier ensembles 

 

7.3.2. Conference Papers 

Technology Impact on Agricultural Productivity: A Review of Precision 

Agriculture Using Unmanned Aerial Vehicles 

Chapter · July 2015 

DOI: 10.1007/978-3-319-25479-1_29 In book: Wireless and Satellite Systems, 

Edition: 1, Chapter: Volume 154 of the series Lecture Notes of the Institute for 

Computer Sciences, Social Informatics and Telecommunications Engineering 

pp 388-400, Publisher: Springer International Publishing, Editors: Prashant 

Pillai (15) Yim Fun Hu (15) Ifiok Otung (16) Giovanni Giambene, pp.pp 388-

400 

Feasibility Studies of an Integrated Terrestrial/Satellite Network for 

Disaster Management Conference Paper · September 2015 

DOI: 10.13140/RG.2.1.4261.4244 Conference: IEEE AFRICON 2015: Green 

Innovation for African Renaissance, At Addis Ababa, Ethiopia, Volume: 12 

Convolution Neural Network in Precision Agriculture for Plant Image 

Recognition and Classification: 
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Seventh International Conference on Innovative Computing Technology 

(INTECH 2017) Luton, UK August 16-18, 2017; IEEE (accepted, presented 

and published). 

Farm Operations Automation for Yield Optimisation 

The 2017 UK Festival of Radio Science (FRSci-2017) held in the Electrical 

Engineering and Computer Science, Faculty of Engineering and Informatics 

http://www.bradford.ac.uk/contact-andfind-us/maps/) on Tuesday 5 December 

2017. URSI  

 

Book Chapters  

Technology Impact on Agricultural Productivity: A Review of Precision 

Agriculture Using Unmanned Aerial Vehicles 

Chapter · July 2015 

DOI: 10.1007/978-3-319-25479-1_29 In book: Wireless and Satellite Systems, 

Edition: 1, Chapter: Volume 154 of the series Lecture Notes of the Institute for 

Computer Sciences, Social Informatics and Telecommunications Engineering 

pp 388-400, Publisher: Springer International Publishing, Editors: Prashant 

Pillai (15) Yim Fun Hu (15) Ifiok Otung (16) Giovanni Giambene, pp.pp 388-

400.  
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Appendix 

Image processing terms and their meanings 

 

Image processing term 

 

Meaning 

Image acquisition Process of retrieving digital image from 

a source like the images from the sensors 

Gray scale conversion Conversion of colour or multi-channel 

digital image to a single channel where 

image pixel has a single intensity value 

Image background extraction Separating image background and 

retrieving foreground objects 

Image enhancement Improvement in perception of image 

details for human and machine analysis 

Image histogram analysis Pixel plot analysis in terms of peaks and 

valleys formed by pixel frequency versus 

the pixel intensities 

Binary image segmentation Foreground objects separation from its 

background in a binary image in black 

and white 

Colour image segmentation Image objects separation in a colour 

image, regions of interest 

Image filtering Process of distorting an image using 

filters to suit a purpose 



  203 
 

Feature extraction Process of defining a set of features or 

image characteristics that efficiently 

represent the information important for 

analysis and classification 

Image registration Process of transforming different sets of 

data into a coordinate system 

Image transition Process of changing state or defining a 

condition between two or more images 

Image object detection Process of finding instances of real-

world objects such as weeds, plants and 

insects in images or video sequences 

Image object analysis Process of extracting reliable and 

meaningful information from images 

Chrominance 

 

colour 

Luminance  Brightness 

 

Digital surface models Digital or 3D representation of a terrain’s 

surface created from data elevation 

Spatial and temporal variability Spatial refers to change in measured 

quantity with regards to location, while 

temporal refers to change in measured 

quantity with regards to time 

Photogrammetry Process of remote sensing using distance 

between pictures/photograph 
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False colour mapping The process of assigning colours 

depending on their value 
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