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ABSTRACT 

 

Inspired by the current trend in artificial intelligence and neural network research, and with the 

increase in accuracy of models with deep neural network architecture (DNN), our work is dedi-

cated to developing and training a deep neural network to extract meaningful patterns of diseases 

from leaves. We show how DNNs are applied to classification problems – classifying cassava leaf 

disease with a form of advanced convolutional neural networks with compound scaling (Efficient 

Nets) using supervised learning approach.  
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   CHAPTER ONE  

INTRODUCTION 

 

1.1 Background 

 

  Deep learning is inspired by the brain (Thorpe SJ), it does not attempt to copy be the brain but 

to understand the functionality of the brain and this inspiration is based on a conceptual level, as 

based on human understanding, in deep learning there are a lot of details about the brain whose 

relevance is unknown yet to human intelligence. The history of Artificial intelligence (A.I) and 

deep learning can be traced back to the history of using a network of binary neurons to perform 

logic in the early 40’s, giving birth to the idea that the brain is a logical inference machine because 

the neurons are binary. From the rise of cybernetics and feedback mechanism in 1948, to percep-

tron in 1957, there have been differences, like the use of analog computers in contrast to the three-

line python code we have now (Hadsell).  The concept of back propagation did not exist until 

1985 when they discovered the use of activation function that is continuous and differentiable to 

train multi-layer neural nets. (Y. ,. LeCun) 

“Machine learning as a set of methods that can automatically detect patterns in data, and then use 

the uncovered patterns to predict future data, or to perform other kinds of decision making under 

uncertainty, machine learning provides a deluge of data sets for automated methods of data anal-

ysis” (Murphy), 

 This depicts that machine learning methods automatically detects patterns in data, can be used in 

cases of uncertainty for prediction. There are two main types of ML, supervised learning and un-

supervised learning (Murphy). The other type of ML is called Reinforcement learning, deep learn-

ing is somewhat an aspect of supervised learning where a machine is trained by showing examples 

instead of programming, and close to 80-90% of deep learning models used supervised learning. 

Over the years there has been significant adaptations in this branch of deep learning, traversing 

from detection of object, to face and pedestrian detection (1993-2005), to training a robot to drive 

itself using convolutional neural networks (ConvNets)  (Hadsell)
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ConvNets (Hadsell) are networks whose layers are convolutional and perform simultaneous seg-

mentation and recognition. It is a class of artificial neural networks (ANN), commonly used to 

analyze visual imagery. Its first successful application was mad by Yann LeCun in 1998 (Yann 

LeCun). The basic principle of deep learning is to get the raw data and turn it into something that 

is useful for the project you hope to achieve, deep learning does that by expanding the dimension 

of the representation of the data, so that the data is more likely to become linearly separable. Gen-

eral way to pre-process natural data in deep learning is by using processes like space tiling, poly-

nomial classifiers, random projections, kernel machines. 

“ A deep learning architecture trades space for time (breath for depth), it uses more sequential 

computation but less parallel computation” (Leon Bottou). 

 Deep Learning architecture would rather achieve low computation time than have an increase in 

space usage, it solves a problem in less time by using more memory (storage space). 

 

1.1.1 Python Programing Language 

  Python is a powerful programing language that is easy to learn, it became known to programmers 

since Guido van Rossum first released it in February 20 1991, it is a widely used interpreted, 

object-oriented, high-level programming language, whose design lay emphasis on code reusabil-

ity. It is procedural, functional, structured and reflective, it is easy and intuitive open-source lan-

guage that is suitable for any task. It is very good for scientific and numeric computing with SciPy 

and NumPy libraries, it also has an interactive shell (IPython) that features editing and recording 

of work sessions. Its latest version is python 3.95 and was released on May 3 2021. Python contains 

powerful libraries like Keras, Theano, and TensorFlow that are used for deep learning, it’s simple 

syntax and readability promotes rapid testing of complex algorithms which is needed in machine 

learning. 

    Pytorch is a popular open-source deep learning framework, it is a python based scientific com-

puting package, Pytorch can be used to write stochastic gradient, either from scratch or in a func-

tional way or using the object-oriented way. Its advantages range from its automatic differentiation 

library that is very good for implementing neural networks to its replacements for NumPy to use
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  the power of GPU’s as well as other accelerators. It is deeply integrated into python 

and is known for its fast, flexible and easy to learn path to production deployment. in order for one 

to fully understand the concept of Pytorch one has to first understand NumPy (a scientific library 

used for computing). 

 

1.1.2 Classification 

     “Classification is the problem of identifying to which of a set of categories (sub populations) a 

new observation belongs, on the basis of a training set of data containing observations (or in-

stances) whose category membership is known” (Tang).  

  The goal of classification is to learn to map a set of inputs to outputs, when the class is 2 then it 

is known as binary classification and if the class is greater than 2 then we would have a multi-class 

classification. When using classification in machine learning it is important to learn the boundary 

separating one class from the other classes. 

 

1.1.3 Neural Networks and Deep Learning 

    Neural networks are a collection of neurons acting as processors. Convolutional neural networks 

are mainly used for image recognition as well as pattern recognition. The deeper the architecture 

of a Neural Network, the higher the number of hidden layers. Another concept of deep learning is 

parameterized functions, in most deep learning frameworks the parameter is usually implicit to the 

parameterized function in the object-Oriented versions of models. Deep learning also makes use 

of loss functions, which are things that we minimize during training. To understand more on deep 

learning and machine learning a pictorial difference is seen in figure 1.1 and figure 1.2. 
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Fig1.1 & Fig1.2 Traditional Machine VS Deep learning from (Y. ,. LeCun)  

 

 

Fig 1.3 Gradient Descent From (Y. ,. LeCun) 

Figure 1.3 displays the different gradient based method in machine learning. Gradient based 

method is a method that finds a minimum of a function assuming that you can easily compute the 

gradient of that function, assuming the function is more or less differentiable and must be contin-

uous. Stochastic gradient descent is an optimization algorithm often used in machine learning ap-

plications to find the model parameters that correspond to the best fit between predicted and actual 

outputs. It's an inexact but powerful technique. In deep learning practice, we use stochastic gradi-

ent because it has some advantage over full gradient like 

• It is easier to fit into memory with a single training sample being processed by the net-

work 
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1.1.4 Convolutional Neural Networks with Efficient Nets 

Efficient nets are used to achieve state of the art accuracy, they are a family of image classification 

models developed using AutoML and compound scaling. Efficient Net Pytorch is a Pytorch re-

implementation of efficient net, that is consistent with the original TensorFlow implementation 

that enables the easy and flexible loading of weight from checkpoints. 

   This is a family of models that was scaled up from a new baseline network, that was designed 

from neural architectural search, it achieves a much better accuracy and efficiency than the previ-

ous ConvNets. According to (Quoc), efficient nets transfer well and achieve state of the art accu-

racy on CIFAR-100(91.7%), flowers (98.8%). Efficient Net shows that carefully balancing a net-

work’s depth, width and resolution leads to better performance. Using compound scaling coupled 

with automl to scale up CNN’s in a structured manner creates a smaller and faster model. 

1.1.5 Cassava Plant 

      Cassava is one of the most significant food security crops in sub-Saharan Africa, is also a staple 

food crop in Africa, Asia, and Latin America, it has proven to be one of the most dependable crops 

in a number of countries, it is produced either for raw materials for industries, as animal feeds, for 

exports as well as for human consumption. There are various diseases that the cassava plant is 

prone to, from cassava Blight, cassava bud necrosis, root rot disease, brown and white leaf spots, 

African cassava mosaic disease and so on.  

1.2 Research Objective and Motivation 

Image classification is a popular aspect of problem solving in many cases, over the years object 

and image classification as well as pattern recognition as been used in many fields. Recent studies 

have shown that viral food crop disease have the ability to halt crop production entirely, hence the 

need to successfully classify these diseases in the bid to solve crop disease crisis, or at least min-

imize and administer early treatment to the crop. Existing methods of disease detection, requires 

farmers to solicit the help of government-funded agricultural experts to visually inspect and diag-

nose the plants.  This thesis focuses on classifying cassava plant diseases, using deep learning 

methods, to extract useful patterns from images of infected cassava crops, that identifies these 

infected crops from the healthy ones using multi-classification models, to help farmers quickly 

identify these diseases and save their crops.  
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     One objective of this research (1) is to build a deep neural network using pytorch with python 

programming language, to train a deep learning model that uses images of cassava diseases to 

detect the kind of disease that is associated with the plant using already labelled classes of images 

of both health and infected cassava crops. Another objective (2) of this work is to extract mean-

ingful patterns from the images that are as closely related to the disease pattern of the classes of 

the deep neural network model. 

   In realizing the goal of this thesis, answering the question, how can a deep learning algo-

rithm learn to generalize learnt features from the pre-labelled training data? is important. 

A neural network is a function that learns the expected output for a given input from training 

datasets by determining parameters (weights and bias) by itself. 

 

1.3 Importance of Research 

   Cassava is a very important cash and food crop in sub-Saharan Africa, production of cassava 

crops massively can only be efficiently done if the farmers are able to detect these diseases on time 

and treat the plants. This research will help farmers to be able to easily detect these diseases and 

treat them on time. This work will enable farmers to automate disease detection for cassava, as 

well as improve the well-being of crops and aid in increasing crop productivity for farmers.  
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CHAPTER TWO 

 

REVIEW OF RELATED LITERATURE 

 

 

2.1 Introduction  

 

This chapter is dedicated to an overview of the requisite knowledge of deep learning, image clas-

sification and its applications, as well as concepts and the mathematical techniques needed to de-

velop the thesis and works related to this research. Our concentrations on this work will be based 

on supervised techniques known as classification. 

 

2.2 Feature Extraction and Pattern Recognition 

 

          “Feature extraction is most critical because the particular features made available for dis-

crimination directly influence the efficacy of the classification or recognition task”          (Choras).  

Feature extraction directly influences classification, with it being one of the major branches of 

ML, features from particular input data may be redundant or less important once it is, we can save 

the cost of extracting it. coherence vector, moments based, colour histograms and correlogram are 

used for the extraction of features in images, out of these methods colour moment is the best in 

terms of simplicity, compactness and robustness in its technique of extracting features. An ideal 

feature extractor should be able to disentangle explanatory factors of variation of what you are 

observing. Using facial recognition, each facial movement is an independent factor of variation, 

hence a representation that represents each of those factors of variations individually. This goes to 

show that learning each independent explanatory factors of variation in a dataset is very important 

for knowledge representation, and is one ultimate goal in representation learning, which has still 

not been done by anyone till date, In figure 2.1, it shows an Ideal feature extractor that is used in 

pattern recognition. 
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Fig 2.1 Ideal feature extractor from (Y. ,. LeCun) 

The pre-processing stage is sometimes called feature extracting, and is usually done to ensure 

faster computing, instead of submitting large dataset for training, one can simply extract the im-

portant features, take into consideration that the new test data has to be pre-processed in the same 

steps as the training data, as well as take caution not to lose valid data when extracting feature 

from a test data else the overall accuracy of the system. Features are classified into two categories: 

1. Local (low level) features, are usually small details of the image like point, curve or edges, etc.  

2. Global features (high-level). High-Level features are built on top of local features to  

detect objects and larger shapes in the image. 

The problem of obtaining a pattern in a given image data is very important, inputs of images can 

be taken into a training model in form of vectors (x), recognizing patterns in images are done by 

using these input vectors to train in the training phase, and generate an output vector (y) which 

would be encoded in the same way as the target vector, once the model is trained it can then be 

used to determine the identity of new digit images (test set). Correctly categorizing new examples 

that differ from the already labelled examples used for training is known as generalization. To 

understand more on pattern recognition figure 2.2 displays components of a pattern recognition 

system. 
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Fig 2.2 Components of a pattern recognition system picture source: google images of pat-

tern recognition 

     Pattern recognition problems hopefully becomes more easier to solve when input variables are 

pre-processed to transform them into new spaces of variables, the central goal of pattern recogni-

tion is generalization (Bishop). When features are extracted, these features are then used as inputs 

for the pattern recognition algorithm. Unsupervised learning problems deals with training data that 

consists of a set of inputs vectors(x) without any corresponding target values (such as clustering 

problems, density estimation problems). Supervised learning deals with training data that consist 

of input vectors with their corresponding vector values (such as classification problems, regression 

problems). Finally, reinforcement learning is concerned with finding a suitable action to take in 

each situation to attain a reward, Pattern recognition is applied in these three types of learning. The 

field of pattern recognition is concerned with the automatic discovery of regularities in data using 

computer algorithms and with the use of these regularities to take actions such  

          In the 1970’s and 1980’s pattern recognition gained popularity, and it focused on how to 

make computer programs perform intelligent human tasks, at that time, it was the most innovative 

form of signal processing, with concepts like heuristics models, decision tree and quadratic dis-

criminatory analysis. When working with learning domain, we use feature extraction and pattern 

recognition to make life easier. One important characteristics of the large dataset used is that they 

require a lot of computing resources to process them due to the large number of variables, so 

feature extraction helps to get the best features from these big data sets by selecting and combining 

variables into features, thereby effectively reducing the data, it helps in reducing redundant data 

from the dataset in order to build models with less machine’s effort and increase the speed of 
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learning and generalization steps in machine learning. For Image processing we use feature ex-

traction and pattern recognition algorithms to detect features on images to process them. We can 

say that pattern recognition is the beginning of intelligent programs 

2.2 Machine Learning 

    In the early 90’s many realized that there was a better and effective way of representing pattern 

recognition algorithms using probability and statistics. Machine learning uses mathematics, statis-

tics and data as well as domain specific knowledge to solve complex problems. It is all about 

turning data into numbers and finding a pattern in these numbers using algorithms, the basic task 

of a machine learning is to create a model, that can classify or predict different patterns from data, 

these models are created by algorithms that run on data and are used to pattern predict. There are 

two types of machine learning, supervised learning and unsupervised learning. A machine learning 

model is immune to cognitive bias and fatigue, as one of its primarily goals is to make conclusions 

on a collection of data with the most minimal human intervention. Figure 2.3 displays the Classical 

Machine Learning structure. 

 

 

Fig 2.3 Classical Machine Learning picture source: Dr Natalia Konstatinova’s blog1 

 
1 Alibaba Cloud Blog 
( https:// www.alibabacloud.com/blog/deep-learning-vs-machine-learning-vs-pattern-recognition_207110 ) 
Accessed  on July 5-2021 

http://www.alibabacloud.com/blog/deep-learning-vs-machine-learning-vs-pattern-recognition_207110
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Fig 2.4 Typical machine learning process picture source: Dr Natalia Konstatinova’s Blog 2 

In figure 2.4 showing typical machine learning process, A machine learning trains a collection of 

data, validates the data collection, and finally uses the probabilistic model derived using pattern 

recognition algorithms to test the data collection, a training set is used to train the model, a valida-

tion set is used to fine-tune the parameters of the model, and a testing data is used to check the 

accuracy of the system.  

2.3 Deep Learning  

In recent years, deep leaning has opened a new area of research for it has proved its outstanding 

performance in ML and pattern recognition. (Deng) defines deep learning as  

 “A class of ML techniques that exploit many layers of non-linear information processing for su-

pervised or unsupervised feature extraction and transformation, and for pattern analysis and clas-

sification”. (Deng). 

 Deep learning is positioned in the intersections among the research areas of NNs, AI, graphical 

modelling, optimization, pattern recognition, and signal processing. Deep Learning was introduced 

with the objective of moving ML towards to one of its original goals, AI. Deep learning evolved 

from the acquisition of big data, the power of parallel and distributed computing, and sophisticated 

algorithms has in multitude ways facilitated major advances in domains such as image recognition, 

speech recognition, and natural language processing where the AI community struggled for many 

years (Y. B. LeCun). Figure 2.5 shows Deep-learning: general methods of machine learning 

 
2 Alibaba Cloud Blog 
( https:// www.alibabacloud.com/blog/deep-learning-vs-machine-learning-vs-pattern-recognition_207110 ) 
Accessed  on July 5-2021 

http://www.alibabacloud.com/blog/deep-learning-vs-machine-learning-vs-pattern-recognition_207110
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Fig 2.5 Deep-learning: general methods of machine learning 

     In deep learning, the idea is to learn feature levels of increasing abstraction with minimum 

human contribution (Bengio). When there is a lot of labelled data as well as a lot of computational 

power then a deep neural network can be trained using supervised learning but initializing the 

weights using unsupervised learning rather than random initialization, is much faster and gives a 

better result with fewer labelled data. The main idea behind deep learning is that it requires less 

manual interference and is intuitive (Alypaydin).    

         Deep neural networks use raw inputs, where each hidden layer combines the value of the 

preceding layer to learn more complicated function of the input. It is a specialized form of ML that 

uses artificial neural networks to process complex image, audio, and natural language. In deep 

learning, the idea is to learn feature levels of increasing abstraction with minimum human contri-

bution (Bengio). A deep neural network is typically trained one layer at a time, The aim of each 

layer is to extract the salient features in the data that is fed to it, and a method such as the autoen-

coder is used, from the raw input it trains the autoencoder, then the encoded representation that 

was learned in its hidden layer is then used as inputs for training the next autoencoder, and this 

goes on till the final layer trained in a supervised manner with labelled data, after that they are 

assembled and the entire system is fine-tuned using the labelled data (Alypaydin). In figure 2.6, 

the pictorial difference between machine learning and deep learning is seen. 
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Fig 2.6 Deep learning Vs Machine Learning picture source: levity Blog3 

       Some refer to deep learning as a framework to unite the world, it requires minimal human 

intervention and bias as its parameters are solely based on statistics. It is only possible wit big data 

and an ample amount of computing power as well as strong arithmetic capabilities (GPU) to opti-

mize the mode. In deep learning, concepts like neural pattern recognition are used, where artificial 

neural networks are used to learn complex nonlinear input output relations and adapt themselves 

to data. 

2.3.1 Convolutional neural network (CNN) 

Convolutional neural network (CNN) models have been used in large scale graphic recognition 

over recent years, it has the potential to improve plant disease phenotyping where the standard 

approach is visual diagnostics requiring specialized training. They are powerful image processing 

AI that uses deep learning to is used to perform generative and descriptive task using machine 

vision for both image and voice recognition. Its neural network is made after the operations of 

neurons in the human brain, their neurons are arranged like that of the frontal lobe (area responsible 

for processing visual stimuli in the human brain), this is done to avoid the problem of piecemeal 

image processing that is typically faced by the traditional neural network. Multilayer perceptron 

system is like the system used by CNN, it has 5 layers: 

1. Input layer  

2. Convo layer (Convo + RELU)  

3. Pooling Layer Fully connected (Fc) layer 

 
3 Levity Blog (https://levity.ai/blog/difference-machine-learning-deep-learning) 
Accessed July 06-2021 

https://levity.ai/blog/difference-machine-learning-deep-learning
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4.  Softmax/logistic layer 

5.  Output layer  

CNN removes the limitations of traditional neural networks, and increases efficiency for image 

processing, hence it makes a system that is more effective and simpler to train in image processing. 

Its grid like topology was specifically designed to process pixel data, it is used to enable sight to 

the computer, a CNN can be trained to do image analysis tasks, including scene classification, 

object detection and segmentation, and image processing. In order to understand how CNNs work, 

we'll cover three key concepts proposed by (Alzubaidi) :  

• Local receptive fields: The region referred to as local receptive fields are a small region    

of input layer neurons connected to neurons in the hidden layer, it is translated across an 

image to create a feature map from the input layer to the hidden layer neurons. 

• Shared weights and biases: the weights and bias values are the same for all hidden neurons 

in a given layer. This means that all hidden neurons are detecting the same feature, such as 

an edge or a blob, in different regions of the image. 

• Activation and pooling: The activation step applies a transformation to the output of each 

neuron by using activation functions. Rectified linear unit (ReLU), is an example of a com-

monly used activation function. It takes the output of a neuron and maps it to the highest 

positive value or if the output is negative, the function maps it to zero. You can further 

transform the output of the activation step by applying a pooling step. Pooling reduces the 

dimensionality of the featured map by condensing the output of small regions of neurons 

into a single output. This helps simplify the following layers and reduces the number of 

parameters that the model needs to learn in the convnet framework shown in figure 2.7. 
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Fig 2.7 ConvNet framework from Google picture source: google images of Convolution 

There are three ways CNN use to train convolutional network for image analysis: 

• Training the model from scratch; 

• Using transfer learning (based on the idea that you can use knowledge of one type of prob-

lem to solve a similar problem); 

• Using a pretrained CNN to extract features for training a machine learning model. 

       It is essential for model assessment to be conducted in real world conditions if such models 

are to be reliably integrated with computer vision products for plant disease phenotyping in a CNN 

object detection model to identify foliar symptoms of diseases in cassava. 

2.3.2 Terminologies In CNN 

        In as much as CNN’s are part of neural networks, there are some important concepts that are 

peculiar to CNN, these are concepts that make them different other neural network, some of the 

main ones are explained below: 

1. CONVOLUTION KERNELS: The kernel is an integral part of the layered architecture 

it is an operator applied to an entire image such that the information in the image encoded 

in pixels is transformed into real life scenario. The kernels are convolved together with 

input volumes to form activations and can be seen in figure 2.8. 
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Fig 2.8 Convolutional process with kernel picture source: Towards Data Science blog4 

2. INPUT/OUTPUT VOLUMES; An RGB image of say, 32 x 32 (width x height) pixels 

would have three matrices associated with each image, one for each of the colour channels. 

Thus, the image in its entirety, constitutes a three-dimensional structure called input vol-

ume. Conventionally, all images are seen as matrices with pixels values (with height and 

width), adding the different attributes with depths of separate colour channels of the RGB 

(3 colours), it forms the input into 3 dimensions one for each of the colour channel, this 

implies that the number of colours present in an image determines the dimensionality of an 

input volume. An RGB image with the dimensions four-units width and four-units height 

can be represented pictorially in figure 2.9  as:   

 

Fig 2.9 RGB with 4 units picture source: Towards Data Science Blog5 

3. EDGE DETECTION: Every image has both vertical and horizontal edges which com-

bines to form images, convolutional operation is used with some filters for detecting edges, 

 
4 Towards Data Science Blog  (https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529) 
Accessed July 08-2021 
5 Towards Data Science Blog  (https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529) 
Accessed July 08-2021 

https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
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The convolution operation can be visualized in the following way. in figure 2.10 we see the 

Visualization of convolution. 

 

 

Fig 2.10 Visualization of convolution picture source: Towards Data Science Blog6 

4. RECEPTIVE FIELD: This is a two-dimensional region that is specified in units, that 

extends to the depth of the entire input unit. They are used for network layer cross-section 

operations and production of activation maps. this is seen in figure 2.11 showing the Conceptual 

Representation of receptive fields.                                     

                                                                      

Fig 2.11 Conceptual Representation of receptive fields picture source: Towards Data Sci-

ence Blog7 

 
6 Towards Data Science Blog  (https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529) 
Accessed July 08-2021 
7Towards Data Science Blog  (https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529) 
Accessed July 08-2021 

https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
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5. PADDING AND STRIDE; A stride is used to denote how many steps is taken in each 

step-in convolution; in default it is one. Padding is used for maintaining the dimension of 

output as in input, it is a process of adding zeros to the input symmetrically (zero padding), 

figure 2.12 displays Convolution with stride and figure 2.13 displays Convolution with 

stride and padding 

 

Fig 2.12 Convolution with stride picture source: Towards Data Science Blog8 

 

 

 

 

                                                                                     

Fig 2.13 Convolution with stride and padding picture source: Towards Data Science Blog9 

Padding is used so that the original size of the image is retained (avoid image shrinkage) and to 

ensure that corner features of the image or on the edges are not used in the output. While stride is 

the number of pixel shift over the input matrix. 

 
8Towards Data Science Blog  (https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529) 
Accessed July 09-2021 
9 Towards Data Science Blog  (https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529) 
Accessed July 08-2021 

https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
https://towardsdatascience.com/covolutional-neural-network-cb0883dd6529
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6.POOLING; Pooling is performed in neural network to reduce variance and computational com-

plexity, there are 3 basic pooling methods that are widely used. 

• Max pooling: This selects the maximum pixel value of the batch  

• Average pooling: This selects the average value of all the pixels in the batch  

• Min pooling: This selects the minimum pixel value of the batch 

The choice of pooling operation is dependent on the data at hand. Max pooling selects the brighter 

pixels from the image, by eliminating non-maximal values to reduce computation for the upper 

layer, Min pooling gives a better result for images with white background and black objects. 

 

                            Fig 2.14 LeNets-5 Architecture from Google 

In terms of its architecture figure 2.14 displays the LeNets-5 Architecture, it was the first well 

known convolution architecture ever published, from leNet-5, to the current convolutional neural 

nets with efficientnets that uniformly scales all dimensions and depth using compound coefficient, 

CNN’s architecture has evolved over the years to create faster and more human like systems for 

use in all sectors. In as much as we say deep learning is directly inspired by the human brain, its 
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implementation is somewhat different as the brain are built using cells and neural networks are 

built using mathematical operators. 
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CHAPTER THREE 

 

RELATED WORK ON APPLICATION OF DEEP LEARNING 

 

 

       Plant disease is an important factor in determining the yield of plants, and as it is well known, 

the area of agriculture is a very important field to man, with it being the centre and core of food 

production worldwide. It is due to the impact of the agriculture, that Artificial Intelligence (AI) 

tries to find more ways to make life easier for man. In recent years, deep learning has made break-

throughs in the area of digital image processing, and plant disease detection is a very important 

research content in machine vision, it basically entails using some machine vision equipment to 

acquire images, to check if there are diseases present in the images present in the dataset. A lot of 

machine learning models have been employed for the detection and classification of plant disease, 

but using deep learning architecture with several visualization methods to classify and detect plant 

diseases, has shown more accuracy than other branches of machine learning, and this has been 

done for different agricultural applications. 

       The problem of protecting plant disease efficiently is closely related to the problem of agri-

cultural and climate change (K. A. Garrett). Plant disease tends to be concept of human experience 

rather than a purely mathematical definition, it is a kind of natural disaster that affects the growth 

of plants and causes plant death in most cases. the possibility of misidentifying and misclassifying 

plant disease with a high error rate, as well as the labour-intensive nature to identify and categorize 

diseases by the artificial eyes, gave rise to the proposed method of using deep learning-based meth-

ods to identify and classify plant disease. In recent years, there have been rapid increase in leaf 

diseases affecting crops, coupled with unpredictable climate and weather changes, this has led to 

low cultivation leaving the farmers to face loss. About 40% of worldwide crops are lost to pest 

and diseases annually according to food and agricultural organizations of the united-nations, crops 

are liable to encounter bacterial, fungal and viral infections but the rate of disease spread is de-

pendent on the state of the crop and its vulnerability to infection. When crops are infected, they 

show some symptoms (rot, pale coloration, spots on leaf, blights, scabs, yellow coloration, etc.), 
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we use deep learning methods to identify and classify leaf diseases early to prevent further spread 

and termination of crops eventually.   

In the detection of plant disease there are some questions that are important to answer in order to 

successfully detect, (What, Where, How) and these 3 questions are mutually inclusive and can be 

converted (Liu); 

• What: This has to do with which disease we are trying to detect and on what plant, it 

corresponds to the classification task (describe the image globally through feature ex-

traction) 

• Where: This has to do with the part of the plant that we are focused on, whether the 

fruit, root, leaf, stem, it corresponds to the location task, is more concerned with the 

detection (detection stage that focuses on local description and structure learning) 

• How: this corresponds to the segmentation of the data in computer vision 

        Many deep learning architectures has been developed over time for increased accuracy and 

efficiency and to bring about precision in agriculture, with noticeable increase in parameter size 

as well as accuracy below is a table showing the evolution of deep learning from its first architec-

ture LeNet. 

TABLE 3.1                TABLE OF DEEP LEARNING EVOLUTION 

Deep Models 

Learning 

Parame-

ters 

Key Features and Pros/Cons 

LeNet 60k First CNN model. Few parameters as compared to other CNNmod-

els. Limited capability of computation. 

AlexNet 60M Known as the first modern CNN. Best image recognition perfor-

mance at its time. Used ReLU to achieve better performance. Drop-

out technique was used to avoid overfitting. 

OverFeat 145M First model used for detection, localization, and classification of 

objects through a single CNN. Large number of parameters as com-

pared to AlexNet. 

ZFNet 42.6M Reduced weights (as compared to AlexNet) by considering 7 × 7 

kernels and improved accuracy. 

VGG 133M–

144M 

3 × 3 receptive fields were considered to include more number of 

non-linearity functions which made decision function 
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Deep Models 

Learning 

Parame-

ters 

Key Features and Pros/Cons 

discriminative. Computationally expensive model due to large 

number of parameters. 

GoogLeNet 7M Fewer number of parameters as compared to AlexNet model. Better 

accuracy at its time. 

ResNet 25.5M Vanishing gradient problem was addressed. Better accuracy than 

VGG and GoogLeNet models. 

DenseNet 7.1M Dense connections between the layers. Reduced number of param-

eters with better accuracy 

EfficientNet  1.6B EfficientNet-B0,achieves 77.3% accuracy on ImageNet with 

only 5.3M parameters and 0.39B FLOPS. (Resnet-50 provides 76% 

accuracy with 26M parameters and 4.1B FLOPS)., and the pro-

posed compound coefficient produce models that provide more ac-

curacy. 

SqueezeNet 1.25M Similar accuracy as AlexNet with 50 times lesser parameters. Con-

sidered 1 × 1 filters instead of 3 × 3 filters. Input channels were 

decreased. Large activation maps of convolution layers 

Xception 22.8M A depth-wise separable convolution approach. Performed better 

than VGG, ResNet, and Inception-v3 models 

MobileNet 4.2M Considered the depth-wise separable convolution concept. Re-

duced parameters significantly. Achieved accuracy near to VGG 

and GoogLeNet. 

Modified/Re-

duced Mo-

bileNet 

0.5/0.54M Lesser number of parameters as compared to MobileNet. Similar 

accuracy as compared to MobileNet. 

VGG-Incep-

tion 

132M A cascaded version of VGG and inception module. The number of 

parameters were reduced by substituting 5 × 5 convolution layers 

with two 3 × 3 layers. Testing accuracy was increased as compared 

to many well-known DL models like AlexNet, GoogLeNet, Incep-

tion-v3, ResNet, and VGG-16. 

(Saleem) 

   As seen on the table above, EfficientNet has more learning parameters than most, and in terms 

of performance, it shows more percentage of accuracy. 
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TABLE 3.2                TABLE OF THEORITICAL COMPARISM OF EFFICIENTNET 

AND OTHER MODELS 

 

Comparison of EfficientNet with existing networks for ImageNet Challenge. Source: (Shahid) 

TABLE 3.3                TABLE OF THEORITICAL COMPARISM OF EFFICIENTNET 

UPSCALED 

 

Scaling up mobileNets and ResNet using compound scaling: Source: (Shahid) 
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3.2 Deep Learning Models 

     Traditional machine learning methods have been applied in plant disease prediction, in order to 

improve accuracy and yield better diagnostic results faster. From the year 2012 till date, different 

deep learning architectures have been proposed and implemented, with these models displaying 

an increase in larger training sets, having been evaluated using several performance metrics  

 

3.2.1 Deep Learning Implementation: 

Deep-learning models can be implemented with or without visualization techniques, here are some 

works that were done without visualization techniques, Classification of maize leaf disease using 

CNN (Sibiya M.) and a histogram technique was used to show the significance of the model, also 

in the case of tomato leaf disease identification using deep learning, basic CNN architectures like 

ReSNet, AlexNet, and GoogleNet were used, and validation accuracy as well as training accuracy 

was plotted to show the system’s performance. inception-v3 (a new deep Learning model) was 

used for detection of cassava disease (Ramcharan A.). LeNet architecture was used for detecting 

banana leaf diseases and classification accuracy was used to evaluate the model (Alsayed). Figure 

3.1 displays the evolution of deep learning models since 2012. 

 

Fig 3.1 Evolution Of Deep Learning Models since 2012 picture source: (Saleem) 
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Several research directions have been carried out on deep learning models using visualization tech-

niques for a clearer understanding of plants’ diseases like a modified LeNet model was used to 

detect olive plant diseases. The segmentation and edges maps were used to spot the diseases in the 

plants by (Albert C.Cruz). A new DL model was introduced in (Brahimi M.) named teacher/student 

network and proposed a novel visualization method to identify the spots of plant diseases. In 

(Alsayed), a banana leaf disease and pest detection were performed by using three CNN models 

(ResNet-50, Inception-V2 and MobileNet-V1) with Faster-RCNN and SSD detectors. According 

to (DeChant C.), different combinations of CNN were used and presented heat maps as input to 

the diseased plants’ images and provided the probability related to the occurrence of a particular 

type of disease, ROC curve was used to evaluate the performance of the model and feature maps 

for rice disease were also included in the paper. Below are some  

visualization techniques that have been used. 

TABLE 3.4 TABLE OF VISUALIZATION TECHNIQUES/ MAPPINGS 

Visualization Techniques/Mappings 
     

References 

Classification and localization of diseases by bound-

ing boxes 

     
(Fuentes A.) 

Heat maps were used to identify the spots of the dis-

ease 

     
(DeChant C.) 

Feature map for the diseased rice plant 
     

(Lu Y.) 

Feature map for spotting the diseases 
     

(Ghosal S.) 

Image segmentation method 
     

(Ma J.) 

Segmentation map and edge map 
     

(Albert C.Cruz) 



25 
 

 

In the above table, bounding boxes, feature maps, heat maps, edge maps and segmentation maps 

are the list of visualization techniques and mappings that can be used with deep learning models. 

Classification involves two phases (training and prediction) Within the training phase, data is used 

and analysed into a set of features based on the feature generation models such as the vector space 

model for textual data and fine-tuned to create a predictive model, while during the prediction set 

untrained data is channelled to the model for prediction. Classification of plant disease using im-

ages involves a 4-step process according to (Murphy). the first one being to take images (RBG) 

after which colour transformation structure is developed, then masking and removal of green pixels 

are performed using threshold value in step two, step three has to do with creating useful segments 

using segmentation process and texture statistics and finally, step four is applying classifier algo-

rithms to the extracted features to classify the diseases. 

Another way of detecting and classifying plant diseases is by using histogram matching based on 

edge detection and colour feature. In 2019,  (Adebayo. Segun) worked on cassava disease detection 

with machine learning, training ML model to detect cassava disease, to predict if the leaf is healthy 

or not, with a coarse gaussian support vector machine with an accuracy of 61.6%, and it was trained 

to detect two diseases cassava mosaic disease (CMD), and cassava bacteria blight disease (CBBD). 

Our work is on 5 classes of diseases not just two. 

In summary, we have presented different approaches centred on deep learning, deep learning 

models and how much they have evolved and in what way, as well as classifications using deep 

learning models and applications in plant diseases based on various published papers and books. 
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CHAPTER FOUR 

 

RESEARCH METHODOLOGY 

 

4.1 Deep Learning Toolkits / Libraries and Architecture  

   Convolutional Neural Network (CNN) is one of the most popular architecture for deep learning 

for images, these are several criteria for determining the best toolkit for deep learning. Toolkits are 

tools that will let you play with the data, train your models, discover new methods, as well as create 

your own algorithms, with the continuous evolution of ML and deep learning, there have been 

several toolkits and frameworks created over the past years, like these below with some being 

more used and popular than others ; TensorFlow (python), Theano (python), Caffe, Deep learn-

ing4j (Java with Scala), Digits, Keras, MXNET, Lasagna(python), Scikit-Learn, CNTK (Cognitive 

Network Toolkit), Chainer,  Pylearn (python), Torch (C)Pytorch (Python). In this thesis work, we 

used Pytorch. 

 

4.1.1 Pytorch Packages 

  

Pytorch is an open-source deep learning library, written in python, it was developed by Facebook, 

it is the python font-end to the torch computational engine, whose machine learning library was 

developed in Lua. It shares some similarities with TensorFlow in terms of it being a low-level API 

focused on deep learning. It has robust debugging experience and is structured in a way that is 

native to python (Erickson), It easily makes use of data pre/post processing and visualization tools  

from Torch, below are some of the advantages of Pytorch package: 

➢ Minimum dependency: python backend ready to run, easy for fast prototyping.  

➢ It allows users to step through models in a way that Keras and TensorFlow don’t 

permits. 

➢ deep nets training.  

➢ It has higher developer productivity. 
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➢ Has data parallelism, can support computational work on multiple CPU’s and GPU 

cores 

➢ Correctness: all computation layers are unit-tested.  

➢ Provides high performance of Torch with good GPU support with a friendlier py-

thon front end. 

➢ Has dynamic computational graph support. 

➢ Provides hybrid front ends (graph mode and eager mode) 

➢ It has deep integration to keep points that can allow more flexibility in how net-

works are constructed. 

PyTorch has native ONNX support and can export models in the standard Open Neural Network 

Exchange format, it also has Cloud support. 

4.1.2 Useful Pytorch Libraries 

          Communities supporting development in computer vision, reinforcement learning, and much 

more have built various libraries for Pytorch to bolster it’s reach as a fully-featured deep learning 

library for both research and production purposes (Dhiraj k). Here are a few examples of popular 

libraries: 

Gpytorch: is a highly efficient and modular implementation with GPU acceleration. It’s imple-

mented in Pytorch and combines Gaussian processes with deep neural networks. 

AllenNLP: is an open-source NLP research library, built on Pytorch. 

4.2 Dataset Compilation                                                                                                                       

 Our proposed system consists of five different phases, Image Acquisition, Image Pre-processing, 

Image segmentation, Feature Extraction and Feature Classification. (Mariyappan.) 

The above stages have already been carried out on the cassava leaf disease dataset by Makerere 

AI lab in Kampala with data collected being 21,367 images,  

4.2.1 Collection of Data  

Crop leaves generally gets affected when it encounters a disease and it is considered as a first sign 

that disease may spread to rest of the crops. Most images were crowd sourced from farmers taking 

photos of their farms, and annotated by experts at the National crops resource research institute in 
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collaboration with AI lab at Makerere University, Kampala. In figure 4.1 , this shows a data image 

from the lab. 

  

 

Figure 4.1 Test training image from Makerere AI lab 

  In this work we would be analysing and classifying the following diseases as the dataset we are 

provided with, to create and optimize our network with contains 21,367 observations of cassava 

leaf images and their corresponding disease classifications (already labelled). The five categories 

that the leaf images fall under are: 

Cassava Bacterial Blight (CBB), label (0). 

Cassava Brown Streak Disease (CBSD), label (1). 

Cassava Green Mottle (CGM), label (2). 

Cassava Mosaic Disease (CMD), label (3). 

Healthy cassava, label (4). 

 This can be seen in figure 4.2 below, as it shows the different labels of diseases of cassava in our 

dataset. 
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Figure 4.2 Cassava Leaf Images for different classes in the dataset 

4.2.2 Data Preparation  

Data was split into two folders test folder and train folders, when we train a deep learning model, 

we don’t just want it to learn to model the training data. We want it to generalize to data it hasn’t 

seen before, there’s a very convenient way to measure an algorithm’s generalization performance: we 

measure its performance on a held-out test set, consisting of examples it hasn’t seen before, the 80-20 

training-testing split was made on our dataset, as we are creating a generative model, that learn 

more from training with 80% of the data, and testing our model with 20% of our data that it has 

not seen before. 

Data preparations has three steps: 
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4.2.2.1 Data Duplication and Bias Detection  

In this step, data duplication is a process that eliminates excessive copies of data, and this has 

already been done on our work by the AI lab in Makerere. data bias was noticed removed from 

our dataset. The following figure shows the labelled images with their amount of images in our 

dataset: classes 0, 1, 2, and 3 had altogether less, than 9000 items, while class 33 had more, than 

13000 data items alone. 

While most of the classes such as CBSD, CGM, and Healthy have between 2100 and 2600 images 

for each of them, there are over 13000 images of CMD stricken cassava plants which accounts for 

nearly 61.5% of our entire set of training data, it is reasonable to assume the more likely scenario 

that CMD is by far the most common condition, and should allow us to create a very naive baseline 

model that simply classifies all images as being afflicted with it. 

4.2.2.1 Data Discrimination (Done by the Makerere AI lab)  

The segregations were made based on the following features for importance for the training 

• Colour 

• Texture 

• Shape /size 

 Using EfficientNets with compound scaling, this allows us to load a pre-trained set for our model. 

The figure 4.3 below shows the data representation of the dataset in the system. 

 

Figure 4.3 Data Representation 
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4.2.3 Instruments Used  

1. Kaggle’s cassava leaf disease dataset  

2. Jupyter notebook 

3. Gitlab  

4.3 Defining Network Architecture  

In this proposed system, we propose deep CNN (EfficientNets). we explore the structures and the 

building blocks of convolutional neural networks. 

4.3.1 Neural Architecture Design 

The image below shows the degree of classification accuracy (CA) when efficientnet is used as to 

when other deep learning models. Table 4.1 Neural Architecture Table  

 

EfficientNet Performance Results Picture source: (Borad) 

This compound scaling method consistently improves model accuracy and efficiency for scaling 

up existing models such as mobileNet (+1.4% imagenet accuracy), and ResNet (+0.7%), compared 

to conventional scaling methods. 



32 
 

On comparing EfficientNets(B0-B7) with other models ( ResNets, DenseNets, Xception, 

Inception, GPipe, e.t.c) there is a significant positive difference in performance ratio, tipping the 

advantage scale towards EfficientNets. 

 

4.4 Evaluation 

Using our pretrained model (tez), we can make predictions. A way to accomplish this is to take 

the test data and run it through the model. This is done by setting the data of the training set to the 

first test image and then using tez model as my pre-trained model for my data, then I used effi-

cientnet as my classification model.  

The figure 4.4 below shows the evaluation processes:  

 

Figure 4.4 Training the Neural Network 

4.4.1 Evaluation  

Using our pretrained model (tez), we can make predictions. A way to accomplish this is to take 

the test data and run it through the model(tez). This is done by setting the data of the training set 

to the first test image and then using “tez” model as my pre-trained model for my data, then I used 

Efficient-Net as my classification model. Image augmentations on this work were done using var-

ious transformations on the training dataset, including vertical and horizontal flip, random crop, 

rotation, height, width, contrast, and zoom. For both the training set and valid set.  Flipping and 

cropping can act as a regulariser to have better performance on the training dataset. 

  Testing the performance of my model, I used classification accuracy as well as logarithmic loss 

to evaluate how well our model performed. 
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CHAPTER FIVE  

 

EXPERIMENTS AND RESULTS 

 

        The code below illustrates the use of the models: 

 

# Importing all important libraries that we need.  

train_aug = albumentations.Compose([ 

            albumentations.RandomResizedCrop(256, 256), 

            albumentations.Transpose(p=0.5), 

            albumentations.HorizontalFlip(p=0.5), 

            albumentations.VerticalFlip(p=0.5), 

            albumentations.ShiftScaleRotate(p=0.5) 

]) 

 

valid_aug = albumentations.Compose([ 

            albumentations.CenterCrop(256, 256, p=1.0), 

            albumentations.Resize(256, 256), 

            albumentations.Normalize(  

                mean=[0.485, 0.456, 0.406],  

                std=[0.229, 0.224, 0.225],  

                max_pixel_value=255.0,  

                p=1.0)], 

            p=1. 

) 

 

train_dataset = ImageDataset( 

    image_paths= train_image_paths, 

    targets=train_targets, 

    augmentations= train_aug  

) 

valid_dataset = ImageDataset( 

    image_paths= valid_image_paths, 

    targets=valid_targets, 

    augmentations= valid_aug  

)  

 

# Then reading the csv file 
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dataset_read = pd.read_csv ("../input/cassava-leaf-disease-classifica-

tion/train.csv") 

 

# Splitting dataset in a stratified manner; 

df_train, df_valid = model_selection.train_test_split( 

dataset_read, 

    test_size = 0.1, 

    random_state = 50, 

    stratify = dataset_read.label.values 

) 

 

# to restore index if it has been displaced  

df_train = df_train.reset_index(drop= True) 

df_valid = df_valid.reset_index(drop= True) 

 

# Getting the training path for our dataset  

 

image_path = "../input/cassava-leaf-disease-classification/train_images" 

 

train_image_paths = [ 

    os.path.join(image_path, a ) for a in df_train.image_id.values ] 

 

valid_image_paths = [ 

    os.path.join(image_path, a ) for a in df_valid.image_id.values ] 

 

 

#Add augmentations: 

 

train_aug = albumentations.Compose([ 

            albumentations.RandomResizedCrop(256, 256), 

            albumentations.Transpose(p=0.5),      

            albumentations.HorizontalFlip(p=0.5), 

            albumentations.VerticalFlip(p=0.5), 

            albumentations.ShiftScaleRotate(p=0.5) 

            ] 

) 

valid_aug = albumentations.Compose([ 

            albumentations.CenterCrop(256, 256, p=1.0), 

            albumentations.Resize(256, 256), 

            albumentations.Normalize(  

                mean=[0.485, 0.456, 0.406],  

                std=[0.229, 0.224, 0.225],  

                max_pixel_value=255.0,  

                p=1.0 
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            )], p=1.) 

 

train_dataset = ImageDataset( 

image_paths= train_image_paths, 

    targets=train_targets, 

    augmentations= train_aug 

) 

valid_dataset = ImageDataset( 

image_paths= valid_image_paths, 

    targets=valid_targets, 

    augmentations= valid_aug 

) 

 

# Model used: 

class LeafModel(tez.Model): 

    def __init__(self, num_classes): 

       super().__init__() 

       self.effnet = EfficientNet.from_pretrained("efficientnet-b4") 

       self.dropout = nn.Dropout(0.1) 

       self.out = nn.Linear(1792, num_classes) 

       self.step_scheduler_after = "epoch" 

    def monitor_metrics(self, outputs, targets): 

        if targets is None: 

            return 

        outputs = torch.argmax(outputs, dim=1).cpu().detach().numpy() 

        targets = targets.cpu().detach().numpy() 

        accuracy = metrics.accuracy_score(targets, outputs) 

        return {"accuracy": accuracy} 

    def fetch_optimizer(self): 

        opt = torch.optim.Adam(self.parameters(), lr=3e-4)  

        return opt 

    def fetch_scheduler(self): 

       sch = torch.optim.lr_scheduler.CosineAnnealingWarmRestarts( 

            self.optimizer, 

            T_0=10, T_mult=1, eta_min=1e-6, last_epoch=-1 

       ) 

       return sch 

 

def forward(self, image, targets=None): 

   batch_size, _, _, _ = image.shape 

        x = self.effnet.extract_features(image) 

        x = F.adaptive_avg_pool2d(x, 1).reshape(batch_size, -1) 

        outputs = self.out(self.dropout(x)) 

         

        if targets is not None: 

            loss = nn.CrossEntropyLoss()(outputs, targets) 

            metrics = self.monitor_metrics(outputs, targets) 
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            return outputs, loss, metrics 

        return outputs, None, None  

 

#Training Model: 

 

es = EarlyStopping( 

    monitor="valid_loss", 

    model_path="model.bin", 

    patience=5, mode="min" 

) 

 

model.fit( 

    train_dataset, 

    valid_dataset=valid_dataset, 

    train_bs=32, 

    valid_bs=64, 

    device="cuda", 

    epochs=10, 

    callbacks=[es], 

    fp16=True, 

) 

model.save("model.bin") 

       

 

   

 

 

 

 

 

 

Figure 5.1 (Performance Metrics: Classification Accuracy and logarithmic loss) 

  On deployment of this project, figure 5.1 displays the results gotten from the model, initially only 

CNN was used, but the accuracy at that point was below 0.6, then in the bid to increase the accuracy 
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of our model, I searched and read up on the use of EfficientNets on CNN’s, on implementing it on 

the codes, there was a slow but progressive increase in performance accuracy and validation score. 

 

           Validation results for the model are provided in two ways and results are presented for the 

four disease classes studied in the field. First, precision and recall results with an 80–20 training-

testing data split, The accuracy is calculated as the percent of the examples the model correctly 

detects i.e., the proportion of the observations where the predicted and ground truth annotations 

match. First training of 10 epochs and a patience level of 5, at patience level 1 CA= 0.7889, loss= 

0.599 at the training stage, and valid stage, CA= 0.199 & loss = 2.19, at patience level 2, CA= 

0.835, loss= 0.47 at training stage, and at valid stage, CA=0.119 & loss=2.18, at patience level 3, 

CA=0.849, loss =0.43 at training stage, and at valid stage, CA=0.119 & loss=1.98. These results 

show that the model maintains its average precision for pronounced symptoms in real world im-

ages and video and there is a small drop in performance for mild symptoms. It also shows the 

increase in accuracy and reduction in loss for both the valid and training stages respectively.   

       With respect to precision, the EfficientNet, CNN model does slightly better on Cassava Mo-

saic Disease (CMD), label (3), symptoms and slightly worse on Cassava Bacterial Blight (CBB), 

label (0). And kind of neutral on Cassava Brown Streak Disease (CBSD), label (1), and Cassava 

Green Mottle (CGM), label (2), Healthy cassava, label (4). We have found that the network learns 

to generalize as the number iterations increases and so also the accuracy of predictions. 

 

 

 

 

 

GITLAB REPOSITORY:10

 
10https://gitlab.com/beffiong/cassava-leaf-disease-classification-with-deep-learning/-/tree/master 

Accessed 15-07-2021 

https://gitlab.com/beffiong/cassava-leaf-disease-classification-with-deep-learning/-/tree/master
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CHAPTER SIX  

 

DISCUSSION AND RECOMMENDATIONS   

      

The accuracy of the model could be improved with domain adaptation algorithms to reduce this 

performance gap in CA. The leaf distortion that occurs in severe CMD infection makes identifica-

tion of that class straightforward, but where symptoms are mild and leaf distortion was absent, 

there was a high level of confusion with CBSD (false positive rate is high for CBSD). This is 

unsurprising, as I have come to realize from different published works, the difficulty of distin-

guishing between mild symptoms of these two diseases is a common problem faced in real-world 

field situations by cassava researchers. In this study, we evaluate the performance of a CNN model 

deployed offline on a real time on a laptop, to detect foliar symptoms of cassava diseases. Accuracy 

results reflected the decrease in performance moving from real world images. In order to obtain 

higher accuracy detections, there are a number of potential solutions that can be employed on the 

CNN model like domain adaptation algorithms to improve performance. 

 Conclusively, Plant disease tends to be concept of human experience rather than a purely mathe-

matical definition, it is a kind of natural disaster that affects the growth of plants and causes plant 

death in most cases. the possibility of misidentifying and misclassifying plant disease with a high 

error rate, as well as the labor-intensive nature to identify and categorize diseases by the artificial 

eyes, gave rise to the proposed method of using deep learning-based methods to identify plant 

disease. Disease is an important factor in determining the yield of plants, and as it is well known, 

the area of agriculture is a very important field to man, with it being the center and core of food 

production worldwide. It is due to the impact of the agricultural field to man, that Artificial Intel-

ligence (AI) tries to find more ways to make life easier for man and classify plant disease. Convo-

lutional neural network (CNN) models have the potential to improve plant disease phenotyping 

where the standard approach is visual diagnostics requiring specialized training, This work seeks 

to help farmers in easily and speedily identifying plant diseases on time, so infected plants can be 

treated immediately by using our model. 
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