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Introduction 
Coconut farming plays a vital role in the agricultural 

landscape of the Philippines, contributing 

significantly to the economy and the livelihoods of 

millions of farmers. As the world’s largest producer 

of coconuts, the Philippines relies heavily on this 

crop, which is cultivated primarily on medium-sized 

farms. However, coconut growers face numerous 

challenges, particularly in the identification and 

management of diseases that affect coconut leaves. 

These diseases can lead to substantial crop losses if 

not diagnosed and treated promptly. Unfortunately, 

many farmers lack the necessary training to 

accurately identify these diseases, often resulting in 

misdiagnosis and ineffective treatment strategies.  

 

In response to these challenges, this study introduces 

the Bukofier application, a cutting – edge tool 

designed to assist coconut growers in the detection 

and diagnosis of common coconut leaf diseases. 

Utilizing advances computer vision techniques and 

Convolutional Neural Networks (CNN), Bukofier 

aims to provide accurate disease identification, 

reference images and tailored treatment 

recommendations. By leveraging technology, the 

application seeks to empower farmers with the 

knowledge and resources needed to effectively 

manage crop health, ultimately enhancing 

productivity and sustainability in coconut farming. 

This research not only addresses the pressing need 

for reliable disease detection methods but also aims 

to contribute to the broader field of agricultural 

technology. By integrating innovative solutions into 

traditional farming practices, the study aspires to 

improve the overall resilience of coconut farmers 

against the challenges posed by plant diseases, 

thereby supporting their economic stability and the 

sustainability of the coconut industry in the 

Philippines. 

 

Theoretical Framework 
The architecture of CNN is composed of neural 

networks that contain updating weights and biases. 

CNN  image  classification  goal  is to learn features 
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from the dataset and use it as a feature map for 

classification. The three main processes of CNN are 

Convolution, Non-Linearity and Pooling. In the 

figure 1 diagram, the input image is made up of 

kernels or pixels with their respective value. The 

coconut leaf images will enter the first feature 

extraction in the convolutional layer. The convolved 

coconut leaf image will then be reduced in size in 

the pooling layer. The value from the feature 

extraction layers will then be flattened or turned into 

a vector value to be passed to the fully connected 

layers. Fully connected layers compromise multiple 

neural networks with weights and biases. It will then 

predict if the coconut leaf image is healthy or 

contaminated with a disease. 

 

 

Figure 1: CNN Diagram Overview 

 
 

The Convolutional layer is the main layer of CNN, 

it convolves the image into a filter. It is a linear 

operation that multiplies a set of weights with the 

input image in the form of small matrix numbers. 

According to Dr. Sabili, this layer uses a filter that 

performs convolution while scanning the input 

which results in a feature map or activation map. As 

shown in figure 2, the zi, j, k represents the neuron 

output denoting row I and column j in the feature 

map k. The vertical and horizontal strides are 

represented by sh and sw.  The height and width of the 

reception field are represented by fh and fw.. The 

number of previous feature maps is represented by 

fn. Bias will be represented by bk.  

 

 

Figure 2: Neuron Output Computation for Convolutional Layer 

Rectified Linear Unit (ReLU) is a non-linearity 

activation function that will be applied after every 

convolution layer. ReLU is commonly used in CNN 

to process feature maps before the values are passed 

onward. It ensures that only node with a positive 

value will be passed onward. The value will either 

be zero or the value of x. if the x value is negative, 

it will be considered a zero value. This activation 

function makes sure that the minimum value fed is 

zero. As shown in the graphical representation in 

Figure 3, ReLU returns to zero value if any negative 

values are received. If the value is positive, then it 

will return the value back. It only activates when the 

input is greater than zero, The activation function 

formula of Rectified Linear Unit: ReLU = max (0, 

x) 

 

Figure 3: Graphical Representation of ReLU 
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The Pooling layer goal is to shrink or subsample the 

feature maps to reduce computational load and the 

number of parameters. It aggregates the inputs using 

an aggregation function such as max or means. Max 

pooling is a type of pooling layer that searches for 

the largest or maximum input in the region to be 

saved in a new output feature map. As shown in the 

graphical representation in Figure 4, max pooling is 

being applied to shrink the size of the image. 

 

 

Figure 4: Graphical Representation of Max Pooling 

 
The process between the Convolution layer and the 

Pooling layer is the feature learning process. The 

Fully Connected (FC) layer is the classification 

layer. According to Tiao, after the feature learning 

process, it needs to classify the values into various 

classes, this can be done using Fully Connected 

Neural networks. This layer will also give the final 

probabilities for each class’s output. The formula 

below shows the calculation of each layer in the 

neural network. The input vector with dimension is 

represented by x. The weight matrix is represented 

by W. The bias vector is represented by b. The 

activation function (ReLU) will be represented by g. 

The calculation formula for each neural network 

layer: g (Wx + b) 

 

In the classification layer, a function called SoftMax 

has been used which outputs represent a categorical 

probability distribution. SoftMax is a mathematical 

function that converts vectors into probability 

values. The function provides which output has the 

highest probability among the classes. The formula 

below represents the SoftMax function. The number 

of classes is represented by K. The symbol e zi is the 

standard exponential summation of the value of each 

class. The activation formula for SoftMax: 

  
 

Using bounding boxes will help identify which part 

of the input is being detected. According to the 

purpose of a bounding box is to help the users detect 

which object is being classified. It also reduces the 

search range of object features. The box will contain 

the coordinates and information of the object being 

detected. The coordinate of the area of interest will 

be extracted as its center coordinates. The center 

coordinates will help determine the anchor box. 

According to Fernandez, IoU quantifies the two 

boxes of ground truth and prediction. It can be 

calculated by taking the ratio between the area of the 

intersection and the area of the union of the two 

bounding boxes. 

 

  
 

Conceptual Framework 
The study used the input, process, output strategy or 

the IPO diagram Input box shows live coconut field 

feed or upload image of the lead of Coconut Leaf. 

On the other hand, the process box contains the 

validation of questionnaires, statistical treatment of 
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data and analyses of the data gathered through the 

questionnaires using the following statistical tools: 

percentage, frequency distribution, weighted mean, 

and multiple regression analysis. It also contains the 

trained detection Model System. 

 

Informal interviews were employed to supplement 

the data elicited for the questionnaires and the 

tabular and narrative presentation of findings and 

interpretations.  

 

The output box reflects all the actual results of the 

study, classification if affected by disease or health 

as well as predicted disease name, disease cause 

information and disease treatment information.  

 

 

Figure 5: Conceptual Framework of the Study 

 

Statement of the Problem 
The researcher aimed to determine the status, 

development and evaluate the Bukofier: Image 

Recognition Techniques for Efficient Diagnosis of 

Coconut Leaf Diseases: A Machine Learning 

Approach for Coconut Farmers Cooperative in 

Tanay Rizal. Specifically, it sought to answer the 

following questions: 

1. How to say the following features be 

developed and integrated in system in terms 

of: 

1.1 Computer Vision in detecting coconut 

leaf diseases. 

1.2 Utilization of CNN (Convolutional 

Neural Network) 

1.3 Image Data Set  

2. How many prototyping be utilized as the 

software development methodology in the 

study? 

3. How may the system be tested in terms of: 

3.1 White Box Testing  

3.2 Black Box Testing  

3.3 Integration Testing  

4. How to evaluate the Detection of Coconut 

Leaf Diseases using Computer Vision with 

CNN using FURFS software evaluation 

criteria in terms of: 

4.1 Functionality  

4.2 Usability  

4.3 Reliability  

4.4 Performance 

4.5 Supportability  

 

Scope and Delimitation 
Scope 
The study focuses on developing and evaluating the 

Bukofier app to detect five coconut leaf diseases in 

the Tanay Province. The app uses CNN to identify 

diseases from images captured by mobile or drone 

cameras. The study also evaluates the apps’ usability 

and collects data to train the CNN model. An agile 

development methodology is used for iterative 

improvements. 

 

Delimitations 
The study is limited to Tanay Province and focuses 

on five specific coconut leaf diseases. The research 

will not address diseases not found in the Philippines 

or issues related to poor image quality. The study 

will adhere to ethical guidelines, ensuring 

participant confidentiality and obtaining informed 

consent. 

 

Methodology 
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Research Design 
The research aims to develop a mobile application 

using CNN to detect coconut leaf diseases and 

provide disease information. The goal is to help 

coconut growers and crop protection experts 

identify and manage these diseases, which are 

causing significant damage to the Philippine 

coconut farms. The agile methodology is used to 

ensure efficient and adaptive development, 

incorporating user feedback and delivering a high – 

quality product. 

 

Participants/Respondents of the Study 
The study will involve 30 respondents from Tanay 

Province, including coconut growers, plant 

pathologists and agriculturists. The participants 

must have experience in identifying coconut leaf 

diseases and be knowledgeable in plant pathology 

and crop protection.  

 

Instrument/s of the Study 
A survey questionnaire was used to collect data from 

respondents, including coconut growers, plant 

pathologists and agriculturists. The questionnaire 

was validated by experts and used a Likert scale to 

measure satisfaction. The accuracy of the disease 

detection system will be validated by Dr. Mark 

Angelo Balendres. 

 

Data Collection and Analysis 
The researcher gathered coconut leaf diseases 

images through web scraping and requests from the 

Institute of Plant Breeding at UPLB. Data 

augmentation was used to increase the dataset size. 

The researcher also conducted interviews with plant 

pathologists and distributed questionnaires to 

validate the data and ensure software quality. The 

predictive disease output will be validated by Dr. 

Mark Angelo Balendres. 

 

Ethical Considerations 
The researcher will maintain thorough records, 

respect participant dignity, and obtain informed 

consent. Data confidentiality will be ensured, and 

plagiarism will be avoided by citing sources. The 

research will be conducted independently, and 

biases will be minimized to ensure accurate and 

impartial results. 

 

Results and Discussion 
The researcher will present the tallied survey results 

gathered from the respondents. The survey is 

composed of thirteen (13) questions that are based 

on the Functionality, Usability, Reliability, 

Performance and Supportability Models.  

Legend:  

5 – Very Satisfied (VS) 

4 – Satisfied (S) 

3 - Neutral (N) 

2 – Dissatisfied (D) 

1 – Very Dissatisfied (VD)  

Table 1: Functionality Test Tally and Average Score 

 
 

The average for each item is calculated using 

standard mean calculation, given that all the 

responses for Functionality were totaled and 

compiled. Functionality survey items had an 

average value of 3.73 as Satisfied. 

 

Table 2: Usability Test Tally and Average Score 

 
 

 The average for each item is calculated using the 

standard mean calculation, given that all the 

responses for Usability were totaled and compiled. 

Usability survey items had an average value of 4.18 

interpreted as Satisfied.  

 

 

Table 3: Reliability Test Tally and Average Score 
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The average for each item is calculated using the 

standard mean calculation, given that all the 

responses for Reliability were totaled and compiled. 

Reliability survey items had an average value of 

3.39 interpreted as Neutral. 

 

Table 4: Performance Test Tally and Average Score 

 
 

 The average for each item is calculated using the 

standard mean calculation, given that all the 

responses for Performance were totaled and 

compiled. Performance survey items had an average 

value of 3.27 interpreted as Neutral. 

 

 

Table 5: Supportability Test Tally and Average Score 

 
 

The average for each item is calculated using the 

standard mean calculation, given that all the 

responses for Supportability were totaled and 

compiled. Supportability survey items had an 

average value of 4.17 interpreted as Satisfied. 

 

 

Table 6: Total Average Score 

 
 

The table shows the total average score based on the 

FURPS criteria.  

 

It shows that the total average score for the 

application based on the average scores of all 

categories is 3.75 which is interpreted as Satisfied. 

 

Model Training Results 

 

Figure 6: Coconut Leaf Disease Detection Training Result 
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The graph represents the precision metric of the 

training in detecting coconut leaf diseases. The data 

being trained consists of six (6) classes which are 

healthy, leaflets, caterpillars, yellowing, drying and 

flaccidity. The training consists of three runs with 34 

epochs each. It reached an 83% accuracy rate during 

the 31st epoch of the third run. There is a possibility 

of overfitting during the 3rd run due to the lack of 

dataset. 

 

 

Figure 7: Loss of Bounding Boxes 

 
 

The graph above shows the loss of the bounding 

boxes. The loss represents the measurement of 

errors. Each run gradually decreases in value until it 

reaches a loss value of 0.028. The lower the value of 

a loss metric the better a model will perform. The 

researcher stopped the training due to the possibility 

of overfitting based on the inference of the saved 

model. 

 

Conclusion 
Based on the results that were gathered by the 

researcher, the Bukofier application achieved a 

satisfactory rating from the target respondents. The 

researcher managed to create an object detection 

model that can detect five types of coconut diseases 

and a healthy class of coconut leaf. The model was 

integrated into an application which can detect and 

classify coconut leaf diseases using a phone or drone 

camera. The application also has a database that 

stores the predicted output from an uploaded image 

or a captured image. The CNN model reached an 

83% accuracy rate with a 0.028 loss value. Based on 

the survey results, and model evaluation, the CNN 

model and application still need more improvements 

for more accurate detection and a satisfactory 

interface. 

 

Recommendations  
Despite being a satisfactory application, more 

improvements must be made to the CNN model and 

application. According to the responses, crop 

experts suggest that Bukofier detect complex and 

dominant diseases and provide a list of possible 

causal organisms and treatments. They also indicate 

that Bukofier must differentiate the symptoms for 

abiotic and pathogen diseases. The visual mapping 

of disease severity or incidence is also 

recommended for large – scale farms. The 

researcher recommends preparing at least a 

minimum of 2000 unique images for each class 

without the use of data augmentation. Data 

augmentation will not be enough if the prepared 

datasets have only 50 below unique images. The 

researcher also recommends finding a drone that is 

suitable for connecting with a mobile phone. 

Different drone systems must be able to connect 

with the main source code. The researcher also 

recommends using a sturdy drone as some of the 

coconut fields are susceptible to strong wind and 

rainy weather. The researcher also recommends 

testing different hyperparameters and optimizers for 

each batch of trail training. The researcher 

recommends using a higher batch size than 16 and 

higher epochs than 64 for better results. The 

researcher also recommends using GPU rather than 

CPU as an environment for training a model. 
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