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Abstract

This study compares the performance of FK-NN and CNN models in identifying rice diseases from digital images, focusing on both effectiveness
and efficiency. Additionally, this research utilizes HOG for feature extraction from the digital images. The stages include data collection,
preprocessing, transformation, classification, and model evaluation. The results show that the FK-NN model achieves a higher accuracy of
86.26%, compared to the CNN model's accuracy of 71.37%. Furthermore, the precision value of the FK-NN model is also higher at 86.88%,
compared to the CNN model’s precision of 72.74%. Similarly, the recall value for the FK-NN model is higher at 86.88%, compared to the CNN
model’s 71.37%. The F1-score of the FK-NN model is likewise superior, with a value of 86.88%, compared to the CNN model’s F1-score of
71.37%. These findings suggest that the FK-NN model with HOG feature extraction is more effective. However, in terms of inference time, the
CNN model is faster, taking 0.000282 seconds compared to FK-NN’s 0.002331 seconds. In conclusion, the FK-NN model with HOG feature
extraction excels in identifying rice diseases, while the CNN model offers faster inference time in this study.
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1. Introduction

In Indonesia, the dependence on rice as the primary source of carbohydrates is very high, with more than 90% of the
population's carbohydrate consumption relying on rice as a staple food [1], [2]. According to data from the Central
Statistics Agency in 2023, the area of rice fields in Indonesia is recorded at 10.20 million hectares, with a production
of 53.63 million tons of milled dry unhusked rice, although there has been a 2.45% decrease in harvested area compared
to data from 2022 [3]. One of the main factors contributing to this decline is disease attacks on rice plants, which cause
significant losses, with an estimated 200,000 to 300,000 tons of crop failure every year [4], [5], [6], [7]. Therefore,
rapid, precise, and accurate disease identification measures are necessary to prevent further losses and ensure food
production stability at the national level. Conventional methods often used by farmers to identify diseases in rice plants
tend to be neither fast nor accurate enough. This is due to the limited knowledge farmers have in detecting diseases in
a timely manner, which often leads to delays or mistakes in handling the issue. Therefore, more efficient solutions are
needed for detecting rice plant diseases.

An effective strategy involves leveraging machine learning for image analysis to detect plant diseases [8], [9]. This
approach facilitates rapid and precise disease identification, allowing for timely intervention to minimize potential
losses [10]. The evolution of machine learning is closely linked to the remarkable advancements in information and
communication technology in recent decades. These developments have also spurred the integration of artificial
intelligence (Al) across various industries, including agriculture. As a subset of Al, machine learning empowers
systems to learn from data and generate predictions or decisions based on that learning. In the agricultural sector,
machine learning significantly enhances decision-making efficiency by delivering automated predictive insights,
thereby improving the effectiveness and productivity of plant disease management [11].
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Several machine learning algorithms are available for agricultural disease detection, including the Fuzzy K-Nearest
Neighbor (FK-NN) method [12]. The FK-NN algorithm excels at managing uncertain and noisy data, delivering
improved accuracy in scenarios where data clarity is compromised [13], [14], [15]. In contrast, algorithms like
Convolutional Neural Networks (CNN) have demonstrated exceptional effectiveness in addressing image classification
challenges by automating feature extraction, which enhances their performance in digital image analysis [16], [17],
[18]. Previous studies indicate that both FK-NN and CNN algorithms have consistently achieved strong accuracy in
various research applications.

Therefore, this study aims to compare the performance of these two machine learning models in identifying digital
images of diseases in rice plants. Additionally, this research uses the Histogram of Oriented Gradients (HOG) method
for feature extraction from digital images. The HOG method allows for the extraction of texture and shape features
from rice leaf images, which helps improve accuracy in disease identification through both models [19], [20], [21].
Thus, this study is expected to make a significant contribution to the development of fast and accurate disease detection
models for rice plants, supporting efforts to achieve national food security. Specifically, this research aims to conduct
a comparative analysis between the FK-NN and CNN algorithms in detecting rice disease images by utilizing HOG
features in both algorithms.

2. Method

Figure 1 shows the overall framework used in the research comparing the FK-NN and CNN methods for the digital
image identification of rice diseases using HOG feature extraction.
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Figure 1. Research overview

2.1. Data Collection

The research utilizes a comprehensive collection of digital images featuring rice leaves in various conditions, including
both healthy specimens and leaves exhibiting symptoms of common rice diseases. These images were carefully
captured under controlled lighting conditions to ensure consistency in quality and resolution. The collected dataset will
be strategically divided into training and testing subsets to develop and validate the machine learning models for
accurate disease detection and classification.

2.2. Data Pre-processing

The data pre-processing stage is a crucial step that prepares the raw dataset for effective use in both training and testing
phases of the machine learning pipeline. In this research, the pre-processing involves several key operations: converting
color images to grayscale to simplify analysis, resizing all images to a uniform dimension for consistency, and carefully
labeling each image to indicate whether it shows healthy or diseased rice leaves.
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2.3. Data Transformation

Data transformation is an advanced step in pre-processing, where the processed data is transformed into a form more
suitable for modeling. In this phase, feature extraction is carried out using the Histogram of Oriented Gradients (HOG)
technique. HOG is a method that utilizes gradient intensity to extract local features from an object, which are then used
in machine learning and image processing [22], [23].

The process of extracting HOG features from digital images begins with image pre-processing, where the image is
converted from color to grayscale to simplify subsequent steps. To ensure robustness against lighting variations, pixel
intensity is normalized using techniques such as gamma correction or equalization. This adjustment helps mitigate the
impact of uneven illumination, providing a more consistent foundation for feature extraction. Next, the image is divided
into small regions called cells, typically measuring 8x8 pixels. This division allows the algorithm to focus on localized
gradient information, which is crucial for identifying edges and textures within the image. By analyzing these smaller
regions, the method captures fine details that contribute to the overall structure of objects. Following this, gradients are
calculated to determine both the magnitude and orientation of intensity changes across the image. The gradient
magnitude reflects the strength of these changes, while the orientation indicates their direction. These gradients are
fundamental to HOG, as they highlight key structural elements such as edges and corners, forming the basis for further
analysis. Once gradients are computed, a histogram of gradient orientations is constructed for each cell. The orientation
range is divided into nine bins spanning 0 to 180 degrees, a carefully chosen balance that preserves essential directional
information without unnecessary complexity. The gradient magnitudes are accumulated into these bins, resulting in a
histogram that represents the distribution of gradient directions within the cell. To enhance feature robustness, multiple
cells are grouped into overlapping blocks, typically consisting of 2x2 cells. The histograms within each block are
concatenated and normalized using methods such as L2-norm or L1-norm. This normalization reduces sensitivity to
local contrast variations, ensuring that the features remain stable under different lighting conditions. Finally, the
normalized histograms from all blocks are combined into a single feature vector, which encapsulates the gradient
structure of the entire image. This comprehensive representation is highly effective for tasks such as object detection
and classification, as it efficiently encodes the essential shape and texture information needed for accurate recognition.

In this study, the data transformation process involves feature extraction using HOG, transforming the data into a
feature vector, and normalizing the features. Comparative analyses demonstrate that the HOG feature extractor
performs better than other feature extraction techniques, such as SIFT, SURF, and HAAR, when applied to imbalanced
datasets [24]. Therefore, HOG was selected for its efficiency and effectiveness in capturing essential features for object
detection tasks, especially when dealing with image representations that focus on gradient orientations rather than
precise key points.

2.4. Classification using Fuzzy K-Nearest Neighbors (FK-NN)

FK-NN is a classification method that combines fuzzy logic with the conventional K-NN algorithm [25], [26], [27].
Unlike traditional K-NN, which assigns a data point to a single class based on a majority vote of its nearest neighbors,
FK-NN introduces the concept of fuzzy membership. This allows data points to belong to multiple classes
simultaneously, with varying degrees of membership in the interval [0,1]. This flexibility is particularly useful in
handling ambiguous or overlapping data, where a clear-cut classification may not be possible. The FK-NN
classification process begins by calculating the Euclidean distance between feature vectors, which measures the
straight-line distance between two points in feature space. This distance is computed using the formula:

d(x;, %) = \/ Yoy (Xik — Xjk)z 1)

d(xi ,x]-) = Euclidean distance; x; = Feature vector of i-th data; x; = Feature vector of j-th data; x;,c = Value of the k-th
feature from the feature vector x;; Xjk = Value of the k-th feature from the feature vector Xj; = Number of features in
the feature vector.

Following this distance calculation, the algorithm determines the fuzzy membership degree through an exponential
function that incorporates both the computed Euclidean distance and a standard deviation parameter. This membership
degree, expressed as:
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e (x) = Membership degree; exp = Exponential function; d(x,ci)? = Euclidean distance; o = Standard deviation
parameter.

The fuzzy membership degree reflects the uncertainty in class assignments. A higher membership value indicates a
stronger association with a particular class, while lower values suggest weaker or partial membership. The classification
process then employs a fuzzy weighting method that evaluates each test data point's membership degree across all
classes, considering only its K nearest neighbors. Unlike conventional K-NN where neighbors contribute equally, FK-
NN uses fuzzy logic to weigh each neighbor's influence based on proximity and membership degree. This approach
proves particularly valuable for handling ambiguous or overlapping data, as it moves beyond binary decisions to
consider nuanced class belongingness. The final class prediction emerges through an aggregation process that selects
the class with the highest average membership degree among the K nearest neighbors, mathematically represented as:

Class(x) = arg max, (%Z]-Kﬂ uci(xj)) 3)

Class(x) = The final class predicted for the test data x; c¢; = The i-th class; K = The number of nearest neighbors
considered; pc;(x;) = The fuzzy membership degree.

Fuzzy weighting is applied to account for the influence of distance, where closer neighbors have a greater impact on
the classification result. This weighting can be determined based on the fuzzy membership function. In conventional
K-NN, each neighbor contributes equally to the classification decision, regardless of their distance from the test point.
In contrast, FK-NN incorporates fuzzy logic to weigh the influence of each neighbor based on their proximity and
membership degree. This allows FK-NN to handle overlapping or ambiguous data more effectively, as it considers the
degree of belongingness to each class rather than making a binary decision. In this study, for the FK-NN model, the
parameter determination is done by setting the value of K and the fuzzy membership function. The FK-NN model with
its parameters set is then trained using the training data and makes predictions using the testing data to identify rice
diseases.

2.5. Classification using Convolution Neural Network (CNN)

CNN consists of two main architectural layers: feature learning and classification layer. In the feature learning layer,
there are the input layer, convolution layer, activation layer, and pooling layer, while in the classification layer, there
are the fully connected layer and output layer [28], [29], [30], [31]. At the heart of CNNs is the convolution operation,
which extracts essential features like edges, textures, and patterns from images. Imagine a small filter (or kernel) sliding
across the image, much like a magnifying glass moving over a photograph. At each step, the filter multiplies its values
with the corresponding pixel values of the image beneath it. These products are then summed up to create a single
value, which forms part of the output feature map. This process repeats as the filter moves across the entire image,
capturing local patterns that help the network understand the image's structure. The formula represented as:

M-1 N—-1
A+ K)(j) = zmzozn_ll (i+m,j+n) x K(m,n) @)

I = Input matrix (image); K = Kernel; M = Kernel dimension (high); N = Kernel dimension (width); (i, j) = Coordinates
on the resulting feature map.

After convolution, the ReLU (Rectified Linear Unit) activation function is applied. ReLU simply takes the output of
the convolution and sets all negative values to zero while keeping positive values unchanged. This introduces non-
linearity into the model, allowing it to learn complex patterns. ReLU is widely preferred because it is computationally
efficient and helps avoid issues like the vanishing gradient problem, which can hinder training in deeper networks.
Studies have shown that ReLU outperforms other activation functions, such as Sigmoid and Tanh, in tasks like image
classification [32], [33]. This operation, mathematically expressed as:

f(x) = max (0, x) )

x = Input value.
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The pooling layer reduces the size of the feature maps, making the model more efficient and less prone to overfitting.
Two common types of pooling are max pooling and average pooling. Max pooling selects the highest value from a
region of the feature map, while average pooling calculates the average value. Both methods help retain the most
important features while reducing the computational load.

Max: 0(j,j) = max{I(m,n)m € [i xS,i XS +F—1],n€[j xS,jxS+F—1]} (6)
. .. 1 i _ iS+F—
Average: 0(i,j) = = Xatls ' X0 s 1(m, n) (7)

[ = Input matrix; O = Output of pooling; S = Stride; F = Size of the pooling filter.
Finally, the fully connected layer takes the features extracted by the previous layers and combines them to produce the
final output. This layer uses weights and biases to make predictions based on the learned features.
z=W Xx+Db (8)
W = Weight matrix; x = Input; b = Bias.
In this study, the CNN model involves determining the CNN architecture, including the number of layers, types of

layers, and activation functions. The CNN model is then trained using training data and tested using testing data to
identify rice diseases.

2.6. Model Evaluation

The evaluation in this study will use a confusion matrix to assess the performance of each model. The evaluation results
of FK-NN and CNN are compared to determine which method is more effective in identifying rice diseases.

PrecisionxRecall
F1 — Score = 2 X recisionxReca (9)

Precision +Recall

Num_of_Correct_Prediction

Accuracy = (10)

TotalPrediction

. . TruePositive
Precision = 11
TruePositive+FalsePositive ( )

TruePositive

Recall = (12)

TruePositive+FalseNegative

In addition to evaluation using the confusion matrix, inference time will also be measured. Inference time is the amount
of time required by the machine learning model to process new input data and generate predictions or outputs after the
model has been trained. Inference time is an important metric in evaluating model performance, especially in
applications that require fast and real-time predictions.

3. Results and Discussion

This study uses Google Interactive Notebook (Google Colab) as a supporting tool for building machine learning
models. Google Colab is equipped with various libraries such as Keras, TensorFlow, NumPy, Pandas, and other tools.
For model training, Google Colab’s free tier GPU resources were utilized, which typically include NVIDIA Tesla K80
or T4 GPUs. These GPUs provide significant computational power, enabling efficient training of deep learning models
like CNNs. However, the availability of these resources can vary depending on usage demand, which may occasionally
impact training times. The use of GPU acceleration was particularly beneficial for handling the computationally
intensive tasks involved in training and evaluating the FK-NN and CNN models.

3.1. Data Collection

The data collection phase in this study begins by identifying digital images related to rice plant diseases available on
Kaggle.com (https://www.kaggle.com/datasets/imbikramsaha/paddy-doctor) uploaded by Bikram Saha. This dataset
contains a folder called train_images, which includes 10 subfolders with nine different rice plant diseases and one
folder containing healthy rice plants. The dataset contains 10,407 images in .jpg format as illustrated in table 1.


https://www.kaggle.com/datasets/imbikramsaha/paddy-doctor
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Table 1. Dataset structure

No Folder Name Files Number
1 BacterialLeafBlight 479 files
2 BacterialLeafStrek 380 files
3 BacterialPanicleBlight 337 files
4 Blast 1.738 files
5 BrownSpot 965 files
6 DeadHeart 1.442 files
7 DownyMildew 620 files
8 Hispa 1.594 files
9 Normal 1.764 files
10 Tungro 1.088 files

Table 1 shows the details of the dataset structure used in this study. Each folder in the dataset is organized based on
the type of disease, which facilitates the annotation and analysis process. All data in the dataset will be used in both
the training and testing of the model, without any special treatment to address data imbalance.

3.2. Data Pre-processing

The data will undergo preprocessing steps, which include converting the data to grayscale, resizing the data, and
labeling the data. The first step in preprocessing is converting the color images to grayscale format. In this phase, each
image loaded from the dataset folder is transformed into grayscale. This conversion is performed to simplify the visual
information, reduce data complexity, and ensure consistent image format. Converting images to grayscale is important
for the next feature extraction stage using the HOG method, which focuses on detecting gradients and edge orientations
within the image. All images are converted to grayscale to eliminate irrelevant visual elements, such as color, which
could affect the training process, and to make the HOG feature extraction more effective. The result of this conversion
process can be seen in figure 2.

Image 1

Figure 2. Data conversion results

The next step in preprocessing involves resizing the images to ensure all data points in the dataset have the same
dimensions. For this study, the images were resized to 128x128 pixels. This standardization simplifies the training
process and speeds up computations while preserving essential visual details. The choice of 128x128 pixels was
carefully considered to strike a balance between maintaining image quality and ensuring computational efficiency. This
size is large enough to capture important features, such as the patterns and textures on rice leaves, which are critical
for accurate analysis, as illustrated in figure 3. At the same time, it is small enough to keep the computational load
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manageable. Through experimentation, it was found that smaller sizes often led to the loss of key details, while larger
sizes increased processing time without a noticeable improvement in accuracy. As a result, 128x128 pixels emerged as
the optimal resolution for this dataset, enabling both efficient training and reliable feature extraction.

Image 3

Figure 3. Resize data results

The final step in the preprocessing process is data labeling. In this phase, each processed image is given a label
according to the rice disease category. The labeling is done automatically based on the folder name where the image is
stored. This process ensures that each data point has an accurate and consistent label, which will be used as the target
during the model training process. To verify the accuracy of the labeling, manual checks are performed periodically to
ensure that the labels are correctly assigned to the images. Data labeling, as depicted in figure 4 below, is a crucial step
in the development of supervised learning-based machine learning models because these labels serve as a reference for
the model to learn patterns corresponding to each disease category.

Label: dead_heart
\ \

Label: brown_spot Label: bacterial_leaf_streak

‘ ;.

Figure 4. Data labeling results

3.3. Data Transformation

The data transformation process involves feature extraction using HOG, transforming data into feature vectors, and
normalizing features. The first step in the data transformation process is feature extraction using HOG. HOG feature
extraction aims to identify relevant visual patterns by detecting gradient directions around the pixels in an image. This
process generates a data representation in the form of a histogram that depicts gradient orientations for each part of the
image (see figure 5).
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Label: dead_heart Label: tungro Label: bacterial_leaf_blight Label: brown_spot Label: bacterial_leaf_streak

Label: blast Label: hispa Label: bacterial_panicle_blight Label: nermal Label: downy mildew

Figure 5. Feature extraction results using HOG

Once the features are extracted, the data is transformed into feature vectors. This transformation organizes the
information from each image in the dataset into a uniform vector format. This vector format simplifies the
computational process and analysis in the machine learning model, as the data becomes more structured and ready for
efficient processing. In this phase, all feature vectors extracted from the HOG process are combined into a feature
matrix. This matrix contains the vector representation of all the data in the dataset, which will later be used as input for
the machine learning model training process, as pictured in figure 6 below.

Feature Vectors:

[[©.25583564 0.0381047 ©.02038166 ... ©.05072051 ©.14858325 0.08370363]
[0.06915587 ©.01458145 ©.02511069 ... 0.04463701 0.02273906 0.03814898]
[0.16035245 ©.03337164 ©.14584595 ... 0.07272148 0.05749806 0.07898779]
[0.02564196 ©.003736 0.00752137 ... ©.11164772 ©.16378519 0.21580404]
[0.12785371 0.00067894 ©.00969497 ... 0.14485611 0.03241863 0.13329469]
[0.13940179 ©.07442479 ©.00383791 ... 0.08387029 0.01919565 0.09489003]]

Figure 6. Feature vector transformation results

The final step in the data transformation process is feature normalization. In this step, the values within the feature
vector are adjusted to lie within a certain range, such as between zero and one or with a standard deviation of one.
Feature normalization is done to reduce scale differences between various features that may have very different value
ranges, as illustrated in figure 7 below.

Normalized Features:

[[ 2.14892831 -0.13061299 -0.45747637 ... -0.34752575 1.63234461
0.48829804]

[-1.03029288 -0.71246011 -0.34383108 ... -0.43473296 -0.67683299
-0.38877947]

[ ©.52281653 -0.24768525 2.55760372 ... -0.03214081 -0.03902278
9.2975025 ]

[-1.77134988 -0.98072196 -0.7665268 ... ©.52586862 ©0.81032275
3.03166723]

[-0.03064841 -1.05633839 -0.7142923 ... 1.80191252 -0.49921774
1.44308972]

[ 9.16601949 ©.76776336 -0.85504554 ... ©.12767789 -0.74185275
0.70367321]]

Figure 7. Feature normalization results

3.4. Classification Data Preparation

Before moving on to the classification process, the transformed data will go through a label encoding stage. This is
necessary because the labels in the original dataset are in text or categorical form, which cannot be directly understood
by machine learning models. Therefore, categorical labels are converted into numeric values so they can be recognized
and processed by the algorithm, as described in figure 8.
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Label and encoding:
bacterial panicle blight: 2
bacterial leat streak: 1
hispa: 7
bacterial leaf blight: ©
downy mildew: 6
brown_spot: 4

dead heart :5

tungro: 9

normal: 8

blast:3

Figure 8. Label encoding results

After the encoding process is complete, the next step is data splitting into two parts: training data and testing data. This
phase is important for evaluating the model’s performance. By separating training and testing data, the model can be
trained to learn patterns from the training data, while the testing data is used to assess the model’s ability to predict
unseen data. In this study, an 80:20 ratio was used. This ratio is a common choice in machine learning, as it provides a
sufficient amount of data for training while retaining a meaningful portion for evaluation. The 80:20 split ensures that
the model has enough data to learn robust patterns without overfitting, while the 20% testing set allows for a reliable
assessment of generalization performance. Based on these calculations, the training data is 8325 and the testing data is
2082.

3.5. FK-NN Classification

FK-NN classification involves determining FK-NN parameters, training the FK-NN and testing the FK-NN model.
The initial step in FK-NN classification is determining the parameters to be used by the model. In the FK-NN method,
two main parameters need to be determined: the number of nearest neighbors (K) and the fuzzy parameter (m). The K
parameter determines how many nearest neighbors will be considered when making classification decisions, while the
m parameter controls the degree of membership weighting in the fuzzy function.

Parameter tuning is done to find the optimal combination of K and m that yields the best results for rice disease
classification. This tuning is done using 20% of the data as training data, and various parameter values are tested: K =
3,5 7,9and m =15, 2, 2.5, 3. The results of parameter tuning show that the best combination is K =3 and m = 3.
Once the parameters are determined, these optimal values of K and m will be used for training the FK-NN model for
rice disease classification.

The next step in FK-NN classification is training the model using the parameters determined earlier. This training
process is done with training data that has gone through various preprocessing and transformation stages. The processed
data will be used to teach the model about the patterns in the dataset, so that it can more accurately recognize and
distinguish between different types of rice diseases. The FK-NN model training process uses K = 3 and m = 3, as
obtained from the parameter tuning stage.

After the FK-NN model is trained, the next step is making predictions on new rice disease images that were not used
during training. This prediction process uses test data to evaluate how well the trained model can classify unseen data.
The prediction results will show the rice disease class based on the input image and will be used in model evaluation.
Figure 9 shows five example prediction results from the FK-NN model, where the model successfully identified all
classes correctly according to their actual values.

Prediction: [4 3 8 8 1]
Actual: [4 3 8 8 1]

Figure 9. FK-NN model prediction results

Class 4 representing brown_spot, the model was able to predict accurately without error. Similarly, for class 3 (blast),
the model demonstrated excellent performance by recognizing the pattern correctly. Moreover, for class 8 (normal),
even though there were two instances in the test dataset, both were classified correctly, confirming the model’s ability
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to differentiate data from this class. The same result was observed for class 1 (bacterial _leaf streak), where the model
gave predictions consistent with the true values.

3.6. CNN Classification

CNN classification involves determining the CNN architecture, training the CNN model, and testing the CNN model.
The first step in implementing CNN is determining the network architecture to be used. In this study, CNN is used to
perform classification based on HOG feature extraction input. The CNN architecture implemented in this research is
designed to process data that has been converted from HOG feature vectors into a 3D matrix form, so it can be further
processed by the convolutional layers.

The CNN model in this study uses several key layers, including reshape, Conv2D, MaxPooling2D, and Dense layers.
The reshape layer is used to adjust the input data dimensions to fit the desired shape of the network. Then, the Conv2D
layer is used to extract important features from the images through convolution operations. Next, the MaxPooling2D
layer is applied to reduce data dimensions and decrease computational complexity, while the Dense layer is used for
the final classification based on the features extracted.

Once the CNN architecture is determined, the next step is training the model using the training data that has gone
through preprocessing and transformation. During training, the processed data will be fed into the network for several
epochs. In this study, the CNN model is trained for 20 epochs, which allows the model to iteratively update its weights
to improve prediction accuracy. After the CNN model is trained, the next step is making predictions on new rice disease
images. At this stage, the trained model will be tested using data that was not used during training. The goal of the
prediction is to classify the input image into the appropriate rice disease class. Figure 10 shows five example prediction
results from the CNN model on test data, where the model produced varying accuracy levels compared to the actual
values.

Prediction: P4 3 8 8 1]
Actual: [4 3 8 8 1]

Figure 10. CNN model prediction results

Class 3 (blast), the model correctly predicted the first two instances with full accuracy, matching the original labels.
However, there was an error for class 7 (hispa), where one instance was predicted as class 8 (normal), indicating that
the model struggled to differentiate between these two classes. Furthermore, for class 8 (normal), the model predicted
two instances correctly, although one actually came from class 3 (blast).

3.7. Model Evaluation Result

The model evaluation in this study used a confusion matrix, which is used to calculate accuracy, precision, recall, and
F1-score. Additionally, inference time measurements were made to evaluate the time required by the model to make
predictions on test data. The FK-NN model confusion matrix with HOG feature extraction results is shown in figure
11.
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Confusion Matrix Classification Report:
precision recall fl-score support
o- 68 0 0 6 1 1 1 0 1 1 300
dead_heart 0.67 9.84 0.75 79
= 1 74 0 3 3 1 0 1 5 0 tungro 9.94 e.97 @.96 88
250 bacterial leaf blight 1.00 9.69 0.82 49
~- 0 0 55 7 0 2 0 2 6 0 brown_spot 9.9%0 @.89 2.89 358
bacterial_ leaf_streak .90 9.84 0.87 196
blast 8.95 0.88 8.91 299
m- 300 e 7 L w sah 200 hispa .80 0.34 0.82 123
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Figure 11. (a) Confusion matrix FK-NN (b) Classification report

Based on the confusion matrix presented in figure 11, essential performance indicators such as accuracy, precision,
recall, and F1-score can be derived to assess the effectiveness of the FK-NN model. In the matrix, Class 1 corresponds
to bacterial_leaf_streak, Class 0 to bacterial_leaf_blight, Class 2 to bacterial_panicle_blight, Class 3 to blast, Class 4
to brown_spot, Class 5 to dead_heart, Class 6 to downy_mildew, Class 7 to hispa, Class 8 to normal, and Class 9 to
tungro. The model demonstrated an accuracy of 86.26%, indicating the percentage of correct predictions out of the
total predictions. Additionally, it achieved a precision of 86.88%, highlighting its ability to make accurate positive
predictions.

The confusion matrix reveals that the FK-NN model occasionally misclassifies certain diseases, such as
bacterial_leaf blight (Class 0) and blast (Class 3), which are sometimes confused with brown_spot (Class 4). This
could be due to similarities in visual symptoms, such as leaf discoloration or lesions, making it challenging for the
model to distinguish between them. Additionally, false negatives for tungro (Class 9) suggest that the model may
struggle with detecting this disease, possibly because of its subtle or less distinct visual features compared to others.
These insights highlight areas where the model could be improved, such as by incorporating additional features or
enhancing the training data for these specific classes. The confusion matrix for the FK-NN model with HOG feature
extraction is shown in figure 12.
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Figure 12. (a) Confusion matrix CNN (b) Classification report



Journal of Applied Data Sciences ISSN 2723-6471
Vol. 6, No. 3, September 2025, pp. 1611-1626 1622

The confusion matrix in figure 12, provides the basis for computing critical performance measures, including accuracy,
precision, recall, and F1-score, which collectively evaluate the CNN model's effectiveness. In the matrix, Class 1
denotes bacterial_leaf streak, Class O stands for bacterial_leaf blight, Class 2 for bacterial _panicle_blight, Class 3 for
blast, Class 4 for brown_spot, Class 5 for dead_heart, Class 6 for downy_mildew, Class 7 for hispa, Class 8 for normal,
and Class 9 for tungro. The model achieved an accuracy of 71.37%, reflecting the ratio of correct predictions to the
total predictions. Its precision of 72.74% demonstrates its capability to correctly identify positive instances, while a
recall of 71.37% reveals its effectiveness in capturing all actual positives. The F1-score, at 71.20%, represents a
balanced measure of precision and recall. Additionally, the FK-NN model's inference time is 0.000282 S per sample.

The CNN model shows higher misclassification rates for bacterial_panicle_blight (Class 2) and tungro (Class 9), often
confusing them with bacterial _leaf blight (Class 0) and normal (Class 8), respectively. This could be attributed to the
overlapping visual characteristics of these diseases or insufficient representation of these classes in the training data.
For example, tungro’s symptoms might resemble healthy leaves in certain stages, leading to false negatives. Addressing
these issues could involve augmenting the dataset with more diverse examples or fine-tuning the model to better capture
subtle differences between classes.

3.8. Discussions

A comparative analysis is performed between the two models used in the study, namely FK-NN and CNN. This analysis
aims to evaluate the performance of each model in the context of rice disease classification, based on various evaluation
metrics such as accuracy, precision, recall, F1-score, and inference time, which have been measured. The comparison
of these models will help identify the strengths and weaknesses of each method, both in terms of accuracy in identifying
diseases and the speed of the inference process, which is important for field applications. Additionally, precision and
recall provide insight into the model’s ability to recognize rare or difficult disease classes, while the F1-score combines
precision and recall to provide a more comprehensive picture. The results of this comparison are crucial in determining
which model is more suitable for rice disease identification and provide a foundation for future system development or
improvement. The evaluation comparison between the FK-NN and CNN models is presented in table 2.

Table 2. Comparison of FK-NN and CNN Models

: FK-NN CNN Without FK-NN CNN

Measurement Matrix ) ] )

Without HOG HOG With HOG With HOG
Accuracy 76.00% 85.93% 86.26% 71.37%
Precision 76.25% 85.93% 86.88% 72.74%
Recall 76.00% 85.93% 86.26% 71.37%
F-1 Score 76.05% 85.81% 86.35% 71.20%
Inference Time 0.000013 S 0.000636 S 0.002331 S 0.000282 S

The comparative analysis, showed in table 2, of the FK-NN and CNN models with HOG feature extraction shows that
the FK-NN model demonstrates effectiveness in making predictions, while the CNN model shows efficiency in making
predictions. Overall, although the CNN model excels in inference time, the FK-NN model performs better in terms of
accuracy, precision, recall, and F1-score. The time difference between the two models is not significant, with a
difference of only 0.002049 seconds, which does not cause a notable difference in prediction speed. Therefore, the FK-
NN model with HOG feature extraction outperforms the CNN model with HOG feature extraction in identifying rice
diseases through digital images in this study.

Upon a deeper analysis of the performance metrics, the FK-NN model consistently outperforms the CNN model,
especially when HOG feature extraction is applied. The FK-NN model's superior accuracy, precision, recall, and F1-
score can be attributed to its sensitivity to the unique features in the rice disease images, which are captured more
effectively through the HOG method. HOG's ability to highlight gradients and edge orientations allows the FK-NN
model to focus on the crucial textures and patterns on the rice leaves, improving its accuracy in detecting disease
categories. Additionally, the CNN model's faster inference time can be attributed to its architecture, which is optimized
for speed during prediction. CNNs utilize convolutional layers with shared weights, reducing the number of parameters
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compared to fully connected models like FK-NN. This weight-sharing mechanism allows CNNs to process images
more quickly, as the model does not need to compute the distance between every test image and all training samples
(as is required by FK-NN). Furthermore, CNNs can efficiently exploit hardware acceleration, such as GPUs, enabling
faster computations during inference. In contrast, the CNN model, while faster in terms of inference time, seems to be
less effective at distinguishing subtle differences in texture and pattern that are essential for accurate classification. The
CNN's performance could be hindered by its reliance on learned features that may not be as finely tuned to the specific
characteristics of rice diseases, which are critical for achieving high precision and recall. Although CNN shows a slight
improvement in speed, the FK-NN model's higher performance in terms of accuracy and other metrics indicates that,
for this particular task of rice disease identification, precision and model robustness are more critical than speed.

While both FK-NN and CNN models show promise for rice disease identification, they come with practical challenges.
The FK-NN model can become computationally expensive with larger datasets, as it calculates distances between the
test sample and every training sample. It’s also sensitive to noisy or mislabeled data, which can skew predictions. On
the other hand, CNNs, while efficient for large datasets and capable of leveraging hardware acceleration, require
significant computational resources for training and may struggle with smaller or less diverse datasets. Both models
could face difficulties in real-world scenarios, such as handling variations in lighting, background noise, or image
quality. Addressing these challenges will be crucial for improving their effectiveness in practical applications.

4. Conclusion

The study comparing the FK-NN and CNN models for rice disease identification using HOG feature extraction reveals
that both models are viable for this task, each with distinct strengths and weaknesses. Performance evaluation was
conducted using a confusion matrix, with metrics including accuracy, precision, recall, F1-score, and inference time.
The results indicate that the FK-NN model outperforms the CNN model in accuracy, precision, recall, and F1-score.
Specifically, the FK-NN model achieved an accuracy of 86.26%, precision of 86.88%, recall of 86.26%, and F1-score
of 86.35%, while the CNN model recorded an accuracy of 71.37%, precision of 72.74%, recall of 71.37%, and F1-
score of 71.20%. On the other hand, the CNN model demonstrated faster inference times, processing samples in
0.000282 seconds compared to the FK-NN model’s 0.002331 seconds. Despite this, the FK-NN model proved more
effective in classifying digital images of rice diseases. While the inference time difference of 0.002049 seconds may
appear negligible in this study, it is important to consider the trade-offs between speed and accuracy in real-world
applications. For instance, in scenarios where rapid decision-making is critical, such as real-time monitoring in
agricultural fields, the CNN model’s faster inference time could be advantageous despite its lower accuracy.
Conversely, in applications where precision and robustness are prioritized, such as detailed disease diagnosis, the FK-
NN model’s higher accuracy and reliability make it a more suitable choice. Therefore, the selection of a model should
depend on the specific requirements of the application, balancing the need for speed against the demand for accuracy.
In conclusion, the FK-NN model combined with HOG feature extraction is more effective than the CNN model for
identifying rice diseases in digital images, as demonstrated in this study.

To make these models more practical for real-world use in agriculture, there are a few key areas to explore. First, we
can improve their ability to handle different lighting, weather, or camera angles by adding more diverse images to the
training data or using better preprocessing techniques. Second, tweaking the model settings or trying more advanced
designs could help boost accuracy and speed. We could also adapt the models to run on mobile or field devices by
making them lighter and faster. Finally, including more disease types and rare cases in the dataset would help the
models perform better in a wider range of situations. These steps would make the models more reliable and useful for
farmers
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