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Abstract

Rice diseases such as leaf blight, blast, and brown spot remain major
constraints on food security and rural livelihoods across Southeast Asia,
causing significant yield losses each year. In Indonesia, particularly in
Lamongan, East Java, these pathogens threaten smallholder productivity and
disrupt national rice supply chains. This study aims to enhance automated rice
disease detection under real agricultural conditions by integrating image
preprocessing techniques with a deep learning-based detection framework. The
main contribution lies in developing a hybrid pipeline that combines RGB-to-
grayscale conversion and contrast stretching prior to model training, effectively
mitigating low-contrast conditions and noise commonly found in field-acquired
image datasets. The enhanced images are subsequently processed using the
Faster Region-Based Convolutional Neural Network (Faster R-CNN) with a
ResNet-50 backbone to localize and classify disease symptoms. Experiments
conducted on a dataset of 1,500 annotated rice leaf images achieved high
detection performance, with accuracies of 97.37% for leaf blight, 94.12% for
blast, and 95.24% for brown spot. Compared with the baseline Faster R-CNN
model, the proposed approach improved classification accuracy from 0.8906 to
0.9297, reduced false negatives from 0.439 to 0.1998, increased foreground
classification accuracy from 0.55 to 0.78, and descreased total loss from 0.839
to 0.6493. These results demonstrate that integrating RGB-to-grayscale
conversion and contrast stretching significantly enhances feature
representation, leading to improved detection accuracy, reduced error rates,
and more stable training behavior. Overall, the proposed framework provides a
robust and reliable approach for rice disease identification and offers strong
potential for practical deployment in precision agriculture systems.
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l. Introduction developing robust, field-adaptable disease detection

Rice, one of the world's most essential staple crops,
sustains more than 3.5 billion people globally and
contributes nearly 20% of daily caloric intake [1]. In
Southeast Asia, where rice production underpins food
security and rural livelihoods, diseases such as leaf blight,
blast, and brown spot continue to cause substantial yield
losses each year [2], [3], and [4]. In Indonesia, national
statistics report that bacterial leaf blight and blast can
cause yield reductions ranging from 20-40% under
moderate infection and up to 50% in severe outbreaks,
particularly in humid lowland regions such as East Java.
In Lamongan Regency, fluctuations in rice productivity in
recent years have been partly associated with recurrent
disease incidence reported by local agricultural agencies
[5]. These quantitative impacts highlight the urgency of

systems tailored to Indonesian agricultural conditions.

More broadly, plant diseases remain one of the
primary constraints to sustainable agriculture, with early
detection and accurate diagnosis increasingly recognized
as critical strategies for mitigating yield loss and
strengthening food security [6]. These conditions
underscore the urgent need for reliable rice disease
detection systems to support timely and effective disease
management. Over the past decade, diverse approaches
have been developed for plant disease detection, ranging
from manual inspection and disease maps to computer-
assisted techniques. Manual inspection, while traditional,
is inefficient and prone to subjective errors, whereas
disease maps may lead to misclassification due to visual
similarity of symptoms. More recently, computer vision
and deep learning have emerged as dominant
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approaches, with convolutional neural networks (CNNs)
and region-based convolutional neural networks (R-
CNNSs) achieving notable success [7], [8], [9], [10], and
[11]. For instance, the literature [8] applied a CNN-based
model to detect Helminthosporium leaf spot in wheat with
91.43% accuracy, while studies [10], [11] explored hybrid
CNNs for diseases in corn and alfalfa, achieving
accuracies exceeding 97%. Focusing on rice, hybrid
FCM-KM and Faster R-CNN achieved over 96% accuracy
for multiple diseases [12], and Faster R-CNN has been
tested for rice false smut [13]. Other classifiers, such as
Bayes, SVM, and optimized deep neural networks [14],
[15], have shown competitive results, with CNN and
Faster R-CNN variants reporting accuracies between
90% and 99% [16], [17], [18], [19], and [20].

Despite these promising results, current models exhibit
several critical limitations. First, most rely on datasets of
inconsistent quality, where issues such as noise, low
contrast, and blurred edges are prevalent. These factors
significantly degrade the precision of detection models
like Faster R-CNN, increasing false negatives and
reducing training stability [21], [22], and [23]. Second,
many prior works emphasize model architecture but
devote comparatively little attention to preprocessing,
despite the fact that real-world agricultural images are
frequently captured under uncontrolled field conditions
(e.g., varying illumination, motion blur, or cluttered
backgrounds), which degrades detection robustness [24],
[25]. Third, although technical accuracy has markedly
improved in lab settings, far fewer studies focus on
usability and scalable deployment in agricultural contexts,
limiting the delivery of reliable, field-ready tools for large-
scale farmer adoption [26], [27].

To address these challenges, this study proposes an
enhanced detection framework that integrates image
preprocessing and deep learning. The approach
introduces a hybrid pipeline that combines RGB-to-
grayscale conversion and contrast stretching before
training the Faster Region-Based Convolutional Neural
Network (Faster R-CNN). Grayscale conversion
minimizes color variance caused by illumination changes
[28], thereby mitigating data quality inconsistencies
commonly observed in heterogeneous field conditions.
Contrast stretching enhances lesion visibility and edge
definition [29], directly addressing the limited emphasis on
preprocessing in prior studies while improving feature
extraction and region proposal stages. Furthermore, by
incorporating lightweight preprocessing rather than
complex architectural modifications, the proposed
strategy preserves computational efficiency and supports
scalable, farmer-oriented deployment scenarios. This
preprocessing-driven approach therefore strengthens
detection robustness while maintaining practical usability
in real-world agricultural environments.

The primary aim of this study is to evaluate the
effectiveness of integrating image preprocessing

techniques (RGB to grayscale conversion and contrast
stretching) with Faster R-CNN in improving detection
accuracy, training stability, and convergence speed for
rice disease identification using field-acquired image
datasets.

The contributions of this study can be summarized as
follows:

1. Problem-oriented framing: We explicitly address the
limitations of existing rice disease detection methods,
particularly their sensitivity to noise, blur, and low
contrast commonly found in real-world agricultural
images.

2. Methodological novelty: We propose a hybrid pipeline
that integrates RGB-to-grayscale conversion and
linear contrast stretching within a Faster R-CNN
framework optimized for field-acquired rice disease
images. This integration empirically improves
detection stability, sensitivity, and convergence
performance, demonstrating the practical value of
preprocessing-aware detector design.

3. Empirical and practical significance: Experiments on
1,500 rice leaf images demonstrate improved
accuracy and stability over the baseline Faster R-
CNN. The model supports near-real-time deployment
within edge-assisted or cloud-based frameworks,
demonstrating practical scalability for farmer-oriented
diagnostic applications.

4. Interdisciplinary contribution: By linking advances in
computer vision with the needs of precision
agriculture, this study contributes to the broader
agenda of food security and smart farming systems.
This paper is organized as follows: Section 2 reviews

relevant studies on rice disease detection and outlines the

research structure; Section 3 details the proposed

preprocessing and detection methodology; Section 4

describes the dataset and experimental setup; Section 5

presents and discusses the results, and Section 6

concludes the paper and highlights future research

directions.

ll. Rice Disease Performance and Research
Structure

This research focuses on detecting rice diseases,
particularly leaf blight, blast, and brown spot, which are
among the most prevalent and destructive pathogens
affecting rice cultivation. To support the training and
evaluation processes, a dataset comprising 500 images
for each disease category was prepared. These images
were sourced from the publicly available Kaggle dataset
and supplemented with real field images captured in the
Lamongan area of East Java using a Logitech C270
camera to ensure variability under real agricultural
conditions. For each class, approximately 300 images
(60%) were collected from Lamongan field conditions,
and 200 images (40%) were sourced from publicly
available repositories. This consistent distribution across
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categories was maintained to minimize source-induced
bias and enhance dataset representativeness.

Among the three diseases, leaf blight poses a serious
threat to rice production. It is caused by the Gram-
negative bacterium Xanthomonas oryzae pv. Oryzae
(Xo0), which was first reported in Indonesia in 1950. This
pathogen can lead to yield reductions ranging from 21—
29% during the rainy season and 18-28% during the dry
season [30]. Morphologically, Xoo is a short, rod-shaped
bacterium that moves via a single flagellum and does not
form spores, contributing to its rapid spread under
favorable conditions. In addition to blight, blast disease
represents a major fungal threat caused by Pyricularia
grisea. It affects various parts of the rice plant, including
leaves, leaf necks, stems, panicles, and grains, and can
occur throughout all stages of growth from seedling to pre-
harvest. The disease typically manifests as diamond-
shaped lesions with gray or whitish centers encircled by
brown borders, which serve as key diagnostic features
[31]. lts aggressive nature and broad host range make
blast one of the most challenging rice diseases to
manage. Equally important is brown spot disease, which
is caused by the fungal pathogen Cercospora oryzae.
This disease is particularly severe in potassium-deficient
paddy fields and is known for reducing both grain quality
and yield. Early symptoms include small, uniformly
distributed brown lesions, which eventually develop into
larger spots with gray centers and brown margins. If not
treated promptly, brown spots can significantly
compromise the photosynthetic capacity of the plant.

To address the need for accurate and efficient
diagnosis of these diseases, this study proposes a
method that integrates image preprocessing techniques
(RGB to grayscale conversion and contrast stretching)
with a deep learning-based detection framework, Faster
R-CNN. The overall methodology is illustrated in Fig. 1.
The process begins with dataset preparation, including
image annotation for all three disease categories. This is
followed by an image enhancement stage that involves
RGB to grayscale conversion and contrast stretching to
enhance visual clarity and highlight disease-related
features, thereby improving the quality of input data for
model training. The enhanced images are then processed
using the Faster Region-Based Convolutional Neural
Network (Faster R-CNN), which consists of two main
components: a Region Proposal Network (RPN) that
identifies candidate regions of interest, and a Fast R-CNN
module that performs object classification and bounding
box regression. The output is presented as bounding
boxes with associated confidence scores, allowing
precise localization and identification of diseased regions.

lll. Materials And Methods
A. Datasets
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Fig. 1. Rice disease identification structure

The dataset used in this study consisted of 1,500 images
of rice leaves, collected from multiple sources to ensure
variability and reduce dataset bias. Approximately 60% of
the images were captured directly in the field across
different plots in the Lamongan area, East Java, using
varying lighting and background conditions. The
remaining 40% were obtained from publicly available
repositories such as Kaggle, which provided standardized
samples for cross-reference. To maintain balance across
classes, the dataset was distributed evenly into three
categories: blast (500 images), brown spot (500 images),
and bacterial leaf blight (500 images), as illustrated in Fig.
2. This balanced distribution was designed to prevent
class imbalance during model training, which can
otherwise bias predictions toward the majority class.
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Fig. 2. Part of the picture of rice disease: (a) blight;
(b) blast; (c) brown spot

Potential sources of bias, such as over-representation
of a single rice variety or environmental condition, were
addressed by including samples from different stages of
plant growth, multiple lighting scenarios (morning, noon,
cloudy), and various image resolutions. While this
strategy improves diversity, the dataset remains limited to
three major classes of rice conditions. Therefore,
generalization to unseen diseases or extreme
environmental variations remains a challenge and is
noted as a limitation of this study.

B. Image Annotations

Before starting the training process, image annotation
was conducted to ensure that objects could be properly

F'ig.'?;. Image annotation process using Iabelifng

recognized in the dataset. In this study, the annotation
was performed using Labellmg software, with the output
stored in XML format in accordance with the PASCAL
VOC standard, as illustrated in Fig. 3. The annotation
process focused on identifying the region of interest (ROI)
corresponding to visible disease symptoms on rice
leaves, including blight, blast, and brown spot lesions. To
ensure reliability, clear annotation criteria were defined:
(1) only lesions occupying at least 5% of the leaf area
were labeled, (2) ambiguous or overlapping regions were

excluded, and (3) bounding boxes were drawn tightly
around symptomatic areas without including excessive
background. The exclusion of highly ambiguous or heavily
overlapping lesions improves annotation consistency but
may limit the model's exposure to complex real-world
scenarios. Consequently, detection performance under
severe co-infection conditions may be reduced,
representing a direction for future dataset expansion.
After completing the annotation stage, the dataset,
including both images and XML files from Labellmg, was
uploaded to Roboflow, a platform designed for dataset
management and preprocessing. Within Roboflow,
several preprocessing steps were applied, including data
augmentation to increase variability and the splitting of the
dataset into training, validation, and test sets. The dataset
was then exported in COCO format, which generated a
shareable link for seamless integration with external
training environments such as Google Colab.

C. RGB to Grayscale Conversion

Image preprocessing plays a crucial role in improving the
visibility of disease symptoms prior to training. In this
study, grayscale conversion was applied to reduce the
three RGB channels into a single intensity channel. This
choice was motivated by two factors: (1) computational
efficiency, as reducing channels lowers training
complexity, and (2) disease relevance, since rice diseases
are often better distinguished by lesion texture, boundary
irregularity, and spot density than by absolute color
values. Grayscale conversion also helps suppress
background color variations caused by illumination
differences or soil reflections, ensuring that leaf lesions
remain the primary discriminative feature. The RGB-to-
grayscale conversion process transforms a color image,
which contains three color channels (Red, Green, and
Blue), into a single channel representing intensity in
shades of gray. RGB to Grayscale steps:

Step 1. Extract RGB values for each pixel: Red,
Green, and Blue (R, G, B).
Step 2. Calculate the Grayscale Intensity: Use a

formula to compute the grayscale intensity
based on the RGB values.
Step 3. Replace The Pixel Values, assign the computed
grayscale value to all three channels (R, G, and
B) to create a uniform grayscale pixel
The most common formula for RGB to Grayscale
conversion is a weighted sum of the RGB components,
which is shown in Eq. (1) [28] as follows:

Gray = 0.2989R + 0.5870G + 0.1140B €Y

In this formulation, R, G, and B represent the red, green,
and blue components of a pixel, respectively, while Gray
denotes the resulting grayscale intensity. After applying
this transformation to every pixel, the output is a single-
channel grayscale image with intensity values ranging
from O (black) to 255 (white). The conversion results show
that the original RGB rice disease images are successfully
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transformed into grayscale images that emphasize lesion
texture, boundary irregularity, and spot patterns, as
illustrated in Fig. 4.

(a) (b)
Fig. 4. Image enhancement effect: (a) original image;
(b) RGB to grayscale conversion

D. Contrast Stretching

Following grayscale conversion, contrast stretching was
applied to enhance visibility in low-contrast images.
Compared with alternative methods such as global
histogram equalization or Contrast Limited Adaptive
Histogram Equalization (CLAHE), contrast stretching
provides a linear and controlled enhancement that avoids
over-amplification of noise, which is common in field-
captured images. Preliminary trials indicated that this
method yielded more consistent detection, particularly for
small brown spot symptoms. Thus, the combination of
grayscale and contrast stretching was selected as a
balanced trade-off between feature clarity, noise
robustness, and computational efficiency.  Contrast
stretching is a technique used in image processing to
enhance contrast by expanding the range of intensity
levels. It aims to make dark areas darker and light areas
lighter, improving the visibility of details in an image.
Contrast Stretching steps:

Step 1. Identify Intensity Range: The first step is to
identify the minimum and maximum intensity
values in the original image. These values
represent the dark and light extremes of the
image.

Step 2. Define New Intensity Range, set a new desired
range of intensity values, typically spanning from
the minimum to the maximum intensity

Step 3. Apply Contrast Stretching Formula, every pixel
intensity in the original image is transformed
according to a linear function to stretch the
contrast to the new range.

The formula for contrast stretching using Eq. (2) [29] as
follows

— I(x,y) _Imin %

Imax - Imin

I'(x,y) Linax = Lmin + Lmin 2)
In this formulation, I'(x, y) represents the new pixel value
after contrast stretching, while I1(x, y) denotes the original
pixel value. The terms I_min and I_max correspond to the
minimum and maximum intensity values in the original
image, respectively, whereas L_min and L_max represent
the desired minimum and maximum intensity values of the
output image. The results of applying contrast stretching
to the grayscale rice disease images show that the
intensity distribution is effectively expanded, producing
images with a wider dynamic range. This enhancement
improves the visibility of lesion features, particularly in
regions that were previously too dark or too bright. As a
result, important characteristics such as lesion
boundaries and texture become more distinguishable, as
illustrated in Fig. 5.

(a) (b)
Fig. 5. Image enhancement effect: (a) original image;
(b) contrast stretching

E. Faster R-CNN

Ross Girshick and the target detection research
community introduced Faster R-CNN [32] in 2015,
following the earlier releases of R-CNN [33] and Fast R-
CNN [34]. Faster R-CNN can be simply viewed as a
model of "the regional generation network + Fast R-CNN",
which applies the Region Proposal Network (RPN)
instead of Selective Search in Fast R-CNN. RPN is a
recommendation algorithm for the proposal. The
convolution layer/ full connection layer processing is
performed on the feature map, and then the detected
target is subjected to position regression and
classification, and finally, the region recommendation is
used to obtain a more accurate disease location. In this
study, Faster R-CNN was selected as the detection
framework due to its proven effectiveness in object
detection tasks involving complex backgrounds and small
objects, such as leaf diseases. The backbone network
used was ResNet-50 pretrained on ImageNet, which
balances accuracy and computational efficiency. The
Region Proposal Network (RPN) was configured with
anchor sizes of [32, 64, 128, 256, 512] and aspect ratios
of [0.5, 1, 2], while the Intersection over Union (loU)
threshold for positive proposals was set to <0.5 and 0.7.
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Although recent architectures such as YOLOv7 [35],
EfficientDet [36], and Vision Transformers (ViT) [37] have
demonstrated state-of-the-art performance in object
detection tasks, Faster R-CNN was chosen in this study for
three reasons. First, its two-stage detection pipeline
provides higher localization accuracy, particularly for small
and irregular lesions on rice leaves. The region refinement
after proposal generation allows more precise localization
compared to many single-stage detectors that rely on
dense prediction grids, which is especially beneficial when
lesion boundaries are subtle and heterogeneous. Second,
Faster R-CNN offers greater interpretability and stability
during training, particularly with a moderate dataset size,
as in this study. Third, the architecture has been widely
adopted in prior research on plant disease detection,
enabling meaningful benchmarking and reproducibility.
Future work may explore YOLO-based detectors or
transformer-based models to further improve inference
speed and scalability.

F. Faster R-CNN steps:
Step 1. Backbone Network (Feature Extraction

Faster R-CNN extracts features from the input image using
a pre-trained convolutional network, such as ResNet. This
backbone generates a Feature Map from the original image.

Step 2. Generate RPN for Candidate Regions

The RPN uses anchor boxes with various sizes and
aspect ratios to generate region proposals. The anchor
configuration used in this study is:

Anchor Sizes: [32, 64, 128, 256, 512]

Aspect Ratios: [0.5, 1.0, 2.0]

The total number of anchor boxes can be calculated using
the formula Eq. (3) [32]:

Z anchor Box = Nz X Nr 3

Nz represents the number of anchor sizes, while Nr
represents the number of aspect ratios. With this
configuration, the total number of anchor boxes is 15 per
position on the feature map.

Step 3. Bounding Box Regression

Bounding box regression is a process used to refine the
initial region proposals (anchor boxes) generated by the
Region Proposal Network (RPN). It adjusts the
coordinates of these proposals to better match the ground
truth bounding boxes of the objects in the image.

1) Anchor Box Calculation

The author calculates the value of anchor boxes with a
size of 32 and an aspect ratio of 0.5. Based on this
configuration, the resulting anchor box dimensions are
w, = 22.6 and h, = 45.3

2) Ground Truth Bounding Box Calculation

From the image enhancement data, one dataset is
selected with coordinates X,,in = 1, Xjmax = 614, Yiin =
249, and Y,,,, = 488, with image dimensions of 640 x
640. Based on this data, the ground truth bounding box

has center coordinates x = 307.5and y = 368.5, with
width w = 613and height h = 239.

3) Bounding Box Regression Calculation

Using the anchor box values w, = 22.6 and h, = 45.3,
along with the anchor box center coordinates (x,,y,) =
(4,4), the bounding box regression produces offset values
of Offset, = 13.4, Offset, = 8.05, Offset, = 1.4, and
Offset, = 0.7. These offsets represent the spatial
differences between the anchor box and the ground-truth
bounding box and are used during model training to refine
bounding-box predictions and improve accuracy.

4) Apply Bounding Box Regression Offsets

After obtaining the regression offsets from the bounding
box regression process, these offsets are applied to the
anchor box to produce a more accurate bounding box,
referred to as the final bounding box. Using the anchor
box parameters (x,,y,) = (44), w, =22.6, and h, =
45.3, along with the regression offsets Offset, = 13.4,
Offset, = 8.05, Offset, = 1.4, and Offset, =0.7, the
resulting final bounding box has coordinates x,,;, =
260.99, ypmin = 323.1, Xppax = 352.69, and yp,q, = 414.3.
5) Intersection of Union (loU) Calculation

The Intersection over Union (loU) is a metric used to
evaluate the overlap between two bounding boxes,
namely the predicted box and the ground truth box. It is
calculated as shown in Eq. (4) [32], where loU represents
the ratio between the area of overlap and the area of
union. In this context, the area of overlap refers to the
shared region between the predicted and ground truth

11
L}

Fig. 6. Inference process for the leaf blast class:
the bounding box highlighted in red indicates an
instance that was not successfully detected by the
model

boxes, while the area of union represents the total
combined area covered by both boxes.
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area overlap
o =——— 4
area union
To determine whether a predicted bounding box is
classified as an object or not based on the loU
(Intersection over Union), thresholds are commonly used

as follows [24]:

a) loU 2 0.5 or 0.7: The proposal is considered a positive
match, indicating that the predicted box corresponds
to an object.

b) loU = 0.3: The proposal is considered a negative
match, indicating that it is background or does not
correspond to an object.

c) 0.3<loU < 0.5 (or threshold used): These proposals
are often ignored during training to avoid ambiguity.
The result shows that the predicted bounding box
achieves an loU value of approximately 0.57, indicating
that about 57% of the predicted and ground-truth areas
overlap. Based on the defined threshold, this value is
classified as a positive match, indicating that the model

accurately localizes the object.

IV. Implementation And Results

To verify the effectiveness of the algorithm, the simulation
environment is Windows 11; the CPU is a 11th Gen
Intel(R) Core™ i3-115G4 @ 3.00 GHz, the SSD is 512
GB, and the memory is 8 GB. The experimental platform
is Ubuntu 14.04, and the PyTorch framework is chosen as
the deep learning framework. The dataset used
comprises three categories (rice blight, blast, and brown
spot), totaling 1,500 images, with 83% used for training,
12% for validation, and 6% for testing. All reported
accuracy, precision, recall, F1-score, and confusion
matrices represent performance on the independent test
set, which was strictly separated from training and
validation data to ensure unbiased generalization
evaluation. No test images were used during training or
hyperparameter tuning. The training configuration was as
follows: learning rate of 0.001 with a step decay
scheduler, batch size of 16, and training for 50 epochs.
Stochastic Gradient Descent (SGD) with momentum 0.9
and weight decay 1e-4 was used as the optimizer. Input
images were resized to 512 x 512 pixels, and data
augmentation included random horizontal flipping and
contrast adjustment to enhance generalization.The
following is Fig. 6- Fig. 9 showing the results of the rice
disease detection experiments: leaf blight, blast, and
brown spot. The confusion matrix is used to calculate
accuracy, loss, precision, recall, and F1 score from rice
disease detection test results. Accuracy is calculated as
the ratio of correct predictions (True Positives + True
Negatives) to the total number of predictions (True
Positives + True Negatives + False Positives + False
Negatives).
TP+TN

TP +TN + FP + FN

accuracy = X 100% (5)

Precision is the ratio of True Positives to the sum of True
Positives and False Positives, reflecting the model’s
ability to correctly identify positive cases.

TP
TP+ FP ©

Recall is the ratio of True Positives to the sum of True
Positives and False Negatives, showing the model's
ability to capture all relevant positive cases.

Recall = — 7
et = TP FN @)

F1-Score is the harmonic mean of Precision and Recall,
providing a balance between the two metrics.
Precission X Recall
X 100% (8)

precission =

F1— Score = 2 X

Precission + Recall

Fig. 8. Results of inference for the brown spot class:
the red box denotes a false negative produced by the
model

Fig. 7. Inference process for the blight class: the
red bounding box denotes a detection failure by
the model

Loss Rate is the ratio of incorrect predictions (False
Positives + False Negatives) to the total number of
predictions. Where True Positives (TP) represent the
number of instances where the model correctly predicts
the positive class, False Positives (FP) indicate the
number of instances where the model incorrectly
predicts the positive class, True Negatives (TN)
correspond to the number of instances where the model
correctly predicts the negative class, and False
Negatives (FN) denote the number of instances where
the model incorrectly predicts the negative class.

A. Leaf Blight
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Based on Table 1, the performance evaluation metrics
for rice leaf blight detection are obtained as follows: the
model achieves an accuracy of 97.37%, a precision of
1.00, a recall of 0.97, and an F1-score of 98.48%. These
metrics indicate that the model performs well at detecting

Fig. 9. Multi-class inference on a single plant
instance

leaf blight, with accuracy reflecting a high level of overall
correctness across predictions. The precision value of
1.00 indicates that all predicted positive instances are
correctly classified, suggesting the absence of false
positives in the evaluated data, while the recall of 0.97
demonstrates the model’s strong ability to identify most
of the actual positive cases, with only a small proportion
of missed detections. Furthermore, the F1-score of
98.48% confirms a well-balanced trade-off between
precision and recall, highlighting the model’s reliability
and consistency in classification performance. Overall,
these results suggest that the model is highly effective at
detecting leaf blight, although additional evaluation on
larger, more diverse datasets would further strengthen
confidence in its generalizability.

B. Rice Blast

Based on Table 1, the performance evaluation metrics
for rice blast detection are obtained as follows: the model
achieves an accuracy of 94.12%, a precision of 1.00, a
recall of 0.94, and an F1-score of 96.91%. These
evaluation metrics show that the model achieves strong
performance in detecting blast disease, with the
accuracy indicating that the majority of cases are
correctly classified. A precision of 1.00 suggests that all
detected blast cases are accurate, implying no false
positives in the evaluated dataset, while a recall of 0.94
reflects the model’s ability to identify 94% of the actual
blast cases, with a small portion remaining undetected.
The F1-score of 96.91% highlights a good balance
between precision and recall, demonstrating the model’s
effectiveness and reliability in classification. Overall,
these results confirm that the model performs
consistently well in detecting blast disease, although
further evaluation on larger and more diverse datasets
would help to better assess its robustness and
generalization capability.

C. Brown Spot

Based on Table 1, the performance evaluation metrics
for rice brown spot detection are obtained as follows.

The model achieves an accuracy of 95.24%, a precision
of 1.00, a recall of 0.95, and an F1-score of 97.44%. The
results indicate that the model performs effectively in
detecting brown spot disease. An accuracy of 95.24%
demonstrates that most predictions are correct. A
precision of 1 signifies that all positive predictions for

fast_rcnn/cls_accuracy } 2 &4 fast_renn/cls_occuracy B R oo

2,000 3,000 44266

%
Run *  Smoothed Valuo Step Relative
0.9297 13819 1.157hr

M gl B o oom
(a) (b)
Fig. 10. Classification Accuracy: (a) Faster R-CNM

(b) Image Enhancement + Faster R-CNN

brown spot are accurate, while a recall of 0.95 shows
that the model successfully identifies 95% of actual
cases. With an F1 Score of 97.44%, the model achieves
an excellent balance between precision and recall,
confirming its high reliability in detecting brown spot
disease. Table 1 shows the confusion matrices for each
disease class. Based on these, the performance results
were as follows:

Table 1. Summary confusion matrix (accuracy,
precision, recall, and F1-score)
Disease Accuracy Precision Recall SF1-
core
Blight 97.37% 1.0 0.97 98.48%
Blast 94.12% 1.0 0.94 96.91%
Brown 95.24% 1.0 0.95 97.44%
Spot

These results indicate that the model consistently
achieves high precision (minimizing false positives) while
maintaining recall above 0.94, ensuring that most
diseased cases are detected. The strong F1 scores
confirm a robust balance between precision and recall.
The precision value of 1.00 across all classes is
attributable to the absence of false positives in the
independent test set (n = 90), influenced by the limited
test size and the 0.7 confidence threshold applied during
inference. While this threshold reduces false alarms, it
may increase false negatives, reflecting a precision—recall
trade-off. Therefore, the perfect precision should be
interpreted as threshold-dependent rather than indicative
of universal robustness. Although recall values above
0.94 demonstrate strong sensitivity, the relatively small
test set may introduce statistical variability. Future work
should validate the model on larger, multi-location
datasets and explore adaptive threshold tuning to
optimize deployment performance. The results indicate
conservative classification behavior, where the applied
confidence threshold minimizes false positives, achieving
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perfect precision but slightly reducing recall due to
potential false negatives. While performance appears
consistent across classes, the small sample size may limit
the reliability of these metrics and lead to an overestimate
of stability. Therefore, further validation on larger, more
diverse datasets, along with threshold tuning, is
necessary to confirm generalizability and achieve more
balanced performance.

D. Classification Accuracy

In the Faster R-CNN framework, c/s_accuracy denotes
the ROI head classification accuracy, measuring how
accurately regions of interest (ROIs) are classified into
object classes (blight, blast, brown spot) or background
proposals. The classification accuracy results are
depicted in Fig. 10. In Fig. 10, Graph (a) shows a step
count of approximately 4,266 with a relative time of 21.59
minutes. Graph (b) shows a much higher step count,
around 13,819, with a relative time of 1.157 hours (or
approximately 70 minutes). Additionally, in graph (a), the
smoothed accuracy value is 0.8906, with the highest
value approaching 0.90, and it appears more fluctuating
with some declines. While graph (b) shows a higher
smoothed accuracy of 0.9297, indicating that the model at
this stage performs better in classification compared to
graph (a). Its accuracy is more stable.

E. False Negative

In Faster R-CNN training, false_negative refers to the
number of instances where the model incorrectly predicts
the absence of an object (foreground) when it is actually
present in the image. The results of false negatives are
shown in Fig. 11. Based on Fig. 11, Figure 11 indicates
that the incorporation of image enhancement leads to a
more stable and lower false negative rate throughout
training, as evidenced by the consistently reduced
smoothed values in graph (b) compared to graph (a).
Specifically, graph (a) shows a smoothed false negative
value of approximately 0.439, with an initial peak
approaching 0.90 that gradually decreases over time,
whereas graph (b) presents a lower smoothed value of

fast rennffalse negative ik &2 fast_rcnn/false_negative (1

Run® Smoothed Value Step  Relativi
° 0.439

106 13819 K

Run* Smoothed  Value Step  Relative
[ ) 01998 0.143 13819 1.1S7hr

(a) (b)
Fig. 11. False Negative: (a) Faster R-CNN; (b) Imag:
Enhancement + Faster R-CNN

around 0.1998, indicating a reduced proportion of missed
detections. Although both models exhibit a declining
trend, suggesting improved detection capability over
iterations, the enhanced model converges to a lower error

| ox oo

fastsonn/fg_cls_accuracy fasLronn/fg_cls_accurocy B R oo
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(a) (b)
Fig. 12. Foreground Classification Accuracy: (a)
Faster R-CNN; (b) Image Enhancement + Faster R-
CNN

level, implying better sensitivity in identifying true objects,
likely due to improved feature representation, despite
minor fluctuations that indicate residual training
instability.Figure 11 indicates that incorporating image
enhancement leads to a more stable, lower false-negative
rate throughout training, as evidenced by the consistently
reduced smoothed values in graph (b) compared to graph
(a). While both models show a decreasing trend,
suggesting improved detection capability over iterations,
the enhanced model converges to a lower error level,
implying better sensitivity in identifying true objects. This
improvement likely stems from clearer feature
representations after the enhancement, enabling the
detector to reduce missed detections more effectively,
although some fluctuations still suggest residual learning
instability in later stages.

F. Foreground Classification Accuracy

In the Faster R-CNN framework, fg cls accuracy
(foreground classification accuracy) reflects the model’s
ability to correctly classify object proposals identified as

1ime B r oo me [ R o

15018 X

)

Run ¢ Smoothed Volue Step Relotive
° 0.3003

Run *+ Smoothed
03014 4266 21.59min [ 03018

Volue  Step  Relotive
03007 13819 1157hr

(a) (b)
Fig. 13. Time lterations: (a) Faster R-CNN; (b) Image
Enhancement + Faster R-CNN

foreground (positive anchors after loU thresholding),
thereby providing a focused assessment of classification
performance independent of background noise. As
illustrated in Fig. 12, graph (a) exhibits relatively modest
performance, with a smoothed accuracy of approximately
0.55 and peak values nearing 0.60, suggesting that the
model is still in an early learning phase where feature
representations and class boundaries are not yet well
optimized. In contrast, graph (b) demonstrates a
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substantial improvement, with a smoothed accuracy of
around 0.78 and peak values reaching up to 0.85,
indicating that the model has developed a stronger
discriminative capability for foreground objects. This
improvement  suggests that integrating image
enhancement leads to clearer, more informative feature
extraction, enabling the classifier to better distinguish
between object classes. Moreover, the higher and more
stable accuracy in graph (b) suggests improved
convergence behavior and reduced misclassification
among positive samples. Nevertheless, the remaining
gap from perfect accuracy indicates that some degree of
intra-class similarity or feature ambiguity persists,
highlighting the need for further optimization, such as
enhanced feature refinement or data diversity, to achieve
more robust classification performance in complex real-
world scenarios.

G. Time lterations

The time-iteration results presented in Fig. 13 highlight
notable differences in training dynamics between the
baseline Faster R-CNN and the image enhancement—
augmented model. As shown in graph (a), the baseline
model completes training in a relatively shorter duration
(21.59 minutes) with 4,266 steps, indicating a faster but
potentially less exhaustive optimization process. In
contrast, graph (b) shows a substantially longer training
time (1.157 hours) and a significantly higher number of
steps (13,819), indicating a more prolonged, iterative
learning process. This extended training enables the
model to perform more gradient updates, facilitating finer
adjustments of network parameters and improved
convergence toward a better solution. Consequently, the
longer optimization process contributes to better feature
learning, reduced loss, and enhanced detection and
classification performance, as observed in previous
metrics. However, the increased computational cost also
entails a trade-off between performance and efficiency,
with improved accuracy achieved at the expense of longer
training time and greater resource consumption.
Therefore, while the enhanced model demonstrates
superior learning capability, practical deployment
considerations may require balancing training duration
with available computational resources. This finding
underscores the importance of optimizing training
strategies to achieve an effective balance between model
performance and computational efficiency.

H. Total Loss

In Faster R-CNN training , total_loss is the sum of all loss
components used to train the model. It represents the
overall error or discrepancy between the predicted results
and the ground truth. The total-loss results are shown in
Fig. 14. From Fig. 14, graph (a) shows that the total loss
is relatively high throughout training (in the range of 0.75—
0.9), with a smoothed loss of 0.839. The total loss in graph
(a) tends to indicate greater fluctuations, with no

significant downward trend compared to graph (b). While
in graph (b), the loss value was initially high (approaching
0.85-0.9) and gradually decreased to around 0.65. The
smoothed loss value is 0.6493, indicating that the model
has improved its performance with a significant reduction

lotol_loss (SR " lotal_Joss B x oo

0 1000 2000 3000  ea266 0 5000 0 (13819 %
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Fig. 14. Total Loss: (a) Faster R-CNN; (b) Image

Enhancement + Faster R-CNN
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0.5758 13819 1.157hr

in loss.

V. Discussion
A. Confusion Matrices
The experimental results demonstrate that the proposed
Image Enhancement + Faster R-CNN framework
achieves strong detection performance across all rice
disease classes. The model achieves high accuracy of
97.37% for blight, 94.12% for blast, and 95.24% for brown
spot, indicating reliable classification performance. The
consistently high precision of 1.00 across all classes
confirms that the model effectively minimizes false-
positive predictions. Meanwhile, recall values above 0.94
indicate that the model can detect most diseased
instances, although a small number of false negatives
remain. The F1-scores, all exceeding 96%, further
demonstrate a strong balance between precision and
recall, confirming the robustness of the detection
framework. These results indicate that the proposed
preprocessing approach enhances feature clarity,
allowing the model to better capture lesion characteristics
such as texture and boundary irregularity.
B. Comparison of the proposed model with only
Faster R-CNN without pre-processing
The comparative analysis of the proposed Image
Enhancement + Faster R-CNN pipeline and the baseline
Faster R-CNN clearly demonstrates substantial,
quantifiable improvements across all performance
metrics. From a data standpoint, the enhanced model
achieves a notable increase in classification accuracy
from 0.8906 to 0.9297, accompanied by a significant
reduction in false negatives from 0.439 to 0.1998,
reflecting stronger sensitivity to subtle disease indicators.
These improvements are consistent with prior findings,
where  preprocessing-assisted CNN  frameworks
demonstrated enhanced discriminative performance for
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rice disease datasets captured under controlled imaging
scenarios [38], [39].

From a value perspective, the reduction in total loss
from 0.839 to 0.6493 highlights the role of grayscale
conversion and contrast stretching in improving feature
separability and stabilizing the learning process. This
result aligns with [40] and [41], who reported that
illumination normalization and contrast-based
enhancements facilitate more effective convergence in
deep learning pipelines by emphasizing fine-grained
texture patterns vital for disease identification. Although
these improvements come with increased computational
load, as evidenced by the rise in training iterations from
4,266 to 13,819, such trade-offs are commonin
enhancement-based detection models and remain
acceptable for high-precision analysis scenarios [40].

From a performance perspective, foreground
classification accuracy increases from 0.55 to 0.78,
accompanied by smoother and more stable learning
curves. These observations echo those of [42] and [43],
who demonstrated that multiscale representation
enhancement, whether through preprocessing or
attention-based modules, is critical for distinguishing
foreground lesion patterns from complex backgrounds.
The improved stability also reflects the model’s
strengthened ability to capture morphological properties
of rice diseases, consistent with the robustness
enhancements discussed by [44] and [45].

Although the enhanced pipeline improves detection
accuracy and stability, it increases training time from
21.59 minutes to approximately 70 minutes due to
additional preprocessing and extended optimization
steps. This reflects a computational trade-off between
accuracy and efficiency. Notably, preprocessing is applied
during both training and inference; however, it does not
significantly increase inference latency (<12% additional
processing time per image). Therefore, while training
complexity increases, deployment feasibility remains
practical for offline or semi-real-time agricultural
diagnostic systems.

Despite these improvements, several limitations must
be acknowledged. First, the controlled acquisition
conditions of the dataset, stable lighting, minimal
background variation, and uniform distance, may
artificially inflate performance. The risk of performance
degradation under natural field conditions is supported by
prior studies, where CNN-based rice disease detectors
exhibited reduced generalization when exposed to
heterogeneous illumination and complex vegetation
backgrounds [38], [39]. Second, while inference latency
remains within acceptable limits for semi-real-time
applications, the increased overall computational demand
may constrain deployment in fully real-time, resource-
limited environments [40], [41].

Furthermore, although performance gains are evident,
the enhanced Faster R-CNN still exhibits limitations in

detecting early-stage symptoms, fine-grained lesions, and
overlapping disease regions. Early-stage infections often
present low texture contrast and subtle morphological
variations, limiting feature separability even after contrast
enhancement. Additionally, as an anchor-based detector,
Faster R-CNN may inadequately capture very small or
irregular lesion regions. Overlapping disease areas
further introduce ambiguity during loU-based proposal
matching, potentially affecting bounding box regression
accuracy. These constraints are widely recognized in two-
stage detection frameworks. Recent studies indicate that
anchor-free detectors or transformer-based attention
mechanisms may better capture fine-grained pathological
patterns, particularly for small or overlapping targets [42],
[43], [46].

Finally, the study only explores grayscale and contrast
stretching as preprocessing approaches. Prior research
has shown substantial benefit from alternative methods
such as CLAHE, Retinex-based illumination correction,
GAN-assisted augmentation, and hybrid CNN
Transformer integrations [44], [45]. The absence of
comparative preprocessing baselines limits the ability to
make broader claims about the optimality of the proposed
strategy. Overall, the improved accuracy, reduced loss,
enhanced stability, and lower false negatives validate the
effectiveness of the proposed pipeline, while the observed
limitations provide a clear direction for future
enhancements involving multi-condition  datasets,
advanced preprocessing algorithms, and next-generation
detection architectures. These findings have important
practical and methodological implications. From a
practical perspective, the high detection accuracy and
robustness suggest that the proposed framework has
strong potential for application in agricultural monitoring
systems to support early diagnosis of rice diseases,
thereby enabling timely intervention and reducing
potential crop losses. From a methodological standpoint,
the results demonstrate that relatively simple
preprocessing techniques can significantly enhance deep
learning performance without requiring complex
architectural modifications. This highlights the critical role
of data quality and feature enhancement in computer
vision pipelines, particularly for tasks involving subtle
texture variations such as plant disease detection.

VI. Conclusion

This study aimed to evaluate the effectiveness of
integrating image preprocessing techniques, namely RGB
to grayscale conversion and contrast stretching, with the
Faster R-CNN framework for rice disease detection using
field-acquired image datasets. The experimental results
demonstrate that the proposed approach achieves strong
detection performance across three disease classes, with
accuracies of 97.37% for blight, 94.12% for blast, and
95.24% for brown spot. In addition, compared to the
baseline Faster R-CNN, the enhanced model improves
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classification accuracy from 0.8906 to 0.9297, reduces
false negatives from 0439 to 0.1998, increases
foreground classification accuracy from 0.55 to 0.78, and
decreases total loss from 0.839 to 0.6493. These findings
indicate that the applied preprocessing techniques
improve feature clarity and contribute to better model
performance and stability. For future work, further
evaluation is required using larger and more diverse
datasets captured under varying environmental
conditions to assess generalization capability. In addition,
integrating the proposed preprocessing strategy with
more advanced detection architectures, such as YOLO-
based or transformer-based models, may further improve
detection accuracy, robustness, and computational
efficiency.
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