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Detection and Classification of Growth Stages in Rice Using Artificial Neural Networks

Durodola Folasade*, Owoeye Samuel, Kamil-Bello Furgan, Daodu Sakira, Makinde Kayode, Folaranmi Olaniyi

Abstract: This project focused on the development of a machine learning model to classify rice plants based on their growth stages, specifically identifying whether the plants are
in the "Raw" or "Ripe" stage. The research was conducted using a dataset obtained from Roboflow, which provided annotated images of rice plants. The dataset was divided into
training, testing, and validation subsets to ensure the model's robustness and generalization capability. The project involved a comprehensive data preparation process, which
included consolidating images into class-based folders, handling file conflicts, and stratifying the dataset into appropriate splits for training, testing, and validation. Several
convolutional neural networks (CNN) architectures were explored, including ResNet50, InceptionV3, and MobileNetV2, each leveraging transfer learning from pre-trained models
on the ImageNet dataset. ResNet50 achieved an accuracy of 87.3% with a log loss of 0.33, demonstrating good performance but with some misclassifications between similar
classes. InceptionV3 outperformed the other models, achieving an accuracy of 95.1% and a log loss of 0.13, indicating superior classification capability and better calibration of
predicted probabilities. MobileNetV2 also performed well with an accuracy of 93.5% and a log loss of 0.22, offering a balance between accuracy and computational efficiency. The
results highlight InceptionV3 as the most effective model for this task, with a strong ability to differentiate between the rice growth stages. The findings underscore the importance
of model selection and data preparation in developing accurate and reliable machine-learning models for agricultural applications. The project demonstrates the potential of CNNs
in improving agricultural practices through precise crop monitoring and classification.
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1 INTRODUCTION

Rice is a crucial food source worldwide, particularly in
regions such as Asia, Africa, and Latin America, serving as a
primary dietary staple for billions of people [1]. With the
growing global population and changing climatic conditions,
there is increasing pressure on rice production systems to
enhance production [2]. Traditional methods of monitoring
rice growth stages are labour-intensive, time-consuming, and
prone to human error, making them inadequate for meeting
the rising demands and ensuring food security [3].

Artificial Intelligence (Al), specifically Artificial Neural
Networks (ANNs), has shown significant potential in
transforming agriculture. ANNs can process large datasets
and detect complex patterns, making them ideal for precision
agriculture applications [4]. By employing ANNs, we can
develop automated systems capable of accurately detecting
and monitoring the growth stages of rice, leading to improved
crop management, optimized resource use, and increased
yields [5, 6]. This innovation contributes to global food
security and promotes sustainable agricultural practices.

In addition to boosting productivity, applying ANNSs in
rice growth stage detection can significantly reduce the
environmental impact of rice farming. Precise identification
of growth stages allows for the optimized use of water,
fertilizers, and pesticides, reducing wastage and
environmental degradation [7]. This precision also
minimizes the runoff of harmful chemicals into water bodies,
protecting aquatic ecosystems and promoting eco-friendly
agricultural practices.

Furthermore, ANNSs offer valuable tools for adapting to
climate variability and change. As climate change presents
unpredictable challenges to agriculture, real-time monitoring
of rice growth stages becomes essential. ANNs can help
predict and mitigate the effects of adverse weather conditions
by providing timely insights, enabling farmers to take
proactive measures [8]. This adaptability is crucial for

maintaining rice productivity and ensuring food security in
the face of changing climatic patterns.

The economic benefits of deploying ANN-based systems
in rice agriculture are also noteworthy. Automation of growth
stage monitoring can lead to significant cost savings by
reducing the need for extensive manual labour and enabling
more precise agricultural interventions. For smallholder
farmers, who play a significant role in global rice production,
these savings can be crucial, allowing them to reinvest in
their operations and improve their livelihoods [9].

Despite these advantages, traditional methods of
monitoring rice growth stages remain laborious, time-
consuming, and prone to errors. These methods do not
provide real-time data, which is essential for making timely
agricultural interventions. Inaccurate and inconsistent
monitoring can lead to suboptimal resource use, affecting
crop health and yield [5]. There is a pressing need for an
automated, reliable, and efficient system that can accurately
detect and monitor rice growth stages, handle variability in
growth patterns, and provide farmers with accurate, real-time
information to enhance decision-making and improve overall
crop management practices.

The integration of ANNs into rice farming offers a
comprehensive solution to agronomic, environmental, and
economic challenges in rice production. This study aims to
utilize artificial neural networks (ANNS) for the prediction of
rice growth stages through the examination of phenological
data and image-based inputs, specifically targeting the
vegetative, reproductive, and ripening phases. The ultimate
goal is to equip farmers with practical insights that facilitate
improved crop management, optimized resource use, and
enhanced productivity.

2 LITERATURE REVIEW

The wuse of technological advancements and
methodologies in utilizing artificial neural networks (ANNSs)
for detecting rice growth stages can not be over-emphasised.
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It highlights the shift from traditional monitoring methods to
modern precision agriculture techniques, emphasizing the
role of ANNSs in enhancing agricultural practices [10].

Precision  agriculture  represents a  significant
advancement in farming, using technologies like GPS,
remote sensing, and data analytics to monitor and manage
crop growth with high precision. These tools enable targeted
interventions, such as precise irrigation and fertilization,
reducing waste, and promoting sustainable farming practices.
Machine learning and Al further enhance these capabilities,
offering predictive models and decision support systems for
efficient farming [11-13].

ANNs have become a powerful tool in agriculture,
particularly for analyzing large datasets and identifying
complex patterns. In rice farming, ANNs can accurately
detect and classify growth stages by processing vast amounts
of data from various sources. This capability is crucial for
developing automated systems that provide real-time
information, reducing reliance on manual labour and
increasing productivity [14, 15].

Convolutional Neural Networks (CNNs), a subset of
ANN:S, are particularly effective for image recognition tasks,
making them ideal for analyzing images of rice at different
growth stages. CNNs automatically detect and learn features
from images, enabling precise classification and monitoring
of rice growth. Training CNNs with diverse image datasets
ensures the model’s robustness and reliability in real-world
applications [16, 17].

The success of an ANN-based system depends on the
quality and diversity of the training data. Effective data
collection involves gathering images and sensor data from
multiple sources, ensuring a comprehensive view of the rice
fields. Preprocessing techniques, such as data cleaning and
augmentation, prepare the data for training, improving the
model's robustness and accuracy [18, 19].

Training an ANN model involves feeding preprocessed
data into the network and adjusting model parameters to
minimize prediction errors. Selecting an appropriate neural
network architecture is crucial for capturing the complex
features in rice crop images. Advanced machine learning
techniques are used to enhance performance, and the model's
accuracy is validated using separate data to ensure reliability
in real-world applications [20, 21].

3 METHODOLOGY

Accurately identifying rice growth stages is essential for
effective agricultural management, as it directly impacts crop
yield, resource utilization, and farming efficiency [6].
Traditionally, determining these stages has relied on manual
observation and expert judgment, which can lead to
variability and inefficiencies. However, advancements in
artificial intelligence and machine learning present an
opportunity for a more precise, automated approach to
growth stage detection [21]. This chapter outlines the
methodology for designing, developing, and implementing
an artificial neural network (ANN)-based system to detect
rice growth stages. The system aims to provide farmers with
a reliable tool to automate the identification process, thereby
enabling timely and informed decision-making. By
integrating this system into a user-friendly platform, farmers

can upload images of their rice crops and receive instant
feedback on the current growth stage, optimizing their
farming practices and improving productivity.

The proposed rice growth stage detection system uses
artificial neural networks to analyze and classify images of
rice crops, determining the specific growth stage based on
visual features [14]. A convolutional neural network (CNN),
tailored for image recognition tasks, serves as the system's
core component [22]. The CNN is trained on a diverse dataset
of rice crop images at various growth stages, captured under
different environmental conditions [23]. The system
processes these images to extract crucial features like texture,
colour, and shape, which are essential for distinguishing
between different growth [24]. The system is integrated into
a web-based platform that allows farmers to upload images
of their crops. Once uploaded, the CNN processes the image
and provides immediate feedback on the rice's current growth
stage, along with suggestions for appropriate farming
practices based on the identified stage. This real-time,
automated analysis significantly reduces the need for manual
monitoring and expert intervention [25]. The machine
learning workflow is shown in Fig. 1.

Eval model

[

Y A

Feature matris Machine o
Training data | reature eaiin ‘ Meodel £
1 < »  learning b £t
(Raw dlata) extraction f o
algorithm =
| Labels g

o
c
F i Faature vector ',.3

eature oosmen
New data > 3 T
extraction g
o

Figure 1 Machine learning workflow

The system's effectiveness hinges on the quality of the
dataset used to train the machine-learning models [16]. A
comprehensive dataset of rice crop images at various growth
stages, captured under diverse environmental conditions, was
compiled from multiple sources. To enhance the model's
robustness, extensive data augmentation techniques,
including random rotation, scaling, and colour adjustments,
were employed [26]. Three prominent CNN architectures—
ResNet, MobileNet, and InceptionNet—were selected for
comparison, each offering distinct advantages in accuracy,
computational efficiency, and scalability [27-29]. The
training process involved hyperparameter tuning, transfer
learning, and regularization techniques to ensure optimal
performance. The models were continuously evaluated using
metrics such as accuracy, precision, recall, and F1-score to
select the best-performing architecture for deployment.

Data collection involved gathering a diverse set of rice
images at different growth stages and under varying
environmental conditions. The images were sourced from
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publicly available agricultural datasets, custom-captured
images from rice fields, and contributions from agricultural
research institutions. This diverse dataset enhances the
model's ability to generalize and perform well in real-world
applications [30]. Preprocessing steps included image
resizing, noise reduction, and data augmentation to ensure
compatibility with the neural network architectures [31][32].
Exploratory Data Analysis (EDA) was conducted to
understand the dataset's underlying patterns, relationships,
and potential issues [33]. EDA helped identify any
imbalances in the dataset and informed decisions on model
selection and training strategies.

The dataset was split into training, validation, and test
sets, with 70% of the data used for training, 20% for
validation, and 10% reserved for testing. Normalization was
applied to standardize the input values, ensuring that all input
features contributed equally to the model's learning process
[34]. The test site for system deployment was carefully
selected to represent typical rice-growing environments,
considering factors such as rice variety, environmental
conditions, and field layout [35-37]. The system, including
cameras, sensors, and processing units, was installed and
configured according to the experimental requirements, with
the selected machine-learning models evaluated on a
validation set to ensure their accuracy and reliability in
classifying rice growth stages.

The system's performance was evaluated through
controlled experiments focusing on key metrics such as
classification accuracy, model comparison, environmental
adaptability, and operational efficiency. The performance of
ResNet, MobileNet, and InceptionNet models was compared
to determine which provided the best balance of accuracy and
computational efficiency. The system's adaptability to
varying environmental conditions, including different
lighting and weather patterns, was assessed, along with its
operational efficiency, including power consumption and
maintenance requirements [23]. User feedback was collected
from farmers and agricultural experts to evaluate the system's
usability, reliability, and effectiveness in supporting rice
growth stage monitoring. The experimental trials were
conducted over an entire growing season, with continuous
monitoring and data logging to capture the system's
performance across different growth stages and
environmental conditions.

The data collected during the experimental trials was
analyzed to identify areas for improvement and optimize the
system's performance. The analysis included evaluating the
effectiveness of each machine learning model, the accuracy
of growth stage classification, and the overall system's
reliability and adaptability. The data preprocessing involved
cleaning, organizing, and formatting the raw data to facilitate
thorough analysis. Trends and correlations between growth
stages, environmental conditions, and system performance
metrics were identified, leading to model refinement and
operational modifications to enhance system performance.
The continuous refinement and optimization of the rice
growth stage detection system aimed to ensure its
effectiveness and reliability in real-world agricultural

settings, ultimately providing farmers with a valuable tool to
improve crop management practices.

4 IMPLEMENTATION AND RESULT

The implementation of this research involves developing
a machine-learning model by following a systematic
workflow, beginning with data collection and preparation. A
dataset from Roboflow, containing images of rice plants
labeled as "Raw" or "Ripe," was used. This data was split into
three subsets—training, testing, and validation—to ensure
the model's generalization. The dataset preparation, shown in
Fig. 2, included consolidating all images into a unified
directory structure, separating them into "Raw" and "Ripe"
categories for easier processing during the subsequent stages
of model training.

import o5
{nport shutfl

def conbine_inages_to_class_folders(dataset_path, output_folder):

Conbine all images frem 'trafn’, ‘test’, and 'valid® folders Into 'R’ and 'Ripe’ subfolders
inside 3 single cutput folder,

‘paren dataset_path: The root path of the dataset contalning “tealn’, "test’, and ‘valld' folders.
iparan output_folder: The path to the folder where 1l images will be conbined into "Raw’ and 'Ripe" subfolders,

# Ensure the output folder exdsts
if not og.path.exists(output_folder):
os. akedirs output_folder)
Figure 2 Data preparation

inport o5
{rport shutdl

def conbne_inages_to_class_folders(dataset_path, output_folder):

teabine all images frem ‘trafn’, ‘test’, and 'valld' felders into 'Raa’ and ‘Ripe’ subfolders
inside a single cutput folder,

‘paren dataset_path: The root path of the dataset contaladng ‘traln’, ‘test’, end ‘valld' folders.
sparan output_folder: The path to the folder where all images will be conbined into "Raw’ and "Ripe’ subfolders,

# Ensure the output folder exists
if nat os.path, exists (output_folder):
os. akeddrs output_folder)

Figure 3 Random sampling

Following data consolidation, the workflow handled
potential file conflicts, such as duplicate file names, by
appending numerical suffixes to ensure unique filenames.
This process helped maintain data integrity, preventing data
loss due to overwriting. Additionally, random file sampling,
shown in Fig. 3 was implemented to create smaller, balanced
subsets for testing or validation. Fig. 4 shows the stratified
data splitting, which ensured that each class had equal
representation across the training, testing, and validation sets,
which is critical for building a robust model capable of
generalizing well on unseen data.

The research implemented multiple deep learning
models, including  ResNet50, InceptionNet, and
MobileNetV2, leveraging pre-trained  architectures.
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ResNet50 utilized transfer learning, retaining some layers for
feature extraction while fine-tuning others to adapt to the new
dataset. A Global Average Pooling (GAP) layer was
appended, followed by Dense layers with Dropout to avoid
overfitting. Similarly, InceptionNet, based on InceptionV3,
captured multi-scale features through its inception modules.
The model retained valuable feature extraction capabilities
while adapting to the new classification task, also
incorporating GAP and Dropout layers to prevent overfitting.

mport o8
mport shutil
ron sklearn.model selection impart train_test split

of stratified split dataset(dataset path, output path, train_ratio=8.6, test ratin=0.3, val_ratio=0.1):
Split the dataset into train, test, and validation sets with stratified sampling.

:param dataset_path: Path to the dataset containing class subfolders.

iparam output_path: Path to the output folder where the split dataset will be stored.
sparam train_ratio: Ratio of the dataset to be used for training (default is 8.6).
:param test_ratio: Ratlo of the dataset to be used for testing (default is 8.3).
sparam val_ratio: Ratio of the dataset to be used for validation (default is 8.1),

# Ensure the output folders exist
for split in ['train’, "test’, 'val']:
split_path = os.path.join{cutput_path, split)
if not os.path.exists(split_path):
os.makedirs(split_path)

# Get class subfolders
classes = [d for d in os.listdir(dataset_path) if os.path.isdir(os.path.join(dataset_path, d))]

for ¢ls in classes:
¢lass_path = os.path.joln(dataset_path, cls)
imaoes = [f for f in ne. listdirielass nath) if ne.nath.isfilafnc.nath.dniniclass nath, f111

Figure 4 Data splitting
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Figure 5 RestNet implementation

A comparative analysis of the performance of three
models—ResNet50, InceptionV3, and MobileNetV2—on a
rice growth dataset, evaluating their strengths, weaknesses,
and overall effectiveness. As shown in Figs. 8 and 9 the
ResNet50 model achieved an accuracy of 87.3% on the test

set, with an F1 score of 86.9%, indicating a good balance
between precision and recall. However, the model struggled
with differentiating between certain classes, such as
misclassifying instances of 'Vegetative' as 'Reproductive’ and
confusing 'Ripening' with 'Vegetative.' The training curves
showed a smooth increase in accuracy, plateauing at 90—
92%, which suggests some level of overfitting despite
effective learning and generalization.
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Figure 6 Inception net implementation

] def mobilenet_model{no_layers=5):
# Load the MobileNetV2 model with pretrained weights, without the top layers
mobilenet_model = MobileMetv2(include top=False, welghts='imagenet')

# Freeze all layers except the last “ne_layers’
for layer in mobilenet_model.layers[:-no_layers]:
layer.trainable = False # Freszing the layers

# Adding custom layers on top of the MobileNetv2 model
mobilenet_x - mobilenet_model.output
¥ = GlobalAveragePooling20()(mobilenet_x)

# Add fully-connected dense layers as head
% = Dropout(8.2)(x)

% = Dense(512, activation="relu’){x)

X = Drapout(8.2)({x)

X = Dense(d4, activation='relu’)(x)

% = Dropout({d.2)(x)

# Add a final softmax layer for classification (3 classes)
predictions = Dense(3, activation='softmax’)(x)

# Define the complete model
model = Model{inputs-mobilenet_model.input, outputs-predictions, name="mobilenet™)

return mgdel
Figure 7 Mobile net implementation

3¥ Accuracy score: 8.8727544918179641
F1 score: B.8697522597784368
Log loss score: @.33019455157768657
Precision score: 8.8794540663153969
Recall score: 8.87275445918179641

Figure 8 ResNet results breakdown

Fig. 10 shows the confusion matrix revealed minimal
misclassifications, demonstrating InceptionV3's superiority
in-class differentiation.
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Figure 10 Confusion matrix

Figs. 11 and 12 show that the InceptionV3 model
outperformed ResNet50 significantly, achieving a test
accuracy of 95.1% and an F1 score of 94.8%. Its lower log
loss of 0.13 indicated well-calibrated predicted probabilities,
making it a highly reliable model for this classification task.
Fig. 10 showed the confusion matrix, which revealed
minimal misclassifications, demonstrating InceptionV3's
superiority in-class differentiation. The training curves for
InceptionV3 showed rapid improvement in accuracy, which
stabilized at a high level, with the loss curve reflecting
excellent fitting and generalization.

Training accuracy vs Validation accuracy Training Loss Vs Validation Loss
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Figure 11 Accuracy and loss plot for the InceptionV3

Accuracy score: 8.9678652682634731
F1 score: 8.9669153798373413

Log loss score: 8.186379959286858977
Precision score: ©.9669677661612094
Recall score: B.9678658682634731

Figure 12 Results break down for inception net

The MobileNetV2 model (Figs. 13 and 14) also
performed well, with an accuracy of 93.5% and an F1 score
0f 93.1%, positioning it between InceptionV3 and ResNet50
in terms of performance. The log loss for MobileNetV2 was
0.22, better than ResNet50 but not as good as InceptionV3,
indicating some room for improvement in probability
calibration. While the confusion matrix highlighted some
misclassifications, particularly in the 'Ripening' -class,
MobileNetV2 showed better stability in model performance
compared to ResNet50, with steady decreases in loss and
strong generalization capabilities.

Training accuracy vs Validation accuracy Training Loss Vs Validation Loss
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Figure 13 MobileNet accuracy and loss

Accuracy score: 8.9341317365269461
Fl1 score: 8.9322727281344163

Log loss score: §.24578403742749838
Precision score: 9.9364048252852812
Recall score: 8.9341317365269461

Figure 14 MobileNet results

In  comparing  ResNet50, InceptionV3, and
MobileNetV2, InceptionV3 emerges as the most effective
model, achieving the highest accuracy (95.1%), F1 score
(94.8%), and the lowest log loss (0.13), indicating superior
probability calibration and reliable classification with
minimal misclassifications. ResNet50 struggles with class
differentiation and shows signs of overfitting, making it less
reliable overall. Thus, InceptionV3 is the best model, with
MobileNetV?2 as a strong alternative.

MobileNetV2 was chosen for its efficiency on mobile
and embedded devices, employing depthwise separable
convolutions to reduce computational demands. The model
was pre-trained on ImageNet, and adjustments were made to
the final layers to suit the specific task of classifying rice
growth stages. The model was compiled with a loss function,
optimizer, and evaluation metrics tailored for multi-class
classification. The training involved refining the model's
predictions over multiple epochs, with validation against a
separate dataset to ensure generalization and performance.

In summary, the workflow—from data preparation to
model implementation—was designed to maintain data
integrity, ensure balanced datasets, and build efficient
models for classifying rice growth stages. Each model—
ResNet50, InceptionNet, and MobileNetV2—was tailored
for the task, utilizing pre-trained architectures and advanced
techniques like transfer learning, GAP, and Dropout to
achieve accurate and generalizable results.
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5 CONCLUSION

This study analyzed and evaluated the performance of
three advanced deep learning models—ResNet50,
InceptionV3, and MobileNetV2—on rice plant classification.
Among these, InceptionV3 proved to be the most effective,
achieving the highest accuracy (95.1%) and F1 score
(94.8%), along with excellent probability calibration. Its low
misclassification rates make it the best model for
differentiating between rice plant classes.

MobileNetV2, while slightly less powerful than
InceptionV3, still performed well with an accuracy of 93.5%
and an F1 score of 93.1%. It strikes a good balance between
performance and efficiency, making it suitable for
deployment in resource-constrained environments. Despite
its higher log loss of 0.22 compared to InceptionV3,
MobileNetV2 remains a reliable model.

ResNet50, although effective, lagged behind the other
models with an accuracy of 87.3% and an F1 score of 86.9%.
Its higher log loss of 0.33 and difficulties in class
differentiation indicate that it requires significant refinement
to compete with InceptionV3 and MobileNetV2.

Based on these findings, InceptionV3 is recommended
as the preferred model for rice plant classification due to its
superior accuracy, high F1 score, and well-calibrated
probabilities, making it ideal for reliable and precise
classification tasks.

To further enhance model performance, increasing the
size and diversity of the dataset used for training and testing
is essential. A more comprehensive dataset will help improve
the models' ability to generalize, reduce misclassifications,
and provide more accurate and reliable classification results.

Additionally, techniques such as transfer learning, fine-
tuning of pre-trained models, and the development of hybrid
models that combine the strengths of different architectures
are recommended. Continuous improvement efforts,
including advanced data augmentation and robust
preprocessing techniques, will further advance the field of
rice plant classification, enabling more effective solutions in
precision agriculture. In conclusion, the research effectively
highlights the transformative potential of Al in agriculture,
InceptionV3 is hereby recommended as the most effective
model for rice growth stage classification
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