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Abstract

A hybrid approach combining morphological color segmentation and Convolutional Neural Networks
(CNNs) was employed to improve color image segmentation for agricultural applications. The primary
goal was to partition agricultural images into significant regions representing plant components, soil,
and background features. The method was evaluated against traditional algorithms such as K-Means,
Improved K-Means, Fuzzy C-Means (FCM), and Region-growing, demonstrating superior accuracy
in agricultural tasks like crop surveillance and disease detection. Morphological operations like
dilation, erosion, opening, and closing were used to refine the segmentation by enhancing pixel
characteristics, defining borders, and minimizing noise. Quantitative evaluation using metrics such as
Rand Index (RI), Global Consistency Error (GCE), and Variation of Information (VOI) showed
the proposed method achieved an RI of 0.95, outperforming conventional approaches with lower GCE
and VOI scores. Additionally, CNN architectures like U-Net and Mask R-CNN were integrated to
capture both local and global features. This hybrid approach offers a powerful solution for precision
agriculture, enabling better crop monitoring and disease identification in challenging environments.
Future work will explore further integration with more advanced CNN models and fine-tuning the
methodology for real-time agricultural applications.

Keywords: Morphological Segmentation, Agricultural Image Processing, Convolutional Neural
Networks (CNNs), Crop Monitoring, Image Segmentation Algorithms
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1. Introduction
Agriculture, a cornerstone of human civilization, is undergoing a transformation driven by
technological advancements, particularly in the realm of computer vision. As the global population
continues to rise, the demand for food production intensifies, necessitating more efficient and
sustainable agricultural practices. Traditional methods, while foundational, often fall short of meeting
these demands due to their reliance on manual labour and subjective assessments. This gap has paved
the way for the integration of modern technologies like computer vision and image segmentation,
which offer precision and automation to the agricultural sector.
The relevance of these technologies cannot be overstated. With the advent of high-resolution imaging
devices and the availability of large datasets, computer vision systems are becoming more
sophisticated, enabling more detailed and accurate analysis. For instance, farmers can now use drones
equipped with cameras to capture images of their fields, which are then analysed using computer vision
algorithms to detect areas affected by pests or diseases.
Image segmentation, a key technique in computer vision, is particularly relevant to agricultural
applications. It involves partitioning an image into different segments based on colour, texture, or other
visual features. In agriculture, colour image segmentation can be used to differentiate between various
parts of a plant, such as leaves, stems, and fruits, or to distinguish between healthy and diseased tissue.
This ability to segment images accurately is vital for tasks such as disease detection, crop counting,
and yield estimation. Moreover, the relevance of computer vision in agriculture extends to precision
farming, a modern farming management concept that uses data-driven approaches to optimize crop
production. By integrating computer vision with other technologies like GPS and IoT, farmers can
monitor their fields in real time, making informed decisions about planting, irrigation, fertilization,
and harvesting. This level of precision not only improves productivity but also reduces waste and
environmental impact, contributing to the sustainability of agriculture.
Agricultural image segmentation is an essential task in modern farming, enabling the identification
and analysis of various plant parts, soil, and background elements. Accurate segmentation is crucial
for applications such as crop monitoring, disease detection, and yield estimation. Traditional
segmentation methods like K-Means, Fuzzy C-Means (FCM) , and Region-growing algorithms
have been widely used for these purposes. However, these techniques often struggle with complex
agricultural images, which are affected by varying lighting conditions, environmental noise, and
overlapping plant structures. To address these challenges, this work proposes a morphological colour
segmentation algorithm specifically tailored for agricultural applications.
Morphological operations such as dilation, erosion, opening, and closing are employed to enhance
image features and refine segmentation results by improving boundary detection and reducing noise.
These operations, based on image structure and object shapes, help in partitioning images into
meaningful segments that represent different components in agricultural scenes. The proposed method
is benchmarked against traditional segmentation approaches to evaluate its effectiveness in accurately
segmenting complex agricultural images.
Additionally, the integration of Convolutional Neural Networks (CNNs), particularly architectures like
U-Net and Mask R-CNN , is explored as a potential enhancement to the segmentation process.
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CNNs, with their ability to learn hierarchical features, offer a powerful tool for improving
segmentation accuracy by capturing both local and global image features. This hybrid approach,
combining morphological techniques and CNNs, aims to provide a robust and adaptable solution for
agricultural image segmentation, significantly improving the precision and reliability of tasks like crop
monitoring and disease detection.
In our previous work, we introduced a sophisticated approach to colour image segmentation
specifically designed for agricultural applications. This method is centred around a morphological
colour segmentation algorithm, which was benchmarked against established techniques such as K-
Means, Fuzzy C-Means (FCM), and Region-growing algorithms. The primary objective was to
partition agricultural images into meaningful segments representing different components like plant
parts, soil, and background elements. This process is critical for applications like crop monitoring,
disease detection, and yield estimation, where accurate identification of plant features is essential. The
morphological operations used, including dilation, erosion, opening, and closing, manipulate the image
structure based on object shapes and sizes, enhancing feature visibility and refining segmentation
results.[1][2]
1.1 Applicability of CNNs
CNNss are highly effective in capturing spatial hierarchies in images, making them ideal for tasks that
require the identification and segmentation of objects based on their color, shape, and texture.
In agricultural applications, where images can be complex due to varying environmental conditions,
lighting, and the presence of multiple overlapping objects, CNNs offer a powerful tool for improving
segmentation accuracy. The integration of CNNs into the existing morphological segmentation
framework described in the document can enhance the precision and robustness of the segmentation
process. Here’s how CNNs can be applied to improve the existing methodology
CNN§s' capacity to learn hierarchical features from raw visual data is a major benefit. This is important
in agricultural photos, where segmentation requires identifying small changes in colour, texture, and
shape between plant portions or healthy and unhealthy areas. CNN-based approaches can
automatically learn these features during training, removing the need for difficult and time-consuming
manual feature extraction. Even in difficult settings, the learnt characteristics can segment the image
accurately.CNNs, especially U-Net and Mask R-CNN, perform well in picture segmentation. U-Net
captures local and global characteristics, which are essential for agricultural image segmentation, even
with low training data. Mask R-CNN identifies, segments, and masks visual objects at the pixel level.
Agriculture requires accurate segmentation of plant components or disease-affected areas for study;
therefore this degree of precision is especially useful.
Agricultural photos generally have complicated backgrounds, changing sunlight, and overlapping
items. Traditional segmentation algorithms like K-Means or Region-growing may fail on these images.
CNNs stand up to such complexity. Despite these obstacles, CNNs can be trained to recognize and
segment objects using data augmentation.
Data augmentation methods like rotation, scaling, and color jittering can expose the CNN to different
visual situations during training. The CNN can segment images from different environments better
since it generalizes better. CNNs can be combined with the document's morphological segmentation
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algorithms to create a hybrid approach that combines their capabilities. CNN output can be improved
using morphological procedures like dilation and erosion to improve segmentation boundaries. This
hybrid strategy could improve segmentation by integrating CNNs' deep learning capabilities with
agricultural-optimized image processing methods.

1.2 Handling Complexities in Agricultural Images

Agricultural images often contain complex backgrounds, varying lighting conditions, and overlapping
objects. Traditional segmentation methods, such as K-Means or Region-growing, may struggle to
accurately segment these images. CNNs, however, are robust to such complexities. Through
techniques like data augmentation, CNNs can be trained to recognize and accurately segment objects
despite these challenges. This helps the CNN generalize better, making it more effective at segmenting
images captured under different environmental conditions.

1.3.Segmentation

Region-based segmentation is a classical image processing method used to divide an image into
regions that share a common characteristic, such as color or texture. Traditionally, this approach relies
on techniques like region-growing, where a seed point is chosen, and neighboring pixels that meet a
homogeneity criterion are added to the region. While effective in simpler scenarios, these methods
face challenges with complex images, particularly those with irregular boundaries, noise, or
overlapping objects—issues commonly found in agricultural images.

Convolutional Neural Networks (CNNs) offer a more advanced approach to region-based
segmentation by learning features such as color, texture, and shape directly from the data, rather than
relying on predefined rules. CNNs, particularly architectures like U-Net and Mask R-CNN, have
proven highly effective for image segmentation tasks. U-Net's encoder-decoder structure enables it to
capture both local and global features, making it suitable for segmenting intricate agricultural images.
Mask R-CNN further enhances this by generating precise masks for each region of interest, which is
especially useful for distinguishing between different plant parts or identifying diseased areas.CNN-
based region segmentation has several advantages over traditional methods. CNNs can learn complex,
non-linear features that lead to more accurate segmentation, especially in scenarios where simple pixel-
based comparisons are insufficient. They are also more robust to variations in lighting, scale, and noise,
and can adapt to different crops, diseases, and environmental conditions. However, the benefits in
accuracy, robustness, and adaptability make CNN-based region segmentation a valuable tool in
agricultural image analysis.

2. Literature Review
Kempelis et al. (2024)[3] explore the application of computer vision and machine learning, specifically
convolutional neural networks (CNNs), in urban agricultural systems. The study focuses on using
thermal images to forecast key environmental parameters, such as relative air humidity, soil moisture,
and light intensity, which are critical for plant health in urban farming. The authors utilize CNNs to
predict these parameters with Mean Absolute Percentage Errors (MAPESs) ranging from 10% to 12%,
indicating a high level of accuracy, particularly for humidity and soil moisture. The method effectively
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leverages the correlation between thermal patterns and these environmental factors, making it a
powerful tool for predictive analysis in urban agriculture. The study employs CNNs trained on thermal
images to predict environmental parameters crucial for plant health. The methodology includes data
collection from IoT environmental sensors, preprocessing of thermal images, and the training of CNN
models to forecast the sensor readings. The approach significantly enhances the accuracy of
forecasting critical agricultural parameters, allowing for proactive management of urban farms. The
use of thermal images, which effectively capture temperature-related variations, is particularly well-
suited for predicting humidity and soil moisture levels. The method's performance in predicting light
intensity was less effective, with lower accuracy attributed to the complex and variable factors
influencing light in urban environments. The study suggests the need for further research, possibly
integrating additional data sources or hybrid modelling approaches, to improve the accuracy of light
intensity predictions.Mamatov et al. (2024)[4] present a study on contour detection in agricultural crop
images using various filters, including Canny, Sobel, and Robinson, and their combinations. The
research aims to enhance the accuracy of object detection in crop monitoring by improving the image
preprocessing stage, which is critical for contour detection and segmentation. The study compares the
effectiveness of different edge detection filters—Canny, Sobel, and Robinson—individually and in
combination. The performance of these filters is evaluated based on their ability to accurately detect
contours in agricultural images, with particular attention to the reduction of noise and the improvement
of image contrast. Sykes et al. (2023)[5] review the application of computer vision in plant pathology
with a specific focus on cocoa agriculture. The paper discusses various computer vision techniques
used to detect and manage plant diseases, emphasizing the importance of early detection in preventing
significant crop losses.The review compiles and analyzes various studies that utilize computer vision
techniques, such as machine learning algorithms and image processing methods, for the detection of
plant diseases. The focus is on methods that can be applied to cocoa crops, including techniques for
identifying specific disease symptoms from images of leaves and other plant parts. The review
highlights the effectiveness of computer vision in early disease detection, which is crucial for
mitigating the spread of pathogens in crops. By enabling timely intervention, these techniques help
reduce crop losses and improve overall yield. One major challenge identified in the review is the
variability in disease symptoms, which can make accurate detection difficult. The performance of
computer vision models can be hindered by differences in image quality, lighting conditions, and the
presence of overlapping symptoms of different diseases.

Oudah et al. (2024)[6] carried out a comprehensive review of deep learning-assisted computer vision
techniques for smart greenhouse agriculture. The study focuses on how these advanced techniques can
optimize various aspects of greenhouse management, from monitoring plant health to automating
resource management. The review analyses the application of deep learning techniques, including
CNNs and Recurrent Neural Networks (RNNs), in processing and interpreting data from greenhouse
environments. The review covers a range of applications, including disease detection, growth
monitoring, and environmental control. Deep learning techniques offer high accuracy and adaptability
in processing complex datasets typical of greenhouse environments. These methods are particularly
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effective in integrating diverse data sources, such as images, sensor readings, and environmental
parameters, to provide comprehensive insights into plant health and greenhouse conditions. Fu et al.
(2024)[7] propose a method for extracting contours from agricultural . Canny, and Robinson filters.
The study is focused on improving the accuracy and reliability of contour detection in images used for
crop monitoring and disease identification. The researchers applied combinations of Sobel, Canny, and
Robinson filters to agricultural images to evaluate their effectiveness in contour detection. The method
is particularly effective in reducing noise and enhancing image contrast, leading to more reliable
contour extraction. Despite its effectiveness, the method is computationally demanding, which could
limit its applicability in real-time or resource-constrained agricultural monitoring systems. Moreover,
the study's reliance on pre-processed images means that the approach may need further adaptation to
handle raw, unprocessed images directly from the field.

2.1 Problem Statement

Agriculture faces numerous challenges that threaten its ability to meet the growing demands of the
global population. These challenges include crop diseases, pest infestations, inefficient resource use,
and climate change, all of which can significantly impact crop yields and food security. Traditional
agricultural practices, which often rely on manual observation and intervention, are not always
sufficient to address these issues effectively. This limitation is particularly evident in large-scale
farming operations, where monitoring vast fields manually is impractical and often leads to delays in
detecting and addressing problems.

One of the critical challenges in agriculture is the timely detection and management of crop diseases.
Diseases can spread rapidly through a field, causing widespread damage if not identified and treated
promptly. Traditional methods of disease detection, which rely on visual inspection by farmers or
agronomists, are often slow and subjective. This delay in detection can result in significant crop losses,
affecting both food supply and the livelihoods of farmers. Moreover, the reliance on human
observation means that diseases may not be identified until they are already well established, making
them more difficult and costly to control. Another significant challenge is yielding estimation, which
is essential for planning and managing agricultural operations. Accurate yield estimates allow farmers
to make informed decisions about harvesting, marketing, and resource allocation.

Precision farming, which aims to optimize the use of resources such as water, fertilizers, and pesticides,
also faces challenges in implementation. Efficient resource management is critical for both economic
and environmental sustainability in agriculture. However, without accurate and timely data on crop
health and field conditions, it is difficult to apply resources precisely where they are needed. This often
results in overuse or underuse of inputs, leading to increased costs, environmental degradation, and
reduced crop yields. Computer vision and colour image segmentation offer promising solutions to
these challenges. By automating the analysis of images and videos captured from agricultural fields,
these technologies can provide accurate and timely information on crop health, disease presence, and
potential yield. For instance, image segmentation techniques can be used to isolate and analyze specific

11376



Frontiers in Health InformaticsISSN-Online: www.healthinformaticsjournal.com
2676-7104

areas of a plant, enabling the early detection of diseases or nutrient deficiencies. This early warning
system allows for prompt intervention, reducing the impact of diseases and improving crop outcomes.
Computer vision can be integrated with other precision farming technologies to enhance resource
management.

2.2 Objectives

. The research will compare various segmentation methods, such as thresholding, clustering, and deep
learning-based approaches, to determine which techniques offer the best performance in different
agricultural scenarios.Another important objective is to assess the potential of computer vision for
improving yield estimation. This includes analysing how image segmentation can be used to count
crops, assess fruit ripeness, and predict harvest outcomes. By comparing the accuracy of computer
vision-based yield estimates with traditional methods, the research aims to demonstrate the advantages
of these technologies in providing reliable and timely data for decision-making. In addition, the
research aims to explore the integration of computer vision with precision farming technologies. This
includes examining how image analysis can be combined with data from sensors, GPS, and IoT devices
to optimize resource use in agriculture. The goal is to determine how computer vision can contribute
to more precise irrigation, fertilization, and pesticide application, reducing waste and minimizing
environmental impact.

2.3 Significance of the Study

This research is significant because it addresses the critical need for innovation in agriculture, a sector
that is vital for global food security and economic stability. By exploring the application of computer
vision and color image segmentation techniques, the study contributes to the advancement of
agricultural technology, offering solutions that can enhance the efficiency and sustainability of farming
practices. The findings of this research have the potential to improve crop yields, reduce resource
waste, and mitigate the environmental impact of agriculture, making it an important contribution to
the future of farming and food production.

3. Methodology

The proposed hybrid approach for image segmentation in agricultural applications integrates
Convolutional Neural Networks (CNNs) with morphological operations to improve segmentation
results. This method is structured in two stages. In the first stage CNN-based segmentation is employed
using models like U-Net or Mask R-CNN to perform the initial segmentation. The CNN is trained on
agricultural images to differentiate between various image components such as plant parts, diseased
areas, and background elements. The second stage applies morphological operations, including
dilation, erosion, opening, and closing, to refine the CNN output. These operations smooth boundaries,
fill gaps, and remove noise, yielding more precise and accurate segmentations.(Refer figure 1)
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Figure 1:Architecture of proposed system

The integration of CNNs with morphological operations offers several benefits. Improved accuracy is
achieved as morphological operations refine the rough edges produced by CNNs, leading to cleaner
segmentation. The hybrid approach also demonstrates robustness to noise, as CNNs handle complex
features while morphological operations filter out minor noise. Additionally, this method enhances
boundary detection, as the morphological techniques make the edges between segmented regions more
distinct, further improving the overall quality of segmentation.

Effective implementation of this approach requires a strategic combination of CNN training and post-
processing with morphological operations. The CNN must be trained on a diverse dataset of
agricultural images to generalize well, and morphological operations should be applied based on the
specific needs of the task. Evaluation using metrics such as the Rand Index (RI), Global Consistency
Error (GCE), and Variation of Information (VOI) is essential to assess the performance and fine-tune
the integration process for optimal results.Despite its advantages, this hybrid approach also presents
challenges. The integration of CNNs and morphological operations increases the complexity of the
segmentation process, requiring careful tuning. Additionally, the hybrid method is computationally
intensive, especially when large CNN models and multiple morphological operations are involved.
Access to high-performance computing resources is crucial to manage this complexity. Moreover, the
approach's success is heavily dependent on the quality and diversity of training data. If the dataset is
insufficient, the segmentation may not generalize well, even with morphological refinement.
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Figure 2: Process Model of proposed system

Preprocessing plays a critical role in enhancing input image quality before segmentation, particularly
when integrating CNNs with morphological operations. Techniques like dilation, erosion, and noise
reduction improve image clarity and enhance segmentation accuracy. Advanced methods such as non-
local means denoising and anisotropic diffusion can preserve edges while reducing noise.
Preprocessing methods like adaptive contrast enhancement and colour normalization further ensure
that CNNs can learn invariant features under varying conditions, essential for the segmentation of
complex agricultural images. Finally, post-processing using morphological operations helps refine the
segmented images, ensuring that they are free from noise and artifacts. Techniques such as conditional
dilation, erosion, and gradient computation highlight boundaries, making the segmented regions more
defined. Although these techniques add computational complexity, they are crucial for achieving high-
quality segmentation in challenging agricultural environments.(Refer Figure 2)

3.1 Experimental Setup
1. Dataset:

o Training Dataset: Curated agricultural images containing crops such as wheat, maize,
and tomatoes, annotated for different plant parts (leaves, stems, fruits) and disease-
affected areas.

o Validation and Test Datasets: Separate sets of images with similar annotations but
captured under different environmental conditions, such as varying lighting, angles, and
noise levels.

2. Model Architecture:

o CNN Architecture: U-Net, a well-known architecture for image segmentation, is used.
It consists of an encoder-decoder structure with skip connections, capturing both global
context and fine details.
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o Training Process: The model is trained with a learning rate of 0.001, using the Adam
optimizer, and a batch size of 16. Data augmentation techniques like rotations, flips,
and color jittering are applied.

4. Results

Evaluation metrics are crucial for assessing the performance of image segmentation algorithms. One
such metric is the Rand Index (RI), which measures the similarity between the predicted segmentation
and the ground truth by comparing the agreement between pixel pairs in both. Another important
metric is the Variation of Information (VOI), which quantifies the information loss between the
segmented image and the ground truth, providing insights into the differences in data clustering.
**Intersection over Union (IoU) is commonly used to evaluate how well the predicted segment
overlaps with the ground truth, focusing on the ratio between the intersection and union of the two.
Similarly, the Dice Coefficient is used to measure the balance between precision and recall, akin to
IoU but with a stronger focus on how well the predicted and actual segments align, making it valuable

in evaluating segmentation accuracy.
Table 1: Model Performance

Metric Training Dataset | Validation Dataset | Test Dataset
Rand Index (RI) 0.95 0.92 0.90
Variation of Information (VOI) | 0.15 0.18 0.20
Intersection over Union (IoU) | 0.85 0.80 0.78
Dice Coefficient 0.88 0.84 0.82

The U-Net model demonstrates strong segmentation capabilities on the training dataset, achieving a
high Rand Index (RI) of 0.95. This metric indicates that the model effectively learns to segment
agricultural images, identifying and separating plant parts such as leaves, stems, and disease-affected
areas with high accuracy. The Dice Coefficient of 0.88 and Intersection over Union (IoU) score of
0.85 further support this, showing that the predicted segments closely match the ground truth,
reflecting both precision and recall balance.
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Model Performance on Training, Validation, and Test Datasets
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Figure 3:Model Performance

When applied to the validation and test datasets, the model's performance shows a slight decline, with
the Rand Index dropping to 0.92 on the validation set and 0.90 on the test set. This minor drop in
performance suggests that the model generalizes well to new, unseen images but may exhibit slight
overfitting. Despite this, the model maintains strong segmentation accuracy, as seen in the high Dice
Coefficient and IoU scores across all datasets. The Variation of Information (VOI), which measures
information loss between the segmented image and the ground truth, remains low, indicating that the
model retains much of the original image's information during segmentation, though there is a slight
increase in VOI on the test set.
Table 2: Comparison of CNN Architectures

Metric U-Net Mask R-CNN DeepLabV3
Rand Index (RI) 0.90 0.92 0.91
Variation of Information (VOI) | 0.20 0.18 0.19
Intersection over Union (IoU) | 0.78 0.81 0.80

Dice Coefficient 0.82 0.85 0.84
Inference Time (ms) 50 80 65

A comparison between different CNN architectures—U-Net, Mask R-CNN, and DeepLabV3—reveals
that Mask R-CNN performs best overall, with the highest Rand Index, IoU, and Dice Coefficient. Mask
R-CNN's superior ability to capture detailed features and segment complex agricultural images more
accurately than U-Net and DeepLabV3 is evident in the results. However, this comes at the cost of a
longer inference time, making Mask R-CNN less suitable for real-time applications that prioritize
speed.U-Net, on the other hand, achieves slightly lower accuracy but offers a faster inference time,
making it a practical choice for applications where speed is critical and a slight trade-off in accuracy
is acceptable. DeepLabV3 provides a balanced option, with performance and inference time falling
between those of Mask R-CNN and U-Net, making it a versatile choice for tasks requiring both decent
accuracy and efficiency.
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Figure 4:Comparison of CNN Architectures
Table 3: Effect of Data Augmentation Techniques
Metric No Basic Advanced
Augmentation Augmentation | Augmentation

Rand Index (RI) 0.85 0.88 0.90
Variation of Information (VOI) 0.25 0.22 0.20
Intersection over Union (IoU) 0.70 0.75 0.78
Dice Coefficient 0.76 0.80 0.82
Training Time (epochs) 100 120 150

The impact of different data augmentation techniques on model performance is significant. The use of
advanced augmentation, which includes techniques like synthetic data generation, extensive
rotations, and color adjustments, results in the highest improvement across all metrics. The Rand
Index rises from 0.85 (without augmentation) to 0.90 with advanced augmentation, while the Dice
Coefficient improves from 0.76 to 0.82. These results indicate that advanced augmentation techniques
help the model generalize better by exposing it to a more diverse set of training examples, which is
crucial for handling the variations found in real-world agricultural environments.

11382



Frontiers in Health InformaticsISSN-Online: www.healthinformaticsjournal.com
2676-7104

Effect of Data Augmentation on Model Performance

No Augmentation
Basic Augmentation
140 Advanced Augmentation

1201

100

Scores / Epochs
(o]
o

[o)]
o

40

20t

Rand Index (RI) VOI loU Dice Coefficient Training Time (epochs)
Metrics

Figure 5:Effect of Data Augmentation Techniques
Even basic augmentation techniques, such as minor rotations and flips, provide noticeable
improvements in segmentation accuracy. However, without augmentation, the model's performance
suffers, leading to lower accuracy and higher VOI, indicating greater difficulty in generalizing to
unseen images. This highlights the importance of augmentation in preparing the model to handle
diverse and challenging agricultural datasets.

Table 4: Comparison of Optimizers in CNN Training:

Metric Adam SGD with Momentum RMSprop
Rand Index (RI) 0.91 0.89 0.88
Variation of Information (VOI) | 0.19 0.21 0.22
Intersection over Union (IoU) 0.80 0.77 0.76

Dice Coefficient 0.84 0.81 0.80
Convergence Time (epochs) 80 100 90

The choice of optimizer plays a critical role in the training efficiency and performance of the CNN
model. The Adam optimizer performs best, achieving the highest Rand Index, IoU, and Dice
Coefficient while also converging faster than other optimizers like SGD with Momentum and
RMSprop. Adam’s adaptive learning rate adjustments allow it to find the optimal solution more
efficiently, leading to better overall performance.SGD with Momentum shows slightly lower
performance but is known for its ability to generalize well, which may make it a good option for certain
tasks requiring more fine-tuned control over the learning process. However, its slower convergence
time makes it less efficient in this case. RMSprop lags behind in both accuracy and convergence time,
making it less suitable for agricultural segmentation tasks where high precision is required.The
analysis indicates that the U-Net-based CNN model performs well across various metrics, with strong
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generalization capabilities and accurate segmentation even in challenging conditions. Mask R-CNN
shows the highest

Comparison of Optimizers in CNN Training
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Figure 6:: Comparison of Optimizers in CNN Training:

accuracy but with a trade-off in computational complexity, whereas U-Net offers a good balance
between speed and accuracy, making it suitable for real-time agricultural applications. The use of
advanced data augmentation techniques significantly improves the model’s ability to handle diverse
datasets, and the Adam optimizer proves to be the most efficient for training the model.

These results suggest that CNN-based segmentation, particularly when optimized with advanced
techniques and fine-tuned for specific tasks, can significantly improve the accuracy and reliability of
agricultural image segmentation, paving the way for more precise crop monitoring and disease
detection.

Conclusion

This study successfully developed and validated a hybrid image segmentation approach for agricultural
applications, integrating morphological operations with Convolutional Neural Networks (CNNs). By
combining the strengths of both traditional image processing techniques and state-of-the-art CNN
architectures, such as U-Net and Mask R-CNN, the approach demonstrated superior performance in
accurately segmenting agricultural images. Quantitatively, the proposed method achieved impressive
results, with the Rand Index (RI) reaching 0.95 on the training dataset and slightly lower values of
0.92 and 0.90 on the validation and test datasets, respectively. The Dice Coefficient remained
consistently high across all datasets, with scores of 0.88, 0.84, and 0.82, indicating that the predicted
segments closely matched the ground truth. Additionally, the Variation of Information (VOI) remained
low, with values of 0.15 for training and 0.20 for the test dataset, signifying minimal information loss
during segmentation. The incorporation of CNNss, particularly U-Net and Mask R-CNN, enhanced the
model's ability to handle complex agricultural images characterized by varying lighting conditions and

overlapping objects. Mask R-CNN, with its detailed segmentation capabilities, achieved the highest
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accuracy in comparison to other architectures but required longer inference times, making U-Net a
suitable alternative for real-time applications where speed is essential.

Data augmentation techniques further improved the model’s generalization. Advanced augmentation,
including synthetic data generation and extensive rotations, resulted in the highest Rand Index of 0.90.
The Adam optimizer outperformed other optimizers in training efficiency, achieving an RI of 0.91
while converging in fewer epochs. In conclusion, this hybrid approach offers a robust solution for
agricultural image segmentation, providing high accuracy and reliability. The results demonstrate its
potential for applications such as crop monitoring and disease detection, ultimately contributing to
more efficient and precise agricultural practices.
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