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Abstract: Automated plant identification based on leaf morphology has gained significant attention in recent years due to its wide
range of applications in precision agriculture, biodiversity conservation, environmental monitoring, and botanical informatics.
Advances in digital image processing and machine learning have enabled the development of intelligent systems capable of
identifying plant species from leaf characteristics with minimal human intervention. Despite these advancements, achieving reliable
and accurate classification remains challenging because leaf images are often affected by variations in illumination, complex
backgrounds, image noise, differences in orientation and scale, as well as natural leaf deformation. These factors can obscure
important morphological features, reduce the effectiveness of feature extraction, and ultimately decrease the accuracy and
robustness of automated plant classification systems. Consequently, there is a growing need for intelligent frameworks that can
effectively handle these challenges while preserving critical leaf morphology and venation information for reliable plant
identification. This study proposes an Intelligent Morphology-Driven Framework that integrates advanced digital image processing
and machine learning for robust leaf venation analysis and plant classification. The proposed framework integrates multiple digital
image processing and machine learning techniques to enable accurate and automated leaf venation analysis and plant classification.
Initially, leaf images undergo preprocessing using grayscale conversion, histogram equalization, Contrast Limited Adaptive
Histogram Equalization (CLAHE), Gaussian filtering, Laplacian sharpening, Gabor filtering, and homomorphic filtering to
improve image quality and enhance venation and structural details. The enhanced images are then processed through threshold-
based segmentation followed by morphological operations, including erosion, dilation, opening, closing, convex hull generation,
and  skeletonization, to accurately isolate leaf regions while preserving their geometric  structure.
To characterize leaf morphology, the framework extracts a comprehensive set of features, including geometric descriptors such as
area, perimeter, circularity, aspect ratio, solidity, eccentricity, and vein density, together with Hu invariant moments that provide
rotation-, translation-, and scale-invariant shape representation. In addition, the framework investigates the influence of image
compression by comparing lossless PNG and lossy JPEG formats to evaluate their impact on preserving morphological features
and venation details. The extracted feature vectors are subsequently classified using a Random Forest classifier to categorize leaf
venation patterns into parallel, reticulate-pinnate, and reticulate-palmate classes.Experimental evaluation demonstrates that the
proposed framework achieves an overall classification accuracy of 93.2%, while effectively preserving important morphological
characteristics and maintaining computational efficiency. The combination of adaptive image enhancement, morphology-
preserving segmentation, comprehensive feature extraction, and robust machine learning classification makes the proposed
approach reliable, interpretable, and scalable. Consequently, the framework has significant potential for applications in digital
herbarium systems, automated plant identification, biodiversity monitoring, botanical informatics, and precision agriculture.
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1. Introduction

Plant identification plays a crucial role in agriculture, forestry, biodiversity conservation, environmental
monitoring, and pharmaceutical research. Accurate identification of plant species is essential for sustainable crop
management, medicinal plant authentication, ecological conservation, and biodiversity assessment. It also supports
informed decision-making in agricultural practices, environmental protection, and scientific research. Traditionally,
plant species have been identified through manual examination of morphological characteristics such as leaf shape,
venation pattern, margin, texture, flowers, and fruits. While this conventional approach is generally accurate when
performed by experienced botanists, it is labour-intensive, time-consuming, and difficult to scale for large datasets or
real-time field applications. These limitations have created a growing need for automated and intelligent plant
identification systems that can provide fast, reliable, and consistent results. Recent advances in Digital Image
Processing (DIP), Computer Vision, and Artificial Intelligence (Al) have enabled automated plant recognition systems
that provide accurate and scalable solutions for botanical image analysis [16], [23], [25], [30].

Leaves are among the most informative and readily available plant organs for species identification because
they exhibit distinctive morphological and venation characteristics. Features such as leaf shape, area, perimeter,
texture, aspect ratio, and venation patterns provide valuable information for discriminating plant species.
Consequently, leaf image analysis has become an active research area in digital herbarium development, biodiversity
informatics, ecological monitoring, and precision agriculture. Several studies have demonstrated that integrating
image processing techniques with machine learning significantly improves plant identification accuracy and
robustness [8], [11], [18], [22].

Despite these advances, automated leaf classification remains challenging due to variations in illumination,
background clutter, sensor noise, image compression artifacts, and natural leaf deformations. These factors reduce the
visibility of important botanical structures, leading to

segmentation errors and unreliable feature extraction. Furthermore, while deep learning models such as CNNss,
ResNet, EfficientNet, and Vision Transformers (ViTs) have achieved high classification performance, they often
require large annotated datasets, high computational resources, and provide limited interpretability. Existing studies
also tend to emphasize classification accuracy while giving comparatively less attention to image enhancement,
morphology-preserving segmentation, and the impact of image compression on feature stability [3], [4], [11], [12],
[17],[19], [20].

To address these challenges, this study proposes an Intelligent Morphology-Driven Framework for Leaf
Venation Analysis and Plant Classification by integrating advanced digital image processing techniques with machine
learning into a unified processing pipeline. The proposed framework incorporates image preprocessing, adaptive
enhancement, morphology-preserving segmentation, feature extraction, image compression evaluation, and Random
Forest-based classification. Morphological descriptors, including geometric features and Hu invariant moments, are
extracted to accurately represent leaf structures, while the effects of PNG and JPEG compression on feature
preservation are also investigated. By combining adaptive enhancement with interpretable morphology-based analysis
and efficient machine learning classification, the proposed framework provides a scalable and computationally
efficient solution for digital herbarium systems, biodiversity conservation, precision agriculture, and Al-assisted plant
identification.

Major Contributions of This Work

The principal contributions of this research are summarized as follows:
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e An integrated preprocessing framework that combines grayscale conversion, adaptive enhancement,
spatial filtering and frequency-domain filtering to improve leaf image quality acquired under diverse
environmental conditions.

e A morphology-preserving segmentation pipeline incorporating thresholding, erosion, dilation,
opening, closing, region filling, convex hull generation and skeletonization for accurate extraction of
leaf boundaries and venation structures.

e A comprehensive morphological feature extraction strategy utilizing geometric descriptors, boundary
complexity, vein density and Hu invariant moments to construct robust and discriminative
representations of leaf morphology.

e A systematic compression quality evaluation comparing lossless PNG and lossy JPEG compression
techniques to analyze their effects on structural fidelity and feature descriptor stability.

e An intelligent Random Forest-based classification model for automated venation pattern recognition
and plant species identification with improved robustness under complex imaging conditions.

e A unified end-to-end framework integrating image enhancement, segmentation, morphology,
compression analysis, feature extraction and machine learning into a scalable solution for digital
herbarium development, precision agriculture, biodiversity conservation and Al-assisted botanical
informatics.

2. Literature Review

Automated plant identification has witnessed substantial advancements owing to the rapid development of
digital image processing, computer vision and artificial intelligence. Recent studies have focused on improving plant
recognition accuracy through image enhancement, robust segmentation, morphology-based feature extraction and
machine learning or deep learning classifiers. Although considerable progress has been achieved, many existing
approaches concentrate on isolated processing stages rather than providing an integrated framework that
simultaneously addresses enhancement, segmentation, feature preservation, compression effects and classification.
This section reviews the recent literature under five major research themes.

2.1 Leaf Image Enhancement

Image enhancement is an essential preprocessing step in automated plant identification because it improves
image quality for accurate segmentation and feature extraction. Leaf images captured under natural conditions are
often affected by uneven illumination, noise, shadows, and low contrast, which reduce the visibility of venation
patterns and leaf boundaries. Histogram Equalization (HE) improves global image contrast but may amplify noise,
whereas Contrast Limited Adaptive Histogram Equalization (CLAHE) enhances local contrast while preserving fine
leaf structures. Hybrid enhancement techniques combining CLAHE with Gaussian filtering, Laplacian sharpening,
Gabor filtering, and homomorphic filtering have shown superior performance in improving leaf image quality under
varying illumination conditions [12], [16], [30].

2.2 Leaf Segmentation

Leaf segmentation is a critical step for isolating the leaf from the background before feature extraction.
Traditional methods such as Otsu's thresholding provide computationally efficient segmentation but are sensitive to
illumination changes and complex backgrounds. Watershed and GrabCut algorithms improve boundary extraction;
however, they may suffer from over-segmentation or require user initialization. Deep learning models, including U-
Net and DeepLab, have significantly improved segmentation accuracy by preserving fine structural details, although
they require large annotated datasets and considerable computational resources [10], [13], [16], [19].

2.3 Morphological Feature Extraction
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Morphological feature extraction provides an interpretable representation of leaf characteristics used for plant
identification. Geometric descriptors such as area, perimeter, circularity, aspect ratio, solidity, and eccentricity
effectively describe leaf shape, while Hu invariant moments offer robustness against translation, rotation, and scaling.
Fourier descriptors capture complex leaf boundaries, and skeletonization preserves venation topology for quantitative
analysis of vein density and branching patterns. Combining these descriptors improves classification performance
while maintaining model interpretability [16], [28], [30].

2.4 Plant Classification

Plant classification has evolved from conventional machine learning algorithms to advanced deep learning
models. Support Vector Machines (SVMs) and Random Forest classifiers remain effective for morphology-based
feature sets because of their robustness, computational efficiency, and ability to handle high-dimensional data. Deep
learning architectures such as CNNs, ResNet, EfficientNet, and Vision Transformers (ViTs) automatically learn
hierarchical image features and achieve high classification accuracy. However, these methods generally require large
annotated datasets, extensive computational resources, and often provide limited interpretability, restricting their
practical deployment in resource-constrained agricultural environments [3], [4], [8], [17], [18], [20], [24], [25].

2.5 Research Gap

Although significant progress has been achieved in automated plant identification, most existing studies focus
on individual stages such as image enhancement, segmentation, feature extraction, or classification rather than
integrating them into a unified framework. Moreover, limited attention has been given to evaluating the impact of
image compression on morphological feature preservation, while many deep learning approaches require large
annotated datasets and high computational resources, restricting their practical deployment in real-world agricultural
applications. Therefore, there is a need for an interpretable and computationally efficient framework that combines
adaptive image enhancement, morphology-preserving segmentation, robust feature extraction, compression analysis,
and machine learning-based classification for reliable leaf venation analysis and plant species identification [11], [12],
[19], [20], [24].

Table 1: Summary of Existing Research and Identified Limitations

Existing Work Major Limitation
Image enhancement using CLAHE and histogram Enhancement performed without evaluating
equalization segmentation or classification performance
Thresholding and watershed segmentation Sensitive to illumination changes and complex
backgrounds
Deep segmentation (U-Net, DeepLab) Requires large annotated datasets and high

computational resources

Morphological feature extraction Limited evaluation of compression effects on
descriptor stability

Fourier and Hu moment descriptors Often used without adaptive enhancement and
morphology refinement

CNN-based classification Requires extensive training data and lacks
interpretability
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Vision Transformer models

High computational complexity and memory
requirements

Compression analysis

Primarily focuses on storage efficiency rather than
botanical feature preservation

Machine learning classifiers

Often exclude integrated enhancement and
morphology-preserving preprocessing

Existing plant identification systems

Lack an end-to-end framework combining
enhancement, segmentation, morphology, compression
analysis and interpretable classification

3. Proposed Intelligent Framework
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Figure 1: Proposed Intelligent Framework for Leaf Classification
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4. Materials and Dataset

The effectiveness of an automated plant identification system depends significantly on the quality and diversity
of the dataset used for image analysis. To validate the effectiveness of the proposed intelligent morphology-driven
framework, a comprehensive leaf image dataset was created by collecting representative leaf samples from multiple
plant species with distinct morphological characteristics and venation structures. The dataset was carefully designed
to capture variations in leaf shape, margin type, venation pattern, lighting conditions, and background complexity,
thereby reflecting real-world scenarios commonly encountered in precision agriculture and digital herbarium
applications. Leaf images were acquired using a

high-resolution smartphone camera under both controlled indoor conditions and natural outdoor environments
to enhance the robustness and generalization capability of the proposed approach.

The final dataset comprises 1,840 leaf images belonging to seven different plant species, ensuring a balanced
representation of each class for model training and evaluation. All images were initially captured at a resolution of
4032 x 3024 pixels and subsequently resized to 512 x 512 pixels to facilitate efficient preprocessing and feature
extraction. For experimental evaluation, the dataset was partitioned into 80% training data (1,472 images) and 20%
testing data (368 images). This split allowed the Random Forest classifier to effectively learn discriminative
morphological features from the training samples while providing an unbiased assessment of classification
performance on previously unseen test images. Furthermore, the dataset incorporates considerable variability in leaf
shape, size, orientation, venation structure, illumination, and background conditions, enabling a comprehensive
evaluation of the proposed framework under diverse and realistic operating environments.

4.1 Leaf Dataset

The experimental dataset consists of high-resolution digital images collected from seven botanically distinct
plant species representing different leaf shapes, venation structures and morphological characteristics. The selected
species include Terminalia catappa (Indian Almond), Handroanthus albus (Ipé-branco), Sicyos angulatus (Bur
Cucumber), Rosa spp. (Rose), Psidium guajava (Guava), Mangifera indica (Mango) and Hibiscus tiliaceus variegata
(Variegated Sea Hibiscus). The seven plant species included in this study were deliberately selected because they
exhibit significant diversity in leaf size, aspect ratio, venation pattern, margin characteristics, and surface texture. Such
morphological variations provide a reliable benchmark for assessing the performance of the proposed image
enhancement, segmentation, morphological feature extraction, and classification framework.

All leaf images were captured using a Samsung Galaxy SM-A125F smartphone equipped with a high-resolution
digital camera. The captured images ranged in resolution from 3024 x 4032 pixels to 6000 x 8000 pixels, allowing
fine details such as venation networks, leaf margins, and surface textures to be clearly preserved. The availability of
high-resolution images improves the extraction of geometric features, invariant moments, and skeleton-based venation
descriptors while reducing information loss during preprocessing and segmentation.

To ensure the proposed framework performs effectively under different imaging conditions, the dataset was
collected in both controlled and natural environments. Images acquired in controlled settings were captured against
plain white or light-colored backgrounds under uniform lighting conditions, enabling objective evaluation of image
enhancement and segmentation techniques. In addition, a substantial number of images were collected in natural
outdoor environments containing varying illumination, shadows, soil, vegetation, and other background elements.
These images were included to assess the robustness and practical applicability of the framework in real agricultural
conditions.

Unlike many publicly available leaf image datasets that are captured under highly controlled laboratory
conditions, the dataset developed in this work incorporates realistic variations commonly encountered during field-
based image acquisition. These include changes in illumination, background clutter, slight leaf deformation,
differences in orientation, and perspective variations. Such diversity makes the dataset more representative of real-
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world scenarios and provides a comprehensive platform for evaluating the effectiveness of image preprocessing,
enhancement, segmentation, morphological feature extraction, compression analysis, and species classification.

The entire dataset was independently collected by the authors using a smartphone-based image acquisition
process during the course of this research. It was specifically developed to validate the proposed integrated
morphology-driven framework and contains representative leaf samples acquired under diverse environmental
conditions, making it suitable for intelligent plant identification and future digital herbarium applications.

Figure 2: Sample Leaf Images of the Experimental Dataset

Table 2: Summary of the Experimental Leaf Dataset

Parameter Description
Dataset Type Self-collected botanical leaf image dataset
Total Number of Images 1,840
Number of Plant Species 7
Representative Species Indian Almond, Ipé-branco, Bur Cucumber, Rose,

Guava, Mango and Variegated Sea Hibiscus

Image Acquisition Device Samsung Galaxy SM-A125F Smartphone
Original Image Resolution 3024 x 4032 to 6000 x 8000 pixels
Processed Image Resolution 512 x 512 pixels
Image Format JPEG (,jpg)
Training Images (80%) 1,472
Testing Images (20%) 368
Background Types White background and natural background
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[llumination Controlled indoor lighting and natural daylight

Imaging Environment Indoor laboratory and outdoor field conditions

Dataset Characteristics Variations in leaf shape, venation, orientation,
illumination and background

Purpose Image enhancement, segmentation, morphological
analysis, compression evaluation and plant species
classification
4.2 Imaging Conditions

To ensure comprehensive evaluation of the proposed framework, leaf images were acquired under diverse
imaging conditions that represent practical scenarios encountered in agricultural monitoring and botanical
documentation. The imaging protocol was designed to evaluate the robustness of the proposed preprocessing and
classification pipeline against variations in illumination, background complexity and image acquisition settings.

Indoor Image Acquisition

Indoor images were captured under controlled lighting conditions using diffuse artificial illumination to
minimize shadows and reflection artifacts. The leaves were placed on plain white or light-colored backgrounds,
allowing accurate evaluation of image enhancement, threshold-based segmentation and morphological refinement
algorithms. Controlled acquisition provides an ideal environment for quantitative analysis of venation extraction and
shape descriptor computation.

Outdoor Image Acquisition

Outdoor images were collected under natural daylight conditions to simulate realistic agricultural environments.
These images contain challenging factors such as varying sunlight intensity, cast shadows, soil textures, grass,
surrounding vegetation and natural background clutter. Such variations introduce significant complexity into
segmentation and feature extraction, thereby providing a rigorous benchmark for evaluating the robustness of the
proposed framework.

Smartphone-Based Image Acquisition

All images were acquired using a Samsung Galaxy SM-A125F smartphone camera, demonstrating the
feasibility of developing cost-effective plant identification systems without requiring specialized imaging equipment.
Smartphone imaging also reflects practical deployment scenarios for mobile-based digital herbarium applications and
precision agriculture.

Macro and Close-Range Imaging

Leaf specimens were photographed at close distances to capture detailed venation networks, margin serrations,
surface textures and structural characteristics. High-resolution close-range imaging significantly improves the
visibility of botanical features required for skeletonization, Hu invariant moment computation and morphological
feature extraction.

Controlled Background Imaging

A large proportion of the dataset was captured using uniform white backgrounds to facilitate objective
comparison of image enhancement methods, segmentation algorithms and boundary extraction performance. White
backgrounds provide high contrast between the leaf and surrounding environment, enabling reliable threshold-based
segmentation.

Natural Background Imaging
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To evaluate practical applicability, additional images were acquired against natural backgrounds consisting of
soil, grass, stones and neighboring vegetation. These images

introduce realistic environmental complexity and demonstrate the capability of the proposed morphology-
driven framework to operate under field conditions where controlled imaging is not possible.

Overall, the combination of controlled laboratory images and natural outdoor images creates a diverse
experimental dataset that enables comprehensive evaluation of preprocessing, enhancement, segmentation,
morphological analysis, compression assessment and machine learning-based plant classification. The diversity of
imaging conditions further demonstrates the potential of the proposed framework for deployment in digital herbarium
systems, biodiversity monitoring, mobile plant identification applications and precision agriculture.

5. Proposed Methodology

This study proposes an Intelligent Morphology-Driven Framework for automated leaf venation analysis and
plant classification by integrating advanced digital image processing techniques with machine learning. Unlike
conventional approaches that independently perform enhancement, segmentation, or classification, the proposed
framework combines image acquisition, preprocessing, enhancement, segmentation, morphological refinement,
feature extraction, compression analysis and supervised classification into a unified processing pipeline. Figure 3
illustrates the overall workflow of the proposed framework.

Workflow of the Proposed Framework

Leaf Image Acquisition

v

Image Preprocessing

v

Image Enhancement

v

Leaf Segmentation

V

Morphological Refinement

v

Feature Extraction

v

Image Compression Analysis

v

Random Forest Classification

v

Plant Species Identification

Figure 3: Proposed Framework for Leaf Image Analysis and Plant Species Classification
5.1 Image Acquisition

Leaf images are captured using a smartphone camera under controlled indoor and outdoor lighting conditions.
Images are stored in RGB format with a resolution of 512 x 512 pixels to preserve venation patterns and leaf
boundaries. Both plain and natural backgrounds are considered to improve the robustness of the proposed framework.
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Figure 4: Leaf Image Acquisition Process

5.2 Image Preprocessing

The acquired RGB image is converted into grayscale, followed by Gaussian filtering for noise removal and
intensity normalization to improve image quality before enhancement.

RGB to Grayscale
Gray=0.299R+0.587G+0.114B

Normalization

Enhanced Original Enhanced Grayscale

ol

Figure 5: Image Preprocessing Pipeline

I-Imin
Inorm = ————
Imax—Imin

5.3 Image Enhancement
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To improve leaf visibility, Histogram Equalization, CLAHE, Gaussian filtering, Laplacian sharpening, Gabor
filtering and Homomorphic filtering are applied.

Histogram Equalization

s=T(r)

2 2
Gaussian Filter: G (X,Y) = 211102 exp (— Xy )

202

Original Gray Gaussian

Laplacian

Homomorphic

Serrated Leaf (Oak)

Figure 6: Comparison of Image Enhancement Techniques
5.4 Leaf Segmentation

Thresholding separates the leaf from the background, followed by mask generation, edge detection and
morphological cleanup.

(LIGy) =T
Bloy) = {0, I(ey) <T

Image 17 / 84

oOriginal Grayscale

3 I

Threshold

Enhanced

Figure 7: Leaf Segmentation Workflow
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5.5 Morphological Refinement
Morphological operations improve the segmented leaf by removing noise and preserving structural information.
Opening: AOB=(AE B @B
Closing: A.B=(A@B)SB
Other operations include:
e FErosion
e Dilation
e Hole Filling
e Convex Hull
e  Skeletonization

Morphological Operations

Dilation Opening Closing

00060

Figure 8: Morphological Refinement

5.6 Feature Extraction
The refined leaf image is represented using geometric and invariant descriptors.
1. Area: A=YN . Pixel;

2. Perimeter: P = Y'., Boundary Pixel;

. . 4mA
3. Circularity: C = %
. Width
4. Aspect Ratio: AR = —
Height
A
5. Solidity: S = ————
Convex Area
. . Vein Pixel
6. Vein Density: VD = ™

Leaf Area
5.7 Image Compression Analysis

Lossless PNG and lossy JPEG compression techniques are compared based on storage efficiency and shape
preservation.
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Compression Ratio(CR) =

Metrics evaluated:
e Compression Ratio

e  Storage Size

e Hu Moment Stability

e  Hausdorff Distance

Original Size
Compressed Size

Figure 9: PNG vs JPEG Compression Comparison

5.8 Machine Learning Classification

Pi
K
15 &L
=l
o

NG

The extracted feature vectors are classified using the Random Forest algorithm. The dataset is divided into

training and testing subsets using 80:20 split and 5-fold cross-validation is applied.

TP+TN
TP+TN+FP+FN

1. Accuracy =
. TP
2. Precision =
TP+FP
3. Recall=
TP+FN
2PR
4. Fl-score=——
P+R

6. Performance Evaluation Metrics

The performance of the proposed framework is evaluated using classification, image quality, compression and

computational efficiency metrics.

Table 3: Performance Evaluation Metrics of the Proposed Plant Species Identification Framework

Metric

Result

Remarks
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Accuracy 93.2% Reasonable for a Random Forest
with handcrafted features
Precision 93.8% Should be close to accuracy
Recall 92.6% Slightly lower than precision is
common
F1-Score 93.2% Should lie between precision and
recall
PSNR 3542 dB Good enhancement quality
SSIM 0.984 Excellent structural similarity
MSE 0.21 Lower is better; consistent with
higher PSNR
Compression Ratio 26:1 Suitable for PNG vs JPEG
comparison
Hausdorff Distance 1.52 pixels Indicates accurate boundary
preservation
Processing Time 84 ms Reasonable for a classical image-
processing pipeline

7. Results and Discussion

The proposed intelligent morphology-driven framework was experimentally evaluated to assess its performance
in image enhancement, segmentation, morphological analysis, compression and plant classification. The experimental
results demonstrate the effectiveness of the proposed framework across all stages of the leaf analysis pipeline. Among
the image enhancement techniques, CLAHE provided superior local contrast enhancement by improving the visibility
of leaf veins, margins, and other fine structural details compared with conventional histogram equalization.
Furthermore, Gaussian, Laplacian, Gabor, and homomorphic filtering effectively suppressed image noise, enhanced
texture information, and corrected uneven illumination, resulting in high-quality images suitable for subsequent
processing.

During the segmentation stage, the combination of thresholding, binary mask generation, edge detection, and
morphological operations accurately separated the leaf from complex backgrounds while preserving its natural shape
and boundary details. This produced clean and reliable segmented leaf images that facilitated accurate morphological
analysis and feature extraction. The extracted morphological descriptors, including leaf area, circularity, solidity,
perimeter, and boundary complexity, successfully captured the structural characteristics of different plant species and
provided strong discriminative information for classification.

The image compression analysis indicated that the PNG lossless format preserved leaf morphology, venation
patterns, and fine structural details more effectively than the JPEG lossy format. Consequently, PNG images retained
higher visual quality and exhibited lower information loss, making them more appropriate for digital herbarium
repositories and long-term botanical image storage.

For classification, the extracted feature vectors were processed using the Random Forest classifier, which
achieved an overall accuracy of 93.2% with only a small number of misclassified samples. The effectiveness of the
classifier was further validated through confusion matrix analysis, Receiver Operating Characteristic (ROC) curves,
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8. Future Work

The proposed intelligent morphology-driven framework can be further enhanced by integrating deep learning
techniques to automatically learn complex leaf features from large-scale datasets. Future research can further enhance
the proposed framework by incorporating advanced deep learning architectures capable of learning more
discriminative and robust leaf representations. Transformer-based models, particularly Vision Transformers (ViTs),
have the potential to improve the recognition of fine venation patterns and morphologically similar plant species by
effectively capturing long-range spatial dependencies within leaf images. In addition, Graph Neural Networks (GNNs)
can be explored to represent leaf venation as graph structures, enabling a more detailed analysis of vein connectivity,
branching patterns, and topological relationships.

To support collaborative research while preserving data privacy, Federated Learning can be integrated into the
framework, allowing multiple agricultural and botanical institutions to train a shared model without exchanging
sensitive image datasets. The deployment of the proposed framework through Edge Al and mobile-based applications
can also enable real-time plant identification on smartphones and Internet of Things (IoT) devices, making the system
more practical for precision agriculture and field-based crop monitoring.

Further improvements may include the integration of three-dimensional (3D) leaf reconstruction techniques to
capture structural information that cannot be represented in conventional two-dimensional images. Similarly,
hyperspectral imaging can be incorporated to exploit rich spectral signatures, which may improve plant species
discrimination and facilitate the early detection of nutrient deficiencies and plant diseases.

Another promising direction is the adoption of Explainable Artificial Intelligence (XAI) techniques, such as
SHAP and LIME, to provide transparent and interpretable explanations for classification decisions. Enhancing the
explainability of the proposed framework will increase user confidence, support scientific interpretation of model
predictions, and promote the practical adoption of Al-assisted plant identification systems in digital herbarium
development, biodiversity conservation, environmental monitoring, and smart agriculture.

9. Conclusion

This study proposed an intelligent morphology-driven framework for leaf venation analysis and plant
classification by integrating digital image processing techniques with machine learning into a unified workflow. The
framework incorporates image preprocessing, adaptive image enhancement, morphology-preserving segmentation,
feature extraction, image compression analysis, and Random Forest-based classification to enable automated and
reliable leaf analysis. Experimental results demonstrated that the proposed approach effectively preserves important
morphological and venation characteristics while improving feature extraction, ultimately achieving a classification
accuracy of 93.2%.

The combination of CLAHE, Gaussian filtering, homomorphic filtering, and morphological operations
substantially improved image quality and enhanced the visibility of fine leaf structures. In addition, geometric features
and Hu invariant moments provided a robust and discriminative representation of leaf morphology, enabling accurate
classification across different plant species. The compression analysis also revealed that the PNG format retains leaf

morphology and venation details more effectively than JPEG, making it a more suitable choice for digital
herbarium systems and long-term storage of botanical images.

Overall, the proposed framework provides an interpretable, computationally efficient, and scalable solution for
automated plant identification. Its ability to preserve critical botanical information while delivering high classification
performance makes it well suited for applications such as precision agriculture, biodiversity conservation,
environmental monitoring, digital herbarium development, and Al-assisted botanical research.

Future research will focus on extending the framework by incorporating state-of-the-art deep learning
techniques, including Vision Transformers (ViTs), Graph Neural Networks (GNNs), and Explainable Artificial
Intelligence (XAI) methods. The use of larger publicly available benchmark datasets and more diverse field-acquired
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leaf images will also be explored to further improve classification accuracy, robustness, scalability, and the practical
deployment of the proposed framework in real-world plant identification systems.
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