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Accurate mangrove species identification is fundamental to biodiversity
conservation, ecological monitoring, and climate change mitigation because
mangrove ecosystems provide essential ecological services and function as
significant carbon sinks. This study proposes a systematic optimization
framework for mangrove species identification by jointly investigating
dataset size, convolutional depth, and hyperparameter configuration within a
convolutional neural network (CNN). Leaf images of seven mangrove
species collected in Kolaka Regency, Southeast Sulawesi, were augmented,
resized to 128 x 128 pixels, and processed using the NVIDIA DGX A100
supercomputer. The framework systematically optimized the number of
convolutional layers, learning rate (LR), batch size, number of epochs,
kernel size, activation function (AF), and optimizer, followed by a
comprehensive evaluation of their combined effects on classification
performance. The optimized CNN achieved 98.93% testing accuracy,
98.71% precision, 98.71% recall, and a 98.86% Fl-score. The results
demonstrate that the integrated optimization of CNN architecture, dataset
size, and hyperparameters substantially improves model robustness and
generalization over conventional fixed CNN configurations, providing a
practical deep learning framework for automated mangrove monitoring and
biodiversity assessment.
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1. INTRODUCTION

Mangrove ecosystems play an important role in coastal protection [1], biodiversity conservation
[2]-[5], and carbon storage [S]-[7]. They provide essential ecosystem services by reducing coastal erosion,
supporting diverse flora and fauna, and functioning as one of the most effective natural carbon sinks for
climate change mitigation. Consequently, the sustainable management and conservation of mangrove
ecosystems require accurate species identification to support biodiversity assessment, ecological monitoring,
and evidence-based conservation planning.

Viodor et al. [8] and Xia et al. [9] conducted preliminary research on deep learning that shows how
convolutional neural networks (CNN) might be able to solve the problems with current mangrove
identification methods. CNN’s innovation has the potential to improve the accuracy of species identification,
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including the classification of mangrove species, through complex image analysis, thereby promoting a shift
towards more automated and precise identification methods. This is supported by studies conducted by
Faza et al. [10] and Wan et al. [11].

Previous studies have shown that deep learning with CNN models makes a significant contribution
to conservation efforts. In the aspect of identification and early detection of plant diseases, Gardie ef al. [12]
have proven the effectiveness of CNN in identifying diseases on tomato plant leaves with an impressive
accuracy of 98.3%. Other studies [13], [14] developed a deep convolutional neural network (DCNN) model
with data augmentation and hyperparameter optimization, suggesting that optimizing the CNN model's
automation system can enhance its effectiveness in identifying plant diseases. By exploring the integration of
evolutionary optimization techniques in neural networks, deep learning can provide benefits and make
significant contributions to plant health monitoring [15].

The rapid advancement of deep learning has demonstrated strong capabilities in addressing complex
pattern recognition problems. However, its application to mangrove species identification remains technically
underdeveloped, particularly in terms of model optimization. Although recent studies have demonstrated that
systematic hyperparameter tuning and architectural optimization can substantially improve CNN
performance in image classification tasks [15]-[17], these optimization strategies have not yet been
comprehensively applied to mangrove leaf classification. Existing mangrove-related studies primarily focus
on developing CNN-based classification models [8], [10], [11] without systematically investigating the
combined effects of network depth, dataset size, and hyperparameter configurations on classification
performance under high inter-species morphological similarity. Consequently, the role of structured
hyperparameter optimization in improving the robustness and generalization capability of CNN-based
mangrove species identification remains an open research challenge.

This research aims to optimize mangrove species identification by analyzing leaf morphological
characteristics using CNNs. Unlike previous studies that generally adopted fixed CNN architectures,
this study systematically investigates the combined effects of dataset size, convolutional depth, and
hyperparameter configuration to establish an optimal CNN framework for mangrove leaf classification.
This study presents four main contributions. First, it proposes an automated CNN-based framework for
mangrove species identification through the systematic optimization of the number of convolutional layers
to improve feature extraction from leaf morphology. Second, it evaluates the influence of different dataset
sizes on model learning and generalization, providing empirical evidence for selecting an appropriate
training dataset in ecological image classification. Third, it performs comprehensive hyperparameter
optimization by jointly analyzing the effects of learning rate (LR), batch size, number of epochs,
kernel size, activation function (AF), and optimizer on classification performance. Finally, it
systematically evaluates the combined impact of architectural and hyperparameter configurations to
identify the most robust CNN model for mangrove species identification, thereby providing a practical
deep learning framework that supports biodiversity assessment, environmental monitoring, and coastal
ecosystem conservation.

2. METHOD
2.1. Data collection and dataset preparation

Data collection was conducted in the mangrove forest of Kolaka Regency, Southeast Sulawesi,
Indonesia, using transects measuring 10 x 10 meters arranged perpendicular to the coastline. Mangrove leaf
samples were collected by photographing individual leaves with a 48 MP smartphone camera from various
angles and distances under natural lighting conditions, using a white paper background to enhance visual
contrast. The images were then subjected to initial classification and coding prior to dataset categorization
and systematically stored in directories according to leaf type. This acquisition procedure was designed to
preserve key morphological features while ensuring consistency and reliability of image inputs for
CNN training. Following the procedure proposed by Pandian et al. [13], all images were resized to a uniform
resolution of 128 x 128 pixels and augmented using rotation (up to 90°), scaling, and horizontal and vertical
flipping. These augmentation techniques were applied only to the training dataset to increase sample
diversity while preserving the essential morphological characteristics of mangrove leaves. The resulting
augmented dataset enabled the CNN model to learn more robust feature representations and improved its
ability to classify mangrove species under varying image conditions.

The complete dataset was then divided into training and testing subsets to enable robust model
development and unbiased performance evaluation. Consistent with a widely adopted supervised deep
learning strategy, 80% of the dataset was allocated for training and 20% for independent testing.
Furthermore, the training subset was partitioned into 80% for model training and 20% for validation
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to facilitate hyperparameter optimization, reduce the risk of overfitting, and improve the model's
generalization capability.

2.2. Model design and training

The model design and training process was conducted by varying the dataset size and the number of
convolutional layers using the NVIDIA DGX A100 supercomputer. The initial CNN configuration consisted
of a dropout rate of 0.25, 2 x 2 max pooling, two fully connected layers, a LR of 1 x 1073, 50 training epochs,
a batch size of 64, kernel sizes of 3 x 3, 5 x 5,3 x 3, and 3 x 3, and the rectified linear unit (ReLU) AF as
shown in Figure 1. Figure 1 showing the sequence of convolutional, pooling, dropout, fully connected, and
output layers used for feature extraction and classification. The best-performing configuration identified
during this stage was subsequently selected for further hyperparameter tuning to improve the model’s
classification performance.
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Figure 1. Proposed CNN architecture for mangrove species identification

All architectural configurations, training parameters, and computational settings were explicitly
defined to ensure the reproducibility of the proposed CNN framework. This comprehensive specification
enables other researchers to replicate the experimental procedures and objectively validate the reported
results. Furthermore, it enhances the transparency and reliability of the proposed approach, facilitating future
studies on deep learning-based mangrove species classification.

2.3. Hyperparameter tuning

Hyperparameter tuning was performed by systematically adjusting the LR, batch size, number of
epochs, kernel size, AF, and optimization algorithm, as illustrated in Figure 2. Each hyperparameter was
evaluated to determine its influence on the training process and the classification performance of the CNN
model. This optimization procedure aimed to identify the most effective parameter combination for
improving the accuracy and robustness of mangrove species identification.

2.4. Model evaluation

This study evaluated the optimized CNN model using the independent test dataset to assess its
generalization capability on unseen data. The evaluation was conducted using a confusion matrix, from
which accuracy, precision, recall, and Fl-score were calculated to provide a comprehensive assessment of
classification performance. These evaluation metrics enabled a detailed analysis of the model’s effectiveness
in distinguishing among different mangrove species and verified the robustness of the proposed
optimization strategy.
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Figure 2. Workflow of CNN hyperparameter tuning for optimizing LR, batch size, epochs, kernel size, AF,
and optimizer

3.  RESULTS AND DISCUSSION
3.1. Image acquisition results

Figure 3 presents representative leaf images of the seven mangrove species used in this study, all
standardized to a resolution of 128 x 128 pixels. These images constitute the dataset used for CNN training,
validation, and testing. The standardized image resolution and species representation provide consistent input
for feature extraction and enable a reliable evaluation of the proposed classification framework.

Although the images were standardized to a relatively low resolution of 128 x 128 pixels, they
preserved the essential morphological characteristics of mangrove leaves, including the leaf apex, margin, and
base, which are important for species discrimination. As shown in Figure 3, the leaf images were captured using
a smartphone camera with a white background to enhance visual contrast and improve the visibility of
morphological features required for CNN-based classification. The dataset consists of seven mangrove species,
namely Avicennia marina (Am), Avicennia officinalis (Ao), Bruguiera gymnorhiza (Bg), Heritiera littoralis
(H1), Lumnitzera littorea (Lt), Rhizophora apiculata (Ra), and Sonneratia caseolaris (Sa), whose variations in
leaf morphology provide discriminative features for automated mangrove species identification.

Avicennia marina Avicennia officinalis Bruguruiera gymnorhiza Heritiera littoralis

Lumnitzera littorea Rhizophora apiculata Sonneratia caseolaris

Figure 3. Representative mangrove leaf images acquired using a smartphone camera and resized to
128 x 128 pixels for CNN training, illustrating the morphological characteristics of the seven mangrove
species included in the dataset
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3.2. Model design and training results

The results of the CNN model design and training demonstrate that the optimal network
architecture depends on the size of the training dataset. As the dataset size increases, a greater number of
convolutional layers are required to effectively extract complex feature representations and improve
classification performance. This finding indicates that the relationship between dataset size and
convolutional depth should be optimized jointly rather than being determined independently. Table 1
summarizes the training and testing results obtained from different combinations of dataset sizes and
convolutional layer configurations.

Table 1. Training and testing performance of CNN models with different dataset sizes and numbers of
convolutional layers executed on the NVIDIA DGX A100 platform

Number of data  Number of convolutions Training Testing
Loss Accuracy Loss Accuracy

1 0.0724 0.9797 0.2138 0.9329

1418 2 0.0268 0.9982 0.2186 0.9399
’ 3 0.0378 0.9912 0.2312 0.9258
4 0.0724 0.9797 0.3521 0.8869

1 0.0714 0.9814 1.0612 0.6886

2 0.0334 0.9950 0.3491 0.8771

1,750 3 0.0303 0.9950 1.1502 0.6257
4 0.0964 0.9714 0.6138 0.8229

5 0.1219 0.9607 0.3729 0.8714

1 0.0548 0.9805 0.2282 0.9293

2 0.0376 0.9873 0.2894 0.9071

7,000 3 0.0339 0.9889 0.2217 0.9193
4 0.0375 0.9893 0.1674 0.9521

5 0.0486 0.9848 0.1579 0.9493

With 1,418 images, the one-layer CNN achieved 93.29% accuracy, indicating that performance
depends on both network depth and model configuration. This finding is consistent with recent evidence that
hyperparameter tuning and architectural choices influence CNN performance in agricultural image
classification [18]. These results suggest that a simpler model could be optimal for smaller datasets and does
not require many convolutional layers to achieve high accuracy. Testing accuracy varies as the number of
convolutional layers increases. For example, a model with two convolutional layers and 1,750 images
achieved a test accuracy of 87.71%, which is higher than that of more complex models. This finding is
consistent with previous evidence that CNN performance can vary substantially with network depth and
architectural configuration, indicating that increasing model depth does not necessarily lead to improved
classification performance [19].

Dataset size and architectural configuration jointly affected testing accuracy, with the four-layer
CNN achieving 95.21% accuracy on the 7,000-image dataset. This finding is consistent with recent
research showing that architectural depth and hyperparameter settings influence CNN performance and
generalization in agricultural image classification [18]. In larger datasets, the importance of careful CNN
hyperparameter tuning becomes very clear. The model with four convolutional layers achieved a test
accuracy of 95.21% on 7,000 images, which is the same as the results from Pacal et al. [20], who show
that CNNs can be used in many areas, such as agriculture and species recognition. This level of accuracy
underscores the need for meticulous hyperparameter tuning to achieve optimal results in complex image
recognition tasks. Overall, these results indicate that the optimal CNN architecture is determined by the
interaction between dataset size and convolutional depth rather than by increasing model complexity
alone. Figure 4 illustrates the training and validation performance of the proposed CNN model with four
convolutional layers throughout the learning process. As shown in Figure 4(a), the training accuracy
rapidly approaches a high value, while the validation accuracy exhibits greater fluctuations, indicating that
the model learns the training data effectively but generalizes poorly to unseen samples. Similarly, Figure
4(b) shows that although the training loss decreases steadily, the validation loss fluctuates across epochs,
suggesting mild overfitting and highlighting the need for careful hyperparameter optimization to improve
model stability and generalization. These observations further justify the subsequent hyperparameter
optimization stage, which aims to improve convergence stability and reduce the performance gap between
training and validation datasets.

According to the study by Pacal ef al. [20], changes in validation accuracy and loss values show
how challenging it is for deep learning models to regularize and generalize. Although the model is efficient in
learning from the training data, its results on the validation set show a lack of consistency. This reflects the
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model's tendency to overfit the training data, which reinforces the argument for the need to adjust
hyperparameters to improve the model's generalization capability. Sakib et al. [21] demonstrated that training
CNNs with different convolutional layer configurations makes test accuracy better. This shows how
important it is to try out different model structures to get the best results. In this study, the experimental
results indicate that a four-convolution-layer architecture provides the best trade-off between feature
extraction capability and generalization performance when combined with the largest dataset, forming the
basis for the subsequent hyperparameter optimization experiments.
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Figure 4. Training and validation performance of the proposed CNN model during the learning process of
(a) training and validation accuracy across epochs and (b) training and validation loss across epochs

3.3. Hyperparameter tuning

Table 2 presents the effects of hyperparameter tuning, including LR, number of epochs, batch size,
kernel size, AF, and optimizer, on the training and testing performance of the proposed CNN model. The
experimental results demonstrate that different hyperparameter configurations produce noticeable variations
in classification accuracy and loss, confirming that model performance is highly sensitive to parameter
selection. This observation is consistent with previous studies, which reported that systematic optimization of
LR, batch size, optimizer, and network architecture is essential for improving CNN convergence, robustness,
and classification accuracy in plant image analysis and other complex image recognition tasks [16], [22].
Unlike previous studies that optimized these parameters individually, this study systematically evaluates their
combined effects within the optimized CNN architecture obtained from the previous stage. This integrated
evaluation enables the identification of the most robust parameter combination for mangrove species
classification under high inter-species morphological similarity.

Buthelezi et al. [23] and Wu et al. [24] highlighted the critical role of LR in achieving stable model
convergence, demonstrating that an appropriate LR effectively balances training stability and generalization
performance. More recently, Davies and Sivakumari [16] further confirmed that systematic hyperparameter
optimization, particularly the selection of an appropriate LR in conjunction with batch size and optimization
algorithms, substantially improves CNN classification performance in plant leaf image analysis. In the
present study, a LR of 3.00 x 10 achieved an optimal balance between training and testing accuracy while
minimizing prediction loss. This result demonstrates the effectiveness of the proposed hyperparameter
optimization strategy in improving CNN convergence and generalization. Compared with both lower
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(1.00 x 10#) and higher (6.00 x 10 and 9.00 x 10*#) LR, the selected value produced more stable convergence
and consistently superior testing performance. The finding is consistent with previous studies showing that
carefully optimized LR enhance model stability and classification accuracy in deep learning-based image
recognition [8], [25].

Table 2 demonstrates that the number of training epochs substantially influences both classification
accuracy and model loss. Increasing the training duration to 150 epochs improved the testing accuracy by
0.22% while reducing the loss by 1.36%, indicating that sufficient training iterations enable the CNN to learn
more discriminative feature representations. This finding is consistent with Anchitaalagammai et al. [26],
who reported that an appropriate number of training epochs is essential for improving classification
performance, although excessively long training may increase computational cost without proportional
performance gains. Furthermore, Igiri et al. [27] emphasized that efficient hyperparameter optimization
should balance predictive accuracy with computational efficiency. The results indicate that extending training
beyond 150 epochs did not produce additional performance gains, suggesting that this configuration provides
an effective balance between model accuracy and computational cost.

Table 2. Performance comparison of different hyperparameter configurations, including LR, number of
epochs, batch size, kernel size, AF, and optimizer for CNN-based mangrove species classification

No LR Epoch BS Kernel AF  Optimizer Training Testing
Training Validation = Time (H:M:S) Loss Accuracy Time
Loss  Accuracy Loss Accuracy (ms)
1 0.0001 50 64 3,5,3,3 ReLlU  Adam 0.0414 09855 4.8822 0.4929  00:16:32 0.0799 0.9771 644
2 0.0003 50 64 3,5,3,3 ReLlU  Adam 0.0414 09855 4.8822 0.4929  00:16:22 0.0799 0.9771 644
3 0.0006 50 64 3,5,3,3 RelU Adam 0.0315  0.9873 0.9542 0.7879  00:16:18 0.1605 0.9579 648
4 0.0009 50 64 3,5,3,3 ReLlU  Adam 0.0263 09927 1.7597 0.7443 00:16:36 0.1592 0.9500 632
5 0.0003 50 64 3,5,3,3 ReLlU Adam 0.0570  0.9805 0.5435 0.8329  00:16:38 0.0780 0.9771 694
6 0.0003 100 64 3,5,3,3 RelU  Adam 0.1007  0.9682 1.1892 0.7014  00:32:08 0.1410 0.9543 658
7 0.0003 150 64 3,5,3,3 RelU  Adam 0.0113  0.9968 1.1797 0.7986  00:49:14 0.1390 0.9795 646
8 0.0003 200 64 3,5,3,3 ReLlU  Adam 0.0635  0.9782 0.4638 0.8607  01:03:55 0.0960 0.9764 710
9 0.0003 150 8 ReLU  Adam 0.0042  0.9984 0.8399 0.8364  00:49:20 0.0950 0.9729 638

W L W b b n KI]WU\WU\}J\KI]KI]U\KI]KI]U\KI]KI]U\KI]KI]
L L L W W W ) wmwwmuwwwwwwwwwwww
W W W W W W w L L LW W W W W WWWWWWWW

10 0.0003 150 16
11 0.0003 150 32
12 0.0003 150 64
13 0.0003 150 32
14 0.0003 150 32
15 0.0003 150 32
16 0.0003 150 32
17 0.0003 150 32

18 0.0003 150 32

19 0.0003 150 32
20 0.0003 150 32
21 0.0003 150 32
22 0.0003 150 32
23 0.0003 150 32
24 0.0003 150 32

ReLU  Adam 0.0109  0.9968 0.3122 0.9157 00:48:11  0.0860 0.9800 658
ReLU  Adam 0.0182  0.9932 1.0659 0.7907 00:49:15  0.0490 0.9893 647
ReLU  Adam 0.0113  0.9968 1.1797 0.7986  00:48:13 0.0640 0.9793 646
ReLU  Adam 0.0121  0.9962 4.8162 0.9293 00:47:50 0.0713 0.9714 697
ReLU  Adam 0.0066  0.9975 0.3708 0.8886  00:48:31 0.1775 0.9443 794
ReLU  Adam 0.0182  0.9932 1.0659 0.7907 00:49:15 0.0491 0.9893 647
ReLU  Adam 0.0119 09962 0.3171 0.9300  00:48:57 0.1041 0.9686 677
ReLU  Adam 0.0182  0.9932 1.0659 0.7907 00:49:15  0.0491 0.9893 647
feeei]?}/ Adam 0.0117  0.9964 0.5678 0.8786  00:48:46 0.1156 0.9750 971
eLU Adam 0.0120  0.9962 1.8289 0.6964  00:48:06 0.1190 0.9679 782
Tanh Adam 0.6143  0.9904 1.5878 0.4964  00:49:25 0.6600 0.9564 693
ReLU  Adam 0.0182  0.9932 1.0659 0.7907 00:49:15 0.0491 0.9893 647
ReLU Adamax  0.0029 09995 0.2994 0.9350  00:48:34 0.0839 0.9764 650
ReLU RMSprop 0.0059 0.9980 1.5891 0.7386  00:48:35 0.0986 0.9729 641
ReLU SGD 0.4907  0.8229 1.2611 0.5486  00:48:46 1.1064 0.6093 642

L L L L LW W W L WL W LW WL WL WWLWWWwWWw

Batch size also plays a crucial role in determining training stability and model generalization.
Consistent with the recommendation of Lin [28], the experimental results indicate that a batch size of 32
produced the highest testing accuracy while maintaining a relatively low loss value. Similar observations
were reported by Davies and Sivakumari [16], who demonstrated that the joint optimization of batch size,
LR, and optimization algorithms significantly enhances CNN performance for plant leaf image classification
by improving convergence stability and reducing prediction errors. This finding indicates that excessively
small or large batch sizes reduce generalization performance, whereas an intermediate batch size provides a
better balance between optimization stability and classification accuracy.

Kernel size determines the receptive field of convolutional filters and directly affects the model's
capability to capture spatial features. Ding et al. [29] demonstrated that larger kernels can improve feature
extraction by incorporating broader contextual information. In the present study, although a uniform 5 x 5
kernel produced competitive results, the hybrid configuration of 3 x 3,5 x 5,3 x 3, and 3 x 3 achieved the
best overall performance, suggesting that combining different receptive fields provides a more effective
representation of mangrove leaf morphology. This result demonstrates that heterogeneous kernel
configurations capture complementary morphological characteristics more effectively than uniform
kernel designs.

Automated modeling of leaf mangrove by optimizing convolutional neural networks (Paranita Asnur)
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The experimental results also confirm the effectiveness of the ReLU AF in CNN-based image
classification. Hao et al. [30] showed that ReLU improves computational efficiency while mitigating the
vanishing gradient problem during network training. Moreover, the superior performance of the Adam
optimizer observed in this study is consistent with Wang et al. [22], who demonstrated that adaptive
optimization strategies improve convergence by dynamically adjusting parameter updates. More recently,
Davies and Sivakumari [16] further reported that the integration of optimized LR, batch sizes, and adaptive
optimization algorithms substantially enhances CNN robustness and predictive performance in plant image
classification tasks. Overall, the optimal CNN model was obtained through the combined configuration of
four convolutional layers, a LR of 3.00 x 10, 150 training epochs, a batch size of 32, a hybrid kernel
configuration (3 x 3, 5 x 5,3 x 3, and 3 x 3), the ReLU AF, and the Adam optimizer. This integrated
optimization strategy constitutes the main technical contribution of this study because it demonstrates that
CNN performance for mangrove species identification is governed by the interaction among architectural
design, dataset size, and hyperparameter configuration rather than by optimizing individual parameters
independently. Collectively, these findings highlight that systematic hyperparameter optimization is
fundamental to developing reliable deep learning models for ecological monitoring and automated mangrove
species identification.

3.4. Model testing and evaluation

The performance of the model resulting from hyperparameter tuning analysis is illustrated through
the presented data as shown in Figure 5. The model successfully achieved high precision, recall, and
Fl-scores in classifying various mangrove species, with an overall accuracy rate approaching 0.99. This
success confirms the effectiveness of hyperparameter tuning in CNNs and aligns with the literature that
emphasizes the importance of a carefully calibrated LR and the tuning of other hyperparameters for
optimizing CNNs. The works of Buthelezi ef al. [23] and Wu et al. [24] support this. Unlike previous studies
that primarily reported final classification accuracy, the present study demonstrates that high performance is
achieved through the systematic integration of dataset size optimization, convolutional depth selection, and
hyperparameter tuning rather than through architectural complexity alone. This finding indicates that the
interaction among these optimization components plays a decisive role in improving CNN generalization for
mangrove leaf classification.

Confusion Matrix for Mangrove Leaf Detection Model

Actual

Am Ao Bg H Lt Ra Sa

Predicted

Figure 5. Confusion matrix of the optimized CNN model, illustrating the classification performance of the
seven mangrove species after hyperparameter tuning

The confusion matrix provides deeper insights into the model’s precision in classifying various
mangrove species, showing very low inter-class errors. This indicates that the model with the latest
configuration successfully identified the distinctive features important for each species, which is essential
for accurate classification. This success is a significant step forward in the efforts of biodiversity
conservation and environmental management. The optimized parameters show strong support in
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identifying mangrove species using the CNN model. This study uses images with a resolution of
128 x 128 pixels, seven classes, four convolutional layers, a dropout rate of 0.25, max pooling, a LR of
3.E-04, 150 epochs, a batch size of 32, ReLU activation, and optimization through Adam. This
configuration represents the optimal combination identified through systematic experimentation,
demonstrating that robust classification performance can be achieved without increasing input image
resolution or employing deeper pre-trained architectures. This model is more accurate as in Table 3 than
models used in earlier research that had different architectures and datasets [8], [25]. This finding
highlights the importance of using a balanced dataset and properly tuned hyperparameters to achieve
robust mangrove species classification. The ReLU AF was suggested by Hao ef al. [30], and the Adam
optimizer was suggested by Wang et al. [31]. Both of these have been shown to improve complex
classification by incorporating effective model optimization strategies.

This study demonstrates the effectiveness of an adapted CNN model for mangrove species
identification through comparative evaluation with recent deep learning approaches. Using a balanced dataset
comprising seven mangrove species and a standardized image resolution of 128 x 128 pixels, the proposed
model achieved a classification accuracy of 98.93%. This performance is comparable to results reported for
mobile network version 3 (MobileNetV3) architectures with higher input resolutions, which achieved
accuracies of 97.03% and 98.4% for the small and large variants, respectively [8], [25]. More importantly,
the proposed CNN achieved superior classification accuracy despite using substantially lower-resolution
images (128 x 128 versus 224 x 224 pixels) and a larger number of species classes. These results suggest that
systematic optimization of CNN architecture and hyperparameters can compensate for lower image
resolution while improving model generalization. Moreover, consistently high precision, recall, and
F1-scores indicate that the proposed CNN configuration provides robust and reliable species discrimination,
supporting its applicability in ecological research and mangrove conservation initiatives. This comparative
evaluation highlights the primary novelty of the proposed framework, namely that a carefully optimized
lightweight CNN can achieve state-of-the-art performance without relying on deeper transfer-learning
architectures or higher-resolution inputs, thereby reducing computational requirements while maintaining
high predictive accuracy.

Through the development of an optimized CNN model for the high-accuracy identification of
mangrove species, this research holds enormous potential for application in the conservation of mangrove
ecosystems. The practical applications can include real-time species identification in the field using mobile
devices, integration into camera- or drone-based monitoring systems, and support in mangrove ecosystem
rehabilitation programs. Thus, this research can make an important contribution to accelerating and
improving the accuracy of monitoring and conserving mangroves, which are key ecosystems in climate
change mitigation and biodiversity preservation. The relatively lightweight architecture and low
image-resolution requirement also improves the feasibility of deploying the proposed model on edge devices
and mobile platforms for real-time ecological monitoring.

This study has several limitations that should be acknowledged. First, the proposed model was
trained using relatively low-resolution images (128 x 128 pixels), which may limit its ability to capture
subtle morphological differences among closely related mangrove species. Second, the dataset included
only seven mangrove species, potentially restricting the model’s generalization capability when applied to
more diverse mangrove ecosystems. In addition, the relatively limited dataset may increase the risk of
overfitting despite the implementation of data augmentation and hyperparameter optimization.
Furthermore, practical deployment in real-world environments requires additional optimization to ensure
reliable performance on resource-constrained devices with limited computational capabilities. Future
research should therefore investigate higher-resolution imagery, larger and more diverse datasets,
advanced regularization techniques, and systematic hyperparameter optimization to further improve the
robustness, scalability, and generalization capability of CNN-based mangrove species identification
models, as highlighted by recent studies [16], [32], [33]. Future work should also investigate the
transferability of the optimized hyperparameter configuration to other mangrove ecosystems, additional
species, and lightweight deployment frameworks to validate the general applicability of the proposed
optimization strategy.

Table 3. Comparison of the proposed CNN model with previous deep learning approaches for mangrove
species identification using different network architectures and datasets

Researcher Model architecture Dataset Accuracy (%)
Viodor et al. [8] MobileNetV3Large accuracy 224 x 224 pixels, balanced dataset, 5 types 98.4
Viodor et al. [25] MobileNetV3Small accuracy 224 x 224 pixels, imbalanced dataset, 5 types 97.03
This study CNN mangrove 128 x 128 pixels, balanced dataset, 7 types 98.93

Automated modeling of leaf mangrove by optimizing convolutional neural networks (Paranita Asnur)
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4. CONCLUSION

This study demonstrated that systematic optimization of CNN configurations can substantially
improve mangrove leaf classification performance. Among the evaluated configurations, the optimal model
achieved a testing accuracy of 98.93%, demonstrating that appropriate selection of dataset size, convolutional
depth, and training hyperparameters can improve classification performance while maintaining
computational efficiency. The optimized CNN provides a practical foundation for automated mangrove
species identification and can support Al-assisted ecological monitoring and biodiversity assessment.
Although the results demonstrate strong classification performance, further validation using larger and more
geographically diverse datasets is needed to assess model transferability across different mangrove
environments. Future research should therefore focus on expanding field-based datasets and evaluating the
optimized model under diverse environmental conditions.
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