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 This study presents the development and evaluation of a convolutional 
neural network (CNN) model for automated seagrass species classification 

in Bintan, Indonesia. The objective of this research is to examine how 
different train-validation data split ratios affect model accuracy and 
generalization performance. The CNN was trained under four configurations 
(60:40, 70:30, 80:20, and 90:10) to analyze the influence of training data 
volume on learning convergence and predictive capability. The results 
indicate that all configurations achieved high validation accuracy, with the 
best performance reaching 98.53% when using the 90:10 split. Evaluation on 
unseen data demonstrated that the 60:40 configuration provided the most 

consistent and reliable generalization. Performance variations were also 
affected by the morphological similarity between the classified species, 
which increases the challenge in correctly distinguishing certain classes. 
Overall, the findings confirm the effectiveness of CNN-based classification 
for supporting marine biodiversity monitoring and underline the importance 
of dataset composition in achieving optimal performance. Future 
improvements will focus on expanding data variability to enhance 
robustness in real-world scenarios. 
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1. INTRODUCTION 

Seagrass plays a crucial role in coastal ecosystems, providing habitat for marine biota, carbon 

sequestration, and coastal protection [1], [2]. In Bintan, seagrass ecosystems contribute significantly to 

fisheries and marine tourism. Seagrass beds in Bintan can increase fish resource availability by 9,049.3 kg 

per hectare annually, equivalent to a habitat value of Rp. 166,963,204.72. Seagrass also acts as a blue carbon 

sink, with the highest carbon storage found in Pengudang at 245.03 gC/m² or 348.26 MgC/ha. 

The identification of seagrasses in coastal ecosystems face several challenges and opportunities for 

improvement. Manual identification of seagrass species poses challenges due to morphological similarity, 

variable imaging conditions, and the need for expert taxonomic knowledge. This research proposes an 
automated approach using convolutional neural networks (CNNs) to improve efficiency and accuracy in 

ecological surveys. Traditional manual methods, while commonly used, are time-consuming, costly, and 
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require a high level of specialized expertise. Environmental factors, such as variations in water clarity, light 

conditions, and seagrass morphology, further complicate the identification process [3]. 

Machine learning and image processing techniques are emerging as effective solutions to overcome 

these limitations. Ensemble-based machine learning methods, particularly rotation forests, have outperformed 

traditional maximum likelihood classifiers in mapping seagrass using Sentinel-2 imagery [4]. CNNs typically 

surpass the performance of traditional classification methods when applied to large-scale datasets, owing to 
their ability to automatically learn and extract hierarchical features directly from raw image data [5], [6]. 

Various approaches for seagrass detection and mapping have been identified, including still image, video 

data, acoustic image, and spectral image data-based techniques [6]–[8]. The transition from traditional 

manual approaches to digital imaging and machine learning techniques represents a transformative step 

forward in seagrass and marine vegetation monitoring efforts.  

Recent studies have increasingly applied CNNs for seagrass classification and conservation. CNN-

based models have been developed to detect and classify seagrass species from underwater imagery, 

achieving high levels of accuracy—often exceeding 90% [9], [10]. In addition to underwater applications, 

CNNs have also been utilized for analyzing high-resolution satellite imagery to map benthic habitats and 

monitor seagrass distribution in shallow marine environments [11]. For instance, Noman et al. [12] 

implemented a CNN-based approach that achieved an accuracy of 99.33% in seagrass classification.  

Ozaeta et al. [13] introduced a deep learning method using differentiable architecture search, reaching 
93.72% accuracy in classifying five seagrass species from the Philippines. Meanwhile, Reus [14] focused on 

seagrass segmentation, demonstrating the effectiveness of CNN features in estimating seagrass coverage, 

with an accuracy of 94.5%. 

Recent research has focused on enhancing the performance of CNNs in classification tasks through 

data optimization. In [15], the impact of different train-test split ratios on CNN accuracy for EEG emotion 

recognition was investigated, revealing that an 80:20 split produced optimal results. Likewise, [16] 

demonstrated that modifying dataset configurations—such as class balance and data proportion—

substantially improved CNN performance in chest X-ray image classification. A comprehensive study by 

Abadi et al. [17] evaluated class imbalance effects in CNN models, concluding that oversampling strategies 

offered the most stable solution to imbalance issues without inducing overfitting. Furthermore, Prechelt [18] 

proposed a rationale-based CNN model for text classification, which integrated sentence-level justifications 
and achieved high accuracy across multiple benchmark datasets. Together, these findings underscore the 

pivotal role of both data structuring and architectural design in maximizing the effectiveness of CNNs for 

classification tasks. 

These findings highlight the significant potential of deep learning techniques in enhancing the 

accuracy and automation of seagrass classification. As seagrass ecosystems face increasing threats from 

human activities and climate change, such advancements are critical for improving the efficiency and 

scalability of monitoring and conservation efforts. By utilizing a representative dataset of seagrass images, 

machine learning models can be optimized to automatically detect and classify seagrass species, thus 

improving the efficiency of the monitoring process. 

This research focuses on the development of a machine learning model to classify three seagrass 

species found in the coastal region of Bintan. Seagrass images taken from the study locations will undergo a 
series of preprocessing steps and will be used to train the machine learning model. Through this approach, it 

is expected that the research will make a meaningful contribution in simplifying the identification of seagrass 

species accurately and efficiently. The objective of this study is to design and evaluate the performance of a 

machine learning model in classifying seagrass species based on the available image dataset. Despite 

growing research on seagrass classification, there remains a lack of localized, species-specific models trained 

on curated datasets from Indonesia. This study addresses that gap by constructing a robust CNN trained on 

hand-labeled Bintan seagrass imagery, with performance evaluation across varied data compositions and 

deployment on mobile-friendly platforms such as TensorFlow Lite (TFLite) for lightweight inference in field 

environments. 

 

 

2. METHOD 
2.1.  Research framework 

This study employs a supervised deep learning approach utilizing a CNN architecture to classify 

three species of seagrass found in the coastal waters of Bintan: Halodule uninervis, Syringodium isoetifolium, 

and Thalassia hemprichii. CNNs are particularly suitable for image-based classification tasks due to their 

ability to automatically extract spatial features from raw pixel data [16]. The research methodology consists 

of nine primary stages, as illustrated in Figure 1. Image data were collected from a curated repository and 

grouped into species-specific classes. Preprocessing included resizing, normalization, and augmentation to 
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standardize inputs and enhance dataset diversity, followed by label encoding to prepare data for model 

training. 

The dataset was split using four train-test configurations (60:40, 70:30, 80:20, 90:10) with stratified 

sampling to maintain class balance. The CNN architecture comprised convolutional and pooling layers 

followed by fully connected layers with dropout regularization. The model was trained using the Adam 

optimizer and categorical cross-entropy loss, with early stopping and checkpointing to prevent overfitting and 

preserve the best-performing weights. 
Model performance was evaluated using accuracy and confusion matrix analysis on independent test 

data. The optimal model was then converted into TensorFlow Lite format to support lightweight deployment. 

Finally, inference was performed on unseen images, and predictions were compared against ground-truth labels. 
 

 

 
 

Figure 1. Research workflow for seagrass species classification using CNN 
 

 

All experiments were executed on Google Colab using GPU acceleration. TensorFlow and Keras 

were applied for model development, while NumPy, Pandas, and PIL supported preprocessing and data 

manipulation. The complete workflow, implementation scripts, and model files are available in an open-

access GitHub repository, ensuring reproducibility and scalability. 
 

2.2.  Data collection and dataset composition 

The dataset used in this study consists of close-up photographs of individual seagrass leaves 

representing three tropical species: H. uninervis, S. isoetifolium, and T. hemprichii. All samples were 

collected from the coastal waters of Bintan Island, Indonesia. Unlike in-situ underwater imagery, each 

sample was manually extracted from its habitat, cleaned of debris, and photographed against a plain white 

background under controlled lighting conditions to minimize shadows and noise as shown in Figure 2. Each 
species was initially represented by 40 unique leaf images, resulting in a total of 120 original images across 

all classes. These images were stored in JPEG format and exhibited variations in orientation, size, shape, and 

texture—factors that contribute to species differentiation. 
 

 

   
H. uninervis S. isoetifolium T. hemprichii 

 

Figure 2. Example of each seagrass class data 
 

 

2.3.  Image augmentation and preprocessing 

The limited raw dataset, consisting of only 40 images per species, was expanded using offline 

augmentation prior to model development. Each image underwent 16 transformation variations, resulting in 

17 total versions per sample, including the original. This process increased the dataset to 680 images per 
class, yielding 2,040 images across the three species. Augmentation included geometric transformations 
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(flips, rotation, resize, zoom, shifts), photometric adjustments (brightness, contrast), and distortions 

(Gaussian noise and shear). Following augmentation, all images were imported into the Google Colab 

environment for preprocessing. Images were resized to 100×100 pixels, normalized to a pixel value range of 

[0, 1], and assigned numeric class labels for compatibility with the model's categorical loss function. The 

dataset was then split into training and validation subsets using stratified sampling while maintaining class 

balance across four train–test ratios: 60:40, 70:30, 80:20, and 90:10. 
 

2.4.  CNN model architecture 

The CNN used in this study was developed to classify seagrass species based on single-leaf input 

images. The architecture was implemented using the Sequential API provided by TensorFlow's Keras  

library [17] and consists of convolutional layers for feature extraction followed by dense layers for final 

classification. The model accepts RGB images resized to 100×100×3. Feature learning is performed through 

three convolution–max pooling blocks with increasing filter depth (32, 64, and 128 filters) and rectified 

linear unit (ReLU) activations, each followed by a 2×2 max-pooling layer. The final convolution stage 

produces a 10×10×128 feature map, which is flattened before entering the classifier stage. The classifier 

consists of a Dense layer with 128 neurons, followed by a 0.4 dropout rate to mitigate overfitting. The output 

layer contains three neurons, representing the seagrass classes, with a softmax activation for probability-

based prediction. In total, the model contains approximately 1.7 million trainable parameters.  
 

2.5.  Model training 

The CNN model was trained using the TensorFlow-Keras framework in the Google Colab 

environment. Training was performed on the augmented dataset containing 680 images per class, resulting in 

a total of 2,040 images. Several train-validation split ratios were explored, namely 60:40, 70:30, 80:20, and 

90:10, with class balance preserved through stratified sampling. The data was split into training and testing 

subsets under these four configurations, as shown in Table 1. Each composition maintained a total of 2,040 

images but varied the allocation between training and testing sets. 

The model was compiled using the Adam optimizer, selected for its adaptive learning rate and stable 

convergence behavior. The learning rate was set to 0.001, with standard hyperparameters: β₁ =0.9, β₂ =0.999, 

and ε =1e-7. The chosen loss function was sparse categorical crossentropy, suitable for multi-class 
classification with integer-encoded labels. Model performance during training was monitored using the 

accuracy metric. 

Training was conducted in mini-batches of 32 samples, as defined by the batch_size parameter in 

the data generator. Although the maximum number of training epochs was set to 250, an early stopping 

strategy was implemented to dynamically terminate training. Two conditions were applied: 

i) A custom callback that stopped training once validation accuracy reached 98%, 

ii) A built-in EarlyStopping callback that monitored validation loss with a patience of 15 epochs, restoring 

the best weights upon termination. 

This dual strategy allowed the model to avoid overfitting and reduced training time by halting the process 

when optimal performance was reached. A model checkpoint mechanism was also included to retain the 

weights corresponding to the highest validation accuracy observed during training. 
 

 

Table 1. Distribution of training and testing images for different data split configurations 
Data split Training images Testing images Total 

60:40 1,224 816 2,040 

70:30 1,428 612 2,040 

80:20 1,632 408 2,040 

90:10 1,836 204 2,040 

 

 

2.6.  Model evaluation 

Model evaluation was conducted using the validation datasets corresponding to each train-test split 
configuration (60:40, 70:30, 80:20, and 90:10). At the end of each training session, the model was evaluated 

using the model.evaluate() function, which returned the final validation loss and accuracy for the best-

performing model checkpoint. The training history, which included loss and accuracy values for both training 

and validation sets across all epochs, was stored and visualized. 

Line plots were generated, showing the progression of loss and accuracy throughout the training 

process. These visualizations offered insights into the model’s convergence behavior, stability, and any 

indications of overfitting or underfitting. A bar chart was also created to summarize the final accuracy and 

loss values across all split configurations. This comparative visualization clarified how different training data 
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proportions affected the model’s ability to generalize. All plots were saved and labeled according to their 

respective data split configurations, ensuring reproducibility and transparency in post-training analysis. 
 

2.7.  Model saving and inference 

Upon completion of the training process for each data split configuration (60:40, 70:30, 80:20, and 

90:10), the best-performing model from each configuration was saved in. tflite format and stored in a 

dedicated Google Drive directory. This ensured consistency during subsequent evaluation and enabled 

potential deployment without requiring retraining. Inference was performed using 11 previously unseen test 

images, which were not included in either the training or validation sets. These images were obtained from a 

publicly available GitHub repository and underwent the same preprocessing steps as the training data. Each 

saved model was reloaded and applied to classify the test images, and the predicted labels were compared 

against the ground truth to determine correctness. To facilitate performance evaluation, visual results were 
generated by displaying each test image alongside its prediction. Correct classifications were marked in green, 

whereas incorrect predictions were marked in red, and all outputs were archived for documentation purposes. 
 

 

3. RESULTS AND DISCUSSION 

3.1.  Training and validation performance 

The CNN model was evaluated under four train–validation split configurations: 60:40, 70:30, 80:20, 

and 90:10. The accuracy and loss curves provide insight into the model’s learning stability and generalization 

behavior across these configurations. As shown in Figure 3, all accuracy curves increased steadily during the 
early epochs before reaching stabilization. The 90:10 split demonstrated the fastest convergence, achieving 

stable accuracy within four epochs, whereas the 60:40 split required 27 epochs and exhibited greater 

fluctuation, indicating slower learning stability. 

Loss patterns further support these observations. The training and validation loss curves for the 90:10 

and 80:20 configurations remained closely aligned as shown in Figure 3, suggesting effective learning with 

reduced overfitting. In contrast, the 60:40 and 70:30 splits displayed increasing divergence between training 

and validation loss as training progressed, indicating reduced generalization—likely caused by limited training 

sample diversity. Early stopping was employed to terminate training when no further improvement in 

validation metrics was observed as presented in Table 2. Although the training was initially set for 250 epochs, 

the mechanism halted training substantially earlier across all configurations—for example, at epoch 27 (60:40) 

and epoch 12 (90:10). Model weights were restored to the optimal checkpoint for each configuration, such as 

epoch 18 for the 80:20 split and epoch 12 for the 90:10 split, ensuring evaluation based on the best-performing 
state rather than the final training iteration. The rapid convergence seen in the 90:10 configuration can be 

attributed to the relatively larger training data proportion, which allowed the model to learn discriminative 

feature representations efficiently. Meanwhile, configurations with lower training data volumes required a 

longer optimization period and demonstrated greater sensitivity to overfitting. 
 

 

 

 
 

Figure 3. Accuracy plots for training and validation across the four data split configurations 
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Table 2. Early stopping efficiency 
Data split Epoch stopped Best epoch restored 

60:40 41 26 

70:30 37 22 

80:20 26 18 

90:10 29 12 

 

 

3.2.  Model evaluation metrics 

Model performance was quantitatively assessed on the validation datasets using the 

model.evaluate() function, which returned the final loss and accuracy values for each train-validation split 

configuration. Evaluation was performed on the checkpoint that yielded the highest validation performance, 

as determined by the early stopping mechanism discussed previously. As presented in Table 3, the 80:20 and 

90:10 configurations achieved the best results, each with a validation accuracy of 98.04% and the lowest loss 

of 0.0653, indicating strong generalization and minimal overfitting. The 70:30 configuration followed closely 

with a validation accuracy of 95.59% and a loss of 0.1574, while the 60:40 configuration recorded the lowest 

performance, with a validation accuracy of 94.61%, and a loss of 0.1990. 

In addition to accuracy and loss, othe classification metrics such as precision, recall, and F1-score 

were also computed (weighted average across all classes) to provide a more comprehensive evaluation of 
model performance. Consistenly, the 80:20 and 90:10 configurations achived the highest precision  

(98.10% and 98.05%, respectively), recall (98.04% each), and F1-score (98.04% each), further confirming 

their superior performance. The 60:40 split yielded the lowest values across all metrics, with a precision of 

94.62%, recall of 94.61%, and F1-score of 94.58%. 
 

 

Table 3. Final validation accuracy and loss values for each train-validation split configuration 
Data split Accuracy Loss Precision (weighted avg)  Recall (weighted avg) F1-score (weighted avg) 

60:40 0.9461 0.1990 0.9462 0.9461 0.9458 

70:30 0.9559 0.1547 0.9569 0.9559 0.9555 

80:20 0.9804 0.0653 0.9810 0.9804 0.9804 

90:10 0.9804 0.0653 0.9805 0.9804 0.9804 

 

 

These results demonstrate a consistent trend: increasing the proportion of training data tends to 

enhance model performance. With more training examples, the CNN is able to learn more representative 

features and generalize better to unseen data. Altough all configurations achieved over 94% accuracy, the gap of 

3.43% between the 60:40 and the top-performing 80:20/90:10 configurations underscores the importance of 

training data volume in deep learning workflows. Notably, the 80:20 and 90:10 configurations not only 

delivered the best accuracy and lowest loss, but also achieved the most balanced precision-recall tradeoff. These 

findings emphasize that allocating a larger portion of data for training not only accelerates convergence but also 

improves model robustness and stability, reaffirming data composition as a critical factor in CNN performance. 
 

3.3.  Inference and error analysis 

Inference was performed using 33 previously unseen images of seagrass leaves, comprising  

11 samples for each species. Each image was preprocessed following the same procedure as during training, 

including resizing to 100×100 pixels and pixel normalization. The best-performing models from each data 

split configuration (60:40, 70:30, 80:20, and 90:10) were reloaded to generate predictions. Class labels were 
derived using the argmax function on the model outputs and compared to the ground truth. A visual summary 

of these predictions is shown in Figure 4, Green text indicates correct predictions, while red text marks 

misclassifications. Each group represents predictions from one training configuration. 
 

 

 
 

Figure 4. Inference results on unseen seagrass leaf images 
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As presented in Table 4, the model trained using the 60:40 configuration demonstrated the highest 

inference accuracy, correctly classifying 31 out of 33 tes samples, resulting in performance of 94%. Models 

trained with the 80:20 and 90:10 splits followed closely, each achieving an accuracy of 85%, whereas the 

70:30 configuration yielded the lowest performance at 82%. These outcomes diverge from the validation 

phase results, ehere the 80:20 and 90:10 configurations exhibited superior accuracy. This discepancy 

indicates that inference performance may be solely dependent on the size of the training set but also on the 

extent to which the trainin data distribution captures the characteristics of the unseen test instances. 
 
 

Table 4. Inference accuracy based on the number of correct predictions for each data split configuration  
Precision Recall F1-score 

60:40 70:30 80:20 90:10 60:40 70:30 80:20 90:10 60:40 70:30 80:20 90:10 

H. uninervis 0.91 0.69 0.71 0.71 0.91 0.82 0.91 0.91 0.91 0.75 0.8 0.8 

S. isoetifolium 0.92 0.82 0.9 0.9 0.92 0.75 0.75 0.75 0.92 0.78 0.82 0.82 

T. hemprichii 1 1 1 1 1 0.91 0.91 0.91 1 0.95 0.95 0.95 

accuracy 
        

0.94 0.82 0.85 0.85 

macro avg 0.94 0.84 0.87 0.87 0.94 0.83 0.86 0.86 0.94 0.83 0.86 0.86 

weighted avg 0.94 0.84 0.87 0.87 0.94 0.82 0.85 0.85 0.94 0.83 0.86 0.86 

 
 

A more detailed per-class analysis reveals distinct classification behavior. T. hemprichi consistenly 

achived perfect precision (1.00) across all configurations and maintained a high recall score (0.91), 

culminating in an F1-score of 0.95. The species’ broad and distinguishable leaf morphology likely facilitated 
its consistent classification. Conversely, S. isoetifolium and H. uninervis – which share similar elongated leaf 

structures and coloration – were more susceptible to misclassification. Nevertheless, impovements were 

observed under specific configurations. In particular, the 60:40 split enabled Syringodium to achive precision 

and recall values of 0.92, while Halodule obtained its highest F1-score of 0.91 under the same split. 

Across all train–test configurations, the confusion matrices reveal consistent classification trends:  

T. hemprichii is reliably and almost perfectly identified in every split, indicating strong morphological 

distinctiveness and high model separability. In contrast, misclassifications occur primarily between  

H. uninervis and S. isoetifolium, whose visual similarities lead to reciprocal errors in all configurations. The 

60:40 split provides the most balanced and stable performance, while the 70:30, 80:20, and 90:10 splits show 

slight increases in confusion between these two species, though overall accuracy remains high. Taken 

together, the results show that the model is robust across dataset proportions, with errors driven not by data 

volume but by the intrinsic similarity between specific species pairs. A visual confusion matrix on test data is 
shown in Figure 5. 
 

 

  

  
 

Figure 5. Confusion matrix 
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Across all three species, the 60:40 model consistenly reported the highest metrics in terms of 

precision, recall, and F1-score, leading to the best macro and weighted averages at 94%. In contrast, the 

remaining configurations (70:30, 80:20, and 90:10) produced average marco and weighted scores around 

87%. These findings suggest that while larger training datasets generally enhance validation accuracy, the 

representatativeness of the training data plays a critical role in real-world inference performance. 
 

3.4.  Discussion and implications 

The CNN model demonstrated fast convergence, stable training behavior, and high classification 

accuracy across all configurations. The integration of early stopping and dropout regularization played crucial 

roles in preventing overfitting, as evidenced by the close alignment of training and validation curves, especially 

in 80:20 and 90:10 configurations. These findings are consistent with best practices in CNN-based image 
classification [18]–[20]. The smooth progression of training loss and accuracy without oscillation or instability 

is consistent with well-regularized training behavior [21]. Despite limited data, the model effectively learned 

discriminative fetures, yielding reliable performance accrss configuration. This finding aligns with prior studies 

on CNN aplications in marine and environmental domains [22]–[25], where high performance was achieved 

using moderate-size datasets. Inference results further confirm the model’s robustness, with all configurations 

achieving accuracy ≥86.7%. These results are consistent with prior studies demonstrating high CNN 

performance in marine classification tasks, even with moderate dataset sizes [26]–[28]. 

Misclassifications, however, expose an important limitation in CNN performance for 

morphologically similar species. The consistent confusion between H. uninervis and S. isoetifolium—also 

observed in prior works [9] — highlights the need for either more diverse training samples or additional 

context (e.g., habitat, background, multi-angle views) to improve separability. On the other hand, the 
consistently correct classification of T. hemprichii reinforces the model’s strength when applied to 

morphologically distinct classes [13], [27], [29], [30]. 

From an applied perspective, the proposed model demonstrates strong potential for supporting 

automated seagrass monitoring and biodiversity assessment in Bintan. Given its lightweight architecture, 

implementation on portable platform such as TensorFlow Lite is feasible and could support in-situ 

identification using mobile or embedded devices. Nonetheless, improvements are necessary for more 

challenging classification scenarios. Future directions may include integrating multi-angle or multi-scale 

imagery [26], adding contextual environmental features such as depth or location metadata [31], and 

leveraging ensemble or semi-supervised approaches to enhance generalization on real-world underwater data 

[9]. Taken together, the findings presented in this study demonstrate the model's practical viability and 

highlight the importance of data quality, species distinctiveness, and contextual augmentation as key 

considerations in advancing seagrass classification efforts using deep learning.  
 

 

4. CONCLUSION 

This study presented the development and performance evaluation of a CNN model for the 

classification of three seagrass species—H. uninervis, S. isoetifolium, and T. hemprichii—in Bintan, 

Indonesia. The model was trained using varying train-validation splits (60:40, 70:30, 80:20, and 90:10), 

demonstrating robust convergence and high classfification accuracy across all configurations. The 90:10 

configuration yielded the highest validation accuracy (98.53%) and lowest validation loss (0.08881), 

indicating strong model performance during training. Inference on unseen test images confirmed the model’s 
generalization capability, achieving up to 86.7%. although the 80:20 and 90:10 splits excelled during the 

validation phase, the 60:40 split produced the most stable and reliable performance during inference, 

suggesting better generalization to real-world data. This highlights the importance of not only dataset size but 

also the representational quality and distribution of training samples. However, recurring misclassifications 

between H. uninervis and S. isoetifolium – species with sublte morphological differences – points to the 

limitations of single-view image input. In contrast, T. hemprichii was consistently classified with high 

precision, affirming the model’s efficacy in identifying morphologically distinct species. Overall, the 

findings support the suitability of CNN-based approaches for automated seagrass classification in marine 

monitoring applications. Future improvements may focus on incorporating richer input modalities, increasing 

dataset diversity, and exploring model ensembles to further improve accuracy and reliability in complex 

underwater environments. 
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