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Abstract: Accurate benthic habitat mapping is essential for coastal management and ecosystem 

monitoring. However, remote sensing-based classification faces challenges due to the small size of 

benthic objects and their submerged nature, which increases the risk of misclassification. Machine 

learning algorithms such as Random Forest (RF) and Support Vector Machines (SVM) have been 

widely used to address these limitations, yet each has its drawbacks—RF may overfit. At the same time, 

SVM can misclassify and is sensitive to complex samples. This study proposes a hybrid classification 

method to overcome these limitations by fusing RF and SVM outputs within Google Earth Engine. The 

study area is located along the coast of Bontang City, East Kalimantan, Indonesia. Sentinel-2 imagery 

was classified using RF (ntree=50, 100), SVM (gamma=10, cost=10), and a hybrid RF-SVM approach. 

The fusion rule applied in the hybrid model is as follows: if RF and SVM predictions agree, the shared 

class label is accepted. If the predictions differ, the final class is determined using a 3×3 majority 

neighborhood filter to resolve the disagreement and assign the benthic habitat class. Three benthic 

classes were mapped: coral/macroalgae, seagrass, and bare substrate. RF yielded an overall accuracy 

range from 78.19 to 78.50%, while SVM reached 72.27 to 81.93%. Based on four scenarios, three of 

them showed that the hybrid method outperformed both RF and SVM individually. The hybrid method 

achieved the highest overall accuracy of 82.24% with a Kappa value of 0.70, with producers' and users' 

accuracy outperforming both individual classifiers in most classes. The use of varied parameters for 

RRF and SVM demonstrated the effectiveness of the hybrid approach. Spatially, this method reduced 

salt-and-pepper noise and improved consistency across benthic habitats. These findings indicate that 

the hybrid fusion method enhances the accuracy of benthic habitat mapping. Moreover, the hybrid RF-

SVM approach effectively addressed key limitations encountered in single-algorithm classifications, 

such as the inability to accurately map coral/macroalgae in SVM and RF's "salt and pepper" effect.  

Keywords: benthic habitat, random forest, remote sensing, support vector machine, 

hybrid classification 
 
 

Introduction 

Accurate and detailed mapping of benthic habitats is vital for effective coastal and marine 

management and long-term ecosystem monitoring. Indonesia is home to an exceptionally 

diverse and expansive benthic environment, with its coral reefs harboring approximately 

70% of the coral species found in the Indo-Pacific region (Wicaksono et al., 2019b; Hidayah 
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et al., 2021). Despite this ecological richness, benthic habitat maps in Indonesia are limited 

at both local and regional scales. Remote sensing offers a promising solution to address this 

gap by providing imagery with a range of spatial and spectral characteristics that enable 

wide-area coverage, rapid mapping, and temporal monitoring (Wicaksono, 2015; Hedley et 

al., 2016). Remote sensing facilitates more scalable habitat assessments than traditional 

field surveys, which can be labor-intensive, costly, and spatially constrained. 

Nonetheless, several challenges persist. Benthic features are generally small, submerged, 

and can often be obscured by water column effects, sunglint, limited spatial resolution, and 

narrow spectral sensitivity. These complications heighten the risk of misclassification, 

underscoring the need for careful consideration in remote sensing-based habitat mapping 

(Wicaksono, 2015; Wicaksono & Aryaguna, 2020). 

Sentinel-2 is a prominent choice for benthic habitat studies among satellite platforms, 

thanks to its advantageous spatial and spectral resolution that enhances the identification of 

underwater objects (Hafizt, 2024; Traganos & Reinartz, 2018). Its open-access nature and 

compatibility with cloud-based platforms like Google Earth Engine (GEE) further facilitate 

large-scale and reproducible analyses (Fakhrurrozi, 2024; Traganos & Reinartz, 2018). 

Numerous studies conducted in Indonesia have demonstrated the effectiveness of Sentinel-

2 imagery for classifying benthic habitats, achieving accuracy levels exceeding 65% 

(Alifatri, 2022; Fakhrurrozi, 2024; Hafizt, 2024; Hamuna, 2023; Hartoni, 2021; Yarmazen, 

2024). These studies typically utilize machine learning algorithms such as Random Forest 

(RF) and Support Vector Machine (SVM), both renowned for their efficacy in remote 

sensing applications. Nevertheless, each method has limitations—RF is prone to overfitting, 

while SVM can be sensitive to complex samples and may struggle with limited training 

data. 

This research proposes a hybrid classification approach that integrates RF and SVM within 

the GEE environment to enhance the accuracy and reliability of benthic habitat mapping. 

Combining RF’s robustness with SVM’s generalization capabilities, the hybrid method 

aims to overcome individual weaknesses and comprehensively classify diverse benthic 

ecosystems (Syeykhmousa, 2020). Importantly, improving benthic habitat mapping 

involves reducing classification errors and ensuring that the mapped classes reflect the 

actual spectral characteristics of benthic features (Wicaksono et al., 2019b). Therefore, the 

classification method, scheme, and imagery choice are critical. The coastal region of 

Bontang City in East Kalimantan was chosen as the study site because of its diverse benthic 

habitats and notable human activities. This area encompasses sea-based settlements, is near 
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industrial zones, experiences intensive fishing activity, and includes zones dedicated to 

seaweed farming, making it an ideal location for assessing variations in benthic habitats. 

 

Literature Review  

In the last three decades, remote sensing has become essential for studying coastal and 

benthic habitats, providing scalable and efficient alternatives to traditional field surveys. 

Conventional methods for collecting benthic data are often constrained by accessibility, 

environmental conditions, and the complex nature of underwater ecosystems (Wicaksono & 

Hafizt, 2013). In contrast, remote sensing allows for the extraction of surface information 

without direct contact. It utilizes electromagnetic wave reflections to detect and classify 

features on the Earth's surface (Campbell & Wyne, 2011). 

Among satellite platforms, Sentinel-2 imagery has emerged as a preferred source for benthic 

habitat mapping due to its favorable spatial resolution (10 m GSD) and diverse spectral 

bands—from visible wavelengths (blue 0.49 μm, green 0.56 μm, red 0.665 μm) to near-

infrared (NIR 0.842 μm). Its accessibility via platforms like Google Earth Engine (GEE) 

further supports large-scale, reproducible analysis. Sentinel-2 has been successfully applied 

across various spatial scales, including local (Fauzan et al., 2021; Wicaksono et al., 2022a; 

Wicaksono et al., 2022b; Wijaya & Wicaksono, 2024), regional and national (Lee et al., 

2023; Traganos et al., 2022a; Traganos et al., 2022b), and global contexts (Li et al., 2021; 

Lyons et al., 2020), consistently yielding acceptable classification accuracy. 

A range of classification methods has been employed in benthic mapping, including 

supervised and unsupervised approaches. Standard techniques include Maximum 

Likelihood, RF, SVM, ISODATA, K-Means, and object-based classification. Maximum 

Likelihood remains widely used in supervised classification, particularly under the 

assumption of normally distributed data (Chang & Bai, 2018), and often outperforms other 

parametric methods (Koedsin et al., 2016). Machine learning algorithms such as RF and 

SVM have gained prominence due to their adaptability and performance across diverse 

datasets. RF, an ensemble method based on decision trees, constructs multiple trees using 

randomly selected data subsets. It is known for its robustness, resistance to overfitting, and 

independence from data distribution assumptions (Chang & Bai, 2018). RF performs well 

with large datasets and is relatively easy to implement (Syeykhmousa et al., 2020). In 

benthic mapping using WorldView-2 imagery, RF achieved up to 88.54% accuracy across 

14 classes in Kemujan Island (Wicaksono et al., 2019b). Class generalization into four 

categories improved model accuracy and overall accuracy using the validation samples. 
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Subsequent RF applications in the Karimunjawa Islands yielded stable and consistent results 

(Wicaksono et al., 2019a), while RF-based classification in Tunda Island reached 69.86% 

accuracy across five classes (Fakhrurrozi et al., 2024). Comparative studies also suggest RF 

slightly outperforms SVM in Sentinel-2-based benthic classification, though differences are 

modest (Hamuna et al., 2023; Hartoni et al., 2021). 

SVM, another widely used machine learning algorithm, classifies data by calculating 

distances and separating them using hyperplanes. It is particularly effective in filtering noise 

during training and handling limited sample sizes (Syeykhmousa et al., 2020). Although 

SVM may struggle with multi-class classification, kernel function tuning—such as the radial 

basis function (RBF)—can mitigate this limitation (Chang & Bai, 2018). Traganos et al. 

(2018) demonstrated SVM’s effectiveness in Sentinel-2-based benthic mapping, achieving 

strong quantitative and qualitative results. Hamidah et al. (2021) combined SVM with 

object-based image analysis (OBIA) to classify four benthic classes, reaching 74.29% 

accuracy. In Kemujan Island, SVM achieved 75.98% accuracy (Wicaksono et al., 2019b), 

though some seagrass classes were poorly classified. These findings suggest that SVM 

performance varies with site complexity and object characteristics. Furthermore, SVM has 

been successfully applied to seagrass species classification, achieving 76.11% accuracy 

using RBF kernel tuning (Wicaksono et al., 2021a). 

 

Methodology  

a. Study Area:  

The study area is located along the coastal region of Bontang City, East Kalimantan, on the 

eastern side of Kalimantan Island. Geographically, it spans from 0.197884° to 0.038307° N 

latitude and from 117.477279° to 117.569772° E longitude. The socio-economic conditions 

in this region are notably active, driven primarily by community-based fishing activities 

(Irawan et al., 2019). In addition to intensive fisheries, seaweed farming is a dominant 

livelihood, particularly in the Bontang Lestari sub-district of South Bontang District 

(Lesmana et al., 2023). 

Mangrove ecosystems play a significant ecological role along the Bontang coastline, 

forming a continuous fringe along the shore. Seagrass beds in the area often grow adjacent 

to mangrove zones and are also found around offshore islands beyond the administrative 

boundaries of Bontang City. Faunal composition within the seagrass meadows is dominated 

by fish species such as rabbitfish (Siganus spp.), emperor fish (Lethrinidae spp.), squid 

(Loligo spp.), and sea urchins (Echinometra spp.) (Oktawati et al., 2018). 
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Satellite imagery and field surveys identified at least seven seagrass species in the study 

area, with Enhalus acoroides (Ea) and Thalassia hemprichii (Th) being the most dominant. 

The benthic habitat mainly consists of extensive reef flat zones, which are surrounded by 

fore reef and reef slope (wall) formations in shallow marine areas. The substrate near 

mangrove zones is typically composed of muddy sand and experiences turbid water 

conditions, while areas further offshore are characterized by carbonate sand substrates and 

clearer waters. During low tide, seagrass beds and reef flat substrates are often exposed. 

Figure 1 illustrates the satellite imagery utilized, the spatial extent of the study area, and the 

distribution of samples. 

 

Figure 1: Study Area and Field Sample Distribution. 

b. Field Data: 

A field survey was conducted from August 5 to 8, 2024, along the coastal area of Bontang 

City using the georeferenced photo transect method. The observed benthic habitats included 

reef flat zones, fore reefs, seagrass beds, sparse macroalgae, and carbonate sand and mud 

substrates. The georeferenced photo transect technique followed the steps outlined by 
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Roelfsema and Phinn (2009, 2010). Photo transects were analyzed to identify benthic 

habitat classes using the Coral Point Count with Excel (CPCe) software (Kohler & Gill, 

2006). The resulting habitat class samples were adjusted to match the 10-meter ground 

sample distance (GSD) of Sentinel-2 imagery. The classification scheme consisted of three 

generalized categories: (1) coral/macroalgae, (2) seagrass, and (3) bare substrate. Habitat 

class assignments were based on the dominant cover type, which was defined as covering 

at least 80% of the area within a single photo frame. 

Previous studies have shown that using dominant or generalized class schemes consistently 

yields higher classification accuracy than more detailed schemes (Wicaksono et al., 2019b). 

Macroalgae were grouped with coral due to their similar spectral appearance and low 

dominance in the study area, particularly where macroalgae coloration blended with dead 

coral. A total of 1,070 field samples were classified, with 70% allocated for model training 

and 30% for validation.  

c. Satellite Imagery: 

The satellite imagery utilized in this study was obtained from Sentinel-2 and processed to 

Surface Reflectance (SR) level (Level-2A), including geometric and radiometric 

corrections. The images were sourced from the Google Earth Engine (GEE) catalog and 

composited using the median values from acquisitions recorded between September 5 and 

September 10, 2024. This date range was chosen based on cloud cover and sunglint 

conditions in the Bontang coastal area, which is typically cloudy. Additionally, it was 

selected to ensure temporal proximity to the field survey dates. Aligning the satellite 

acquisition date with the field survey period helps minimize discrepancies between ground 

conditions and satellite observations (Wicaksono et al., 2021b; Wicaksono et al., 2022a, 

2022b, 2023). The imagery had a GSD of 10 meters, and the spectral bands selected for 

benthic habitat classification included the blue (Band 2), green (Band 3), and red (Band 4) 

wavelengths.  

d. Benthic Habitat Classification: 

This study utilized three classification algorithms: Random Forest (RF), Support Vector 

Machine (SVM), and a hybrid RF-SVM model. For RF, hyperparameter tuning was 

conducted by setting the number of variables randomly selected at each split (mtry) to the 

square root (sqrt). Trials were performed using 50 and 100 trees (ntree). The selected range 

for ntree was based on findings from previous studies by Wicaksono et al. (2019b; 2021b) 

and Ginting Br et al. (2023), which showed that increasing ntree from 100 to 500 did not 

significantly improve classification accuracy. 
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For SVM, hyperparameter tuning was done using a Radial Basis Function (RBF) kernel, 

with gamma values set to 5 and 10, and cost parameters tested at 5 and 10. The choice of 

RBF kernel, along with tuning of the kernel width and complexity parameters, is known to 

affect classification performance (Mountrakis et al., 2010). Previous applications in benthic 

habitat mapping informed the selected hyperparameter values, particularly studies by 

Traganos et al. (2018) and Wicaksono et al. (2019b), which successfully used gamma and 

cost values of 10. The hybrid classification method combines the outputs of RF and SVM 

for each trial, organized into four distinct scenarios (see Table 1). 

Table 1: Classification and RF-SVM Hyperparameter Tuning Scenarios 

Scenario 1 
RF (ntree = 50) 

SVM (gamma= 10, cost =10) 

Scenario 2 
RF (ntree = 50) 

SVM (gamma= 5, cost =5) 

Scenario 3 
RF (ntree = 100) 

SVM (gamma= 10, cost =10) 

Scenario 4 
RF (ntree = 100) 

SVM (gamma= 5, cost =5) 

 

The fusion rule applied in the hybrid model is as follows: if RF and SVM predictions agree, 

the shared class label is accepted. If the predictions differ, the final class is determined using 

a 3×3 majority neighborhood filter to resolve the disagreement and assign the benthic 

habitat class. Figure 2 shows the research framework for the benthic habitat classification 

using RF, SVM, and hybrid RF-SVM. To evaluate the performance of the Hybrid method, 

comparisons were conducted through visual inspection of the classification results and 

accuracy assessment using a confusion matrix from the validation samples, focusing on 

overall accuracy (OA) and kappa value. 
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Figure 2: Research Framework. 

 

Results and Discussion  

Benthic habitat classification and mapping were conducted using Sentinel-2 imagery, 

employing RF, SVM, and a hybrid RF-SVM algorithm. This approach aimed to optimize 

each method's strengths to enhance classification accuracy and improve overall map quality. 

Figure 3 compares the classification results from the RF and SVM algorithms. Generally, 

the benthic habitats along the coast of Bontang are predominantly characterized by seagrass 

meadows. The RF classification results in Figures 3a and 3b reveal similar spatial patterns, 

with seagrass dominating most areas, bare substrates common in the northern region, and 

coral cover found in the eastern part near the Makassar Strait—likely representing a fore 

reef zone. 

Based on field observations, the benthic habitat maps produced by RF are relatively 

representative, although there is evidence of overestimation in coral coverage in the eastern 

region. This may be attributed to spectral similarities between dead coral and other objects 

like seagrass, affecting classification accuracy. Meanwhile, the SVM classification results 

in Figures 3c and 3d show noticeable differences due to variations in the gamma and cost 
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hyperparameters. Specifically, Figure 3d, which used gamma and cost values 5, failed to 

identify coral features in the eastern fore reef zone. Figure 3c better represented seagrass 

and bare substrate distribution, although coral classification remained suboptimal. 

When compared, RF tends to produce "salt and pepper" effects or spatial noise, while SVM 

yields more generalized and realistic results despite being pixel-based classification 

(Wicaksono et al., 2021b). This contrast is particularly evident in the northern region, where 

SVM more clearly delineates the boundaries between seagrass and bare substrate. At the 

same time, RF introduces scattered misclassifications within the bare substrate area. Field 

validation confirms that bare substrate is the dominant habitat in the northern section. Such 

misclassification is likely due to the low spectral reflectance characteristics of the area, 

which complicate object differentiation. 

Furthermore, although multispectral imagery such as Sentinel-2 is theoretically capable of 

distinguishing objects based on specific spectral reflectance characteristics, disturbances 

such as the water column can hinder the sensor's ability to capture spectral differences 

among benthic habitat types, thereby affecting mapping accuracy (Lyons et al., 2011; Joyce 

et al, 2013; Wicaksono et al., 2021b). The background of bare substrate can also influence 

the reflectance values of seagrass, and the spectral similarity among objects such as 

seagrass, substrate, and dead coral can increase misclassification (Lazuardi et al., 2021). 

A hybrid RF-SVM approach was implemented based on each algorithm's classification 

results across four different scenarios (see Table 1). Overall, the variations in classification 

outcomes among scenarios 1 to 4 were minimal. Table 2 presents the varying areas (in 

hectares) of benthic classes from all scenarios of hybrid classification. There were minimal 

differences among the classes across all scenarios. The seagrass class predominated the 

study area, followed by bare substrate and the coral/macroalgae class. Most differences 

were observed at the pixel level, suggesting that all four scenarios effectively represented 

the spatial distribution of benthic habitats within the study area. 

Table 2: Area of Benthic Habitat Classes in Hybrid Classification (in Hectares) 

Class coral/macroalgae seagrass bare substrate 

Scenario 1 324 4356 1004 

Scenario 2 319 4377 989 

Scenario 3 327 4343 1015 

Scenario 4 322 4362 1000 
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A more straightforward comparison can be made by referring to Figures 3 and 4, which 

showcase the differences between the classifications produced by the single algorithms (RF 

and SVM) and the hybrid method. In the single SVM classification, corals in the eastern 

fore reef zone were not successfully identified, and the Random Forest (RF) method 

produced noticeable "salt and pepper" noise in the northern region. However, the hybrid 

classification effectively addressed both of these issues. It consistently identified corals in 

the eastern zone across all four scenarios and reduced the spatial noise in the northern bare 

substrate area. 

 

Figure 3: The Results of Benthic Habitat Classification a) RF ntree=50, b) RF ntree=100, c) 

SVM gamma = 10 and cost = 10, d) SVM gamma = 5 and cost = 5 

When Figure 4 is examined closely, it is evident that the northern part of the bare substrate area 

in scenarios 1 and 2 contains more coral/macroalgae than in scenarios 3 and 4. The 

classifications of these classes are consistent with the results obtained from the RF model using 

ntree 50. Additionally, when analyzing the coral reef on the eastern side of Figure 4 based on 

the hybrid classification, all scenarios exhibit a similar pattern. This indicates that when there 

is disagreement between the RF and SVM, the 3×3 majority filter plays a significant role. Due 

to the large area classified as coral and macroalgae in the RF model, this classification 
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ultimately leads to greater coverage of coral and macroalgae in the eastern region. Visually, 

the hybrid method provided a more accurate mapping of benthic habitats, aligning well with 

field observations. Nevertheless, careful consideration of the classification schemes and 

parameter tuning in the individual algorithms—particularly for RF and SVM—remains 

essential to achieve optimal results reflecting benthic habitats' spectral characteristics along the 

Bontang coastline. 

 

Figure 4: Hybrid RF-SVM Benthic Habitat Classification Result 

The accuracy assessment results indicate that all scenarios—both single-algorithm 

classifications (RF and SVM) and the Hybrid RF-SVM method—achieved overall accuracy 

values exceeding 60%. This meets the minimum threshold established by the Indonesian 

National Standard SNI 7716:2011 (Ginting Br et al., 2023). In comparing overall accuracy 

across the four scenarios, three of them demonstrated that the hybrid method outperformed 

both RF and SVM when used individually. However, Scenario 3 was the exception, where the 

hybrid method yielded slightly lower accuracy than the SVM classification, which was 

configured with a gamma of 10 and a cost of 10.  

Figure 5 provides a graphical comparison of the overall accuracy values for each scenario. In 

Scenario 3, RF achieved an overall accuracy (OA) of 78.19%, SVM reached 81.93%, and the 
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Hybrid RF-SVM method attained 81.62%, with a Kappa coefficient of 0.69. This scenario 

illustrates that while the hybrid method does not always produce the highest accuracy, its 

performance remains comparable to that of single-algorithm approaches. Additionally, the 

hybrid method can enhance the accuracy of RF classification. 

Among the four scenarios, the hybrid method achieved the highest OA in Scenarios 1 and 2, 

reaching 82.24% with a Kappa value 0.70. These scenarios demonstrated greater accuracy than 

the RF and SVM methods individually. However, in Scenario 1, the difference between the 

hybrid method and the SVM results was insignificant. As illustrated in Figure 5, the hybrid 

method notably improved OA in Scenarios 2 and 4 compared to the single classifications using 

RF and SVM. 

In Scenario 2, with a ntree of 50, the RF accuracy was 78.50%, achieving a Kappa of 0.64. In 

Scenario 4, where ntree was increased to 100, the RF accuracy slightly decreased to 78.19%, 

with a Kappa of 0.63. The SVM classification used in Scenarios 2 and 4 was the same, yielding 

an accuracy of 72.27% and a Kappa of 0.50. Notably, these SVM results were the only ones 

with Kappa values below 0.6, indicating "moderate agreement," according to Landis & Koch 

(1977), which defines a Kappa coefficient above 0.6 as representing "substantial agreement." 

Further analysis of the SVM classification presented in Figure 3d reveals that the 

coral/macroalgae class was poorly identified. The accuracy metrics showed a producer's 

accuracy (PA) of only 2.5% for the coral/macroalgae class, while the user's accuracy (UA) was 

100%, indicating a substantial underestimation of coral/macroalgae presence. In contrast, the 

RF classification resulted in a PA of 72.5% and a UA of 76.32%, suggesting that 

coral/macroalgae was classified reasonably well. With the hybrid method, the coral/macroalgae 

class achieved a PA of 70% and a UA of 84.85%. Scenarios 2 and 4 results demonstrate that 

the hybrid method can quantitatively enhance classification accuracy and improve the visual 

representation of benthic habitat maps to reflect field conditions better.  

Comparative studies of RF and SVM classification methods have been extensively conducted 

in remote sensing, particularly for benthic habitat mapping. Each algorithm presents unique 

advantages and limitations. In terms of hyperparameter tuning for RF, adjustments to the 

number of trees (ntree = 50 or 100) have not demonstrated a significant improvement in 

classification accuracy, as noted by Ginting Br et al. (2023) and Wicaksono et al. (2019c). On 

the other hand, SVM classification is generally more sensitive to its hyperparameter settings 

and the number of classes utilized. For example, Tamondong et al. (2018) achieved an accuracy 

of 72% using two classes with gamma and cost values of 10, while Wicaksono et al. (2019b), 

using the same parameter settings but with 14 classes, achieved an accuracy of 75.98%. 
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Figure 5: Comparison of Overall Accuracy (Scenario 1 – 4) 

These variations in hyperparameter tuning should be carefully considered when preparing input 

data for hybrid classification methods. In this study, the hybrid approach used was relatively 

straightforward—class agreement between RF and SVM, followed by a 3×3 majority 

neighborhood filter. Consequently, the hybrid method may not have reached its full potential. 

Alternative fusion rules could involve probability-based class selection or weighted voting 

based on the performance of individual classifiers. Further exploration of additional scenarios 

and comparative methods could enhance classification outcomes. 

Beyond the classification approach, one inherent challenge in using remote sensing imagery 

for benthic habitat mapping is the complexity of the habitats. Benthic features are often small 

and heterogeneous, leading to spectral mixing among classes such as seagrass, bare substrate, 

macroalgae, and coral (Koedsin et al., 2016). This spectral overlap can significantly influence 

reflectance values, contributing to misclassification (Wicaksono et al., 2021a). 

 

Conclusion and Recommendation  

This study shows that integrating RF and SVM in a hybrid classification framework within 

GEE can improve the accuracy and reliability of benthic habitat mapping. The hybrid RF-

SVM method effectively addresses key limitations found in single-algorithm classifications, 

such as the inability of SVM to map coral/macroalgae, and the "salt and pepper" effect 

commonly observed in RF. In four scenarios, the hybrid approach consistently produced 

classification results that better reflected field conditions, achieving overall accuracy values 
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that surpassed the national standard threshold of 60%. Scenarios 1 and 2 reached the highest 

accuracy levels, with an overall accuracy of 82.24% and Kappa values of 0.70, confirming 

the hybrid method's potential to enhance spatial coherence and delineate classes in complex 

benthic environments. 

Future research should investigate more advanced fusion rules beyond simple class 

agreement and neighborhood filtering to optimize the hybrid classification approach further. 

Incorporating methods such as confidence-based selection, weighted voting, or probabilistic 

decision-making could improve the adaptability of the hybrid model. Additionally, 

expanding the number of scenarios and integrating other classification algorithms may 

provide deeper insights into model performance across various habitat conditions. Given 

benthic features' spectral complexity and heterogeneity, improving pre-processing 

techniques and refining hyperparameter tuning—particularly for SVM—will be essential 

for achieving robust and ecologically meaningful mapping outcomes. 
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