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Abstract 

Although benthic habitats represent some of the largest, most diverse, and productive ecosystems on Earth with great 

environmental, and economical value, they are increasingly threatened and declining in many locations worldwide. Every 

year, numerous underwater images are collected for monitoring these habitats. Still, the manual labelling process remains 

tedious and time-consuming, creating a huge gap between data collection and extraction of meaningful information. In this 

study, an automated framework is proposed for single-label classification and semantic segmentation of benthic habitats 

using convolutional neural networks (CNNs). The framework integrates and evaluates various pre-trained CNNs, bagging of 

features (BOF), color spaces, and texture descriptors for benthic habitat classification. Furthermore, the classified images 

served as training and validation samples to assess the semantic segmentation performance of pre-trained CNNs with 

different architectures (e.g., ResNet-50, AlexNet, Xception, etc.). Both high- and low-quality underwater images of benthic 

habitats collected from six diverse study areas located off Australia and Japan were used to evaluate the proposed framework. 

The analysis revealed that the ResNet-50 FC1000 combined with BOF, color space, and texture attributes yielded the highest 

automatic classification accuracy. Moreover, the ResNet-50 network outperformed all the tested networks for automatic 

semantic segmentation of benthic habitats. Overall, the presented framework enhanced the automation of benthic habitat 

classification and semantic segmentation processes. 
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1. Introduction 

Benthic habitats and seagrass species are complex and biodiverse marine ecosystems with immense environmental 

and economic value [1]. These irreplaceable ecosystems provide habitats for numerous marine species, protect 

shorelines, sequester blue carbon, facilitate nutrient cycling, and generate revenue through tourism [2-4]. However, they 

are highly fragile and increasingly vulnerable to human stressors such as climate change, pollution, and overfishing, 

leading to their rapid decline in recent decades [5-7]. Recent studies report terrible statistics, 25 % of coral reefs were 

bleached, more than 50% are currently under threat, and up to 70% may be severely damaged if degradation continues 

[8, 9]. Protecting these important ecosystems requires accurate classification, mapping, and long-term monitoring 

programs for benthic habitats and seagrass meadows [10]. Still, there is a huge global lack of benthic habitats accurate 

maps limiting the conservation efforts for these high value ecosystems [11, 12].  
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Remote sensing imagery provides valuable data for mapping large-scale benthic habitat areas [13, 14]. Free satellite 

images from Landsat 8 and Sentinel-2 with 10 m spatial resolution offer multi-temporal datasets for broad benthic habitat 

classification. However, these pixel sizes lack the detail necessary to accurately map small-scale features and substrate 

complexity [15]. High-resolution commercial satellites, including Planet Dove, WorldView-2, and Spot 7, provide 

improved spatial detail, enabling more precise mapping of benthic habitats. Nevertheless, the high cost of these high-

resolution datasets remains a significant challenge [16]. Despite their advantages, these technologies have limitations, 

including insufficient spatial resolution for detailed benthic studies, environmental challenges such as cloud cover, 

shadows, water clarity, surface roughness, and sun glint, which can obscure reef features [17].  

Numerous remote sensing techniques including scuba diving, towed cameras, and Autonomous Underwater 

Vehicles (AUVs) have been employed to collect high spatial and temporal resolution underwater images for 

monitoring changes in benthic habitats [18-20]. Millions of underwater images of the seafloor are collected using 

these platforms every year [21]. For instance, in Western Australia an AUV collects around 200,000 images 

annually [22]. However, the manual annotation of this unprecedented volume of underwater imagery by marine 

experts is both laborious and time-consuming, as each image may require up to 30 minutes for complete annotation 

[23]. According to the National Oceanic and Atmosphere Administration (NOAA) less than 2% of the underwater 

images acquired annually are adequately analyzed by marine experts, resulting in a substantial gap between data 

collection and extrapolation [24].  

Automated classification of benthic habitats and seagrass images remains a challenging task for two primary reasons: 

the inherent nature of these ecosystems and the difficulties of underwater imaging environments [25, 26]. First, the 

dynamic nature and continuous movement of benthic habitats and seagrasses, caused by currents and waves, alter their 

visual appearance in images. Additionally, their irregular 3D structure and plasticity forms of benthic habitats added 

difficulties to define their shapes and edges [27]. Also, many organisms have visual similarities (e.g., algae and corals) 

and often coexist in the same spatial locations [24]. Second, underwater images usually had major drawbacks, including 

inadequate lighting conditions, water turbidity, and optical distortions decreasing image quality and clarity. Furthermore, 

the variations in the water column result in low contrast, color distortion, and blurred underwater images [28]. However, 

recent progress in computer vision and deep learning techniques offers promising potential to automate the annotation 

of underwater images and help bridge this critical bottleneck [29]. 

Generally, previous studies on processing underwater images can be summarized into image classification, object 

detection, region proposal, and semantic segmentation. The present study focuses on two major techniques: single-

label classification and semantic segmentation. First, several studies have explored single-label classification, where 

each underwater image in a dataset is classified as a single class as coral, algae, or seagrass [30, 31]. Numerous 

studies combined hand-crafted features (i.e., shape, color, and texture) to discriminate between underwater images. 

For example, Jamil et al. [32] proved the superiority of Bagging of Features (BOF) extracted features compared to 

other descriptors such as histogram of oriented gradients (HOG), texture, and local binary patterns (LBP) features 

for classifying bleached and unbleached coral underwater images. Using a dataset of 230 underwater images from 

the Great Barrier Reef of Australia, they achieved about 99% overall accuracy. Furthermore, the effectiveness of 

BOF has been proved in other marine applications, such as bleached coral detection [33] and monitoring benthic 

assemblages [34]. Similarly, Awalludin et al. [35] combined Hue Saturation Value (HSV) color attributes and Local 

Binary Pattern (LBP) texture descriptors to classify four classes of coral reef images. Their proposed approach 

resulted in 95% overall accuracy using an 800-image dataset. Additionally, Srividhya & Ramya [36] evaluated 14 

texture features for classifying three classes sea cucumber, fish, and corals using a dataset of 200 images and achieved 

97% overall accuracy. 

Moreover, recent studies developed novel features descriptors enhanced the discrimination power of 

classification models [37, 38]. Ganesan and Santhanam [39] developed a unique feature descriptor by detecting 

directional edge details in each coral reefs image and then contacting the local neighborhood pixels. They compared 

the proposed descriptor with traditional descriptors using five coral reefs datasets: EILAT (1123 images & 8 

classes), EILAT2 (303 images & 5 classes), MLC (776 images & 9 classes), Brodartz (2800 images & 112 classes), 

and RSMAS (24159 images & 14 classes). The proposed descriptor outperformed the baseline methods, achieving 

overall accuracies ranging from 96% to 98%. Nazmi et al. [40] combined the symmetric binary method and the 

median enhanced binary method to reduce the number of extracted features. This integration merged selected 

features from the evaluated coral reefs images and enabled the extraction of more detailed information. Using the 

same abovementioned datasets, the proposed method improved the overall accuracy by approximately 10% 

compared with traditional descriptors. Sotoodeh et al. [41] presented two local color texture descriptors that were 

robust to illumination variations and noise in coral reefs images, effectively capturing microstructural texture 

relations. These descriptors were evaluated using the EILAT, EILAT2, RSMAS, and MLC coral reefs datasets and 

they provided higher accuracies than conventional descriptors.  
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Recently, convolutional neural networks (CNNs) have provided robust frameworks for coastal applications including 

the extraction of offshore raft aquaculture areas [42], prediction of nearshore waves and hydrodynamics [43], and 

identification of coastlines [44] and sea fog [45] from satellite imagery. Furthermore, CNNs have shown significant 

promise in efficiently processing large-scale image datasets, which has accelerated research in benthic habitats images 

classification [46-48]. For instance, Fawad et al. [49] integrated BOF with hybrid color texture and AlexNet feature 

descriptors to classify bleached and unbleached corals. Their approach was evaluated using 342 coral images from the 

Great Barrier Reef, achieving an overall accuracy of 96.2%. Furthermore, Game et al. [47] evaluated the VGG16 [50] 

CNN for feature extraction and subsequently fed the extracted features into a Support Vector Machine (SVM) classifier. 

Using between 574 and 8,353 images from three datasets to classify three classes, their approach achieved overall 

accuracies ranging from 87% to 95%. In another study, Yasir et al. [51] proposed two image enhancement techniques 

combined with CNN-extracted feature descriptors to classify coral reefs images. The MLC dataset including 2055 

images was used to classify nine classes. They achieved 87.40% overall accuracy using DenseNet-169 [52] feature 

descriptors.  

The second technique is semantic segmentation, which classifies each underwater image into various classes using 

either machine learning algorithms [53-55] or, more recently, deep learning algorithms [56-58]. Jagadish et al. [59] 

proposed a machine learning framework for monitoring coral reefs' health in the Great Barrier Reef, Australia. After 

preprocessing images and extracting Gray-Level Co-occurrence Matrix (GLCM) and spectral index features, both pixel- 

and object-based segmentation were applied. The Random Forest classifier was then employed to model the nonlinear 

relationships among these features, achieving a high segmentation accuracy of 99.59%. In de Oliveira et al. [60], six 

machine learning algorithms were evaluated to classify live corals, dead corals, coral rubble, and sediments in the 

Piddington Mound area, Ireland, using underwater imagery collected by a remotely operated vehicle. Among the tested 

algorithms, gradient boosting trees achieved the highest overall accuracy of 95%. Nieuwenhuis et al. [61] integrated 

unmanned aerial vehicle images with digital elevation models to classify corals, microalgae, rubble, sand, and seagrass 

along the Saudi Arabian Red Sea coast using object-based image analysis, obtaining an overall accuracy of 84.4%. 

Driven by recent advances in deep learning algorithms, many studies have developed novel CNN architectures to 

enhance the automated semantic segmentation of benthic habitats. For example, Zhong et al. [62] designed a new deep 

neural network that integrates image mosaics and digital surface models to segment coral reefs into three classes. They 

yielded a superior mean Intersection over Union (mIoU) of 85%. Similarly, Zuo et al. [63] proposed a transformer-based 

model, the underwater segmentation transformer (UWSegFormer), to improve semantic segmentation of low-quality 

underwater images. UWSegFormer integrates the Underwater Image Quality Attention (UIQA) and Multi-scale 

Aggregation Attention (MAA) modules to enhance semantic feature representation and recover fine structural details, 

along with an Edge Learning Loss (ELL) to refine object boundary detection. Experiments conducted on two datasets 

demonstrated that UWSegFormer outperformed existing methods in segmentation accuracy and boundary sharpness, 

achieving a peak mIoU of 82.12%. 

Although numerous studies have contributed to the advancement of underwater image classification and 

segmentation, several important limitations persist in the existing literature. First, most existing studies focus on either 

hand-crafted descriptors or CNN-extracted features alone, with limited systematic evaluation of how shape, color, 

texture, and deep features compare across diverse benthic environments. Second, the majority of prior work relies on a 

single dataset, making it difficult to assess the generalizability of proposed methods to images with different water 

qualities, illumination conditions, and habitat compositions. Third, very few studies have explored the complementary 

strengths of traditional and deep-learning-based descriptors through an integrated feature representation, even though 

benthic habitats exhibit complex visual patterns that often cannot be captured by a single feature type alone. Finally, 

while both single-label classification and semantic segmentation have been widely investigated, a unified framework 

capable of handling the millions of underwater images collected annually across heterogeneous underwater datasets 

remains largely absent in the literature. To address these gaps, the present study systematically investigates multiple 

descriptors, proposes an integrated feature configuration that enhances discrimination across habitat types, and 

rigorously evaluates both classification and segmentation models on six distinct underwater datasets. These 

methodological advances collectively enhance robustness, improve cross-dataset generalization, and provide a more 

comprehensive framework for automated benthic habitat mapping. 

This study presents an automated framework for the single-label classification and semantic segmentation of benthic 

habitats. The principal contributions of this research are summarized as follows: (i) several combinations of shape-, 

color-, texture-, and CNN-based feature descriptors were systematically investigated for underwater image 

classification; (ii) the ResNet-50 network descriptors demonstrated superior performance compared with other state-of-

the-art CNN architectures; (iii) integrating all descriptor types yielded higher classification accuracies than using CNN-
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based features alone across six distinct underwater image datasets; (iv) the classified images were subsequently 

employed to assess multiple CNN architectures for automated semantic segmentation of benthic habitats; and (v) the 

experimental findings confirmed that the ResNet-50 network achieved the highest segmentation accuracy among all 

evaluated models across diverse underwater environments. 

2. Material and Methods 

2.1. Datasets 

For the benthic habitat classification and segmentation experiments, six different datasets were employed. To ensure 

the generalizability of the proposed framework, these datasets encompassed a broad spectrum of characteristics, 

including differences in geographic locations, water turbidity, illumination conditions, the number and nature of benthic 

habitat species, and underwater imagery quantity and quality. Four datasets originated from the Australian benthic 

datasets (Benthoz15) [64] as samples of georeferenced high-quality benthic images. These images were obtained using 

the AUV Sirius as part of Australia's Integrated Marine Observation System (IMOS) benthic monitoring initiative across 

various locations in Australia. The AUV Sirius was equipped with an illumination system and GPS receiver as detailed 

in Johnson-Roberson et al. [65]. Underwater imagery was captured using a high-resolution stereo camera with an 

approximate field of view of 42 × 34 degrees, producing 1,360 × 1,024 pixel RGB images at a standard altitude of 2 

meters. Marine experts manually annotated the imagery following the Collaborative and Automation Tools for Analysis 

of Marine Imagery and Video (CATAMI) classification scheme [66, 67].  

This scheme has been widely adopted in numerous studies [68-70] due to its ability to facilitate consistent processing 

and interpretation of benthic habitat imagery. To ensure data reliability, all images within each class were carefully 

reviewed prior to classification. Two additional low-quality, georeferenced datasets were derived from field surveys in 

the Shiraho and Fukido regions of Ishigaki Island, Japan. Both survey areas had an approximate water depth of three 

meters, and data collection took place during the typhoon season in August, which increased water turbidity. Underwater 

images were captured using a GoPro HERO3 Black Edition towed video camera with 12-megapixel photo resolution 

[71], affixed on a wooden frame positioned alongside a motorboat and submerged just below the water surface. 

Moreover, the coordinates of the surveyed underwater images were simultaneously recorded using a differential global 

positioning system (DGPS) mounted directly above the camera. Subsequently, 3000 benthic habitat images from Shiraho 

were manually classified into seven benthic classes, while 1500 seagrass images from Fukido were categorized into four 

seagrass species. The spatial distribution of all study areas and representative examples of the corresponding benthic 

classes are illustrated in Figures 1 and 2, respectively. Moreover, a summary of the evaluated datasets is provided in 

Table 1. 

 

 

 

Figure 1. The datasets locations shown with red stars; Australia and Japan 
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Shiraho Fukido Ningaloo Batemans Bay Tasmania South East Queensland 

       

       

       

       

      

    

  

 

Figure 2. Sample images of the six different datasets used in this study 

Table 1. Details of the datasets used in this study 

Dataset Location Survey Year  # of classes # of Images 

Batemans Bay Australia 2010 5 8870 

Tasmania Australia 2018 5 8763 

Ningaloo  Australia 2019 7 19708 

South East Queensland Australia 2019 12 20088 

Fukido Japan 2016 4 1500 

Shiraho Japan 2016 7 3000 

2.2. Methodology 

The proposed framework in this study consists of two sequential stages. In the first stage, a SVM [72] classifier with 
a 3rd order polynomial kernel function was employed to classify benthic habitats images. The input attributes for this 
classification were derived from pre-trained CNNs, Gray Level Co-occurrence Matrix (GLCM) texture parameters [73], 
color spaces, and the BOF [74] approach. In the subsequent stage, the correctly classified images served as training data 
for multiple CNN architectures to perform semantic segmentation of benthic habitats.  

2.2.1. Benthic Habitats Single Label Classification 

The following steps illustrate the single label classification stage of the proposed framework: 

• Manually labeled benthic images from each dataset (Table 1) served as inputs to evaluate various approaches. 

• Descriptors from the ResNet-50 FC1000 layer [75], HSV color space, GLCM texture parameters, and BOF shape 
features were integrated for automated single label classification. 

• The extracted attributes produced from the abovementioned approaches were utilized as input to train the SVM 
classifier, with the resulting outputs representing the predicted image labels. 

• To validate the SVM classifier, a random sampling strategy was employed, dividing the images within each class 
to 60% of images used for training and a separate independent 40% for testing. 
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• Additional images were then classified using the validated SVM classifier, and each classified image was 
individually verified.  

By the end of this stage, the framework had automatically classified underwater images into benthic habitat classes, 
classifying each image based on its dominant class. For benthic habitats classification, 250 BOF attributes were extracted 
utilizing a block width of 32 and a grid step of 16. The strongest 80% of features from each class were retained based 
on the grid point selection method. In addition, 26 GLCM texture attributes were computed for each image including 
entropy, correlation, homogeneity, energy, and other texture measures. The classification accuracy for each class was 
determined by dividing the number of correctly classified test images by the total number of test images in that class. 
The overall accuracy (OA) was then calculated as the mean classification accuracy across all tested images.  

2.2.2. Benthic Habitat Semantic Segmentation 

Correctly classified underwater images from the evaluated datasets were subsequently used as inputs for benthic 
habitat semantic segmentation as follows: 

• A total of 750 benthic images were selected and equally divided to represent six major dominant benthic cover 
classes—corals, blue corals, algae, brown algae, seagrasses, and sediments—representing the categories present 
in all tested datasets. 

• Manual digitization was meticulously performed on these images and the resulted digitized images were converted 
into raster format using ARC GIS software. To ensure accuracy, two additional experts independently reviewed 
and compared the manually classified images to the original ones prior to the evaluation of the proposed methods. 

• These images were employed as inputs to evaluate pretrained ResNet-50 for benthic habitat segmentation. Within 
each class, images were split into 70% training images and separate 30% testing images for the evaluation process. 

• Finally, the proposed framework produced two outputs for each image: (i) a single-label classification identifying 
the dominant benthic class, and (ii) a semantically segmented image depicting the spatial distribution of benthic 
habitats.  

For benthic habitats segmentation, the optimal training parameters for the ResNet-50 network that yielded the best 
results were as follows: optimization method—stochastic gradient descent with momentum (SGDM); momentum—0.9; 
L2 regularization—0.0005; learning rate—0.001; mini-batch size—8; and maximum number of epochs—25. The 
training session consumed approximately 110 minutes using a single GPU NVIDIA RTX 3060. To assess segmentation 
performance, three widely adopted metrics were utilized: Mean Pixel Accuracy (MPA), F1-score, and Mean Intersection 
over Union (mIoU) [76]. The mIoU measures the average overlap ratio between the predicted and ground truth classes, 
whereas the F1-score evaluates the correspondence between the predicted object boundaries and their ground truth 
counterparts. Additionally, the MPA represents the average percentage of correctly classified pixels across all classes. 
All experiments were conducted in the MATLAB environment, and the overall workflow of the proposed framework is 
illustrated in Figure 3. 

 

Figure 3. The general workflow of the methodology used in this study for benthic habitats single label classification and segmentation 
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3. Results 

3.1. Benthic Habitats Single Label Classification 

Descriptors derived from various approaches—such as multiple convolutional layers from pretrained CNNs (e.g., 

loss3 [77], AlexNet FC7 [78], VGG16 FC7 [50], and ResNet-50 FC1000)—as well as different color spaces (i.e., HSV, 

YIQ, YCbCr, and CIELAB), GLCM texture features, BOF shape parameters, and combinations thereof were evaluated 

for automated single-label classification. The overall classification accuracies obtained using the SVM classifier with 

GLCM, BOF, and various color space attributes are summarized in Table 2 and Figure 4. In addition, Table 3 and Figure 

5 present the overall accuracies achieved using the SVM classifier with descriptors extracted from different CNN 

convolutional layers across the evaluated datasets. The best results are shown in bold in all tables. Moreover, an 

“Improvement over baseline (%)” column, was added to Table 3 to demonstrate how much the combined descriptor 

configuration (RES 50 FC1000 & BOF & HSV & GLCM) improves upon the best single CNN model (the baseline = 

highest among GoogleNet, VGG16, AlexNet, or ResNet-50 individually). The improvement over baseline was 

computed as follows: 

Improvement over baseline = 
Combined Accuracy − Baseline Accuracy

Baseline Accuracy
 × 100% (1) 

Table 2. The overall accuracy (in %) for the compared texture, shape, and color spaces attributes on various datasets. 

Numbers of attributes were presented in each descriptor 

Dataset (No. of classes) GLCM (26) BOF (250) CIB LAB (256) YIQ (256) YCBCR (256) HSV (256) 

Batemans Bay (5) 83 83 78 83 85 86 

Tasmania (5) 83 82 84 84 85 85 

Ningaloo (7) 70 78 79 79 82 82 

South East Queensland (12) 64 76 74 76 77 79 

Fukido (4) 78 87 54 74 78 78 

Shiraho (7) 78 84 54 73 78 78 

 

Figure 4. Comparison of overall accuracies of different texture, shape, and color spaces attributes for all datasets 

Table 3. The overall accuracy (in %) for the evaluated pretrained CNNs and integrated descriptors on various datasets. 

Numbers of attributes were presented in each descriptor 

Dataset  

(No. of classes) 

GOOGLE NET 

LOSS 3 (1000) 

VGG16 FC7 

(4096) 

ALEX FC7 

(4096) 

RES 50 FC1000 

(1000) 

RES 50 & ALEX FC 7 

(5096) 

RES 50 FC1000 & BOF & 

HSV & GLCM (1532) 

Improvement over 

baseline (%) 

Batemans Bay (5) 85 87 88 88 88 92 +4.55% 

Tasmania (5) 81 84 84 85 85 89 +4.71% 

Ningaloo (7) 81 81 81 83 83 88 +6.02% 

South East Queensland (12) 77 80 81 81 82 96 +18.51% 

Fukido (4) 87 88 88 89 89 93 +4.49% 

Shiraho (7) 84 87 88 89 89 96 +7.87% 
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Figure 5. Comparison of overall accuracies of various pretrained CNNs and combined descriptors for all datasets 

3.2. Benthic Habitats Semantic Segmentation 

Four pretrained CNN architectures—ResNet-50, Xception [79] , AlexNet, and MobileNetV2 [80]—were evaluated 

for benthic habitat semantic segmentation. The corresponding Mean Pixel Accuracy (MPA), F1-score, and Mean 

Intersection over Union (M IoU) results for each network are presented in Table 4. Examples of segmented benthic 

habitat images produced by the evaluated CNNs are illustrated in Figure 6, while Figure 7 displays the confusion matrix 

of ResNet-50 based on an independent 30% testing subset. 

 

(a) Image (b) Ground truth (c) AlexNet (d) MobileNet V2 (e) Xception (f) ResNet-50 

      

      

      

      

    Algae     Brown Algae      Corals      Bluecorals      Seagrass     Sediments 

Figure 6. Comparison between the outputs from the evaluated pre-trained CNNs for benthic habitats semantic segmentation using an 

independent 30% subset of testing images 
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Table 4. Comparison of different pre-trained CNNs semantic segmentation performance 

Pretrained CNNs MPA M IoU  F1-score  

ResNet-50 84 72 62 

Xception 79 67 57 

MobileNet V2 78 63 56 

AlexNet 68 50 42 

 

Figure 7. Confusion matrix of the ResNet-50 semantic segmentation 

4. Discussion 

From a theoretical standpoint, the design of the proposed framework is motivated by the inherent multi-scale and 

multi-modal nature of benthic habitats. These environments exhibit complex visual properties—fine-textured substrates, 

color-varied vegetation, and irregular three-dimensional structures—that cannot be comprehensively modeled by a 

single feature type. The integration of BOF, HSV, GLCM, and ResNet-50 features therefore reflects a theoretically 

grounded strategy for combining complementary representations: BOF and GLCM capture local geometric and textural 

cues, HSV provides illumination-stable chromatic information, and ResNet-50 descriptors encode deeper semantic 

features through residual learning. This layered representation is consistent with established theories in hierarchical 

feature fusion, which suggest that merging low-, mid-, and high-level descriptors enhances discrimination in visually 

heterogeneous settings. Furthermore, the two-stage design of the framework—global single-label classification followed 

by pixel-wise semantic segmentation—follows a theoretical paradigm in computer vision where coarse global context 

helps constrain and improve fine-grained spatial predictions. These theoretical considerations collectively explain the 

robustness and generalizability of the proposed approach across diverse underwater imaging conditions. 

For benthic habitat classification, various attributes derived from shape, texture, and multiple color spaces (e.g., CIE 

XYZ, YIQ, and YCbCr) were assessed. Additionally, the performance of individual color dimensions (e.g., Hue or 

Saturation alone) from each tested color space was analyzed. However, these descriptors produced considerably lower 

overall accuracy. Principal Component Analysis (PCA) was also applied to reduce redundant features, but this led to a 

decline in overall accuracy across all experiments. Among the tested color spaces, the HSV descriptor achieved the 

highest accuracy, marginally outperforming YCbCr. It is noteworthy that color-based descriptors were more effective 

than shape or texture descriptors for high-quality AUV-acquired images (the four Australian datasets). In contrast, this 

relationship was reversed for low-quality and noisy images captured by the towed camera (Shiraho and Fukido datasets). 

These comparative results are presented in Table 2 and illustrated in Figure 4. 

On the other hand, several layers from different CNN architectures—such as FC7 and FC8 from VGG19, FC8 from 
VGG16 and AlexNet, and combinations of these layers—were tested across all classification categories. However, these 
layers yielded relatively low overall accuracy (OA) values. The FC1000 layer from ResNet-50 achieved the highest 
performance among all tested layers, and the OA slightly improved when it was integrated with the FC7 layer from 
AlexNet. Moreover, the findings confirmed the superior performance of CNN-extracted features compared to traditional 
BOF shape and texture-based GLCM features, aligning with previous research [81, 82]. Also, the integrated feature 
configuration—combining ResNet-50 FC1000 descriptors with BOF, HSV color space, and GLCM texture attributes—
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consistently achieved the highest classification accuracies across all datasets, as illustrated in Figure 5. The improvement 
over the best-performing single CNN baseline ranged from 4.5% to 17.1%, with the largest gain observed for the 
Southeast Queensland dataset, which contains the highest class diversity (12 classes), as shown in Table 3. This study 
further demonstrated that integrating diverse feature types outperformed approaches that relied solely on CNN 
descriptors, as reported in earlier works [83, 84]. These results highlight the complementary nature of the combined 
features, where BOF and GLCM capture local shape and texture variations, while HSV contributes color invariance, 
collectively enhancing the discriminative power of the CNN descriptors. The findings confirm that feature-level fusion 
substantially improves benthic habitat classification performance, particularly in complex or visually heterogeneous 
underwater environments. The obtained accuracy was comparable to results from previous studies [85-87], despite 
variations in the number of evaluated classes, water quality conditions, class composition, and image quality across 
datasets. 

For benthic habitat semantic segmentation, several pre-trained CNN architectures—such as Inception, VGG16, and 
VGG19—were evaluated; however, these models produced relatively lower accuracy values. Multiple experiments were 
also conducted to determine the optimal training parameters for each CNN, with the maximum mini-batch size limited 
to 8 due to GPU memory constraints. Among all tested networks, ResNet-50 achieved notably higher Mean Pixel 
Accuracy (MPA), F1-score, and Mean Intersection over Union (M IoU) values, outperforming the other CNNs in 
segmenting benthic habitats, as presented in Table 4. The superior performance of ResNet architectures has also been 
validated in previous studies [63, 88, 89], primarily due to their residual learning framework, which effectively mitigates 
vanishing gradient issues and facilitates deeper feature extraction. As illustrated in Figure 6 and further confirmed by 
the confusion matrix in Figure 7, the lowest segmentation accuracies were recorded for brown algae and other algae, 
primarily due to their overlapping morphological and spectral characteristics. Moreover, all evaluated CNNs exhibited 
a tendency to misclassify algae as sediments, particularly in low-quality underwater imagery with high turbidity and 
uneven illumination. Such confusion underscores the persistent challenge of distinguishing visually similar benthic 
classes in optically degraded environments. In contrast, seagrasses, corals, and blue corals were segmented with high 
accuracy owing to their distinct shapes, colors, and textures. These findings highlight that both habitat complexity and 
image quality strongly influence CNN-based segmentation performance.  

Furthermore, both the parametric paired t-test and its non-parametric counterpart, the Wilcoxon signed-rank test 
[90], were employed to evaluate the statistical significance of differences between the proposed single-label 
classification and segmentation methods for benthic habitats. In both tests, the decision is determined by the returned h-
value, where h = 1 denotes rejection of the null hypothesis—indicating a statistically significant difference between 
compared algorithms—while h = 0 signifies no significant difference. The statistical significance analysis was conducted 
separately for each dataset to ensure an unbiased evaluation. The classification results revealed that only the integration 
of ResNet-50 FC1000, BOF, HSV, and GLCM descriptors yielded h = 1 at the 5% significance level for both tests, 
confirming a significant difference compared to other evaluated descriptors. Similarly, both statistical tests were applied 
to assess the segmentation results, where the null hypothesis was rejected (h = 1) exclusively for the ResNet-50 M IoU, 
F1-score, and MPA outcomes, demonstrating a significant difference between ResNet-50 and the other CNNs. 
Conversely, both tests failed to reject the null hypothesis for the remaining segmentation models, indicating no 
statistically significant differences among them. 

The proposed framework demonstrates several key advantages. First, the trained SVM classifier can automatically 
categorize large volumes of underwater images acquired from various regions. Second, the classification system can be 
applied periodically to monitor temporal changes in complex marine ecosystems. Third, the framework achieves high 
accuracy with minimal logistical requirements, computational cost, and training data. Moreover, the proposed semantic 
segmentation module is fully automated, straightforward, accurate, and broadly applicable. However, certain limitations 
were identified. The segmentation performance decreased for images containing mixed substrates with visually similar 
classes or when the number of classes within a single image increased. Additionally, low-quality images with extensive 
shadowed areas remain challenging, as shadows significantly reduce segmentation accuracy. It should be noted that 
direct comparison between the accuracies achieved in this study and those reported in previous research is inherently 
challenging due to substantial variations in underwater image characteristics, water quality, and substrate diversity. 
Nevertheless, a review of recent literature reveals that previous studies have reported overall accuracies ranging from 
approximately 80% to 99%, depending on factors such as the number of evaluated classes, class composition, 
illumination and turbidity conditions, and image quality. Despite these inherent differences, the proposed framework 
achieved accuracies of 88–96% for single-label classification and 84% for semantic segmentation, results that are 
broadly comparable to—and in several cases competitive with—the best-performing methods reported in the literature. 
These outcomes highlight the robustness, generalizability, and efficiency of the proposed approach across diverse 
underwater environments and benthic habitat types. 

Future research could address these issues by incorporating advanced image enhancement techniques to improve 
image quality and mitigate shadow effects. Furthermore, integrating CNN-based descriptors with 3D morphological 
features such as slope, roughness, and curvature may enhance benthic habitat detection from underwater image mosaics. 
Another promising direction involves ensemble learning by combining outputs from multiple CNN architectures to 
leverage their complementary strengths, potentially improving semantic segmentation accuracy. Finally, exploring new 
generations of CNN architectures may further enhance segmentation performance while reducing computational time 
and hardware requirements.  
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5. Conclusion 

This study introduced an efficient and fully automated framework based on convolutional neural networks (CNNs) 

for the classification and semantic segmentation of benthic habitats from underwater imagery. The framework 

effectively integrates multiple complementary descriptors—namely, pre-trained ResNet-50 FC1000 features, Bag of 

Features (BOF), HSV color components, and Gray Level Co-occurrence Matrix (GLCM) texture measures— to enhance 

the discriminative power of benthic habitat image classification. Validation across six distinct study areas demonstrated 

that integrating these descriptors substantially improved the classification performance, achieving the highest overall 

accuracies and surpassing those of individual descriptors by a minimum margin of 4%. Statistical significance analysis 

confirmed that the integrated feature set consistently outperformed the individual descriptors at the 5% confidence level, 

emphasizing the effectiveness of multi-descriptor fusion for robust underwater image analysis. In the semantic 

segmentation stage, the ResNet-50 network exhibited superior predictive capability among the evaluated CNN 

architectures, yielding overall performance metrics of 84% MPA, 62% F1-score, and 72% M IoU. Significance testing 

of these results further verified the statistical superiority of ResNet-50 at the 5% significance level. Overall, these 

findings indicate that the proposed framework constitutes a robust and effective solution for large-scale benthic habitat 

mapping and monitoring. Its demonstrated capacity for accurate classification and detailed segmentation establishes a 

strong foundation for future developments in automated marine habitat assessment, with potential extensions involving 

more advanced deep architectures, adaptive enhancement methods, and multimodal data fusion to further improve 

performance under complex underwater conditions. 
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