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 Automated coral classification from underwater imagery is essential for 

large-scale reef monitoring but remains challenging due to color attenuation, 

illumination variability, and differences between texture-focused close- 

range images and morphology-focused colony-level observations. To 

address these challenges, this study proposes a dual-branch convolutional 

neural network that integrates information from the CIELAB (LAB) color 

space with structural descriptors derived from the discrete wavelet transform 

(DWT). RGB images are first converted to the LAB color space to  

separate luminance and chromatic components in separate channels, 

enabling the model to exploit color and lightness information more 

explicitly. Structural information is extracted from the luminance channel 

using wavelet decomposition to capture high-frequency morphological 

patterns. The two representations are processed through parallel 

convolutional branches and fused at the feature level for classification. 

Experiments conducted on a unified coral dataset containing texture-

dominant and morphology-focused imagery across 14 classes show that  

the proposed method achieves 96.52% accuracy on the texture-focused 

RSMAS dataset and 88.33% accuracy on the morphology-focused structure 

RSMAS dataset, reducing the cross-domain performance gap from 22.46% 

to 8.19% compared with RGB baselines, demonstrating improved cross-

domain robustness for coral classification under heterogeneous underwater  

imaging conditions. 
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1. INTRODUCTION 

Coral reefs are among the most biologically diverse marine ecosystems and provide essential 

ecological and economic services, including coastal protection, fisheries support, and biodiversity 

preservation [1]. However, coral reefs worldwide are increasingly threatened by climate change, ocean 

warming, and anthropogenic disturbances, which accelerate coral bleaching and ecosystem degradation  

[2]-[4]. Traditional field surveys are labor-intensive and spatially limited, making automated image-based 

analysis an increasingly important tool for reef monitoring at scale [5]. 

Early studies on coral image classification primarily relied on handcrafted feature extraction 

combined with classical machine learning methods such as support vector machines (SVMs) and  

texture-based descriptors [6]-[9]. While these approaches demonstrated promising results, their  

performance is often constrained by the limited representational capacity of manually designed features. 

Classical machine learning methods have also been explored in more recent work [10]. Recent advances in  

https://creativecommons.org/licenses/by-sa/4.0/
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deep learning, particularly convolutional neural networks (CNNs), have significantly improved  

performance in underwater image classification tasks by enabling automatic hierarchical feature learning 

[11]-[17]. 

Despite these advances, coral image classification in underwater environments remains challenging. 

Underwater images often suffer from color distortion, reduced contrast, and scattering caused by light 

absorption and suspended particles [18]. Several methods have been proposed to address these issues, 

including physics-based restoration techniques and learning-based color correction models such as 

WaterGAN [19]. In addition, underwater image enhancement techniques have been developed to restore 

color and contrast in degraded marine imagery [20]. 

Another challenge arises from variations in spatial scale across coral image datasets. Close-range 

imagery typically emphasizes fine surface textures, whereas colony-level imagery highlights larger 

morphological structures. When discriminative cues shift from texture-dominated patterns to broader 

structural characteristics, CNN models trained primarily on texture-rich imagery may exhibit reduced 

generalization performance. To address this limitation, alternative representation strategies have been 

explored. Transforming images into the CIELAB (LAB) color space represents luminance and chromatic 

components in separate channels, which can reduce sensitivity to illumination variability [18], [21]. In 

parallel, frequency-domain analysis using the discrete wavelet transform (DWT) enables multi-resolution 

characterization of structural patterns [22]-[24]. 

Although multi-branch and feature-fusion architectures have demonstrated improved performance in 

general image classification by processing complementary representations in parallel [25], [26], these designs 

are typically evaluated in natural-image recognition settings and do not explicitly address the physical and 

domain-specific characteristics of underwater coral imagery, including wavelength-dependent color 

attenuation, illumination variability, and changes in visual scale. Existing coral classification methods 

predominantly rely on single-input RGB representations [11]-[17]. In RGB images, changes in illumination, 

shading, water attenuation, and camera exposure directly affect the red, green, and blue intensity channels, 

making brightness and color variation difficult to separate. By contrast, CIELAB represents lightness in the 

L* channel and chromaticity along the opponent-color axes a* and b*. In principle, regions with similar 

chromaticity can remain more comparable under moderate lighting differences when luminance is 

represented separately. This property is useful for coral classification because images acquired at different 

scales and under different underwater conditions may vary strongly in brightness while retaining species-

related color characteristics. 

However, color representation alone does not capture colony-level morphology. Color-correction 

methods such as WaterGAN [19] can improve visual appearance, but they do not directly encode 

morphology-related structural descriptors for taxonomic discrimination. 

Although Gómez-Ríos et al. [15] reported results on both texture-focused and morphology-focused 

coral datasets, their evaluation used a two-level classifier under different experimental conditions. This 

leaves open the question of whether a single representation framework can maintain performance when the 

visual cues shift from close-range texture to colony-level morphology. Prior work has not systematically 

isolated the individual and combined effects of LAB color representation, wavelet-derived structural 

descriptors, and dual-branch feature fusion on performance across coral image domains. 

In this study, the term domain gap refers to the performance difference observed when a model is 

evaluated across coral image domains with different visual characteristics, particularly texture-focused close-

range imagery and morphology-focused colony-level imagery. This gap is interpreted as an indicator of how 

strongly a model depends on cues that may not transfer across imaging scale, viewpoint, illumination, and 

structural context. A smaller domain gap therefore suggests better cross-domain generalization, especially 

when performance on the morphology-focused dataset improves without substantially reducing accuracy on 

the texture-focused dataset. 

To address this gap, the present study proposes a dual-branch deep learning framework in which the 

LAB branch represents luminance and chromatic components in separate channels, while the DWT branch 

extracts multi-resolution structural detail from the luminance channel. The two representations are processed 

through parallel convolutional branches and fused before classification. The framework is evaluated by 

directly comparing RGB, LAB, DWT-only, RGB+DWT, and LAB+DWT configurations under a unified 

evaluation protocol.  

The main contributions of this study are summarized as follows: 

− A dual-branch representation learning framework that combines LAB color representation with DWT-

derived structural descriptors; 

− A systematic evaluation of RGB, LAB, DWT-only, RGB+DWT, and LAB+DWT configurations across 

texture-dominant and morphology-focused coral image datasets; and 
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− A domain-gap analysis that quantifies cross-domain generalization as the absolute difference in 

classification accuracy between the texture-focused RSMAS dataset and the morphology-focused 

structure RSMAS dataset. 

 

 

2. PROPOSED METHOD 

The proposed framework integrates LAB color representation with DWT-derived descriptors for 

coral taxonomy. The overall workflow consists of three main stages: representation transformation, dual-

branch feature extraction, and feature fusion for classification, as illustrated in Figure 1. 
 

 

 
 

Figure 1. Overview of the dual-branch architecture 
 

 

2.1.  Representation transformation 

Underwater images often exhibit significant color distortion due to wavelength-dependent light 

absorption and scattering. To represent luminance and chromatic components more explicitly, input RGB 

images are transformed into the CIELAB (LAB) color space, which represents luminance information (L*) 

and chromatic components (a* and b*).  

In addition to color-space transformation, structural information is extracted using the DWT. 

Wavelet decomposition performs multi-resolution analysis by separating image content into frequency sub-

bands, where low-frequency components represent coarse image structure while high-frequency components 

capture edges and fine spatial details [22]-[24], [27]-[29]. Because coral colonies exhibit complex surface 

geometry and branching morphology, these high-frequency components highlight patterns associated with 

coral growth forms. Consequently, the wavelet representation provides a compact descriptor that 

complements the LAB color input. 

Specifically, the Daubechies-2 (db2) mother wavelet [30] is applied at a single decomposition level 

to the luminance channel. The db2 wavelet was selected for its balance between compact support  

(4 coefficients) and smoothness, which is suitable for capturing edge and texture patterns in coral surface 

morphology. Single-level decomposition preserves spatial resolution while extracting directional high-

frequency information. 

Let Il denote the normalized luminance channel extracted from the CIELAB representation.  

A single-level two-dimensional DWT yields four sub-band coefficient matrices. 
 

{𝐿𝐿, 𝐿𝐻, 𝐻𝐿, 𝐻𝐻} = 𝐷𝑊𝑇2(𝐼𝐿; 𝑑𝑏2)  (1) 
 

Where LL is the approximation sub-band, and LH, HL, and HH are the horizontal, vertical, and 

diagonal detail sub-bands, respectively. The approximation sub-band LL is discarded because it primarily 

contains smoothed luminance information already represented in the LAB color branch. Each detail sub-band 

is converted to magnitude form to remove directional sign dependency. 
 

𝐷𝐿𝐻 = |𝐿𝐻|, 𝐷𝐻𝐿 = |𝐻𝐿|, 𝐷𝐻𝐻 = |𝐻𝐻|  (2) 
 

𝐷𝑓𝑢𝑠𝑖𝑜𝑛 =  𝛼(𝐷𝐿𝐻 + 𝐷𝐻𝐿 + 𝐷𝐻𝐻)  (3) 

 

Where α = 0.5 is a scaling constant that balances the combined magnitude of the three detail sub-

bands. The DWT-derived structural map, 𝐷𝑓𝑢𝑠𝑖𝑜𝑛, is kept in its computed magnitude scale and standardized 

implicitly by the batch-normalization layers in the DWT branch. Because DWT decomposition reduces 

spatial dimensions, the fused structural map 𝐷𝑓𝑢𝑠𝑖𝑜𝑛 is resized to 224×224 pixels using bilinear interpolation 

to produce 𝐷𝑓𝑢𝑠𝑖𝑜𝑛,224. The preprocessing pipeline therefore produces two synchronized inputs: a three-

channel LAB image 𝑋𝑙𝑎𝑏 ∈ ℝ 224×224×3 for the color branch, and a single-channel resized DWT-derived 

structural map 𝐷𝑓𝑢𝑠𝑖𝑜𝑛,224 ∈ ℝ 224×224×1 for the DWT branch. 



                ISSN: 2502-4752 

Indonesian J Elec Eng & Comp Sci, Vol. 43, No. 1, July 2026: 207-218 

210 

2.2.  Dual-branch feature extraction 

The proposed architecture consists of two parallel branches that process complementary 

representations of the input image. The first branch receives the LAB color representation and extracts  

color-related features using a pretrained ResNet-18 backbone [31], producing a 512-dimensional feature 

vector from the global average pooling layer. This branch learns hierarchical visual features from the three-

channel LAB representation, where luminance and chromatic components are provided as separate input 

channels. 

The second branch processes the DWT-derived structural map extracted from the luminance 

channel. Because the wavelet representation emphasizes edges and local structural patterns related to coral 

morphology, it provides an input for extracting shape-related features. A lightweight custom CNN is used for 

this branch, consisting of three convolutional blocks each comprising a 3×3 convolution, batch 

normalization, and ReLU activation, with filter sizes of 16, 32, and 64, respectively. A global average 

pooling layer then produces a 64-dimensional feature vector. 

The selection of ResNet-18 [31] as the backbone for the color branch is motivated by several 

considerations. First, the relatively small coral dataset (1,175 total images) favors a lightweight architecture 

to reduce the risk of overfitting. Compared with deeper variants such as ResNet-50, ResNet-18 provides 

sufficient representational capacity while requiring fewer parameters and lower computational cost, making it 

suitable for the proposed dual-branch framework. 

The DWT branch employs a shallow three-layer CNN rather than a deeper pretrained backbone 

because the DWT-derived structural map is a single-channel representation that differs fundamentally from 

natural RGB images, making ImageNet-pretrained weights unsuitable for this input modality. The 

progressive filter expansion from 16 to 64 captures increasingly complex local patterns, while global average 

pooling produces a compact 64-dimensional feature vector. This asymmetric design, with a pretrained 

backbone for the LAB branch and a shallow custom network for the DWT branch, reflects the different 

complexity requirements of each representation. 

 

2.3.  Feature fusion and classification 

Feature fusion combines color-related and DWT-derived features by concatenating the  

512-dimensional LAB branch output with the 64-dimensional DWT branch output, yielding a  

576-dimensional fused vector. This vector is passed through a batch normalization layer, a fully connected 

layer with 256 units followed by ReLU activation and dropout (p = 0.3), and a final fully connected  

layer with 14 output units corresponding to the coral classes. A SoftMax function produces the final  

class probability distribution. 

Feature-level concatenation was chosen over alternative fusion strategies, such as element-wise 

addition or attention-based fusion, because it preserves the full output of both branches without assuming 

direct feature alignment. The batch normalization layer applied after concatenation normalizes the feature 

scales from the two branches, and dropout (p = 0.3) reduces co-adaptation between branch features during 

training. 

 

 

3. METHOD 

3.1.  Dataset description 

Experimental evaluation was conducted using a unified dataset constructed from two 

complementary coral image collections: the RSMAS dataset and the structure RSMAS dataset. The RSMAS 

dataset contains close-range coral imagery emphasizing fine surface textures, while the structure RSMAS 

dataset focuses on colony-level morphology captured from greater viewing distances and more complex 

scene contexts [15]. A summary of the dataset composition is presented in Table 1 [4], [15]. 

 

 

Table 1. Dataset summary 
Dataset Classes Images Image type 

RSMAS [4] 14 766 Texture-focused 
Structure RSMAS [15] 14 409 Morphology-focused 

 

 

All images were collected under uncontrolled underwater conditions and exhibit substantial 

variation in illumination, color attenuation, scale, and background clutter. Example images from both 

datasets are presented in Figure 2. 
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RSMAS 

    

Structure RSMAS 

    
 

Figure 2. Example coral images from the RSMAS dataset (texture-focused imagery) and the structure 

RSMAS dataset (morphology-focused imagery) 

 

 

3.2.  Training configuration 

All model training and classification experiments were implemented using MATLAB R2025a with 

the deep learning toolbox and image processing toolbox on a workstation equipped with an NVIDIA GPU. 

Input images were resized to 224×224 pixels, and the preprocessing pipeline generated two parallel inputs: a 

three-channel LAB color image for the ResNet-18 branch and a single-channel DWT-derived structural map 

for the DWT branch. The training configuration is summarized in Table 2. Inference-time benchmarking was 

conducted separately under CPU-only execution, as described in Section 4.3. 

Model training used the Adam optimizer with an initial learning rate of 1×10⁻⁴ and a mini-batch size 

of 32. The network was trained for 30 epochs, and the model checkpoint with the lowest validation loss was 

selected for evaluation (best-validation-loss recovery). Data augmentation included random rotation (±180°), 

random horizontal reflection, and random vertical reflection, applied only during training. No color jittering 

or brightness augmentation was applied, as the LAB transformation represents luminance and chromatic 

components in separate channels. 

 

 

Table 2. Training parameters 
Parameter Value 

Backbone ResNet-18 

Optimizer Adam 

Learning rate 1 × 10−4 

Epoch 30 
Batch size 32 

Input size 224×224 

 

 

3.3.  Cross-validation protocol 

To evaluate model stability and reduce dependence on a single data partition, five-fold cross-

validation was performed. In each fold, the dataset was divided into training and validation subsets while 

maintaining class balance across the partitions. 

For each fold, a model was trained independently and evaluated on the corresponding validation 

subset. Final performance metrics were obtained by averaging the results across the five folds. This 

procedure provides a more reliable estimate of model performance under varying data splits. 

 

3.4.  Evaluation metrics 

Classification performance was evaluated using accuracy and macro F1-score. Accuracy measures 

the proportion of correctly classified samples across all classes, providing an overall measure of classification 

performance. Macro F1-score provides a balanced evaluation across classes by computing the F1-score 

independently for each class and then averaging the results. This metric is particularly useful for multi-class 

classification tasks because it treats all classes equally regardless of class frequency. Accuracy is defined as: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃+𝑇𝑁)

(𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁)
 (4) 
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where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁 represent the number of true positives, true negatives, false positives, and false 

negatives, respectively. For multi-class classification, accuracy is computed in a one-vs-rest manner,  

where these values are aggregated across all classes. 

The F1-score combines precision and recall into a single harmonic mean measure for each class.  

In this study, the macro F1-score is computed by averaging the F1-scores across all classes: 

 

𝑀𝑎𝑐𝑟𝑜 𝐹1 =  (
1

𝐾
) ∑ 𝐹1𝑘

𝐾
𝑘=1   (5) 

 

where K represents the number of classes and F1k denotes the F1-score for class k. For each class,  

 

𝐹1𝑘 =
2𝑃𝑘𝑅𝑘

𝑃𝑘+𝑅𝑘
  (6) 

 

where Pk and Rk denote precision and recall for class k, respectively. 

 

3.5.  Confusion matrix evaluation 

To analyze class-level classification behavior, confusion matrices were generated separately for each 

dataset domain. Row-wise normalization was applied so that each row represents the proportion of 

predictions relative to the true class. This evaluation enables identification of coral categories that are 

difficult to distinguish and provides insight into misclassification patterns observed in both texture-dominant 

and morphology-focused imagery. 

 

 

4. RESULTS AND DISCUSSION 

Table 3 summarizes the classification performance of baseline and proposed models across both 

coral image datasets. Conventional RGB models achieved high accuracy under texture-rich RSMAS 

conditions but showed lower accuracy on morphology-focused structure RSMAS images. In contrast, the 

proposed LAB+DWT model improved structure RSMAS accuracy and reduced the dataset-level domain gap 

by combining LAB-based color representation with wavelet-derived structural descriptors. For quantitative 

comparison, the domain gap was computed as the absolute difference in classification accuracy between the 

two datasets. This comparison shows that mixed-domain accuracy and domain-gap reduction are related but 

distinct evaluation objectives. 

 

 

Table 3. Main comparative and ablation performance of baseline and proposed  

models under the single best-fold evaluation protocol 

Model architecture Color Structure 
RSMAS 

accuracy 
(%) 

RSMAS 

F1 

Structure 

RSMAS 
accuracy (%) 

Structure 

F1 

Domain 

gap (%) 
CV accuracy 

(%) 
CV F1 

DWT-only — DWT(L) 20.00 0.138 15.00 0.109 5.00 17.03±1.92 0.130 
RGB (ResNet-18) RGB — 98.26 0.982 83.33 0.823 14.93 92.85±1.52 0.927 
RGB (ResNet-50) RGB — 99.13 0.984 76.67 0.763 22.46 91.66±2.86 0.916 

RGB+DWT RGB DWT(L) 94.78 0.937 76.67 0.752 18.11 93.05±2.21 0.927 
LAB (ResNet-18) L*a*b* — 98.26 0.982 86.67 0.882 11.59 90.29±2.23 0.902 

Proposed LAB+DWT L*a*b* DWT(L) 96.52 0.974 88.33 0.888 8.19 89.40±2.08 0.889 
Note: Test-set accuracy, F1-score, and domain gap are reported under the single best-fold evaluation protocol; CV Accuracy and CV 

F1 summarize 5-fold cross-validation performance. 

 

 

4.1.  Performance, ablation study, and complementarity of LAB and DWT 

The ablation configurations in Table 3 isolate the contribution of each component. The DWT-only 

configuration achieves only 17.03% cross-validation accuracy, indicating that the structural descriptors 

provide weak standalone discriminative power and that the DWT branch functions as a complementary 

feature source rather than a self-sufficient classifier. 

The RGB+DWT configuration achieves the highest mixed-domain cross-validation accuracy among 

the evaluated configurations, but it does not reduce the domain gap. Its domain gap of 18.11% is larger than 

that of the RGB ResNet-18 baseline (14.93%), suggesting that structural descriptors paired with RGB do not 

sufficiently address cross-domain variation. In contrast, the proposed LAB+DWT achieves the smallest 

domain gap among the color-based classifiers (8.19%) and the highest structure RSMAS accuracy (88.33%), 

although it does not maximize mixed-domain cross-validation accuracy. 
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These results indicate that DWT is not universally beneficial by itself. LAB represents luminance 

and chromaticity in separate channels, while DWT captures high-frequency structural cues from the 

luminance channel. The ablation shows that DWT contributes most effectively when paired with the LAB 

representation, suggesting that structural descriptors and luminance/chromatic separation act together to 

reduce the domain gap across imaging conditions. 

 

4.2.  Ensemble evaluation and domain-gap analysis 

Table 4 reports the five-fold ensemble accuracy, ensemble gain, and ensemble domain gap for each 

configuration. Ensemble averaging improved structure RSMAS accuracy across most configurations, most 

substantially for RGB ResNet-50 (+10.00%), followed by RGB+DWT (+5.00%). For the proposed 

LAB+DWT, ensemble gain on structure RSMAS was modest (+1.67%), reflecting that the single best-fold 

model already achieves high structure RSMAS accuracy (88.33%). 

Among the color-based classifiers, the proposed LAB+DWT achieves the smallest ensemble domain 

gap (9.13%) and the highest structure RSMAS ensemble accuracy (90.00%). The comparison with 

RGB+DWT is particularly informative: RGB+DWT achieves higher mixed-domain cross-validation 

accuracy (93.05% vs. 89.40%) but a larger ensemble domain gap (16.59% vs. 9.13%), indicating that mixed-

domain accuracy and cross-domain robustness reflect distinct aspects of model behavior. 

 

 

Table 4. Ensemble evaluation and domain-gap analysis across evaluated configurations 

Model 
RSMAS 

ensemble (%) 

RSMAS single 

gain (%) 

Structure 

ensemble (%) 

Structure 

gain (%) 

Ensemble 

gap (%) 

DWT-only 21.74 +1.74 18.33 +3.33 3.41 

RGB (ResNet-18) 99.13 +0.87 83.33 0.00 15.80 
RGB (ResNet-50) 99.13 0.00 86.67 +10.00 12.46 

RGB+DWT 98.26 +3.48 81.67 +5.00 16.59 

LAB (ResNet-18) 98.26 0.00 86.67 0.00 11.59 
Proposed LAB+DWT 99.13 +2.61 90.00 +1.67 9.13 

Note: Ensemble Gap = |RSMAS Ensemble (%) − Structure Ensemble (%)|. Gain = ensemble accuracy − single 

best-fold accuracy (from Table 3). DWT-only is included for ablation completeness but is not considered a 
practical classifier. 

 

 

4.3.  Comparison with prior methods 

The proposed LAB+DWT framework addresses the cross-domain gap directly. Compared with 

Lumini et al. [8], which reported 99.20% accuracy on RSMAS, the proposed LAB+DWT model achieves a 

slightly lower RSMAS accuracy of 96.52%. However, the proposed model also achieves 88.33% accuracy on 

structure RSMAS (Table 5), which was not evaluated by Lumini et al. [8], and reduces the domain gap to 

8.19%. This trade-off indicates that the proposed dual-branch representation accepts a small reduction in top-

line RSMAS accuracy while improving generalization to morphology-focused imagery under a unified 

evaluation protocol. 

 

 

Table 5. Comparison with prior methods on RSMAS and structure RSMAS datasets 

Method Input 
RSMAS 

accuracy (%) 

Structure RSMAS 

accuracy (%) 

Domain 

gap (%) 

Shihavuddin et al. (2013) [9] RGB 92.74% — — 

Gómez-Ríos et al. (2019) [15] RGB 98.36% 85.26% 13.10% 

Lumini et al. (2023) [8] RGB (CNN ensemble) 99.20% — — 
Proposed LAB+DWT L*a*b*+DWT 96.52% 88.33% 8.19% 

Proposed LAB+DWT + Ensemble L*a*b*+DWT 99.13% 90.00% 9.13% 

Note: Methods not evaluated on a dataset are marked as “—”. Domain gap is computed as the absolute difference in accuracy 

between the two datasets. The ensemble row reports the five-fold ensemble result for both RSMAS and Structure RSMAS. 

 

 

4.4.  Statistical significance 

Table 6 reports paired t-tests across the 5-fold cross-validation accuracy to assess whether the 

proposed LAB+DWT model significantly improves mixed-domain validation performance compared with 

the baseline and ablation configurations. The comparison with DWT-only is highly significant (p < 0.001), 

indicating that the DWT structural branch is not sufficient as a standalone classifier and requires the color 

branch. No statistically significant difference was detected among the comparisons between LAB+DWT and 

the color-based configurations at α = 0.05. Because the main objective of this study is reducing the domain 
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gap rather than maximizing mixed-domain validation accuracy, the paired t-test results should be interpreted 

together with the ensemble domain-gap analysis presented in Table 4. 

 

 

Table 6. Statistical significance of cross-validation accuracy differences (paired t-test, 5-fold CV) 
Comparison Mean difference (%) t-stat p-value 95% CI 

LAB+DWT vs. DWT-only +72.37 63.359 < 0.001 [+69.20, +75.54] 
LAB+DWT vs. RGB (ResNet-50) −2.26 −1.631 0.178 [−6.11, +1.59] 
LAB+DWT vs. RGB (ResNet-18) −3.45 −2.415 0.073 [−7.42, +0.52] 
LAB+DWT vs. LAB (ResNet-18) −0.89 −2.087 0.105 [−2.08, +0.30] 

LAB+DWT vs. RGB+DWT −3.65 −1.971 0.120 [−8.79, +1.49] 

 

 

4.5.  Computational efficiency 

Table 7 summarizes the computational complexity and inference time of the evaluated model 

configurations. Timing was measured using the selected single-fold model on 175 test images (115 RSMAS 

and 60 structure RSMAS) and includes preprocessing, LAB conversion, DWT computation, and forward 

propagation. Timing experiments were conducted in MATLAB R2025a on a Windows 11 Pro desktop with 

an AMD Ryzen 5 5600 6-core/12-thread CPU at 3.50 GHz and 32 GB RAM using CPU execution only. The 

proposed dual-branch model adds only 0.18M parameters (+1.6%) over the single-branch ResNet-18 

baseline, consisting of the lightweight DWT branch and fusion head. The estimated model size of 43.4 MB is 

consistent with the single-branch ResNet-18 baseline (42.8 MB), confirming that the dual-branch extension 

introduces negligible storage overhead. Training time for the proposed LAB+DWT (44.7 min/fold) is 56% of 

the RGB ResNet-50 training time (80.2 min/fold) while achieving a smaller ensemble domain gap. Per-image 

inference time is comparable across models under CPU execution, with the proposed LAB+DWT requiring 

0.031 seconds per image. For batch processing of underwater survey imagery, where real-time performance 

is not required, the computational overhead is limited. 

 

 

Table 7. Model complexity and inference-time comparison 

Model Input 
Parameters 

(M) 
Size (MB) 

Training time 

(min/fold) 

Inference time 

Total (s) 

Inference time 

per image (s) 

DWT-only DWT(L) 0.18 0.7 11.2 3.25 0.019 

RGB (ResNet-18) RGB 11.21 42.8 28.6 5.67 0.032 
RGB (ResNet-50) RGB 23.50 89.7 80.2 4.56 0.026 

RGB+DWT RGB+DWT(L) 11.38 43.4 47.8 4.82 0.028 

LAB (ResNet-18) L*a*b* 11.21 42.8 36.7 4.56 0.026 
Proposed LAB+DWT L*a*b*+DWT(L) 11.38 43.4 44.7 5.40 0.031 

Note: Training time, single fold, 30 epochs. Inference time: 175 test images, single-fold model. Model size = parameters × 4 bytes. 

Hardware and timing protocol as described above. Small differences between models may reflect implementation-level overhead. 

 

 

4.6.  Confusion matrix analysis 

Analysis of the row-normalized confusion matrices (Figure 3) reveals that classification reliability 

depends strongly on morphological distinctiveness. Species with unique structural or textural signatures 

exhibit high separability, while morphologically similar taxa remain prone to mutual confusion, reflecting 

known challenges in visual coral taxonomy. In Figure 3(a), the proposed LAB+DWT ensemble achieves 

perfect classification (100% recall) for 13 of 14 RSMAS species. The only misclassification involves 

Acropora palmata (APAL), where one sample is classified as Acropora cervicornis (ACER). Both species 

belong to the genus Acropora and share similar branching morphology, making this confusion biologically 

plausible. In Figure 3(b), the structure RSMAS results show that classification accuracy remains high overall 

(88.33%) but reveals interpretable error patterns concentrated among species with similar colony-level 

growth forms. Millepora alcicornis (MALC) exhibits the lowest recall, with misclassifications distributed 

across Acropora cervicornis (ACER) and Sponge (SPO), all of which can display similar massive or 

branching forms when viewed at colony scale. Gorgonians (GORG) show confusion with ACER, attributable 

to shared branching structures. Meandrina meandrites (MMEA) is occasionally confused with Colpophyllia 

natans (CNAT), both of which exhibit encrusting or brain-like growth morphology. 

Differences between the two datasets highlight the role of visual scale. In the RSMAS domain, 

errors are primarily driven by similarities in fine-scale texture and pigmentation patterns, whereas in the 

structure RSMAS domain, confusion shifts toward taxa with similar colony-level growth forms. 

Nevertheless, certain class pairs—particularly MALC–ACER and CNAT–MMEA—remain difficult to 
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separate across all model configurations, indicating that these classification ambiguities arise from intrinsic 

biological similarity rather than purely algorithmic limitations. 

 

 

 

 
(a) 

 

 

 
(b) 

 

Figure 3. Row-normalized confusion matrices of the proposed LAB+DWT ensemble: (a) RSMAS test set 

and (b) Structure RSMAS test set. Diagonal values indicate per-class recall. Off-diagonal entries indicate the 

proportion of misclassified samples relative to the true class 

 

 

4.7.  Limitations 

Several limitations of this study should be noted. First, the evaluation is based on two related 

datasets with a limited total sample size, and the structure RSMAS test set contains only 60 images. 

Therefore, domain-level accuracy values should be interpreted with awareness of the discrete 1.67 

percentage-point step size per sample. With such a small test set, a single additional misclassification 
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changes accuracy by 1.67 percentage points, which limits the precision of domain-gap comparisons.  

Second, no independent reef-site validation was included; both datasets originate from Caribbean reef 

environments, and generalization to Indo-Pacific or other biogeographic regions remains untested. Third,  

the DWT parameters (db2 wavelet, single-level decomposition, α = 0.5) were selected based on  

preliminary experiments rather than exhaustive optimization. Early trials using full-image FFT-based 

frequency representations did not produce meaningful classification performance, which motivated the use of 

spatially localized wavelet decomposition. However, alternative wavelet families or multi-level 

decompositions were not systematically compared and may yield different results. Fourth, the current 

evaluation does not include comparison with vision transformers (ViT) or attention-based fusion 

mechanisms, which have shown strong performance in other fine-grained recognition tasks. Finally,  

all inference timing was measured using a CPU-only MATLAB implementation; GPU-accelerated 

deployment would yield different runtime characteristics. Future research may also investigate transformer-

based architectures for coral classification. ViT models have demonstrated strong capability in modeling 

long-range spatial relationships and may provide additional benefits for colony-level imagery, where global 

structural information is particularly important [32]. 

 

 

5. CONCLUSION 

This study investigated coral image classification under two imaging regimes: texture-dominant 

close-range imagery and morphology-focused colony-level imagery. RGB-based networks achieve high 

accuracy in texture-rich conditions but exhibit reduced performance when discriminative cues shift toward 

colony-level morphology, indicating a dependence on fine-scale texture features. To address this limitation, a 

dual-branch framework integrating CIELAB color representation with DWT-derived structural descriptors 

was proposed. By separating luminance and chromatic components and incorporating high-frequency 

structural information through Daubechies-2 wavelet decomposition, the architecture introduces 

complementary feature representations prior to convolutional abstraction. 

The proposed model requires only 1.6% additional parameters over the single-branch ResNet-18 

baseline (11.38M vs. 11.21M). Under the single best-fold evaluation protocol, the proposed LAB+DWT 

model achieved 96.52% accuracy on RSMAS and 88.33% accuracy on structure RSMAS, reducing the 

domain gap from 22.46% for the RGB ResNet-50 baseline to 8.19%, indicating improved generalization 

while maintaining a compact computational profile. 

Analysis of confusion matrices shows that remaining misclassifications are primarily associated with 

morphologically similar taxa. Species with distinctive structural characteristics exhibit high separability, 

while massive and encrusting corals with comparable growth forms remain more difficult to distinguish, 

suggesting that certain ambiguities arise from intrinsic biological similarity rather than purely algorithmic 

limitations. 

Although the datasets used in this study cover multiple coral taxa and imaging conditions, further 

evaluation on additional reef environments, geographic regions, and larger-scale datasets would strengthen 

the generalizability of the proposed framework. Future work may also investigate more advanced feature 

extraction and fusion strategies, including multi-level wavelet decomposition, learnable wavelet filters, and 

adaptive feature fusion mechanisms, to further improve robustness for morphologically ambiguous coral 

species. 
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