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Abstract

Coral reefs are among the most biodiverse marine ecosystems, playing irreplaceable roles
in maintaining marine ecological balance and coastal services. Under dual pressures of
global climate change and human activities, coral bleaching and degradation have become
increasingly frequent, creating an urgent need for large-scale, long-term, and highly auto-
mated monitoring technologies. In recent years, advances in underwater imaging and deep
learning have made visual recognition a core approach for coral classification and health
assessment. However, most studies only focus on isolated model accuracy optimization,
lacking systematic full-chain analysis integrating datasets, model evolution, cross-domain
generalization, engineering constraints, and ecological adaptation, which severely hinders
large-scale cross-regional and long-term application. This paper systematically reviews
coral visual recognition technologies. It summarizes underwater image acquisition, public
dataset characteristics, and annotation system evolution, then compares traditional fea-

" —— ture engineering and deep learning in key tasks, highlighting their differences in feature

representation and generalization. Four core challenges are identified: class imbalance,
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poor underwater image quality, weak cross-device/region generalization, and mismatched
algorithm metrics with ecological needs. Finally, feasible solutions based on self-supervised
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pre-training, domain adaptation, and multimodal fusion are discussed to enhance model
robustness and ecological interpretability, providing methodological support for intelligent
coral reef monitoring systems.
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1. Introduction

Coral reef ecosystems cover only 0.2% of the global ocean area, yet are home to more
than 25% of all marine species [1]. As the core carrier of marine biodiversity, they play an
irreplaceable role in sustaining fishery resources, providing coastal protection, regulating
carbon cycles, and supporting ecotourism development [2]. However, under the context
of intensifying global climate change and anthropogenic activities, marine heatwaves
(MHWSs) have shown a significant long-term increasing trend over the past four decades
(1982-2023): the global occurrence frequency of MHWs has risen by 9.03% per decade,
the mean intensity has increased by 0.12 °C per decade, and the average event duration
has extended by 16.98 days per decade [3,4], which have significantly exacerbated coral
bleaching and degradation (Figure 1). Global coral reef ecosystems are now facing the
dual pressures of structural degradation and functional decline [5]. Statistics show that the
2023-2025 global coral bleaching event, the most severe on record, has impacted 84% of
coral reefs worldwide [6]. Over 50% of coral reefs remain at moderate to high risk, and
warm-water coral reefs have crossed the climate survival tipping point. There is an urgent
need to establish a monitoring system with large-scale coverage, long-term stability, and
automated processing capacity, so as to provide data support for coral reef conservation
and management decision-making.

Energy-Intensive industrial emissions
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Marine shipping
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Figure 1. The phenomenon of coral bleaching and degradation under the influence of human activities.
Anthropogenic marine production and transportation activities amplify the oceanic greenhouse effect,
which elevates the ambient temperature around corals, leads to the loss of symbiotic zooxanthellae in
coral colonies, and prolonged thermal stress in turn triggers coral bleaching and further reef degradation.

Traditional coral reef monitoring mainly relies on manual scuba diving transect sur-
veys and manual image interpretation. While this method can ensure high interpretation
accuracy, it has inherent limitations including high labor costs, limited spatial coverage,
poor temporal continuity, and strong subjective bias from expert judgment, making it un-
able to meet the demands of large-scale, long-term dynamic monitoring of coral reefs [7]. In
recent years, the rapid development of technologies including underwater high-resolution
imaging devices, autonomous underwater vehicles (AUVs), and Structure from Motion
(SfM) photogrammetry has enabled efficient and standardized acquisition of coral reef
benthic image data, laying a solid data foundation for automated monitoring. Meanwhile,
computer vision technologies based on deep learning have achieved major breakthroughs.
From the advent of AlexNet [8] in 2012 to the launch of the improved lightweight model
YOLOV2 [9] in 2016, deep learning has been systematically applied to the classification of
coral and benthic images over the subsequent nearly two years, driving the transformation
of coral reef monitoring from manual interpretation to automated and intelligent analysis.
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The development of coral visual recognition technology has undergone a transforma-
tion from traditional handcrafted feature engineering to deep learning-driven approaches.
Early studies mainly relied on manually designed features (color, texture, morphology, etc.)
combined with traditional classifiers to achieve category discrimination, with obvious limi-
tations in feature representation capacity and cross-scene generalization performance. With
the widespread application of convolutional neural networks (CNNSs), coral visual recogni-
tion tasks have gradually expanded from image-level classification to pixel-level semantic
segmentation, multi-label health status recognition, and real-time object detection, with
significant improvements in model accuracy and scene adaptability [10]. To date, several
reviews [11,12] have provided periodic summaries of coral image segmentation and classi-
fication algorithms. However, these earlier reviews have notable content gaps across three
core dimensions of the full technical chain. In terms of data gathering, they lack a systematic
analysis of the evolution of underwater image acquisition technologies, dataset heterogeneity,
and the standardization of annotation systems. For model development, existing studies
largely overlook the holistic evolutionary framework of coral visual recognition technologies,
cross-domain generalization mechanisms, and the mismatch between algorithm evaluation
metrics and the practical requirements of ecological monitoring. With respect to engineering
deployment, they barely cover the translation pathway from model outputs to ecological
management decision-making. Furthermore, the in-depth discussion on the core bottle-
necks restricting the large-scale deployment of the technology and corresponding solutions
remains insulfficient.

Based on the above background, this paper systematically reviews the research
progress of visual recognition technology in the field of coral classification and reef monitor-
ing, with core contributions as follows. (1) The evolutionary characteristics of underwater
coral image acquisition methods, public dataset categories, and annotation strategies are
comprehensively analyzed. (2) A holistic evolutionary framework of coral visual recogni-
tion technologies spanning traditional methods to deep learning approaches is established,
and the merits and limitations of distinct technical pathways are clarified. (3) An in-depth
dissection of the four core bottlenecks restricting the large-scale application of such tech-
nologies is performed, and the underlying logic and applicable boundaries of different
learning paradigms for addressing domain shift issues are defined. (4) Integrated with
cutting-edge technological trends and practical requirements of ecological monitoring, the
core development directions for future research in this field are proposed.

2. Underwater Coral Image Datasets and Data Characteristics

Datasets form the fundamental cornerstone for the training and field deployment
of coral visual recognition models. Data acquisition protocols, annotation frameworks,
and data distribution characteristics directly define the maximum achievable performance
and practical application boundaries of these models. This section systematically syn-
thesizes the data infrastructure underpinning coral visual recognition research across
four core dimensions: data acquisition technologies, the full dataset ecosystem, annotation
specifications, and inherent challenges of coral image data.

2.1. Evolution of Data Acquisition Technologies

The development of coral image data acquisition technologies has directly driven
the evolution of recognition tasks from static two-dimensional (2D) classification to
three-dimensional (3D) structural quantification and multimodal comprehensive sens-
ing. Based on key technological milestones, this progression can be broadly divided into
five developmental phases (Figure 2).
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Phase 1: Manual Diving Photography

(Local 2D manual imaging)

The first phase is the manual diving photography stage, the mainstream method for
early coral reef surveys. Divers typically capture images along parallel and perpendicular
transects 10-50 m in length using standardized 1 m x 1 m quadrats with handheld cameras,
acquiring images at 12-24 megapixels to produce high-resolution close-range records that
support precise species identification and cover estimation [13-16]. However, constrained by
dive duration, operational safety, and labor costs, this method fails to achieve large-scale and
high-frequency monitoring. In addition, data acquisition standards are highly susceptible to
operator variability, leading to poor data consistency across different survey batches.

Phase 3: Data Systematization and Standardization

(Standardized data management)
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Figure 2. Framework for the evolution of underwater coral data acquisition technologies and
information dimensions.

The second phase is the automated underwater vehicle acquisition stage. The applica-
tion of autonomous underwater vehicles (AUVs) and remotely operated vehicles (ROVs)
breaks through the depth and duration limitations of manual diving, enabling efficient and
continuous imaging of the coral reef benthic environment. Typically, AUVs/ROVs work
at depths of 50-500 m [17] with a single deployment endurance of 4-10 h [18-20], and are
equipped with high-resolution digital cameras, LED lighting systems, and inertial naviga-
tion sensors to guarantee stable and consistent data acquisition. Compared with manual
diving photography, this method cuts labor costs by over 60%, boosts data collection effi-
ciency by 3-8 times, and achieves wider survey coverage and better data consistency. This
has greatly improved the data acquisition efficiency and spatial coverage, fueling the rapid
growth of coral image data volume [21]. In recent years, the development of miniaturized
mini-ROVs has further lowered the technical threshold for data acquisition [22]. Such
vehicles can also be combined with environmental DNA (eDNA) sampling technology to
realize the collaborative acquisition of image data and biomolecular data [23], opening up
a new pathway for multimodal monitoring. Meanwhile, the platform-based data system
DeepReefMap (v1.1.0) [24] enhances the consistency and reusability of cross-regional data
through standardized acquisition workflows and data organization protocols, making the
“data system” a core component of the monitoring framework in the third phase.

The fourth phase is the 3D structural data acquisition stage. SfM photogrammetry can
reconstruct 2D sequential images into high-precision 3D point cloud models [25], breaking
through the spatial information limitations of 2D images. It provides spatial structural
information for the quantification of key ecological indicators of coral reefs, including
structural complexity, surface area, and roughness [26,27]. The combination of low-cost
camera systems and point cloud semantic segmentation technology has further reduced
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the technical threshold for 3D monitoring [28], facilitating the large-scale deployment of
2D image and 3D data fusion.

The fifth phase is the multimodal data fusion acquisition stage. Hyperspectral imaging
technology captures changes in reflectance caused by differences in the pigments of coral
symbiotic zooxanthellae and tissue structure through continuous narrow-band spectral in-
formation. It provides physical dimensional support for species-level differentiation and
health status assessment [29], making up for the limitations of RGB imagery in fine-grained
recognition. In situ spectral measurement studies have confirmed significant differences in
spectral characteristics in the blue-green bands between different coral species, as well as
between live and dead corals [30], laying the foundation for spectral-spatial fusion modeling.

2.2. Dataset Types and Scale Characteristics

Public coral datasets serve as the core foundation for the development of coral vi-
sual recognition technologies. Based on disparities in annotation granularity, spatial di-
mensionality, and task objectives, existing public data resources can be categorized into
five classes, with their core characteristics and applicable scenarios summarized in Table 1.
Point-level annotated datasets (represented by CoralNet, with over 15 publicly available
global datasets) support coral cover estimation via random point sampling, boasting the
advantages of low annotation cost and large sample size, yet suffer from limitations in spa-
tial information retention. Patch-level data (represented by ReefNet, with approximately
12 publicly available datasets) are suitable for training early CNNSs, but the cropping
operation impairs the integrity of contextual information. Pixel-level semantic segmenta-
tion datasets (represented by Coralscapes, with around 8 publicly available standardized
datasets) can provide fine-grained spatial structural information, yet are constrained by
high annotation labor costs and limited dataset scale. 3D point cloud datasets (represented
by the DeepReefMap 3D Dataset, with approximately 6 publicly available datasets), con-
structed based on SfM or low-cost 3D reconstruction techniques, enable the quantitative
analysis of coral reef structural complexity, though no unified and standardized benchmark
has been established for such data to date. Specifically, the missing benchmarking ele-
ments include unified coordinate calibration, consistent 3D annotation rules, standardized
training—test splits, and shared evaluation metrics. In addition, multi-label health classifica-
tion datasets (represented by the Coral-health-classification Dataset, with approximately
4 publicly available datasets) incorporate ecological stressors and coral health status into the
annotation system, allowing visual recognition results to map more directly to ecological
risk assessment. Overall, existing coral datasets exhibit significant heterogeneity in sea area
geographic distribution, annotation protocols, and scale structure, resulting in prominent
distribution shift issues across different datasets.

Table 1. Comparison of data structural characteristics and ecological application capability across
different coral dataset types.

Data Type

Spatial Dimension

Annotation Granularity Typical Task Ecological Indicator Support Key Limitations

Point-Level

Lack of complete spatial

Annotation [31] 2D Random Points Coral Cover Estimation Cover Statistics structural information
Patch-Level [32] 2D Image Patch Image Classification P Taxa Group _ Weak contextual
roportion Estimation information integrity
Pixel-Level . . Fine-Grained Cover and High annotation
Segmentation [33] D Dense Pixel Annotation Semantic Segmentation Boundary Analysis labor cost
3D Pomt Cloud 3D Point/Face Annotation Structural Modeling Structural Comp lexity Limited dataset scale
[34] and Rugosity
High acquisition cost
. - . . Species and Health Health and Species and lack of
Multimodal Data [35] 2D + Spectral Multi-Label Annotation Status Recognition Identification standardized
benchmark
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2.3. Annotation Strategies and Taxonomic Classification Systems

Annotation format directly governs the spatial representation capacity and ecological
interpretability of recognition models, and its evolution has consistently revolved around
two core objectives: reducing the annotation costs and aligning with the practical require-
ments of ecological monitoring. In terms of annotation strategies, point-level annotation
incurs low labor costs but cannot support fine-grained structural analysis [36]. In contrast,
pixel-level annotation provides complete spatial contour information, yet relies heavily
on expert participation and demands extensive time and labor input. To balance anno-
tation costs and model performance, researchers have proposed a strategy for training
dense segmentation models based on sparse labels [37]. This framework combines sparse
point annotation, image-level weak supervision, and pseudo-label generation, maintaining
state-of-the-art segmentation accuracy while drastically reducing annotation workload.

Regarding the taxonomic classification system, the classification hierarchy of coral
recognition has displayed distinct evolutionary characteristics. Early studies mainly fo-
cused on binary or multi-class classification of functional groups, including corals, algae,
and benthic substrates [38]. With the expansion of dataset scale and the growing demands
for refined ecological monitoring, research has gradually extended to fine-grained species
identification at the genus and species levels [39]. In recent years, the classification system
has further expanded to multi-label health status recognition, including the differentiation
of live and dead corals, as well as the identification of bleaching, disease, and bioerosion.
This advancement enables the direct mapping of visual recognition results to the standard-
ized coral reef health risk assessment framework. Meanwhile, to address the limitations of
the traditional intersection over union (IoU) metric in fine-grained boundary evaluation for
coral imagery, Boundary IoU (BloU)—a boundary-sensitive metric—has been increasingly
adopted [40]. Unlike IoU, which only measures pixel-set overlap and ignores subtle con-
tour deviations critical to coral morphology, BloU quantifies the alignment of predicted
and ground-truth coral boundary regions, thus making model performance evaluation
more consistent with the analytical demands of coral morphological structure analysis.
For instance, in semantic segmentation of branching Acropora corals from underwater
photogrammetry imagery, BloU accurately captures under-segmentation of delicate branch
tips that IoU fails to detect [41].

2.4. Data Distribution Characteristics and Inherent Challenges

Two inherent characteristics of underwater coral image data constitute the core data-
level bottlenecks restricting the performance of recognition models, and represent the
primary challenges to be addressed by preprocessing techniques. The first core challenge
is severe class imbalance. In natural coral reef ecosystems, background taxa including
benthic substrates and macroalgae account for an overwhelming proportion of samples,
while target coral species, especially rare coral taxa, occupy an extremely low proportion.
This pattern is well-exemplified by the representative Coralscapes dataset (Figure 3), which
shares common traits with other coral datasets. Collected from 35 dive sites across five Red
Sea countries, this dataset comprises 2075 images annotated with 39 benthic categories. A
rough calculation based on segmentation mask counts reveals that non-coral background
masks account for approximately 78% of the total, coral-related segmentation masks make
up around 21%, and rare coral masks account for less than 1%. This natural long-tailed
distribution causes model training to be dominated by majority classes, which severely
impairs the recognition accuracy for rare groups and further undermines the reliability of
ecological statistical results. To mitigate this issue, loss functions widely adopted in the
computer vision domain, namely focal loss [42] and boundary loss [43], have been exten-
sively introduced. Focal loss enhances the model’s ability to identify hard-to-classify rare
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samples by down-weighting the contribution of easily classified samples, while boundary
loss addresses pixel-level segmentation in highly imbalanced scenarios via distance metric
optimization. Both methods have yielded significant performance improvements.

HEEl Train
Val

104

103

102

10! 4

Number of Segmentation Masks

)
1

Hard Sul

Meandering

Rare Coral category

Figure 3. Number of annotated segmentation masks per class in the Coralscapes dataset splits for
each of the 39 classes (adapted from [44]).

The second core challenge is the quality degradation of underwater imaging. The
selective absorption and scattering effects of water on light lead to severe color shift, re-
duced contrast, blurred details, and noise interference in underwater images. The degree
of degradation varies drastically with water turbidity, imaging depth, and illumination
conditions, which greatly increases the difficulty of robust feature extraction [45]. To tackle
this problem, researchers have developed a series of underwater image enhancement
and restoration methods. Physics-based methods built on the dark channel prior achieve
image dehazing and color correction by modeling the underwater light transmission pro-
cess [46]. Deep learning-based real-time enhancement algorithms realize image quality
optimization in complex underwater environments through end-to-end learning while
satisfying the real-time requirements of in situ monitoring via AUVs/ROVs [47]. Fur-
thermore, improved Retinex optimization [48] and hybrid generative adversarial network
(GAN) [49] methods have further boosted image enhancement performance in extreme
low-illumination and high-turbidity scenarios. When applied to downstream tasks such
as semantic segmentation and object detection, physics-based and learnable enhancement
methods exhibit distinct trade-offs. Physics-based methods offer strong interpretability
and require no task-specific training data, yet their performance may degrade under non-
ideal water conditions due to the constraints of model assumptions. In contrast, learnable
enhancement methods can adaptively suppress task-irrelevant degradation while preserv-
ing features critical for segmentation or detection. Thus, the choice between the two ap-
proaches depends on the trade-off among interpretability, data availability, and task-specific
performance requirements.

3. Coral Classification Methods Based on Traditional Visual Features

Prior to the widespread application of deep learning techniques, automated coral
image classification mainly relied on handcrafted visual features combined with clas-
sic machine learning models. This approach represents a typical feature engineering-
driven paradigm, which laid the early technical foundation for the automated analysis of
coral imagery.
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3.1. Handcrafted Feature Construction Framework

The core of traditional methods is to extract discriminative low-level visual fea-
tures from coral images via manually designed feature extraction operators, which are
mainly divided into three categories: color features, texture features, and morphological
structural features.

Color features are the earliest visual features applied to coral classification. Researchers
typically extract statistical features such as color histograms and color moments in color
spaces including RGB, HSV, and Lab, and achieve classification by leveraging the color
differences among different coral taxa [50-52]. However, the selective absorption of light
in different wavebands by water causes severe color shift, making color features highly
sensitive to imaging depth and illumination conditions, and thus extremely unstable in
cross-scene applications.

Texture features, which characterize the microstructural differences of coral surfaces,
are the most widely used feature type in traditional coral classification. Methods including
the Gray Level Co-occurrence Matrix (GLCM), Local Binary Pattern (LBP), and Gabor filters
can effectively describe the surface texture differences among branching, massive, and
plate corals, and exhibit stronger scale and illumination robustness compared with color
features. Nevertheless, texture features are highly sensitive to image blurring and noise
interference, with their discriminative power reduced significantly in complex underwater
backgrounds. Quantitatively, when Gaussian noise with a variance of 0.02-0.08 is added
to underwater coral images, the classification accuracy of classic LBP descriptors drops
by 28-46% compared with noise-free conditions [53]; under 3 x 3 to 7 x 7 Gaussian blur
(simulating underwater light scattering and imaging defocus), the classification accuracy
of GLCM and LBP for coral taxa decreases by 24—43% [54]. Even the relatively more robust
Gabor filters still exhibit an 15-28% accuracy drop under the above blurring conditions [55].

Morphological features and local descriptors are applied to enhance the characteriza-
tion of macro-morphological differences among corals. Researchers have quantified the
morphological and structural variations of corals using features including edge density,
contour descriptors, and fractal dimension [56]. Meanwhile, classic local invariant feature
descriptors such as SIFT, SURF, and HOG have been introduced to improve the scale
and rotation invariance of extracted features. Nevertheless, the inherent degradation of
underwater imaging, including light scattering, color cast, low contrast, and backscattering
noise [57], leads to significant limitations for these methods in underwater scenarios. For
instance, SIFT and SURF suffer from a drastic reduction in stable feature points in turbid
and low-contrast underwater images and exhibit poor robustness to non-uniform illumina-
tion and caustic effects [58]. HOG features, which rely on clear edge gradient information,
show severely degraded discriminative power for coral targets due to scattering-induced
edge blurring and gradient distortion [59]. Fundamentally, such methods still depend
on local gradient information and are highly vulnerable to noise interference in complex
underwater backgrounds.

Opverall, although the traditional handcrafted feature system has strong interpretability,
its representation capacity is mainly limited to low-level visual information, making it
difficult to effectively capture the complex multi-scale structures and spatial contextual
relationships of corals.

3.2. Classic Classification Models

After handcrafted feature extraction, traditional coral classification studies mainly
employ classic machine learning models, including support vector machine (SVM), ran-
dom forest, and k-nearest neighbor (k-NN), to achieve category discrimination. Among
these models, SVM maps high-dimensional features into a linearly separable space via
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kernel functions, delivering superior classification performance in small-sample and high-
dimensional feature scenarios [60]. When applied to binary or multi-class classification of
functional groups including corals, it typically achieves an overall classification accuracy of
80-92%, and thus has become the most widely used classifier in traditional methods. As
an ensemble learning model, random forest mitigates overfitting risk through the voting
mechanism of multiple decision trees, and exhibits more robust stability when addressing
feature noise interference and multi-class classification problems [61]. On early coral image
datasets, it generally reaches an overall classification accuracy of 70-85%; despite its slightly
inferior accuracy compared with SVM, it presents a smaller magnitude of performance
degradation when processing noisy underwater image data. Under the condition of lim-
ited data scale in the early research stage, methods combining handcrafted features and
classic classifiers achieved promising classification performance in controlled scenarios and
single-region datasets, accomplishing the preliminary transition of coral image analysis
from manual interpretation to automated processing.

3.3. Method Limitations and Ecological Applicability Analysis

Although methods based on traditional visual features can achieve relatively stable
recognition performance in controlled environments or with survey data from a single
region, their inherent limitations have gradually become evident. First, handcrafted fea-
tures cannot effectively represent the complex three-dimensional structures and spatial
contextual relationships of corals, resulting in insufficient capacity for fine-grained taxo-
nomic differentiation and health status assessment. Second, such methods usually output
discrete category labels, which can hardly directly support the extraction of key ecological
indicators, including coral cover estimation, spatial structure analysis, and long-term dy-
namic change evaluation. In addition, in special scenarios such as cold-water coral reefs or
mesophotic coral ecosystems, two-dimensional texture and color features are insufficient to
characterize structural complexity comprehensively [62], nor can they realize comprehen-
sive discrimination of multi-dimensional information such as health status and stressors.
Therefore, with the expansion of data scale and the improvement of model representation
capacity, the research paradigm has gradually shifted from manual feature construction to
data-driven end-to-end learning methods. This transition constitutes a key technical node
for the development of subsequent methods.

4. Deep Learning-Based Coral Visual Classification and
Segmentation Methods

4.1. Image-Level Classification: Establishment of the Deep Learning Paradigm

Deep learning automatically learns high-level semantic features of data through multi-
layer nonlinear mapping, which completely breaks through the representation capacity
bottleneck of traditional handcrafted features, and has become the mainstream technical
approach for current coral visual recognition. As the earliest application form of deep
learning in coral recognition research, image-level classification marks the formal entry of
coral recognition into the data-driven deep learning era. Early studies mainly adopted a
patch-based classification strategy, which splits large-scale underwater images into fixed-
size image patches and feeds them into the CNN model for training and prediction. This
strategy greatly reduces the computational burden of the model while solving the classifica-
tion challenge caused by the mixing of multiple categories in full-field images. Mahmood
et al. conducted the first systematic comparison of the performance of handcrafted features
and deep convolutional features in coral classification tasks [10], and confirmed that CNN
models exhibit stronger feature representation capacity and generalization stability in
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cross-dataset testing, thus consolidating the core position of deep learning in the field of
coral recognition.

Subsequently, classic CNN architectures (as shown in Figure 4) including AlexNet,
VGG, and ResNet were widely introduced into coral classification tasks [63,64]. Among
them, the residual connection mechanism effectively alleviates the gradient degradation
problem of deep networks, and greatly improves the training stability and classification
accuracy of deep models. To address the limitation of limited labeled coral samples,
transfer learning has become the core technical approach. By pre-training the model
on large-scale natural image datasets such as ImageNet and then performing param-
eter fine-tuning on coral datasets, the convergence speed of the model and classifica-
tion performance in small-sample scenarios can be significantly improved. For example,
Gomez-Rios et al. [65] systematically verified this transfer learning paradigm on classic
small-sample coral texture datasets (EILAT, RSMAS and EILAT?2). Compared with tradi-
tional handcrafted feature methods, the ResNet series models pre-trained on ImageNet
achieved an absolute accuracy improvement of 5.87 percentage points on the EILAT2
dataset (from 93.1% to 98.97%). This paradigm only needs to fine-tune the top fully con-
nected layers of the pre-trained model to complete domain adaptation from natural images
to coral images, which significantly accelerates the model convergence speed and effectively
alleviates the underfitting problem caused by the scarcity of high-quality annotated coral
samples. Therefore, it has been widely adopted in subsequent coral classification research.

1 Convolution + ReLU
" /"\11‘2 128 : Max pooling
I Fully connected + ReLU

56x56x512
4x14x512
|| IIII IIII IXIX4096 ’x1
- ><1000
7x -
28xzsx;12 7x 512 1m’

56 X 56 x 256

224x224x64

Figure 4. Schematic diagram of the coral classification CNN architecture (taking VGG as an example).

In recent years, with the increasing demand for in situ real-time monitoring via
AUVs/ROVs, lightweight networks and edge deployment have become a key research
direction for image-level classification. The application of lightweight models such as Incep-
tionV3 and MobileNet [66-68] greatly reduces the parameter volume and computational
cost of the model while maintaining high classification accuracy, enabling deployment on
underwater embedded devices. However, image-level classification can only output the
category label of a single image patch, and cannot provide fine-grained spatial distribution
information, making it difficult to meet the core ecological monitoring requirements such
as live coral cover quantification and spatial pattern analysis. For this reason, the research
focus has gradually expanded to the field of pixel-level semantic segmentation.

4.2. Semantic Segmentation: From Category Recognition to Ecological Quantification

Semantic segmentation, which performs pixel-wise category prediction on images, has
enabled the transition from image-level classification to pixel-level fine-grained recogni-
tion. Its outputs can be translated directly into core ecological indicators such as live coral
cover, spatial distribution of benthic taxa, and patch morphological features, establishing
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it as the central research focus in contemporary coral visual recognition. According to
the performance evaluation of coral semantic segmentation architectures in the existing
literature, mainstream models exhibit significant performance variations across differ-
ent datasets. Among the classical convolutional architectures, DeepLabV3+ achieved
72.97% mean intersection over union (mloU) on the HKCoral dataset [69]. Transformer-
based architectures demonstrate superior segmentation capability: Swin-UNet achieved
85.7% mloU and 78.9% Boundary IoU on the Coralscapes dataset [33]. In the domain of
weakly supervised learning, Sparse-Label U-Net achieved 72.4% mloU on the CoralSeg
dataset using only 50 sparse point annotations per image [70]. In addition, the specially
designed RGB-D fusion network CNet achieved 81.83% mloU on the Moorea dataset [71].
These results indicate that Transformer architectures hold distinct advantages in coral seg-
mentation tasks, while weakly supervised approaches offer a feasible pathway for reducing
annotation costs.

Fully convolutional networks (FCNs) first extended convolutional architectures to
dense prediction tasks [72], and this was followed by the widespread adoption of U-Net
and the DeepLab series in coral segmentation studies [73,74]. U-Net preserves fine-grained
spatial details through an encoder—decoder structure with skip connections, while the
DeepLab series enhances multi-scale modeling by expanding the receptive field via atrous
convolution, delivering superior performance in segmenting large-scale remote sensing
coral reef imagery.

To address the recognition challenges posed by complex underwater environments, re-
searchers have optimized segmentation models along multiple dimensions: attention mech-
anisms, including channel and spatial attention modules, are incorporated to strengthen
target features, suppress background and noise interference, and improve feature extrac-
tion in turbid water conditions [75,76]; physics-guided image enhancement modules are
integrated to jointly optimize the underwater light transmission model and the segmenta-
tion network in an end-to-end manner, achieving synergistic adaptation between image
enhancement and feature extraction that boosts segmentation accuracy significantly in
high-turbidity and low-illumination scenarios [77]; and Transformer architectures, such
as the Swin-Transformer [78], are employed to capture long-range spatial dependencies
of corals through global modeling, thereby enhancing the representation of multi-scale
coral structures.

4.3. Object Detection and Real-Time Recognition: Engineering Applications for In-Situ Monitoring

Object detection technology enables the simultaneous localization and classification of
coral targets while balancing recognition accuracy and inference efficiency, making it the
core enabling technology for real-time in situ monitoring via ROVs/AUVs. Early research
on coral object detection was mainly based on two-stage detection models represented
by Faster R-CNN, which first generate region proposals and then perform category dis-
crimination. While these models deliver high detection accuracy, their slow inference
speed cannot meet the requirements of real-time monitoring. Subsequently, one-stage
detection models such as YOLO and SSD have been widely introduced. These models
achieve simultaneous target localization and classification through end-to-end regression,
greatly improving inference speed while maintaining high detection accuracy. Among
them, models including YOLOvVS8 and the improved YOLOv11-UOS integrate attention
mechanisms and multi-scale feature fusion, which further optimize detection performance
for small coral targets in complex underwater backgrounds. Meanwhile, they enable the
unified output of detection and segmentation, becoming the mainstream architecture for
current real-time coral detection [79].
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Regarding practical deployment, quantitative comparisons on coral and coral reef fish
detection tasks reveal distinct trade-offs. On coral health assessment tasks, an enhanced
YOLOv8 model integrating CBAM and BiFPN achieved a mean average precision (mAP)
of 88.4% at IoU = 0.5, with a processing time of 11.2 ms and a compact model size of
7.2 MB [80]. For lightweight coral detection, YOLOv8-small achieved a mAP of 53.7%,
while its Ghost module-enhanced variant improved to 55.9% with a compact model size [81].
Regarding inference speed on edge devices, benchmarking studies show that YOLOvS-
Nano achieved 24.1 FPS on the NVIDIA Jetson Nano with 7.2 GFLOPs [82], while YOLOv7
optimized with TensorRT (v8.6.1) reached 85 ms per image (approximately 11.8 FPS) on the
same platform [83]. For coral reef fish detection, SSD-MobileNet demonstrated superior
computational speed with a mAP of approximately 92.21%, achieving real-time detection
at 30 FPS when accelerated with a Coral USB Accelerator on a Raspberry Pi 4 [84]. For
small coral target detection, YOLOV5 enhanced with attention mechanisms achieved a
3.2% increase in average detection accuracy over baseline methods [85].

In recent years, Transformer architectures have demonstrated tremendous potential
in the object detection field. The RT-DETR-based Transformer detection model achieves
a well-balanced trade-off between high real-time performance and detection accuracy
via the cross-attention mechanism of the decoder. It outperforms traditional CNN-based
detection models in hard coral detection tasks using coral quadrat imagery [86], exhibiting
significant advantages in global modeling and small target recognition. To address the
deployment requirements on underwater embedded devices, researchers have adopted
lightweighting techniques including model quantization, pruning, and knowledge distil-
lation. These methods further reduce model size and computational overhead under the
premise of controllable accuracy loss, enabling edge-side real-time detection and recogni-
tion on ROV /AUYV platforms.

4.4. Data Augmentation, Robustness and Generalization Capacity: Toward Reliable Cross-Scene
Model Deployment

Light absorption, scattering, and particulate interference in underwater optical en-
vironments degrade image quality significantly, thus image enhancement techniques are
commonly integrated into the model training pipeline. In the field of underwater image
enhancement, numerous studies have identified geometric transformations as the most
effective category, as such techniques effectively simulate the natural variations in coral
orientation and scale encountered in underwater surveys. Furthermore, RGB histogram
equalization, color correction, dehazing enhancement, and generative augmentation meth-
ods based on GAN frameworks each offer distinct advantages in matching specific imaging
conditions, thereby delivering optimal performance for recognition tasks [87-89].

Building upon these augmentation strategies, recent advances have further integrated
physical models with deep neural networks to achieve more robust performance under
complex water conditions. In recent years, a series of methods have jointly optimized
the physical radiative transfer model of underwater light propagation with deep neural
networks, achieving more robust performance under complex water conditions. Mean-
while, weakly supervised and semi-supervised learning strategies have been adopted to
alleviate the challenge of high annotation costs. Through consistency regularization or
pseudo-labeling mechanisms, these methods can leverage unlabeled data to improve the
generalization capacity of models, yet their stability in highly complex underwater scenar-
ios still requires systematic validation. When there are geographic variations across sea
areas or discrepancies in imaging equipment between training and test datasets, model per-
formance degrades markedly. Throughout the phased evolution of coral visual recognition
technologies (Table 2), developing model architectures and training strategies that are ro-
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bust to distribution shift has become the core bottleneck restricting the further engineering

deployment of deep learning methods.

Table 2. The phased evolution of deep learning in coral visual recognition.

Phase Primary Task Form Technical Characteristics Advantages Limitations
Lack of complete spatial
Automatic CNN Replaces handcrafted structural information;

Image-Level
Classification Phase

Image or Patch-Level
Category Discrimination [7]

Feature Learning;
Transfer Learning

features; Well-established
training pipeline

Inability to support
quantitative coral
cover estimation

Pixel-Level Semantic
Segmentation Phase

Pixel-Level Category
Prediction [90]

Encoder-Decoder
Architecture; Multi-scale
Feature Fusion

Enables direct
quantification of core
ecological indicators (coral
cover, taxa proportion)

High annotation labor
cost; High sensitivity to
class imbalance

Structural Optimization
and Enhancement Phase

High-Precision
Segmentation and Complex
Scene Adaptation [91]

Attention Mechanism;
Physics-Guided
Enhancement;
Transformer Architecture

Improved robustness and
multi-scale representation
capacity in complex
underwater environments

High model complexity;
Increased computational
resource requirements

Real-Time Detection

Real-Time Detection and

Transformer Detection

Enables real-time in situ

Inherent trade-off between

and Engineering Edge Deployment [86] Architecture; monitoring via detection accuracy and
Deployment Phase & ploy Lightweight Network AUVs/ROVs inference speed
Generalization Domain Shift Analysis; Facilitates cross-regional Theoretical and

and Robustness
Improvement Phase

Cross-Sea Area and
Cross-Device Application [5]

Data Augmentation;
Semi-Supervised Learning

model deployment
and generalization

engineering solutions for
field application are not
yet fully established

5. Core Challenges for the Large-Scale Application of Coral
Visual Recognition

5.1. Domain Shift and Bottlenecks in Cross-Scene Generalization Performance

Domain offset is the core bottleneck that restricts the cross-regional and cross-device
deployment of coral recognition models. The spectral attenuation laws of water bodies,
suspended particle concentrations, seabed compositions, and coral species compositions in
different sea areas exhibit systematic differences. Even within the same sea area, variations
in imaging depth, lighting conditions, and acquisition equipment parameters can lead to
significant changes in image data distribution. For instance, quantitative analysis shows
that when photographing a DGK color calibration card (X-Rite, Grand Rapids, MI, USA)
underwater, the red channel intensity exhibits an approximately linear decrease from 1.0 m
to 2.0 m relative to the air baseline [92]. Such distance-dependent attenuation directly alters
the RGB feature distributions that models rely on. These factors collectively violate the
core assumption of supervised learning that “training and testing data are independently
and identically distributed”, ultimately resulting in a substantial decline in the model’s
performance in unknown scenarios.

It is important to clarify that structural optimization strategies, such as attention mech-
anisms and multi-scale feature fusion, can only improve the feature discriminative ability
of the model within the training data distribution, and cannot fundamentally solve the
out-of-distribution generalization problem. To address domain shift, existing studies have
formed a progressive solution framework ranging from transfer learning and domain adap-
tation to domain generalization, yet their application boundaries and inherent limitations
remain prominent.

Transfer learning is currently the most widely used fundamental method in coral
recognition [93]. By pre-training the model on large-scale natural images and then fine-
tuning it on coral imagery, it can improve the convergence efficiency and initial performance
of the model when labeled samples are limited, and its effectiveness has been verified
in lightweight networks and Transformer models. However, this method relies on the
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distribution correlation between the source domain and the target domain. The inherent
differences in spectral and texture features between natural images and underwater coral
imagery tend to limit the effectiveness of feature transfer. Therefore, it is only suitable for
scenarios with minor environmental differences, and lacks stability when deployed across
unknown sea areas [94].

Domain adaptation addresses the shift problem by explicitly reducing feature discrep-
ancies between domains. It introduces target domain data during the training phase, and
achieves feature distribution matching between the source and target domains through
mechanisms such as adversarial training and statistical alignment. Unsupervised domain
adaptation (UDA) is the mainstream research direction at present [95]. The source-free
domain adaptation framework can complete adaptation only by retaining the parameters of
the source model, which breaks through the constraints of source data storage and privacy
protection, and expands its engineering applicability [96]. Nevertheless, it still requires the
acquisition of target domain data before deployment, and cannot solve the generalization
problem in completely unknown environments. Regarding practical requirements, effective
UDA can be achieved with as few as several hundred unlabeled images, provided that they
represent the target domain’s variability. Source-free adaptation requires only the trained
source model, eliminating the need for original source data. For coral-specific applications,
UDA with synthetic data enabled sea urchin detection at 84.3% AP50 without manually
annotated real images [97]. Similarly, a vision foundation model (DINOv2) adapted via
Low-Rank Adaptation (LoRA) achieved a 64.77% match ratio for multi-label coral condition
classification across seasons and sites, using only 5.91 M trainable parameters [98]. These
metrics confirm that UDA and source-free adaptation can deliver high performance when
unlabeled target data capture relevant environmental variability.

Domain generalization completely eliminates the dependence on target domain data.
It enables the model to maintain stable performance in unseen environments by learning
cross-domain invariant feature representations, which highly aligns with the “train-first, deploy-
later” requirement of ecological monitoring. Current research has evolved from simple data
mixing to multi-dimensional structured augmentation methods. To address open-category
and class imbalance problems, meta-learning [99] has been introduced to coordinate cross-
domain gradient updates, which improves the model’s ability to recognize unseen categories
and abnormal states, and provides a new path for the identification of rare coral taxa.

5.2. Data Constraints and Bottlenecks in Sample Utilization Efficiency

Data-level constraints are the fundamental bottleneck restricting the performance im-
provement and large-scale application of models, which are mainly reflected in three aspects.

First, there is an extreme scarcity of high-quality annotated data. Pixel-level annotation
and species-level classification of coral imagery require experts with solid coral taxonomic
expertise, resulting in a high threshold and extremely time-consuming annotation process,
and thus a severe shortage of standardized, high-quality annotated datasets [100]. Existing
public datasets suffer from uneven geographic distribution across sea areas, inconsistent
annotation protocols, and limited species coverage, which can hardly support the training
of generalizable coral recognition models.

Second, the inherent class imbalance problem cannot be fundamentally resolved.
The natural species distribution of coral reef ecosystems presents a significant long-tailed
characteristic, with extremely small sample sizes for rare coral taxa. Even if alleviated by
methods such as loss function optimization and sample resampling, it cannot compensate
for the insufficient feature learning caused by limited sample size, resulting in consistently
low recognition accuracy of the model for rare groups [101], which are often the key
targets of ecological conservation. To address this, targeted data collection strategies
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may require additional human and material resources to actively acquire imagery from
underrepresented habitats or to select specific seasonal windows during [102] which rare
taxa are more observable, thereby enhancing sample diversity for minority classes.

Third, the level of standardization across datasets is low. Coral image data collected
by different research teams have significant differences in imaging equipment, shooting
parameters, quadrat design, annotation specifications, and taxonomic classification sys-
tems [103]. The poor data compatibility makes it difficult to integrate multi-source data
and conduct cross-dataset validation of models, which severely restricts the development
and iteration of generalizable models.

5.3. Bottlenecks in the Alignment Between Algorithm Evaluation and Ecological
Monitoring Requirements

There is a key misconception in current coral visual recognition research: model
training and evaluation are centered on computer vision metrics, which are severely
disconnected from the practical requirements of coral reef ecological monitoring, making it
difficult to directly convert model outputs into a basis for management decision-making.

In terms of model evaluation, existing studies generally adopt classic computer vision
metrics, which can only reflect the pixel-level classification accuracy of the model, but cannot
measure the model’s ability to estimate core ecological indicators. The core reason is that
coral reef ecological monitoring focuses on the overall proportion of taxa, spatial patterns, and
dynamic changes, rather than the classification correctness of a single pixel. There is a lack of
direct mapping between traditional visual metrics and ecological statistical indicators.

Regarding the ecological interpretability of the model, the black-box nature of deep
learning models [104] leads to poor interpretability of their classification decisions. It is
impossible to explain the basis of classification results to ecologists and managers, nor to
locate the source of model errors, resulting in insufficient credibility of model results in
ecological surveys and management decision-making. Meanwhile, most existing models
can only output the category and spatial distribution of corals, and cannot conduct a
comprehensive assessment of the health status, degradation risk, and change trend of coral
reefs combined with ecological knowledge, making it difficult to achieve the leap from
image recognition to decision support.

5.4. Bottlenecks in Engineering Deployment and Long-Term Monitoring Implementation

The practical field implementation of coral visual recognition technology requires full
adaptation to engineering application scenarios such as ROV /AUYV in situ monitoring and
long-term continuous observation. However, most existing relevant studies rely on high-
performance servers for offline model training and testing, which is significantly discon-
nected from the actual requirements of engineering deployment. The embedded devices of
ROV /AUVs carried by underwater platforms have strict constraints on computing power,
memory, and power consumption. High-precision, large-parameter recognition models
are difficult to deploy directly on the edge side, while models modified for lightweighting
are highly prone to loss of recognition accuracy [105]. How to achieve the optimal trade-
off between recognition accuracy, inference speed, and hardware resource consumption
has become the core challenge for the engineering deployment of models. Meanwhile,
most existing recognition models adopt a static offline training paradigm, where model
parameters are fixed after deployment. During the long-term monitoring of coral reefs,
factors such as the expansion of monitoring areas, seasonal environmental changes, and
natural succession of coral communities will cause continuous changes in data distribution,
and the recognition performance of static models will continue to degrade accordingly.
Furthermore, the continuous introduction of new monitoring data can easily lead to the
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catastrophic forgetting problem of the model, making it difficult to effectively retain the
knowledge accumulated from historical learning.

To address catastrophic forgetting in long-term underwater monitoring, several con-
tinual learning strategies have been explored in coral detection contexts. Knowledge
distillation has been successfully applied to coral reef monitoring, enabling the transfer
of fine-scale classification knowledge from underwater imagery to drone-based aerial im-
agery through a teacher—student framework, thereby allowing scalable and cost-effective
large-scale reef assessment [106]. Pseudo-labeling has also been employed in instance
segmentation frameworks to iteratively refine coral detection models using unlabeled data,
as demonstrated by Picek et al., who integrated pseudo-labeling with Mask R-CNN (v1.0)
to achieve state-of-the-art performance in the ImageCLEFcoral competition [107]. Although
direct applications of rehearsal and regularization strategies to coral visual recognition
remain limited, these distillation-based approaches demonstrate promising pathways for
enabling dynamic model updates in long-term coral reef monitoring deployments.

At present, the application of coral visual recognition technology is still in the stage
of fragmented research and exploration, and no unified technical specifications have been
established in the field. There is a lack of unified requirements from data acquisition
standards, data preprocessing pipelines, to model evaluation specifications and result
output formats. This situation not only makes it difficult to reuse technical achievements
among different research teams, but also makes it impossible to carry out effective cross-
comparison of coral reef monitoring results from different regions. It not only severely
restricts the large-scale promotion of the technology itself, but also fundamentally hinders
the construction and implementation of a cross-regional collaborative monitoring system,
becoming an important obstacle for coral visual recognition technology to move from
laboratory research to practical ecological monitoring applications. In fact, realizing the
transition of coral visual recognition from experimental validation to large-scale ecological
application does not only rely on the improvement of a single model architecture, but
requires the formation of a collaborative framework in terms of distribution modeling,
domain generalization strategies, data governance systems, and continual learning mecha-
nisms (as shown in Figure 5). This systematic perspective will also become the key direction
for the technological development in this field in the future.
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Figure 5. Theoretical framework of cross-domain generalization and engineering deployment.
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6. Future Directions and Technological Evolution Trends

Building on the incremental advances in deep learning methodologies, coral visual
recognition research is undergoing a paradigm shift from the optimization of individ-
ual model performance to the integration of multimodal fusion, advances in representa-
tion learning, and the construction of system-level intelligent monitoring architectures.
Future developments will not only focus on improving recognition accuracy, but also
address the systematic reconstruction of cross-modal information integration, data effi-
ciency optimization, and the coupling mechanism between technical outputs and ecological
decision-making.

6.1. Underwater Scene-Oriented General Visual Representation and Foundation Model Construction

Existing transfer learning pipelines rely heavily on pre-trained models developed
from natural images. However, there are fundamental differences in imaging mechanisms
and feature distributions between natural images and underwater imagery, which con-
stitutes a key bottleneck limiting the cross-domain generalization capability of existing
models. Accordingly, one of the core future directions is to establish a large-scale self-
supervised pre-training system and underwater visual foundation models tailored for
underwater scenarios.

Leveraging the massive volume of unannotated underwater coral imagery acquired
by global ROV/AUYV fleets, generalizable and robust visual feature representations in
underwater environments can be learned via self-supervised pre-training tasks, including
contrastive learning and masked image modeling. Compared to models pre-trained on
natural images, models pre-trained on underwater data via self-supervision can better
adapt to the inherent characteristics of underwater imaging and learn domain-invariant
features that are insensitive to illumination degradation, color shift, and variations in
water turbidity, thereby fundamentally enhancing the cross-scene generalization capability
of the models. Meanwhile, integrating multimodal large language models (MLLMs) to
construct vision-language multimodal foundation models for coral reef monitoring will
enable the natural language interpretation of coral recognition results, ecological knowledge
integration, and intelligent question answering, addressing the critical limitations of poor
ecological interpretability and low usability of existing models.

6.2. Multimodal Information Fusion and Fine-Grained Modeling of 3D Ecological Structure

Reliance on sole 2D RGB imagery makes it difficult to comprehensively characterize
the 3D structural features and health status of coral reef ecosystems, and multimodal
information fusion represents a critical developmental direction for intelligent coral reef
monitoring. Future research should prioritize the development of an integrated multimodal
fusion and recognition framework. First, the fusion of hyperspectral data and RGB imagery
can leverage the fine physical spectral features of hyperspectral data to improve the accu-
racy of fine-grained coral species classification and health status recognition, addressing
the key limitations of 2D RGB imagery in live/dead coral discrimination and early-stage
bleaching detection. Second, integrating 2D semantic segmentation with 3D point cloud
modeling enables the accurate mapping of pixel-level recognition results to 3D point cloud
models, supporting the precise quantification of key ecological metrics including coral cov-
erage, surface area, volume, structural complexity, and reef rugosity, while mitigating the
quantification errors caused by the projection of 2D imagery. Furthermore, the integration
of multi-source data such as sonar, water quality parameters, and eDNA will facilitate
the construction of a cross-modal integrated characterization system for coral reef ecology,
enabling the transition from single visual recognition to comprehensive multi-dimensional
perception of ecological health status.
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6.3. Low-Data Efficient Learning Paradigm and Construction of the Ecological Monitoring
Closed-Loop System

The scarcity of annotated data and inherent class imbalance represent long-standing
fundamental bottlenecks restricting the generalization improvement and large-scale appli-
cation of coral visual recognition models. Developing data-efficient learning paradigms
with low annotation dependency is the core pathway to overcome these constraints. Fu-
ture research can focus on advancing weakly-supervised and semi-supervised learning
frameworks: leveraging low-cost annotation information such as image-level labels and
sparse point annotations, combined with techniques including pseudo-label generation and
consistency regularization, to fully exploit the value of massive unannotated underwater
imagery and substantially reduce the reliance of models on expert-intensive dense annota-
tions. For the challenges of limited samples of rare coral taxa and difficult adaptation to
cross-sea scenarios, few-shot learning methods including meta-learning, metric learning,
and prompt learning can be applied to achieve rapid model adaptation to new species
and novel environments. In addition, generative Al can be employed to build sample
synthesis models for rare taxa, which, coupled with the optimization of ecology-oriented
loss functions, can further alleviate model bias caused by class imbalance and improve the
recognition reliability for priority taxa in ecological conservation.

The core value of coral visual recognition technologies lies in providing reliable sup-
port for coral reef ecological conservation and management decision-making. Future
research must break through the functional boundary of single image recognition and
establish a full-chain intelligent monitoring system aligned with the needs of ecological
management. First, an ecology-oriented model evaluation system should be established,
where core metrics for ecological management (including estimation error of live coral
cover, statistical accuracy of species abundance, and accuracy of degradation trend identifi-
cation) are incorporated into model optimization and performance validation, to achieve
the in-depth coupling of algorithm development and ecological monitoring requirements.
On this basis, efforts should be made to promote the formulation of standardized technical
specifications for intelligent coral reef monitoring. Ultimately, the development of an inte-
grated intelligent coral reef monitoring platform will enable the standardized deployment
of models and one-stop management of monitoring outputs, facilitating the translation of
technologies from laboratory-based algorithm validation into practical decision-support
tools for coral reef conservation and management.

7. Conclusions and Future Perspectives

This paper systematically reviews the developmental trajectory of visual recognition
technologies for coral reefs. From early traditional vision methods based on color, texture
and morphological features, to deep learning models centered on CNNs, and further
to the development stage focusing on cross-domain generalization, multimodal fusion
and ecological decision coupling, the research paradigms have undergone a multi-stage
evolution: from local feature engineering to data-driven representation learning, and then
to system-level intelligent monitoring construction.

Technically, deep learning has significantly improved the accuracy of coral classifi-
cation and segmentation, enabling pixel-level estimation of coral cover and health status
recognition. However, the large-scale field application of these technologies is still con-
strained by key bottlenecks, including insufficient cross-regional generalization capability
of models, high cost of data annotation, and unstable conversion from model outputs to eco-
logical indicators. Relying solely on the optimization of model structure can hardly address
the challenges of distribution shift caused by environmental variations. Future research
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should therefore pay more attention to the construction of general visual representations,
multi-source data fusion, and the establishment of continuous learning mechanisms.

In terms of data modality, the scope of coral visual recognition has gradually expanded
from 2D optical imagery to the integration of 3D structure reconstruction and hyperspectral
visual sensing. 3D point cloud models provide a spatial basis for the quantification of
key ecological indicators such as reef structural complexity, surface area, and rugosity,
while hyperspectral information offers a physical foundation for fine-grained species
differentiation and health status discrimination. The integration of multimodal data helps
alleviate the sensitivity of single visual information to illumination conditions and water
turbidity, providing more robust data support for cross-regional ecological monitoring.

From the application perspective, future research on coral visual recognition should
break through the boundary of mere image recognition and transform toward a holistic
intelligent ecological monitoring system. Model outputs should not be limited to pixel-level
classification results, but should establish a robust mapping relationship with ecological
statistical indicators, temporal change trends, and environmental driving factors. By con-
structing a closed-loop system covering data acquisition, model inference, performance
evaluation, and decision support, dynamic model updating and ecological risk early warn-
ing under long-term monitoring can be realized, enabling visual recognition technologies
to truly serve the conservation and management decision-making of coral reefs.

Overall, coral visual recognition technology is in a critical transition phase from
model performance-driven development to system integration-driven innovation. Future
research should make sustained advances in the following three aspects: (1) constructing
a self-supervised pre-training system for underwater environments to improve the cross-
scene generalizability of models; (2) strengthening the capability of multimodal fusion
and 3D ecological structure characterization to build a feature space more consistent
with ecological reality; (3) promoting the in-depth coupling between visual recognition
outputs and ecological indicator systems to establish a long-term, large-scale, and intelligent
framework for coral reef monitoring.

Through the coordinated development of algorithm innovation, data system construc-
tion and ecological application, coral visual recognition technology is expected to evolve
from an auxiliary analysis tool to a critical decision support system for coral reef ecological
management, providing a sustained and reliable technical foundation for global coral
reef conservation.
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