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Abstract. Underwater environments are highly complex, where light attenuation, color shifts, and suspended 
particles degrade image quality and hinder reliable coral recognition. To address this, we propose an 
underwater coral image recognition framework that combines generative adversarial networks with semi-
supervised segmentation. In this framework, the generative model enhances low-quality images and reduces 
domain discrepancies, while the semi-supervised strategy enables accurate semantic segmentation and species 
recognition with limited labeled data. Experiments on publicly available underwater coral datasets show that 
the proposed model outperforms traditional methods in terms of mean Intersection over Union (mIoU) and 
recognition accuracy. These results demonstrate a promising approach for underwater ecological monitoring 
and coral reef conservation. 

1 Introduction 

Coral reefs are a key component of marine ecosystems and 
are essential for maintaining biodiversity and ecological 
balance [1]. However, coral reefs are increasingly 
threatened by ocean acidification, climate change, and 
human activities, leading to widespread degradation. To 
support precise monitoring and automated assessment, 
coral image recognition based on computer vision has 
become an important research direction. Traditional 
monitoring methods rely on divers for manual photography 
and visual inspection, which is costly, time-consuming, 
and subjective, making large-scale and high-frequency 
monitoring difficult [2-3]. 

In recent years, deep learning methods [4-6], especially 
semantic segmentation networks such as U-Net, Fully 
Convolutional Networks (FCN), and DeepLab, have 
shown strong potential for underwater image analysis [7]. 
By assigning a semantic label to each pixel (e.g., hard coral, 
soft coral, sponge, background), these models enable 
quantitative estimation of coral coverage and community 
composition [15]. 

However, underwater images are often affected by 
uneven illumination, scattering, and color distortion, which 
reduce the effectiveness of conventional convolutional 
neural networks in feature extraction and classification. At 
the same time, underwater coral datasets are usually small 
and difficult to annotate, which limits the generalization of 
fully supervised models. To address these challenges, a 
variety of image enhancement methods have been 
proposed to restore more realistic color, contrast, and 
visibility. Traditional approaches are mostly based on 
physical imaging models or image priors, such as DCP and 

UDCP for modeling light attenuation, and Retinex-based 
correction or white balancing for contrast enhancement. 
More recently, learning-based models such as WaterNet 
and UWCNN have achieved better performance across 
different underwater conditions by learning end-to-end 
mappings from degraded to high-quality images [8-9]. 

Generative Adversarial Networks (GANs) extend this 
idea by introducing adversarial learning between a 
generator and a discriminator, providing a data-driven 
solution for unpaired image enhancement and style 
adaptation. Models such as CycleGAN, WaterGAN, and 
Ucolor have been successfully applied to underwater image 
restoration and color correction [10-12]. Building on this 
line of research, StyleGAN3 introduces an improved 
generator architecture with alias-free design and more 
stable style control, allowing it to synthesize high-fidelity 
images with consistent geometric structure across different 
resolutions. These properties make StyleGAN3 
particularly suitable for generating realistic underwater 
coral images, supporting both visual enhancement and 
domain adaptation for downstream recognition tasks [19]. 

In this study, we propose an underwater coral image 
recognition framework that combines StyleGAN3-based 
image synthesis, super-resolution reconstruction, and semi-
supervised segmentation. The StyleGAN3 module is used 
to generate diverse and realistic coral scenes and to 
improve the quality of low-resolution or degraded images, 
thereby enriching the training domain. A super-resolution 
reconstruction network further refines spatial details and 
texture, providing clearer inputs for segmentation. On this 
basis, a semi-supervised segmentation model is employed 
to leverage both labeled and unlabeled underwater images. 
By using consistency regularization and pseudo-labeling 
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[16, 20-21], the framework improves segmentation 
accuracy under limited annotation [13]. Among semi-
supervised strategies, Teacher–Student architectures have 
shown strong performance: the teacher network produces 
pseudo-labels, while the student network learns under 
consistency constraints, and the teacher parameters are 
updated via exponential moving average to realize stable 
knowledge transfer [14][18]. 

Within the proposed framework, semi-supervised 
learning not only improves segmentation performance but 
also helps filter and refine StyleGAN3-generated samples, 
reducing noise and low-quality synthesis. The joint 
optimization of generative enhancement, super-resolution, 
and semi-supervised segmentation mitigates data scarcity 
and label noise, ultimately enhancing the robustness and 
accuracy of underwater coral recognition in practical 
monitoring scenarios. 

2 Materials and methods 

2.1 Dataset description 

All images used in this study were collected during scuba 
surveys at 35 coral reef sites in Djibouti, Eritrea, Sudan, 
Jordan, and Israel, using GoPro Hero 10 cameras. The 
annotated data consist of video frames extracted from 
footage recorded at a resolution of 1080 × 1920 pixels and 
30 frames per second with a linear lens setting. The videos 
cover a wide range of reef conditions, from healthy reefs 
with high live coral cover to degraded areas affected by 
severe bleaching and coral mortality. They also include 
scenes captured under varying water clarity and lighting, 
from clear, well-lit environments to turbid, low-light 
conditions. This diversity provides a representative basis 
for training and evaluating underwater coral recognition 
models. Fig. 1 illustrates representative coral images and 
their corresponding pixel-level annotations, highlighting 
the visual complexity of underwater scenes and the detailed 
labeling used for model training and evaluation 

2.2 Generative adversarial network method 

To address the problems of limited sample size and uneven 
class distribution in underwater coral image datasets, this 
study uses a Generative Adversarial Network (GAN) to 
synthesize high-quality coral images that preserve realistic 
underwater characteristics. This approach increases the 
diversity of training data and improves model 
generalization, while reducing the need for extensive field 
data collection. 

During training, the discriminator is first updated to 
improve its classification ability. The generator is then 

optimized based on the discriminator’s feedback so that it 
can create more realistic images. Through iterative 
adversarial training, the generator gradually learns the 
complex distribution of real underwater coral images, 
including light attenuation, color shifts, texture patterns, 
and colony structures. 

To further enhance structural fidelity and semantic 
consistency, this study adopts an advanced GAN 
architecture based on StyleGAN3 [23]. StyleGAN3 is used 
to generate high-quality coral images with fine textures and 
stable geometric structures. Unlike conventional 
convolution-based GANs, StyleGAN3 employs an alias-
free design that reduces spatial artifacts caused by sampling, 
maintaining smooth transitions and preserving overall 
coral morphology. Its style-based modulation mechanism 
allows more explicit control over multi-scale visual 
attributes, such as color tone, texture richness, and colony 
layout. As a result, the images generated are more realistic 
and topologically consistent and better reflect underwater 
optical characteristics. 

 

Fig. 1. Coral images and corresponding pixel-level annotations. 

As illustrated in Fig. 2, high-resolution images are first 
degraded by blurring, down sampling, noise addition, and 
JPEG compression to create corresponding low-resolution 
inputs. Filters are used to simulate common artifacts such 
as ringing and overshooting. These degraded images are 
then passed into the generator to produce 1-, 2-, and 4-times 
super-resolved outputs, which are jointly trained with real 
high-resolution images in an adversarial manner. 

Overall, the GAN-based data augmentation pipeline 
effectively alleviates the constraints of underwater image 
acquisition, data scarcity, and class imbalance. It enables 
the generation of visually convincing and statistically 
consistent synthetic coral images, thereby improving the 
robustness and generalization of subsequent underwater 
coral recognition and segmentation models. 
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Fig. 2. Pipeline of GAN-based super-resolution and semi-supervised segmentation for underwater coral recognition. 

2.3 Semi-supervised segmentation method 

To address the limited number of samples and the high cost 
of annotation in underwater coral image datasets, this study 
adopts a semi-supervised segmentation strategy that makes 
joint use of labeled and unlabeled data. In this framework, 
the model learns discriminative features from a small set of 
manually annotated coral images, while simultaneously 
exploiting the larger pool of unlabeled images to improve 
generalization and segmentation performance [22]. 

As shown in Fig. 2, the original training set is evenly 
divided into two subsets, where one portion is manually 
annotated to form the labeled dataset, while the other is 
retained as the unlabeled dataset. For dataset construction, 
the control group applies conventional physical 
augmentation strategies such as 1-time and 3-time scaling, 
whereas the experimental group is further expanded using 
synthetic coral images generated by multiple GAN-based 
augmentation methods. These generative models produce 
diverse coral textures under varying illumination, turbidity, 
and color-attenuation conditions, thereby enhancing the 

segmentation model’s ability to generalize across 
underwater environments. Among them, StyleGAN3 
serves as the primary image generator. Its alias-free 
architecture effectively alleviates feature entanglement and 
suppresses sampling artifacts in synthesized images. The 
style-based modulation mechanism and progressive feature 
refinement enable stable adversarial training and accurate 
reconstruction of fine-grained coral structures, maintaining 
geometric consistency across different resolutions and 
transformations. By integrating degradation modeling with 
residual-dense generation, the produced synthetic coral 
images exhibit high visual and structural realism, ensuring 
that the augmented dataset closely approximates real 
underwater scenes and contributes to improved model 
robustness and generalization. 

The training process follows a student – teacher 
paradigm, consisting of two identical segmentation 
networks: a student network and a teacher network. The 
student network is updated through gradient 
backpropagation using both supervised and unsupervised 
loss terms, while the teacher network is updated by 
applying an exponential moving average (EMA) to the 
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student’s parameters. The teacher thus acts as a stable 
pseudo-label generator that evolves smoothly during 
training. 

The supervised loss is computed on the labeled subset 
using standard pixel-wise cross-entropy between the 
predicted segmentation maps and the ground truth 
annotations. For the unlabeled subset, the unsupervised 
loss enforces consistency between the predictions of the 
student and teacher networks under different perturbations, 
including Gaussian noise, color jitter, random cropping, 
and spatial transformations. This consistency 
regularization encourages the model to produce stable and 
reliable segmentation outputs even without explicit labels. 

By combining labeled and unlabeled data in this way, 
the semi-supervised framework improves the model’s 
ability to capture fine coral structures and adapt to 
variations in underwater conditions, such as illumination 
changes, turbidity, and color attenuation. As a result, 
segmentation accuracy and robustness are enhanced, while 
the dependence on large-scale manual annotation is 
substantially reduced [17]. 

2.4 Experimental environment 

All training and evaluation were performed on an Ubuntu 
22.04 LTS operating system. The experiments were 
performed on a high-performance deep learning 
workstation equipped with an AMD Ryzen™ 9 7950X 
CPU and an NVIDIA RTX A6000 GPU (48 GB). 

3 Results and discussions 

3.1 Analysis of dataset expansion using Style
GAN3 

To assess the visual quality and realism of the StyleGAN3-
generated coral images, we employ three widely used 
quantitative metrics: Peak Signal-to-Noise Ratio (PSNR) 
[24], Fréchet Inception Distance (FID) [25], Kernel 
Inception Distance (KID) [26], and Structural Similarity 
Index (SSIM) [24]. 

PSNR measures the pixel-level similarity between a 
generated image and its corresponding reference image, 
and is commonly used to evaluate reconstruction fidelity. 
A higher PSNR indicates lower distortion and closer 
agreement with the ground truth. In the context of coral 
image synthesis, PSNR is particularly relevant for 
assessing the preservation of fine structural details, 
including branch geometry, surface texture, and subtle 
color gradients. The metric therefore reflects the 
generator’s ability to maintain local structural integrity 
while producing visually plausible underwater coral scenes. 
The formulas are given by: 

 2
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Here, n denotes the complete number of pixels, Iୌୖ
୧  

and Iୗୖ
୧  refer to the intensity of the i − th pixel in HR 

and SR images. For 8-bit images, the MAX୍ is typically 
set to 255. Higher PSNR values indicate better 
reconstruction quality, as they correspond to lower 
distortion and closer pixel-wise similarity to the reference 
images. 

FID evaluates the perceptual quality of generated 
images by comparing the feature distributions of real and 
synthetic images, as extracted by a pre-trained Inception 
network. A lower FID value means that the generated 
samples are more realistic and their distribution is more 
consistent with that of real images. KID is conceptually 
similar to FID but is computed using the squared Maximum 
Mean Discrepancy with polynomial kernels. Unlike FID, 
KID provides an unbiased estimate even when the number 
of samples is limited. This makes it particularly suitable for 
underwater coral datasets, where high-quality annotated 
images are relatively scarce. SSIM is used to measure the 
structural fidelity of GAN-generated coral images. By 
jointly considering luminance, contrast, and structural 
information, SSIM offers a perceptual evaluation that 
aligns more closely with human visual judgment than 
simple pixel-wise error metrics. Compared with the 
baseline model, the proposed StyleGAN3-based 
framework achieves higher SSIM values, indicating better 
preservation of coral branch geometry, surface texture, and 
local contrast. These results suggest that the synthesized 
images more closely approximate real underwater coral 
scenes. 

As shown in Table 1, several generative models are 
compared on the task of underwater coral image synthesis. 
For pixel-level reconstruction, PSNR and SSIM are metrics 
where higher values indicate better quality. DDPM 
achieves the highest PSNR (28.89 dB) and SSIM (81.38%), 
demonstrating strong ability to preserve coral branch 
textures, fine structural details, and overall structural 
consistency. StyleGAN3 ranks second, with a PSNR of 
27.49 dB and an SSIM of 79.08% and clearly outperforms 
traditional GAN variants and the super-resolution model 
ESRGAN. 

From the perspective of perceptual quality and 
distribution alignment, FID and KID are metrics where 
lower values are better. DDPM obtains FID and KID scores 
of 22.78 and 0.0077, indicating that its generated images 
are closest to real coral images in the high-level feature 
space, with strong visual realism and diversity. StyleGAN3 
achieves FID and KID values of 20.96 and 0.0079, which 
also reflect good distribution matching and a clear 
advantage over earlier GAN-based methods in terms of 
perceptual quality. 

Table 1. Metrics of generated images for different models 

Methods 
PSNR 
(dB) 

SSIM 
(%) 

FID KID 
Parameter 

(MB) 
DCGAN 19.45 71.45 28.93 0.0621 3.5 
WGAN-

GP 
20.56 72.65 29.64 0.0485 15.4 

CycleGAN 22.78 75.69 26.07 0.0383 11.4 
CGAN 22.62 73.35 25.17 0.0184 54.4 

StyleGAN
2 

24.06 78.01 24.65 0.0284 30.0 

 

, 01001 (2026)E3S Web of Conferences https://doi.org/10.1051/e3sconf/202671101001711
EMER  2026

4



 

 

ESRGAN 24.64 77.96 23.25 0.0186 27.6 
DDPM 28.89 81.38 22.78 0.0077 87.2 

StyleGAN
3 

27.49 79.08 20.96 0.0079 16.7 

However, these gains must be considered together with 
model complexity. The parameter size of DDPM is 87.2 
MB, far exceeding that of StyleGAN3 (16.7 MB) and the 
other models. Although DDPM is slightly superior to 
StyleGAN3 on most quality metrics, it requires 
significantly more computation and storage, making it less 
suitable for resource-limited underwater monitoring 
platforms or edge devices. In contrast, StyleGAN3 
maintains high PSNR and SSIM and achieves FID and KID 
scores close to those of DDPM, while using only about 
one-fifth of its parameter size. This yields a more favorable 
trade-off between performance and complexity. 

Overall, when generation quality, model complexity, 
and deployment constraints are considered together, 
StyleGAN3 is the preferred model for underwater coral 
image generation in this study. DDPM can be viewed as an 
alternative choice in scenarios where computational 
resources are sufficient and the highest possible generation 
quality is the primary objective. 

3.2 Analysis of semi-supervised segmentation 
results 

To assess the semi-supervised segmentation results, we 
employ two evaluation metrics: IoU (Intersection over 
Union) [27], and FPS (Frames Per Second) [28]. The 
formulas are as follows: 

 
TP

IoU
TP FN FP


 

 (3) 

where True Positive (TP), False Negative (FN), and False 
Positive (FP) serve as foundational indicators of 
performance. The FPS metric measures the model’s 
inference speed and is defined as: 

 
N

FPS
T

  (4) 

where N represents the amount of test images processed, 
and T is the total inference time. A higher FPS indicates 
better real-time performance. 

To further evaluate the proposed semi-supervised 
segmentation model for underwater coral recognition, 
Precision and Recall [29] were employed as key metrics, 
defined as: 

 
TP

Precision
TP FP




 (5) 

 
TP

Recall
TP FN


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 (6) 

TP, FP, and FN denote true positives, false positives, 
and false negatives, individually. Experimental results 
indicate that the semi-supervised model outperforms the 
fully supervised baseline in both Precision and Recall, 
efficiently reducing inaccurate positives in complex 
backgrounds while enhancing the detection of small and 
low-contrast coral structures. 

Table 2 presents the performance comparison of 
different segmentation algorithms. In this experiment, all 
models were fine-tuned on the Coral dataset and evaluated 
on its test set. 

The results show a clear performance hierarchy. 
Traditional CNN-based models, such as FPN and U-Net, 
provide a reasonable baseline, with mIoU scores of 71.28% 
and 72.54%, respectively. However, they are surpassed by 
more recent transformer-based architectures. Among the 
supervised methods, SegFormer achieves the best 
performance with an mIoU of 84.65%, highlighting its 
stronger capability to model long-range context and handle 
complex underwater coral scenes. 

Table 2. Comparison of Segmentation Methods 

Methods MIoU F1 
Precisio

n 
Recall FPS 

FPN 71.28 80.49 80.96 81.41 145 
U-Net 72.54 81.64 81.78 83.57 151 

MANet 73.87 81.67 83.87 83.53 96 
HRNet 75.72 83.32 84.95 84.14 57 
SFPN 78.42 84.15 85.14 84.25 120 
Mask2 
Former 

80.65 85.87 86.45 86.69 39 

DPT 82.02 86.98 87.25 87.96 48 
Segforme

r 
84.65 89.01 88.69 89.36 59 

3.3 Analysis of the effectiveness of semi-supe
rvised segmentation 

Table 3 highlights these advantages. The fully supervised 
baseline C1 achieves 84.65% mIoU and 89.01% F1. When 
the same labeled budget is combined with 1,000 unlabeled 
images (C2-1k), performance already surpasses the 
baseline, with gains of +1.47% mIoU and +1.90% F1. As 
the amount of unlabeled data increases, improvements 
become more substantial—for example, C2-3k yields 
roughly +6.4% mIoU and +5.2% F1 over C1. The best 
configuration, C2-5k, reaches 92.97% mIoU and 95.57% 
F1, representing significant boosts in Precision and Recall. 
These findings confirm that leveraging large-scale 
unlabeled data effectively enhances feature learning and 
segmentation robustness. 

In the semi-supervised segmentation framework, the 
quality of the teacher model and its pseudo-labels directly 
influence the learning of the student model. Our 
experiments show a consistent performance gain as the 
teacher model is trained with more data. Since pseudo-
labels set the performance ceiling of semi-supervised 
learning, expanding the teacher dataset improves accuracy 
and strengthens generalization. The inclusion of diverse 
GAN-generated coral images further enriches visual 
variability, enabling the teacher model to learn more 
discriminative features and produce more reliable pseudo-
labels. 

4 Conclusions 

This study proposes an underwater coral image recognition 
framework that integrates StyleGAN3-based data 
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augmentation, super-resolution reconstruction, and semi-
supervised segmentation. By expanding the training set 
with realistic synthetic coral images, enhancing degraded 
inputs, and leveraging unlabeled data through a teacher–
student strategy, the framework significantly improves 
segmentation accuracy and robustness under limited 
annotations. Experiments on the coral dataset demonstrate 
superior accuracy and generalization compared with 
existing segmentation models. Future work will extend the 
framework to more coral species, incorporate diverse 
environmental conditions, and explore real-time 
deployment for long-term coral reef monitoring and 
conservation. 

Table 3. Evaluation of semi-supervised algorithms 

Model MIoU F1 Precision Recall 
C1 84.65 89.01 88.69 89.36 

C2-1k 86.12 90.91 89.89 90.87 
C2-2k 89.36 92.05 91.52 92.71 
C2-3k 91.05 94.21 93.14 94.64 
C2-4k 92.14 95.09 94.78 95.88 
C2-5k 92.97 95.57 95.12 96.24 
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