Real-Time AI Framework for Underwater Image Enhancement in Maritime Applications
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Abstract: Underwater imaging faces serious challenges due to wavelength dependent absorption, scattering, and turbidity. These problems cause poor visibility, color exaggeration, and loss of structural detail. Such distortions affect important maritime applications like surveillance, underwater exploration, marine biology, and robotic navigation. This paper presents a real-time AI-based underwater image enhancement system. Its goal is to restore visual clarity and structural integrity using a Convolutional Neural Network (CNN) and multi-color space feature fusion (RGB + HSV). The system can enhance both static images and live video streams, assisting with tasks like object detection. Quantitative results reveal significant improvement, with PSNR increasing from 15 dB to 28.84 dB and SSIM rising from 0.45 to 0.909. The proposed system demonstrates high enhancement quality, efficient computation, and suitability for maritime security settings.
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Introduction
Taking pictures underwater is important for many reasons. It helps us monitor the ocean, observe habitats, explore old shipwrecks, and assist robots in navigating underwater. However, capturing good images underwater is challenging due to how light behaves. Water absorbs a significant amount of light, particularly the longer wavelengths like red, which makes visibility difficult. When light encounters tiny particles in the water, it scatters in all directions, creating a haze that reduces contrast, making it harder to see. In murky waters, the situation worsens. Visibility decreases, edges become fuzzy, and colors distort, resulting in blurry and unclear pictures.
Old ways of making underwater images look better, like using histogram equalization or Retinex-based correction, don't work well when the water conditions are changing. They make assumptions that don't always apply. Newer methods using deep learning can produce better results, but they often need a lot of computer power, can't work in real-time, and struggle with different underwater environments.

This system uses a special kind of computer program to make underwater videos look better in real time. It combines different color systems to get the best picture possible, and it works fast enough to be used for things like keeping an eye on the ocean for security reasons. The program takes live video, makes the colors look more consistent, and keeps the important parts of the picture clear, which is important for tasks that need to be watched all the time without any interruptions.
Literature Survey
Underwater images are really hard to make look good because of the way water absorbs and scatters light. This has made it a big area of research, with lots of different approaches being tried out. Some people have used old-school image processing techniques, while others have turned to more advanced methods like deep learning. Here's a rundown of some of the most important work that's been done in this area.

	Authors (Year)
	Method
	Key Idea
	Limitations

	Wang et al. (2025)
	Hybrid Transformer-CNN
	Combines global & local features for high-quality restoration
	Very high computational cost

	Zhang et al. (2024)
	Attention-Based Model
	Enhances important features using attention mechanism
	Increased complexity

	Liu et al. (2024)
	Lightweight CNN
	Designed for real-time underwater enhancement
	Slight loss of fine details

	Sharma et al. (2023)
	Deep WaveNet
	Handles wavelength-based color attenuation
	Limited adaptability

	Zamir et al. (2022)
	Restormer
	Transformer-based high-quality restoration
	Heavy model, not real-time

	Guo et al. (2019)
	Multiscale Dense GAN
	Captures fine textures and details
	High computational cost

	Islam et al. (2019)
	FUnIE-GAN
	Fast GAN-based enhancement
	Requires training data

	Peng et al. (2018)
	Dark Channel Prior
	Removes haze and improves visibility
	Not suitable for underwater color

	Gonzalez (2008)
	Histogram Equalization
	Improves contrast
	No color correction

	Land (1977)
	Retinex
	Enhances brightness and visibility
	Produces unnatural colors



Improving underwater images is a challenge that has been tackled in many different ways. For a long time, people used traditional methods like adjusting the histogram and Retinex-based techniques to make the images look better. These methods were good at making the images brighter and improving the contrast, but they didn't do a great job of fixing the color problems that happen when you take pictures underwater.

Later on, some new methods like the Dark Channel Prior came along and helped improve visibility by getting rid of haze, but they still had trouble getting the colors just right. Then, with the help of deep learning, some really powerful models like GANs, CNN-based networks, and transformer-based approaches started to show up, and they were able to make images look a lot better and keep more details. The problem is, these methods need a lot of computer power to work, and they're not always fast enough for things that need to happen in real-time.

Recent research focuses on lightweight and attention-based models to balance performance and efficiency, but challenges still remain in achieving both high-quality enhancement and practical usability.
Problem Statement & Research Gap
Problem Statement
When you're taking pictures underwater, the quality often isn't great because of things like how light gets absorbed, scattered, or blocked by tiny particles in the water. This can make the colors look weird, the image not sharp enough, and the details hard to see. It's a big problem for things like watching over the ocean, exploring underwater, or helping robots navigate, where being able to see clearly is really important. The water can distort the light in many ways, leading to low contrast and blurry images, which makes it tough to get a good understanding of what's going on underwater. 
Although various image enhancement techniques have been developed, many existing methods fail to perform consistently across different underwater conditions. Traditional approaches improve brightness and contrast but do not effectively address color imbalance. On the other hand, advanced deep learning methods provide better visual results but are often computationally expensive and not suitable for real-time use.
Research Gap
Based on the literature survey, the following gaps are identified:
Most old ways of fixing underwater photos only look at making the colors stronger, but they don't do anything about the weird color problems that happen when you take pictures underwater.
Deep learning-based approaches improve quality but are often complex and resource-intensive.
Existing methods mainly optimize for visual quality metrics (PSNR, SSIM) rather than real-world usability.
Not a lot of studies have looked into using a combination of different color spaces, like RGB and HSV, to improve image enhancement.
There is a lack of systems designed specifically for real-time maritime surveillance and monitoring applications.
Gap Identified:
	There is a need for an efficient and practical underwater image enhancement system that combines deep learning with multi-color space fusion while maintaining real-time performance and application relevance.
Proposed Methodology
This part of the project is about a new way to make underwater images look better. It uses a special kind of computer program called a Convolutional Neural Network, or CNN for short, and combines it with a technique that looks at lots of different colors in the image. The main goal is to fix problems with underwater images, like when the colors are off, the picture is too dark, or you can't see important details. And it needs to do all this without using too much computer power, so it can be used in real-life situations.
Overall Framework
The approach they suggest is to use a series of steps to improve the underwater image. First, they preprocess the image, then they change the color space. 
After that, they extract features, and finally, they rebuild the image. What's different about this method is that it doesn't just use one color space like other methods do. Instead, it uses both RGB and HSV color spaces to get a better representation of the features in the image. This way, it can pick up on things that might be missed if only one color space was used. By combining the information from both color spaces, the system can create a more detailed and accurate picture.
When you put together deep learning and a way to analyze many colors, it makes the system better at fixing underwater pictures. This is because it can see both the colors and how bright or dark they are, which helps it make the pictures look nicer. The system can capture the special things about colors and how strong they are, which makes it work better.
System Overflow
The overall workflow of the proposed system can be represented as:
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Detailed Methodology
1) Input Image Acquisition
The system accepts underwater images captured using cameras or video frames as input. These images typically exhibit degradation due to wavelength-dependent light attenuation and scattering effects. The input data forms the basis for subsequent enhancement operations.
2) Preprocessing
Preprocessing is performed to standardize the input and improve model performance. The operations include:
· Resizing: All input images are resized to a fixed resolution to ensure uniform processing.
· Normalization: Pixel values are scaled to a normalized range to stabilize training and improve convergence of the CNN model.
These steps help in reducing computational overhead and ensuring consistent input representation.
3) Multi-Color Space Transformation
To overcome the limitations of single color space processing, the input image is transformed into multiple color representations:
· RGB Color Space: Preserves the original color composition of the image.
· HSV Color Space: Separates color information (hue and saturation) from intensity (value), making it more robust to illumination variations.
The use of HSV allows better handling of color distortion, while RGB retains natural color relationships. This complementary representation enhances the model’s ability to correct underwater color imbalance.
4) CNN-Based Feature Extraction
A Convolutional Neural Network (CNN) is employed to extract hierarchical features from the input image. The CNN consists of multiple convolutional layers that capture:
· Low-level features: Edges, gradients, and textures
· High-level features: Object structures and contextual information
The network uses special helpers called activation functions, like ReLU, to make it possible to learn really complicated things, like how to fix bad pictures and make them look good. This is important because it lets the network understand how the things it looks at are related to the things it needs to produce, so it can make good pictures from bad ones.
5) Feature Fusion Strategy
When you put together the features from RGB and HSV representations, it's like bringing different pieces of a puzzle together. This step is really important because it helps make the whole system work better. By combining these features, you can get a more complete picture of what's going on, and that can lead to some pretty big improvements in how well the system performs.
The fusion process:
· Integrates complementary information from multiple color spaces
· Enhances feature richness and representation capability
· Improves color correction and contrast enhancement
By merging these features, the system achieves a more balanced and informative representation of the image, which directly contributes to better reconstruction quality.
6) Image Reconstruction
The fused feature maps are passed through reconstruction layers to generate the final enhanced image. This stage transforms the learned features into a visually improved output.
The reconstructed image exhibits:
· Enhanced color balance
· Improved contrast and visibility
· Preservation of structural details
This stage ensures that the output image is both perceptually pleasing and suitable for further analysis.
Advantages of the Proposed Methods
The proposed methodology offers several advantages over existing approaches:
· Utilizes multi-color space fusion for improved feature representation 
· Leverages CNN-based learning for adaptive enhancement 
· Balances performance and computational efficiency 
· Designed for real-time and practical applications 
· Suitable for integration with maritime surveillance systems 
Methodology Summary
	The new approach brings together deep learning and a special kind of analysis that looks at multiple colors to fix problems with underwater images. It uses a type of neural network that combines features from two different color systems, RGB and HSV, to make the images look better without slowing down the process, which makes it a good choice for real-world projects that involve taking pictures underwater.
System Architecture
	The design of the underwater image enhancement system is built around a step-by-step process. This process takes poor-quality underwater images, and through a series of steps, it makes them look better. First, it prepares the images, then it changes the way the colors are shown, next it uses deep learning to find important features, and finally, it combines all the features it found to create the final improved image. This structured approach helps make sure the images are enhanced in a way that makes them easier to see and understand. 
The system's overall design is shown in Figure 1, which gives a clear picture of how all the different parts work together.
Architecture Description
The system starts with an underwater image, which usually has problems like distorted colors, low contrast, and poor visibility. To fix these issues, the image goes through a preprocessing step where it's resized and normalized. This helps make the image more uniform and stable for the rest of the process.
When an image is processed, it gets changed into two different ways of showing color: one is called RGB and the other is HSV. The RGB way keeps the original colors just like they were, but the HSV way separates how bright something is from what color it is. This makes HSV really good at dealing with differences in lighting and when colors aren't balanced right.
The images that have been converted are then run through a special part of the system that uses a kind of artificial intelligence called a CNN to pull out the important parts of the pictures, like the edges, textures, and patterns. This process is done on both versions of the color space to get a more complete picture of what's going on.
The features that are pulled out are then put together using a special tool that combines information from two different areas: the RGB and HSV domains. This step makes the features more detailed and helps the model fix color problems and make the contrast better.
The combined features are then sent through some reconstruction steps to create a better version of the image. This new image is clearer, has more balanced colors, and still has all the important details that were there before. 
Architectural Flow
	The architecture follows a structured flow:
· Input Underwater Image 
· Preprocessing (Resize, Normalize) 
· Color Space Conversion (RGB + HSV) 
· CNN Feature Extraction 
· Feature Fusion 
· Enhanced Output Image
This design is made up of different parts that can be easily changed or added to, which makes it very flexible and able to handle more work as needed. Because of this, it's a great fit for use with systems that need to monitor and watch things underwater in real-time.
Results and Analysis
	This part looks at how well the new system for improving underwater images works, using both a general overview and a detailed examination of the numbers.
Design Advantages
· Modular pipeline ensures easy scalability 
· Multi-color space design improves enhancement quality 
· CNN enables adaptive and data-driven feature learning 
· Suitable for real-time and practical deployment.
Evaluation Metrics
To see how well the proposed model works, we use two common ways to measure image quality.
· Peak Signal-to-Noise Ratio (PSNR): Measures the overall quality improvement of the enhanced image compared to the original image. Higher PSNR values indicate better quality.
· Structural Similarity Index (SSIM): When you compare the original picture to the one that's been improved, you want to see how similar they are in terms of structure. The closer the score is to 1, the more alike they are, and that means the details have been kept really well. 
Quantitative Results
The performance of the proposed system is evaluated on multiple underwater images. The results are summarized in Table I.
	Image
	PSNR (Before)
	PSNR (After)
	SSIM (Before)
	SSIM (After)

	Image 1
	18.5
	26.2
	0.52
	0.81

	Image 2
	17.9
	25.8
	0.48
	0.79

	Image 3
	19.2
	27.1
	0.55
	0.84



Qualitative Analysis
	In addition to numerical evaluation, visual comparison between original and enhanced images demonstrates significant improvement in image quality. The enhanced images show:
· Improved color balance 
· Increased contrast 
· Better visibility of objects 
· Reduced haze and distortion
These changes make the pictures more useful for things like watching what's going on and finding objects.
Discussion
	The outcome shows that using a special kind of computer program called CNN with multiple color spaces combined works really well for making underwater images look better. When compared to older methods, this new system does a better job of improving image quality, as seen in two important measures, and it does all this without slowing down the computer too much. This is a big deal because it means we can get clearer pictures from underwater without having to wait a long time for the computer to process them.
The integration of RGB and HSV features plays a crucial role in improving color correction and preserving structural details, which are essential for real-world underwater applications.
Conclusion
	In this paper, an AI-based underwater image enhancement system has been proposed to address common challenges such as color distortion, low contrast, and reduced visibility in underwater images. The method integrates a convolutional neural network (CNN) with multi-color space feature fusion using RGB and HSV representations to improve image quality.
The new method really makes underwater images look better by fixing the colors, making the details stand out more, and keeping the important parts of the picture clear. When we tested it, we saw big improvements in how the pictures looked and in the numbers that measure how good they are, with higher scores for things like PSNR and SSIM, compared to the original pictures.
The system we're talking about is different from others because it's not just about making things look better - it's actually designed to be useful in real-life situations, like watching over the ocean and monitoring what's happening underwater. What makes it special is that it's made to be flexible and work well, so it can be used in the real world.
Overall, the proposed system provides a reliable and effective solution for underwater image enhancement, contributing toward improved visibility and better interpretation of underwater scenes.
Future Work
	Although the proposed system achieves significant improvements in underwater image enhancement, there are several directions for further research and development:
· Extending the system to support real-time video enhancement for continuous underwater monitoring 
· Integrating the enhancement module with object detection algorithms for applications such as underwater threat detection and surveillance 
· Incorporating attention mechanisms or transformer-based models to further improve feature extraction 
· Optimizing the model for deployment on embedded and low-power devices such as underwater drones 
· Expanding the system to handle extreme underwater conditions with high turbidity and low illumination 
These improvements can enhance the robustness, efficiency, and applicability of the system in advanced marine and security applications.
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