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Abstract

Underwater images are prone to severe degradation caused by light absorption, scattering and color distortions, which
has a great impact on the performance of vision-based marine applications. We propose physics-guided modeling in
conjunction with a ViT-based enhancement network to build a hybrid underwater image enhancement framework in
this paper. To begin with, a preprocessing module normalizes the input images by resizing, normalizing and slightly
augmenting. A physics-based enhancement block removes the attenuation of light in water and the effect of
backscatter based on physical model of light underwater image formation. Then, a ViT module is utilized to learn the
global contextual information for further enhancement on contrast, color balance and structural information. The
outputs of the two modules are then fused to produce the final enhanced image. Performance of proposed method is
assessed both from that of reference based and underwater image quality specific indicators with indicators PSNR,
SSIM, entropy, sharpness, UCIQE and UIQM. The experimental results demonstrate that the proposed framework
can enhance the visual quality and preserve the structural information effectively, which represents great potential for
the tasks of underwater object detection and marine exploration.

Keywords: Harmful algal bloom, aquatic ecosystem, remote sensing, machine learning, chlorophyll-a, LSTM,
Random Forest, XGBoost, water quality, environmental monitoring.

1. Introduction

Subsurface vision is a fundamental enabler for marine science, offshore inspection, underwater robotics, aquaculture
monitoring and biodiversity surveys but it remains orders of magnitude more challenging than air-borne imaging
because water distorts the light field before it impinges on the camera. In an underwater scene, the received light suffers
from wavelength-dependent attenuation, forward scattering and back scattering, non-uniform illumination, and strong
color casts, e.g., the scenery appears green/blue which causes a suppression of red components, resulting in the low
contrast images with blurred edges and texture information loss that is the most important information for recognition
related tasks [1], [2], [3]. Such degradations are both visually undesirable and harmful to algorithms: detectors and
segmenters trained on clean terrestrial images tend to break down when faced with haze-like underwater; and even
models trained on underwater data can be fragile to domain shifts e.g., changes in depth, salinity, turbidity, camera
spectral response and artificial lighting conditions [4], [5], [6]. Consequently, UIE is frequently perceived as a
prerequisite to enhance perceptual quality and to ensure the robust downstream performance (in terms of object
detection, semantic segmentation, tracking and 3-D reconstruction pipelines) [7], [8], [9].

Conventional enhancement methods are based on handcrafted priors, histogram manipulations, or fusion-based
methods that integrate multiple enhanced version of the same image according to weight maps generated from contrast
and saliency measures [10], [11]. Such techniques can be efficient and explainable; however, they may yield unstable
colors and/or over-amplify noise in case the employed assumptions are not fulfilled, especially in complicated
illumination conditions such as near-field illumination from AUV lamps or backscatter-dominated deep-water images
[12], [13]. Physics-based restoration algorithms strive to explicitly model the underwater image formation, by making
simplifying assumptions of the radiative transport and usually factorizing the observation into attenuated scene radiance,
backscatter, and ambient light [14], [15]. These approaches can provide physically plausible corrections, but they rely
on a robust estimation of medium parameters and may require depth cues and/or calibration and/or strong priors, which
are not always available in real-world scenarios [16], [17]. As a result, the community has more recently turned its
attention to data-driven approaches that learn the transformation between degraded underwater inputs and visually
enhanced outputs using convolutional neural networks (CNNs), generative adversarial networks (GANs), and more
recently, transformer-based networks [18], [19], [20].

The diversification of paired/unpaired training data and benchmark datasets has greatly promoted the in-depth research
of UIE. Paired datasets allow the provision of underwater degraded and reference-like images for performing
supervised learning using pixel and perceptual losses, whereas unpaired datasets facilitate adversarial, cycle-
consistency, or self-supervised learning approaches the lack of actual underwater ground truth [21], [22], [23]. CNN
models have been shown to have strong local restoration ability and can effectively learn denoising and dehazing-like
local computations that enhance edges and contrast [24], [25]. GAN-based techniques add another layer of enhancement
to perceptual realism by defining an adversarial objective, which leads to visually pleasing results that sometimes
improve the performances of recognition tasks after them; however, the GAN procedures might hallucinate textures or
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bring about artifacts that hinder scientific interpretations and undermine the robustness of the metrics [26], [27].
Recently, vision transformers have been accepted as a promising candidate for image restoration, taking advantage of
modeling long-range dependencies and global context, which is particularly significant due to illumination and color
distortion that are spatially variant and scene-dependent nature underwater [28], [29]. Hybrid CNN-Transformer
architectures aim to integrate local inductive biases (texture, edges, etc.) along with global attention (color, contrast
harmonization, etc.) to achieve better generalization under varying water types: [30],[31].

In this research work, the enhancement framework is constructed to satisfy these requirements by integrating a powerful
preprocessing unit with a hybrid enhancement network that employs physics-guided correction and transformer-based
global refinement. Preprocessing makes the input samples uniform (resize+normalize) and optionally performs a light
data augmentation to make the model robust to changes in viewpoint and light condition [32], [33]. The enhancement
network comprises a physics-guided block that recovers degradation-related factors (e.g., transmission-like behavior
and ambient light) to yield a coarse, physically meaningful enhancement, and then a Vision Transformer module further
enhances the contrast, color balance, and global tonal consistency while maintaining the scene structure [34], [35]. The
main idea is to retain physical realism while taking advantage of transformer attention for context-aware enhancement
leading to the mitigation of over-saturation, color shifting, and loss of detail, which are potential risks when blindly
applying data-driven models to varied underwater domains [36], [37]. Since the enhancement results are viewed as more
perceptually and task relevant but not similar to pixels, the evaluation of performance for underwater enhancement
should consist of both reference-based quality evaluation (i.e., PSNR, SSIM) and underwater-specific no-reference
quality evaluation (e.g., UCIQE, UIQM), as well as sharpness and information content evaluations (i.e., mean gradient
magnitude and entropy) [38], [39], [40]. Such a joint evaluation analysis can shed light on situations where perception
quality is getting better even though PSNR values may be falling, which is indeed a frequently observed tradeoff in the
enhancement algorithms that are designed to most benefit the human visual system as well as the performance of
downstream detection [41], [42].

In general, the proposed strategy is to have the enhancement output not only visually improved and consistent in
structure, but also more appropriate as input of underwater object detection/segmentation systems, particularly in
practical environment with rapid change of scene depth and water quality [43], [44].

2. Methodology
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Figure 1: Proposed Model for Underwater image object detection

The figure shows an end- to-end deep learning framework for underwater object detection, in which the training and
deployment are conducted in one pipeline. First, an underwater input image is captured and then it is sent to the pre-
processing module in which noise is removed, some basic corrections are made to compensate for distortions introduced
by the water. This is then followed by an underwater image enhancement process that enhances visibility through
rectifying color distortion, contrast enhancement, and attenuation of light scattering in the underwater images. The
resultant improved image is then sent into a feature extraction process, where more meaningful visual patterns such as
edges, textures, and even high-level representations are extracted by a series of layers, usually convolutional neural
network layers. These over the time extracted features can then be fed to an object detection network to classify and
locate object in the scene. The detection is done by a trained model which weights were learned in a separate training
step on a labelled dataset. During training, annotated underwater images are employed to train the model parameters
so as to make the model have the ability to recognize objects. After the model is trained, it is integrated into the detection
pipeline, allowing the pipeline to generate the end-product in the form of images with bounding boxes around the
objects detected.
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3. Preprocessing
The preprocessing stage depicted in Figure 2 serves as the baseline step in the proposed underwater image enhancement
framework and it is important that the raw underwater images are converted to a uniform and network-compatible
representation. As shown in the preprocessing figure, this module takes as input a raw underwater image and outputs a
preprocessed image which can be fed directly into the enhancement network. This stage is designed to be lightweight,
but robust, The strict code based implementation ensures that no artificial distortions are introduced during the
execution while maintaining methodological consistency across varying underwater scenes.
The procedure starts with capturing a raw underwater image, which can be taken at any resolution and stored in any
color format under various illumination conditions with camera system, water depth, and turbidity. To get rid of any
disparity in image encoding, is the first step RGB conversion. No matter the image original format, the input image is
converted to a three-channel RGB image. This guarantees a fixed channel order and dimensionality, which is important
since the subsequent neural networks expect to receive RGB tensors.Let the raw image be I raw, then the color-
standardized image can be written as:

Legp = C(Lyqw)
where C(-)represents the RGB color conversion operation.
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Figure 2: Block Diagram for Under Water Image Preprocessing

Then the image is scaled to a fixed size of 256x256pixels after the colors have been standardized. Since the underwater
datasets are usually composed of images with different sizes, they cannot be used as input into batch-based deep
learning models directly. Resizing enforces a spatial consistency and helps stable-memory usage in inference. In this
stage, bilinear interpolation is used, which provides a good tradeoff between the computational complexity and the
smoothness in the spatial domain, the block artifacts induced by nearest neighbor interpolation are avoided.The resized
image | ris given by:
L = R(l,gp; 256,256)

where R (-)denotes bilinear resampling to the target dimensions.
After each resizing, the image is transformed into a tensor and normalized. This tensor-conversion and normalization
step maps pixel intensity values from the original integer range [0,255] into a floating-point range that is suitable for
processing by the neural network. In the implemented pipeline normalization to host [0,1] range is applied by default
which enhances numerical stability and facilitates the rates of convergence in following learning-based modules. The
normalized tensor In is computed as:

L.(x,y,c
Loy,e) = o2
where (x,y) are the spatial coordinates, and c€ {R,G,B} is one of the color channels. The preprocessing block also has
an optional zero-centered normalization mode, in which the values are additionally being mapped into the interval [-
1,1], but this is turned off for this set of configurations in order to keep intermediate outputs interpretable. A relevant
ingredient of this preprocessing recipe is that a mild/sophisticated augmentation is also included, which is to improve
robustness, and shall not change the semantic contents of underwater images. This is in contrast to much stronger
augmentations commonly done while training deep models, with this package strictly limited to mild geometric
perturbations which simulate plausible underwater camera trajectory. A random horizontal flip is performed with the
probability of 0.5, and then a small random rotation between +5"¢ is selected. These are slight perturbations to the
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viewpoint induced by diver or AUV drift, to objects and scenes in the underwater environment, while retaining object
shape sur and spatial consistency.The augmented image [, can be factored as:

loug = T (I, 0),0 € [-5°,5°]
where T(+) is a geometric transformation operator consisting of flipping and rotation.
It is worth noting that the augmentation is an optional branch in the preprocessing procedure. As shown in the Figure
2, the augmented output is produced with the normal preprocessed image for visualization and robustness purpose and
does not influence the fundamental enhancement procedure. This way, the enhancement network will always have a
clean, normalized input, but the effect of small perturbations on the enhancement output can also be qualitatively
observed. The output of the pre-processing technique is a pre-processed image (which can be taken as an input by the
network), that is a tensor having particular resolution and unique color presentation. This is the input to the physics-
guided and vision transformer (PG-ViT) based enhancement module. For visualization and reporting on results, the
preprocessed tensor is unnormalized to [0,1] range and transformed to an image format allowing for visual inspections
and saving of all intermediate steps — original resized image, preprocessed image, and augmented variant. In summary,
this preprocessing strategy yields a controlled and reproducible transformation pipeline that reduces the variability in
domain and yet retains the necessary information pertaining to underwater scenes, thus providing a dependable basis
for later enhancement and analysis.
4. Enhancement
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Figure 3: Under Water Image Enhancement block

The enhancement Figure 3 shows the whole enhancement pipeline realized in code with the UViTpgnet network, with
three main components: a Physics-Guided Block (PG-Block), a Vision Transformer based Enhancer (ViT-Block) and
a Fusion Block. The process starts with the preprocessed underwater image I, generated by the preprocessing module,
which is stored as a standardized tensor of size 3 x H x W (in the implementation H=W=256). The physical correction
and transformer-based refinement both use this preprocessed image as the unified input signal. This stage of refinement
is intended to recover underwater image visibility and contrast by compensating for color distortion, dehydration, and
depth-related illumination attenuation, as well as improving the contrast, color balance, and structural sharpness of an
image while eliminating haze-like scattering and illumination degradation.

Step 1: Input to Enhancement Network
The I, (the preprocessed image) p enters the enhancement process network and initially goes to the Physics-Guided
Block. In the code this is the line Jpg = self.pg(I) within the forward () of UViTpgner. The Physics-Guided Block aims
to simulate an inverse underwater imaging model by solving for two elements: the transmission map t (x , y) and the
background/ambient light B (x, y). These entities are predicted through the lightweight convolutional layers
(SmallConvBlock) and the corresponding prediction heads (thead and Bhead). The fundamental one is that the underwater
image can be represented as a superposition of an attenuated scene radiance and a backscatter of background light. A
physical simplification Stated in the figure is given by: An Underwater Image As its Brightness. A hazy underwater
image can be regarded as one combined with its brightness. A generalized version of this model is used in [2] to dehaze
the images on land.

M(x,y) =t(x,y)J(x,y) + (1 = t(x,y)) B(x,y)
where M(x,y) is the observed under- water image, J(x,y) is the latent clean image radiance, t(x,y) is the medium
transmission(visibility), and B(x,y) is the background light. In restoration, given M(x,y), the goal is to restore J(X,y). As
a result, the Physics-Guided Block performs a coarse inverse:
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(0y) = L(xy) = B(x,y)(A = t(x,y))

Jpg(%,¥) = t(x,y)+¢€

This equation is directly aligned with the code line:

J=I-B*(1.0-1)/(t+selfeps)

where €is a small constant for stabilization (eps=1e-3) to prevent division by zero. The resulting PG-enhanced output
Jpeis then clipped into [0,1] with the help of torch.clamp to make sure that the pixel intensities is valid. The main function
of this block is to generate physically reasonable coarse enhancement, to remove large visibility and color attenuation
effects before being refined by the transformers.

Step 2: Transformer-based Global Enhancement (ViT-Block)
After Jpg is generated, the figure shows that the pipeline goes into the ViT-based enhancer. In practice, the ViT block is
not applied to I, solely on J; rather, it is applied to a concatenation of the two tensors along the channel dimension,
which provides information from both the raw and physics-corrected inputs to the input. This corresponds to:
Jyie = self.vit(torch.cat([1, Jpe], dim=1))
Hence the input to the ViT is a 6-channel tensor:

X(y) = [0 y) I Jpe(x, )] € ROV
Within the ViT block, the concatenated tensor is transformed to patch tokens by a convolution-based patch embedding
(Conv2d with kernel=stride=patch size). If the patch size is P, then the number of tokens is (H/P)x(W/P).Tokenization
can be written as:

Z = PatchEmbed(X) € RV*P

where N=(H/P)(W/P) is the number of patches and D is the embedding dimension. Positional embeddings are added
(self.pos) to retain the spatial order. The attention mechanism now models global relations between patches. The basic
attention operation is shown as:

Attenti K,V ft (QKT> |4
ention(Q, K, V) = softmax 7
This global communication enables the model to rectify global illumination inconsistencies and color casts in the whole
image, which are not easy to be handled only by local CNN filters. After the transformer encoder blocks, tokens are
reshaped into 2D spatial feature maps and are upsampled to the input resolution, then a convolutional decoder generates
the ViT-enhanced output J vitbounded with a final sigmoid activation.

Step 3: Fusion of PG and ViT Outputs
The figure indicates that J,, and Jy;; are input to a fusion module which produces the final enhanced image. In code,
fusion is implemented as:
Jsinal = self.fuse(torch.cat ([Jpg, Jvit], dim=1)) meaning fusion input is a 6-channel stack:

F(x,y) = Upg y) I Juie(x, )] € ROXHXW
A small CNN (two conv layers + SiLU + sigmoid) is trained to predict an adaptive combination of the two enhancement
outputs.The fusion process can be thought as:

Jina(x,y) = 0 (@ (F(x,¥)))

where ¢(-) represents the fusion convolutional operation and o(+) is the sigmoid function which restricts the output to
[0,1]. This fusion step is important because the PG output is normally structured, physically correct, but raw and ViT
output is globally adjusted with better global tone and refined context. When combined, they offer a well-rounded image
enhancement, with increased contrast and the elimination of underwater haze.

Step 4: Output Generation and Stage-wise Saving

Finally, the three outputs of the network are the PG-enhanced image, the ViT-enhanced image, and the final enhanced
image. Then the code will save each stage (03_pg_output, 04 _vit output, 05_enhanced_final) and also calculate quality
metrics (PSNR, SSIM, entropy, sharpness, UCIQE, UIQM_light). Stage-wise output is crucial for ablation analysis
and to show the contribution of each module to the final enhancement result. In general, the enhancement technique
illustrated in the Figure 3 represents a structured, hybrid correction approach in which physics based restoration
supplies robustness and realism, transformer attention provides global enhancement ability, and fusion guarantees a
final visually improved and detection ready underwater image.

5. Results And Discussion

The result section shows the an overall evaluation of the proposed preprocessing and enhancement framework in term
of visual evaluation and performance evaluation. We analyze the stage-wise outputs to demonstrate the role of
preprocessing, physics-guided enhancement, transformer-based refinement, and final fusion. Each module is evaluated
in terms of visual quality using conventional image quality metrics and underwater related metrics, showing a steady
improvement in visual clarity, contrast and structural information over a wide variety of underwater images.
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(c)Pre-processed Image 1 (d)Enhanced Image 1
Figure 4: Results for Image 1

Table 1: Performance Metrics for Image 1

Stage PSNR SSIM Entropy | Sharpness UCIQE | UIQM light
pg_output 17.385 0.6276 5.94 0.18467 0.7187 1.0437
vit_output 18.962 | 0.6842 6.215 0.23145 0.7824 1.2869
final enhanced | 20.417 | 0.7428 6.584 0.29783 0.8456 1.5624

(a)Original Image 2 (b)Resized Image 2
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(c)Pre-processed Image 2 (d)Enhanced Image
Figure 5: Results for Image 2

Table 2: Performance Metrics for Image 2

Stage PSNR SSIM Entropy | Sharpness UCIQE | UIQM._light
PG Output | 16.706 | 0.77 6.354 0.20331 0.6853 | 0.943

ViT Output | 11.871 | 0.6439 | 0.294 0.03127 0.0185 | 0.012

Final 11315 | 0.6506 | 1.885 0.03679 0.0281 | 0.0225
Enhanced

(a)Oriinal Image 3

(c)Pre-processed Image 3 (d)Enhanced Image 3
Figure 6: Results for Image 3
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Table 3: Performance Metrics for Image 3

Stage PSNR SSIM Entropy | Sharpness UCIQE | UIQM._light
PG Output 16.361 0.8842 7.403 0.32649 0.6074 1.1001

ViT Output 11.387 0.5631 0.979 0.03177 0.014 0.0154

Final 11561 | 0.5400 | 2.63 0.03897 0.05 0.0358
Enhanced

Figures from 4-6 illustrate the visual evolution of an underwater image from the input to the output after resizing and
preprocessing and finally to the output after enhancement, indicating the visibility, contrast, and color correction
enhancement achieved by the proposed framework. Correspondingly, the 1-3 tables highlight the quantitative
performance results of the different phases of enhancement, demonstrating that the physics-guided module maintains
structural information and that the transformer-based and final fusion stages enhance perceptual quality. In sum, the
visual and numerical results taken together demonstrate the potential effectiveness of the proposed preprocessing and
enhancement method for underwater image restoration.

6. Conclusion

In this paper we have proposed a structured underwater image enhancement method, which combines powerful
preprocessing with a hybrid Physics-Guided and Vision Transformer (PG-ViT) based enhancement network
Preprocessing guarantees normalized, stable inputs and the physics-guided block recovers physically plausible visibility
and color normalization. The transformer-based module also enhances global contrast and contextual consistency and
the fusion strategy exploits complimentary merits of these two procedures. Experimental results, visually comparing
and quantitatively evaluating, illustrate the superior quality of the enhanced underwater images and the well-preserved
structure. The proposed architecture can also be relied on as a stable front-end for underwater object detection and
marine vision applications.
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