


MARINE SNOW SIMULATION
AND ELIMINATION IN VIDEO



Contents

Introduction Methods Training Experiment Conclusion



INTRODUCTION




Introduction

What is Marine snow?

Fig. 2. Vanation in marine snow appearance during a single mission. top:
camera stationary near surface (aggregates appear circular), middle: diving
(snow is vertically streaked), and bottom: moving forward near bottom (snow
appears radially blurred).
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Introduction

Problem Definition

Fig. 2. Vanation in marine snow appearance during a single mission. top:
camera stationary near surface (aggregates appear circular), middle: diving

(snow is vertically streaked), and bottom: moving forward near bottom (snow
appears radially blurred).
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Methods
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Methods

Fig. 3. Blender setup with artificial scene, camera, lighting, and marine snow: (left) mesh view with sealloor selected, (middle) solid view with spow system
selected, and (right) matenal view with camera and hghts selected.
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Marine Snow Simulation in Blender

Seafloor Generation

Object Placement

Object Materials
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Fig. 4. Geometry node setup for marine snow system. Various nodes control aggregate count and randomized size, shape, and color.
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Video Generate
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Fig. 5. Example frames from four scenes. (top) no snow, (middle) snow mask, and (bottom) snow added.
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Video U-Net
Encoder
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Video U-Net

Limitation
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Previous, Current, Next
(all with snow added)

Legend
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Fig. 6. U-Net (extended from [12]) for temporospatial modeling of video frames.
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Model Definition

Optimizer Loss Input
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Training

Image U-Net Classification by Dataset

MSRB Dataset Proposed Synthetic MSRB + .Proposed
Dataset Synthetic Dataset
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e Marine Snow Removal Benchmarking Dataset (IEEE 2023)
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Training

Video U-Net Classification by Dataset

Proposed Synthetic MSRB + Proposed
Dataset Synthetic Dataset
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Experiment

Evaluation Metrics

PSNR SSIM
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Experiment

Performance on ...

... MISRB Dataset ... Our Dataset .. Merged Dataset
Approach Variant PSNE (77 | S5IM (T PSNER (1) | S5IM (T) PSNE (1) | S5IM (1)

Median Filter 3 x 3 kernel 25.81 0.810 - 37.93 (.966 | 3274 0.899

5 % 0 kernel 24.09 (L.6R2 36.51 (1.955 3l.19 (1L.B3H

Tramed Only on MSRB Dataset || 36.44 0.970 39.09 (L9967 | 37.95 (1968

Image U-Net (from [12]) Tramed Only on Our Dataset 25.28 (. 844 44,92 0.991 36.50 (.926

Tramed on Both Datasets 3586 (0.967 43.65 0.99]1 IETEY .981

Video U.Net Tramed Only on Our Dataset 2549 (.836 45.78 0.991 37.08 (1925

Trained on Both Datasets 35.64 (.966 43 .87 (1988 40.34 0.978

Original Snowy Images 28.04 0.909 38.79 (1,963 3418 (2.941)
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Original, Snowy Input

Output of
Image U-Net (from [12])
Trained Only on MSRB Dataset

Output of
Video U-Net
Trained on Both Datasets
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Conclusion
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A DEEP LEARNING APPROACH FOR
MARINE SNOW SYNTHESIS AND REMOVAL.
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Introduction

Figure 1: Synthetic marine snow samples.

Marine snow
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Introduction

Figure 1: Synthetic marine snow samples.

Problem Definition
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Objective
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Marine Show
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Figure 2: GAN architecture to synthesize marine s

artifacts.
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Wasserstein GAN
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Figure 2: GAN architecture to synthesize marine snow

artifacts.
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Synthetic Marine Snow Samples

(b) Image with synthetic marine snow

Figure 4: Example of adding synthetic marine snow to a
natural underwater image.

Dataset Creation
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Figure 6: The Unet model architecture for marine snow removal.
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Model Definition

Optimizer
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Experiment

Evaluation Metrics

PSNR SSIM
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Experiment

(a) Distorted image (b) Median Fil. 3x3

o — __ ~ 2 - P - . .

-

d) DnCNN

(e) BM3D (f) U-Net

MSE PSNR [dB] SSIM
Test images 59 x 10~ * 22.26 0.71
Med. Filt. 3 x3 47 x10~* 23.90 0.83
Med. Filt. 5x5 56 x 10~ 23.22 0.77
BM3D 46 x 1074 23.95 0.88
DnCNN 42 x 104 24.50 0.91
U-Net 13 x 10~ 29.18 0.91
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(d) DnCNN
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Experiment

Additional Experiment

(a) Input (b) Ancutti [4] (e) Ancutti+U-Net

Figure 9: Effect of removing marine snow on image enhancement.

Ancutti Algorithm

 Fusion-based Underwater image Enhancement &€112|&
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e Enhancing underwater images and videos by fusion (IEEE 2012)
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Additional Experiment Evaluation Metrics

UiQM UCIQE
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A= SO = A ZI2E A 2 SO E ALt
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Co =0.2953 Co =0.2745
Cg =3.5753 C3 =0.2576

e An Underwater Color Image Quality Evaluation Metric (IEEE 2015)
e Human-Visual-System-Inspired Underwater Image Quality Measures (IEEE 2016)
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Table 2: Underwater image enhancement evaluation.

UIQM [54]f UCIQE [55]1

Original 2.0677 0.5023
Ancutti [4] 3.3875H 0.5472
Ancutti [I]—{—Uuet 4.3477 0.5487
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Conclusion 1
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