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Objectives Methodology and Results

This project aims fo investigate the use of machine _ We propose a systematic approach to Training: During training, batches of labeled images (example shown below with
qurnlng methods for shoreline extraction, offerlng creating a training dataset optimized for green shoreline labels) are used. Ground truth edge maps (example in binary) are

the potential to analyze shoreline changes across different locations and conditions, using = compared to predictions from each DSN using a loss function.
different timescales—from swash zone dynamics to a Holistically-Nested Edge Detection _—

tidal, seasonal change and longer-term events. (HED) architecture based on VGG16. The
dataset Is designed to capture the unique

environmental factors of each location,
ensuring the model learns from a diverse
range of scenarios. High-quality training
Ocean observing networks, such as those managed data is crucial for improving the accuracy

Ground truth

Background

Weighted-fusion and

by webcoos.org, NWLON, and USGS-sponsored of edge detection and overall model averaging layer

platforms, offer valuable tools for shoreline performance. Input for 7 L7 77/4 /

monitoring. Traditional methods, like using brightest Training /7| conv3 , 77 \ y 4

pixel images, help determine beach runups but ' Y 4 / ’cynv . \ ‘ '

often fall short in capturing the complexity of wes I _cqvs

shoreline dynamics. Many communities need U _‘/ y MRV A

cost-effective ways to track shoreline changes and I:;sf?o -k / |4

flooding. Regular webcams offer a valuable but Predicting % ' S i g

underused resource. Our machine learning o

algorithm fills this gap, providing an efficient

alternative to traditional methods. Prediction: During prediction, the model P Prediction
processes new images (input shown on Output

shoreline Definii'ion the top) angi outputs shoreline detections >

based on pixel confidence scores. These

In this work, we define the shoreline as the predictions are refined using B — i

instantaneous interface between water and post-processing fechniques. e ST Output .

non-water (e.g., beach, cliff). Unlike the brightest ol o '

pixel method, which requires V'd?O over d \/.VCIVG Figure 2: Diagram of the ML model pipeline, illustrating the preprocessing, multi-scale edge detection, and postprocessing steps, with visualized examples at each stage.

cycle, our approach allows real-time shoreline

extraction from a single frame. This comparison shows our Santa Cruz, CA : Holland Beach, MI ~ Jenne’re’s Pier, NC Bay of Fundy, Canada

detection method alongside the
traditional brightest pixel method,
applied to four different sites:
California, Michigan, North
Carolina, and Canada. Each site
presents unique conditions such as
cloudiness, storms, water puddiles,
dirty camera lenses, and other
obstacles. Our results demonstrate
that the ML model delivers more
consistent performance across these
diverse scenarios. We can generate
time series data of water marks
along the beach profile, providing
detailed measurements that help

Chal Ienges track shoreline changes over time.

Several factors complicate accurate shoreline
monitoring using webcames:
e Environment Condition: Stormy weather, fog,
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and snow affect shoreline appearance.

Time of Day: Different lighting conditions and
glare impact visibility.

Lens Condition: Dirt, moisture, and smudges on
the lens can obscure the view.
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