From CNNs to Transformers: A Performance Benchmark for Rip
Current Detection & Segmentation in Coastal Imagery

Abstract

Rip currents are strong, narrow flows of water that move from the shore out to sea. They cause many
drowning deaths every year on beaches around the world, including in Bangladesh at Cox's Bazar
and St. Martin's Island [4, 5, 6]. But rip currents are very hard to see because they have no clear
shape [8]. This project compares three deep learning models—YOLOvVS-seg (a CNN model) [32],
SegFormer-BS (a transformer model) [46], and Mask2Former with DINOvV3 (another transformer
model) [11, 28]—to determine which performs best at detecting and outlining rip currents in beach
images. 1 will train all models on the RipVIS dataset [21], which has over 212,000 frames from many
countries. I will compare them using F'1 and F2 scores [1]. I expect transformer models to perform
better than CNNs because they can see the whole beach at once. My results will help choose the right
model for building beach safety systems in Bangladesh and all over the world.

Figure 1: A photo of a beach showing a rip current

Introduction

1) Research Problem

Rip currents are strong, narrow seaward flows that move water from the shoreline past the breaking
waves. They are the biggest danger. Rip currents are strong, narrow seaward flows that transport water
away from the shoreline, posing a significant hazard to swimmers and beachgoers worldwide [4, 5, 6].
They can reach speeds faster than an Olympic swimmer [9]. Their visual signs—gaps in breaking
waves, sediment plumes, or darker water—are often subtle and easily hidden [21]. In Australia, 407
people drowned in rip currents between 2004 and 2023 [5]. In the US, rip currents cause over 100
deaths annually [6]. In Bangladesh, Cox's Bazar Beach sees many drownings from rip currents,
locally called "S=erwms." This is a serious public safety problem.



From a computer vision point of view, rip currents are not like normal objects. Unlike conventional
objects, rip currents do not exhibit well-defined boundaries [21]. Instance segmentation, pixel-wise
delineation, is a better way [19]. I will work on that.

2) Motivation / Need for This Research

The need for this research is based on real life and death statistics. Brewster et al. [6] estimated that
rip currents are responsible for 81.9% of surf-beach rescues in the US. Technology can help. Recent
advances in computer vision have improved object detection and segmentation [23, 24, 30]. The
introduction of RipVIS [21]—the largest publicly available dataset for rip current analysis—was a
significant step forward. The NTIRE 2026 challenge report [1] notes that "there is ample room for
improvement." I want to test if transformer models can provide that improvement. Therefore, I will
directly compare CNN-based and transformer-based models on the same dataset to see which one
gives better detection and segmentation accuracy for rip currents.

3) Shortcomings in Literature

Past work on rip current detection has several problems. First, many early methods only did
classification or bounding box detection [10, 12]. Second, most prior studies used small, local datasets
[10, 12, 13, 14]. Third, most systems treat detection and segmentation separately [1]. Finally, no
previous study has done a direct comparison of CNN and transformer models on the same large
dataset. My research fills that gap.

Objectives

I have three clear and measurable goals for this project. First, I will train three models—YOLOv8-seg,
SegFormer-B5, and Mask2Former with DINOv3—on the RipVIS dataset. Second, 1 will compare
them using F1 and F2 scores at different loU thresholds, just like the NTIRE 2026 challenge. Third, I
will find out which model misses the fewest rip currents (high recall) and which one is fastest.

The purpose of my study is to help beach safety workers in Bangladesh choose the best model for real
use at Cox's Bazar and other beaches.

I expect to learn that transformer models (SegFormer and Mask2Former) are more accurate than
YOLOvS8-seg, but YOLOv8-seg is much faster. I also expect to see where each model fails. For
example, in low light or when the waves are heavy. This will show what needs to be improved next.

Importance of Research

This research has both scientific and practical value.

Scientific value: By comparing CNN and transformer models on the same large dataset, I will
determine which model better captures the shape of a rip current. Rip currents do not have fixed
boundaries [4, 21]. My work will show how well transformers can handle such unclear objects. This
knowledge can also help with other problems, like smoke or blood flow detection.

Practical value: My findings can save lives on Bangladeshi beaches. Beach safety workers at Cox's
Bazar can use my results to pick the best model for their cameras or drones. If they need fast
warnings, they can choose YOLOvS-seg. If they need the most accurate detection, they can choose



Mask2Former. I will also share which conditions cause each model to fail, so people know when to
trust the system. This will help build real warning systems for tourists and locals.

Literature Review

In this section, I review past work on rip currents and the deep learning models used for detection and
segmentation. [ will point out what is good and what is still missing.

Rip Current Danger & Types

Many researchers have studied how rip currents form and why they are dangerous. Castelle et al. [4]
divided rip currents into six types: channel rips, flash rips, shear instability rips, focused rips,
deflection rips, and shadow rips. Each type looks different from the beach or from the air. A good
detection system must work on all types. Brewster et al. [6] found that rip currents cause more than
100 drowning deaths each year in the United States. In Australia, Brander and Short [5] studied how
rip currents change with waves and sandbars. Lushine [9] examined weather factors associated with
rip-current drownings. These papers show that rip currents are a real and serious problem worldwide,
including in Bangladesh. However, none of these studies tried to build an automatic detection system.
They only described the problem.

Early Computer Vision Attempts

The first computer vision work tried to find rip currents using simple methods. Maryan et al. [12] used
traditional machine learning on 5,310 images from only one beach. Their model could say whether a
rip was present, but it could not draw the shape. De Silva et al. [10] used a region-based CNN on
20,482 images. Their model worked better, but still only gave bounding boxes. YOLO-Rip [13] was a
lightweight network for rip detection. Mori et al. [14] used optical flow to track water movement.
Rashid and his team [15, 16, 17] made several lightweight networks like RipNet and RipDet. All these
methods have the same problem: they only draw a box around the rip. A box includes too much water
and misses the exact shape. Also, they all used small datasets from one or two beaches. When tested
on a new beach, their performance dropped.

The Move To Segmentation

Dumitriu and his team [19, 20, 21] changed the field. They were the first to create a large
segmentation dataset for rip currents. In 2023, they released a benchmark with 2,466 images and
trained YOLOvVS for instance segmentation [19]. In 2025, they introduced RipVIS [21], which is
much larger. It has 184 videos and 212,328 frames from more than 10 countries and four camera
angles. This dataset is a big step forward because it includes many different beaches, weather
conditions, and viewpoints. I will use RipVIS for my project.

Models Used In The NTIRE 2026 Challenge

The NTIRE 2026 challenge [1] asked teams to detect and segment rip currents. Most teams used
YOLO family models. YOLOvS8-seg [32] was popular because it is fast and easy to use. Team Riposte
used YOLOv8n-seg with only segmentation labels, and they got second place in segmentation. Team
SoloSeg used YOLOvS8s-seg and got third place. These results show that YOLOv8 works well. But
the challenge report [1] also says there is "ample room for improvement" with new methods.

Some teams used transformer models. Team UNO Pixel Pros used SegFormer-BS5 [46] with a
six-model ensemble. They won first place in segmentation. Team KMG used Mask2Former [11] with



a DINOv3 [28] backbone and got third place in both tasks. These transformer models did very well.
However, the challenge report did not directly compare CNNs and transformers side-by-side on the
same settings. That is what I will do.

What Is Still Missing In The Literature

After reading all these papers, I see three gaps. First, no one has done a fair comparison of CNN and
transformer models on the same large dataset using the same training settings. The challenge report
[1] shows results from different teams with different tricks, but that is not a controlled experiment.
Second, most studies ignore the problem of tiny rip currents that are very small in the image.
Transformer models might handle these better because they see the whole image at once, but no one
has tested this. Third, no study has looked at how these models would work on Bangladeshi beaches
like Cox's Bazar. The RipVIS dataset does not include Bangladesh. So we do not know if the models
will fail there.

Summary Of Literature Review

Past work has moved from simple classification to bounding box detection and now to segmentation.
The RipVIS dataset [21] makes large-scale training possible. The NTIRE 2026 challenge [1] shows
that both CNNs and transformers can work well. But a direct comparison is missing. My project will
fill that gap by training and testing three models under the same conditions. I will also discuss what
this means for Bangladesh.

Hypothesis / Research Question

I hypothesize that Transformer models (SegFormer-B5 and Mask2Former with DINOv3) will score
higher on the NTIRE composite metric than the CNN model (YOLOvS-seg). 1 believe this because
transformers can see the whole beach image at once, which helps them understand the full shape of a
rip current. CNNs look at small pieces step by step and may miss the big picture.

How I will test this hypothesis: I will train all three models on the same dataset [21] and evaluate
them on the same set of 9,145 images. [ will compute F1 and F2 scores at different loU thresholds [1].
Then I will use a simple statistical test (paired t-test) to see if the score differences are real or just by
chance. This makes my hypothesis verifiable with numbers, not just opinions.

How this connects to my objectives and research problem: My main objective is to find which
model works best for rip current detection. My research problem is that no one has fairly compared
CNNs and transformers on this task. My hypothesis directly answers that problem. If transformers
win, beach safety systems should switch to them. If not, CNNs are still good enough.

Research Design and Methodology
Why is my method suitable for my objectives?

My objectives are to train three models, compare them fairly, and find which one is best for beach
safety. To do this, I need a controlled experiment where all models are trained and tested on the same
data and measured with the same rules. That is exactly what I will do.

Originality and creativity in my method



My method is original in two ways. First, | am the first person to directly compare YOLOVS-seg
(CNN) with SegFormer-B5 and Mask2Former (transformers) on rip currents using the same training
steps. Second, I will create a simple way to turn any model's output into a warning for beach workers.
I will also test how well each model works on very small rip currents, which most papers ignore.

I will follow these steps:

Week 1-2: Setup and data. [ will install Python, PyTorch, Ultralytics, Detectron2, and MMDetection.
I will download the RipVIS dataset [21] and convert COCO annotations [31] into the formats needed
for each model.

Week 3-4: Train YOLOvS8-seg. | will use the Ultralytics library [32] with image size 640, batch size
16, and AdamW optimizer [33] for 50 epochs. I will save the best checkpoint based on the validation
F2 score.

Week 5-6: Train SegFormer-BS. I will use the MMDetection framework with a SegFormer-B5
backbone [46] pre-trained on ADE20K [45]. Training will take 40 epochs at 640x640 resolution.

Week 7-8: Train Mask2Former with DINOv3. I will follow the official Mask2Former code [11] and
use DINOv3 [28] as the backbone. Training will be 30 epochs due to higher memory needs.

Week 9-10: Evaluate all models. I will run inference on the RipVIS test set (9,145 images). I will
use the official COCO evaluation toolkit [31] to compute F1[50], F1[40:95], F2[50], F2[40:95], and
the composite score [1].

Weeks 11-12: Analyze and write. [ will find the worst-performing images for each model and note
the conditions. I will write my final report.

Why are my techniques appropriate?

The COCO metrics [31] are standard and were used in the NTIRE challenge [1], so my results can be
compared. | use the same image size for all models (640x640) to keep things fair. I use pre-trained
weights for all models, just like real-world use.

Timeline with Professional Practice

Project Timeline: 12-Week Objective Completion Plan

| |
Week Week‘Week Week | Week Week Week Week Week Week | Week  Week
gl L 2 3 4 5 6 7 8 9 10 | 11 12
__ it 4 { 4 4

Task Name Output

Set up computer, install Working

Zgit:;z:e, download RipVIS SR YiTonment
. -+ | YOLOv8-seg
Train YOLOv8-seg and tune it model ready '
G
Train SegFormer-B5 and tune | SegFormer | = S
it model ready - .
Train Mask2Former with Mask2Former |
DINOV3 model ready | [ |
o
P i f Performance B
'tl'::;c :éltmodels on the hidden | _ = -~ and \ ‘ —
comparison table "
i;':Aarimleélyse where each model Failure report m
| -l

Write final report Complete _



I will work like a professional. Each week, I will write down what I did and what problems I faced. If
a task takes longer than planned, I will use the extra time in weeks 9-10 to catch up. I will learn by
reading the official documentation for each model and by looking at how winning teams in the NTIRE
2026 challenge [1] solved problems. This is my own independent work. No one will do it for me.

Expected Findings

My expected findings come directly from my objectives. I will list them by objective.

For Objective 1 (training three models): 1 expect all three models to train without errors.
YOLOvS-seg will train the fastest, about 5-6 hours. SegFormer-B5 will take around 10-12 hours.
Mask2Former with DINOv3 will take the longest, about 15-20 hours, because it has many parameters.
I will save the best checkpoint for each model.

For Objective 2 (comparing metrics): 1 expect Mask2Former to get the highest composite score,
around 57-63. SegFormer-B5 will be second, around 55-60. YOLOvVS8-seg will be third, around 52-56.
This matches the NTIRE 2026 results [1], where transformer-based teams scored higher. For the F2
score (which cares most about finding all rips), 1 expect all models to do well, but Mask2Former will
have the highest recall, maybe 74-78%.

For Objective 3 (balance of recall and speed): 1 expect YOLOvS-seg to run at 60-80 frames per
second, making it the best choice for real-time systems on small cameras. Mask2Former will run at
only 10-20 FPS, so it needs a powerful computer. For Cox's Bazar, if the beach already has a good
computer, I would recommend Mask2Former. If the system must run on a cheap camera,
YOLOVS8-seg is better.

For Objective 4 (failure analysis): 1 expect all models to fail on three types of images: (1) very small
rip currents (less than 500 pixels), (2) photos taken at dawn or dusk when contrast is low, and (3)
images where waves are breaking heavily over the rip neck. Transformer models may fail less on the
small rips because they see the whole image. YOLOv8-seg may fail more on low contrast.
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