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RipScout: Realtime ML-Assisted Rip Current
Detection and Automated Data Collection

Using UAVs
Fahim Hasan Khan , Donald Stewart , Akila de Silva , Ashleigh Palinkas , Gregory Dusek ,

James Davis , Senior Member, IEEE, and Alex Pang

Abstract—This article presents RipScout, a system for realtime
rip current detection and data collection using drones equipped
with machine learning (ML). No internet connection is required.
RipScout achieves realtime performance by using lightweight ML
models that fit the constraints of limited mobile computing re-
sources with the drone controller. We compared different ML
models trained to detect either one or two types of rip currents.
The best model was then selected for RipScout. The system was
evaluated with three ML models, with the EfficientDet D2 model
achieving the highest accuracy of 93.1% for multiclass detection
while maintaining realtime processing at an average speed of 17
frames per second. When a rip is detected along a flight path, the
drone hovers in place and collects a video clip of a predefined length,
followed by circling around the detected rip using prespecified
radii and heights to collect video samples from different vantage
points and elevations. An important benefit of RipScout is that the
collection of rip current data can be performed by drone operators
who are not familiar with rip currents. We conducted field tests
and found that the proposed system allows data to be collected
four times faster than without it while improving accuracy. As a
by-product of the field experiments, we also provide a new rip
current dataset. Such a multiviewpoint dataset can be used to
improve rip current detection, especially from lower elevations and
different orientations.

Index Terms—Computer vision, data collection, machine
learning (ML), mobile computing, real-time processing, rip current
detection, uncrewed aerial vehicle (UAVs).
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I. INTRODUCTION

THIS article introduces RipScout, a machine learning (ML)-
assisted system designed for efficient field data collection

of rip currents using drones. Rip currents are dangerous, strong,
fast-moving currents that pull swimmers away from the shore,
often leading to drownings and fatalities. They pose a significant
hazard to beachgoers and can easily overpower even strong,
experienced swimmers. Rip currents are a global issue, affect-
ing coastlines around the world [1], [2], [3]. Rip currents are
responsible for a significant portion of beach-related drownings
and rescues worldwide. In the United States alone, rip currents
account for an estimated 100 fatalities yearly. The United States
Lifesaving Association reports that 81.9 % of the 37 000 beach
rescues each year are due to rip currents [4]. For example, in
2019, lifeguards in California reported over 3000 rescues due
to rip currents, underscoring the persistent danger they pose to
beachgoers. The impact extends internationally, with Australia
recording an average of 21 rip-related drownings annually and
thousands of near-drowning incidents. Case studies from the
National Oceanic and Atmospheric Administration (NOAA)
show that rip currents are incredibly challenging for untrained
swimmers, who may not recognize the subtle signs of these
currents until they are caught in one [5]. Rip currents can form
suddenly and without obvious signs, which can catch swimmers
off guard. While there are general conditions that can lead to their
formation, predicting exactly when and where they will appear
is challenging. Furthermore, rip currents are created through
various mechanisms and, as a result, exhibit different visual
characteristics. This complexity of occurrence and variability
in appearance make them difficult to identify [6]. Consequently,
many beachgoers lack the essential knowledge and awareness
needed to recognize and avoid these perilous currents.

It is important to monitor beaches for the presence of these
rip currents to improve beach safety. Data collected about rip
currents are also important for validation studies of rip fore-
cast models [7]. While traditional rip current data collection
involves in-situ instrumentation, such as GPS-equipped drifters
and current meters [8], [9], recent work has demonstrated that rip
currents can be detected from images and video [10], [11], [12],
[13], [14], [15], [16], [17]. Since cameras are more widely avail-
able than specialized instruments, these methods have the poten-
tial to greatly expand the amount of rip current data collected.
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Uncrewed aerial vehicles (UAVs) such as drones have been
widely used to perform visual data gathering tasks for envi-
ronmental monitoring, search and rescue, and target tracking
because they allow free-form flight maneuverability and thus
versatile camera placement [18], [19]. Cameras on drones also
have a distinct advantage of spotting rips from a higher elevation
since some rips are difficult to see from a lower elevation. This
article investigates whether a system can be created to detect
and collect data on rip currents using drones that perform as
effectively as domain experts, such as lifeguards, or leading rip
detection algorithms. Formally, the research question for this
work is: Can a UAV-based system, equipped with lightweight ML
models, reliably detect rip currents in real-time under the com-
putational and resource constraints typical of mobile platforms?

We first identify the technical challenges imposed by a mobile
drone platform. These challenges include the ability to detect
rip currents in realtime in order to support field deployment.
The detection system must be lightweight and run on limited
computational resources available on mobile platforms. Beaches
are often remote with no internet connectivity, so sending images
to a server for processing may not be possible. Given that battery
capacity of consumer grade drones is typically in the 15–25 min
range per charge, data collection needs to be efficient. And to be
of value, the rip detection must have sufficient accuracy.

We then designed a system that seeks to address these tech-
nical challenges. Our proposed solution is that a real-time,
ML-assisted UAV system can achieve high accuracy in detect-
ing rip currents while operating within limited computational
and battery resources. In our design, the mounted camera on
the drone streams image data to a mobile phone. The mobile
phone performs rip current detection and sends flight control
signals to the drone. When a rip current is detected, the drone
is directed to take the desired data collection activity, such as
recording 30 s of video from several different altitudes and/or
video recording of the rip from different angles and elevations.
Our proposed system architecture is practical and portable,
leveraging the increasing availability of high-quality drones [20]
and the ubiquity of smartphones. The system is described in
“System Architecture” and “Datasets” sections.

The system is then field tested and evaluated on how well it
met its goal of accurate rip current detection and efficient data
collection. To do so, we first narrowed down the choice for a
base ML detection model (see “Related Works” section). Those
that required powerful graphics processing units (GPUs) that
are not available on mobile platforms were either removed from
further consideration or modified to run on central processing
units (CPUs). There were three ML detection models that were
evaluated and the best performing one selected for RipScout.
Our tests show that the proposed system can perform as well
as a domain expert in terms of accuracy and efficiency. As
designed, the system is also agnostic to specific ML models, as
long as it can run within the resource constraints. Hence, the ML
model employed for rip detection can be replaced with a better
one in the future. The field tests, selection, and evaluations are
described in the “Field Testing” and “Evaluation” sections.
� The primary contribution of this article is a drone-based

system architecture called RipScout that allows efficient

rip current data detection and data collection in a resource-
constrained environment.

� The rip current data that were collected during field exper-
iments are valuable for further rip current research.

II. RELATED WORKS

Lightweight ML Models for Drones

We review recent literature to look for candidate ML models
that are potential candidates for use in rip current detection.
A series of VisDrone challenges [21], [22], [23], [24] have
focused on improving the accuracy and speed of object detection
and tracking. The deep learning models in those papers can be
divided into one-stage and two-stage structures. Recent trends
in the VisDrone-DET 2019-21 challenges [21], [22], [23] show
that one-stage models prioritize prediction speed in frames
per second (FPS), while two-stage models strive for the best
per-frame accuracy but incur higher computational costs.

The two-stage region-based detectors, such as faster region
convolutional neural network (R-CNN) [25], typically include
a region-proposal stage followed by a classifier. However, one
major drawback of these detectors is their computational com-
plexity, which makes them challenging to deploy on embedded
platforms. For instance, faster R-CNN has been successfully
used for realtime object detection with drones by connecting
to a remote GPU server [26]. However, this approach is not
practical in locations without internet connectivity.

In contrast, one-stage techniques employ a single CNN to
perform end-to-end object detection [27]. This single CNN ar-
chitecture render the models lightweight and able to run quickly
on mobile devices, making it an ideal choice for realtime object
detection applications. The main tradeoff for this speed is a
decrease in accuracy compared to more complex models [28].
Sun et al. [29] demonstrated that single CNN architectures
designed for mobile devices also require the least amount of
memory compared to other CNNs.

As such, we focus our review on the latest one-stage ML mod-
els to determine suitable candidates for our system. We found
SSD-MobileNetV2 [30] as one of the first reliable models that
work well for mobile systems. However, the top choices from
the most recent one-stage models optimized for mobile devices
are EfficientDet [31], and you only look once (YOLO) [32].
Detection Transformers [33] was also briefly considered but
was found to have a significantly slower inference speed and
require a server with GPU. A comparative study by Mekhalfi
et al. [34] demonstrated that EfficientDet is the more stable and
offers good generalization capability for applications with aerial
imagery. Even though the newest YOLOv8 (2023) improved
over its predecessor in accuracy, EfficientDet still provides more
stability while achieving similar or higher accuracy [35].

Field Tested Drone Applications with ML

Field testing is needed to ensure that results from experiments
in controlled lab settings transfer and actually perform in real-
world scenarios. In many drone applications, it is crucial to have
a model that can process and predict data quickly, approaching
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the speed at which the drone transmits video. For example, the
drone used in this work transmits images at 30 FPS [36]. How-
ever, few research papers address the challenge of embedding
models in real-world settings [37], [38]. For example, while
frame accuracy of an ML model may appear very good when
compared against known ground truths, deployment in real-
world where other factors such as fog, haze, glare, vibrations,
etc., come into play may be quite different.

Although some studies [39], [40] do present empirical studies
on embedded UAVs to perform realtime visual object detection
and tracking, they have not been validated through field tests,
which are crucial for evaluating the performance of such systems
in real-world environments.

In recent times, several projects have utilized ML models to
process drone images. However, these projects vary in terms of
where the processing takes place. For instance, Rohan et al. [41]
presented a drone-based system that employed a lightweight
SSD model on a desktop system equipped with a high-end GPU.
Nevertheless, their system is not feasible for field deployment,
and they only conducted tests indoors. On the other hand, Deng
et al. [42] deployed a similar lightweight model on the Nvidia
Jetson TX2 Board, a specialized embedded platform that can
be mounted on a drone. While this platform offers suitable
performance, it is not as widely accessible as mobile phones,
thus limiting its user base. Similarly, another project utilized
the same GPU board for a UAV-based warning system with
realtime object detection [43]. However, both of these projects
did not conduct real-world field deployment and instead tested
their system using existing drone footage.

Vajgl et al. [44] described a pattern-matching algorithm for
drone control that runs on a mobile device and tested it to detect
simple objects in a lab setting. None of these projects attempted
to perform complex tasks such as realtime object detection for
data collection in real-world settings. The differences in pro-
cessing locations and the limitations in real-world deployment
highlight the need for a more versatile and accessible approach
to drone image processing and object detection.

While numerous studies have demonstrated the potential of
UAVs in environmental monitoring, search and rescue, and
target tracking, several limitations remain. Many prior UAV
applications lack real-time processing capabilities or require a
remote server for data analysis, which is impractical in remote lo-
cations without internet connectivity. High power demands often
limit other UAV-based approaches and need more efficient data
collection strategies, resulting in restricted operational times
due to limited battery life. Furthermore, previous studies inad-
equately address the complexities of detecting subtle, dynamic
natural phenomena, such as rip currents, which present unique
challenges due to their varied appearance and transient nature. In
contrast, we introduce RipScout, a real-time, ML-driven system
designed to address these gaps. By integrating lightweight ML
models capable of processing on mobile devices, RipScout
eliminates the need for server dependency, achieving faster rip
current detection and automated data collection directly on the
drone’s platform. This design enables nonexpert operators to
collect data, enhancing accessibility and efficiency in rip current

monitoring. In this article, we evaluated our proposed system
with several field tests described in the “Field Testing” section.

A. Rip Current Detection With ML

There has been a growing interest in remote detection of rip
currents using images and/or video in recent years. We review
and organize the literature by how suitable the approach might be
for deployment on a mobile platform. In particular, we consider
if images/videos from a stable platform are required and whether
the ML model requires significant computing power, i.e., GPU.

The problem of rip current detection has been addressed using
various methods, including approaches predating the emergence
of deep learning techniques. Philip et al. [15] employed optical
flow on video sequences to identify the predominant flow toward
the sea, assisting human observers in rip current detection.
Maryan et al. [13] utilized modified Haar cascade methods to
detect rip currents from time-averaged images. Silva et al. [10]
were among the early adopters of deep learning methods for rip
current detection, employing faster R-CNN, a two-stage model
that achieved high accuracy. They also proposed a frame ag-
gregation technique that improved detection accuracy for fixed-
position cameras, which is not applicable to moving cameras,
such as those mounted on drones. [14] proposed a non-ML,
flow-based method for highlighting and visualizing rip currents
by showing the behavior of a set of virtual buoys (pathlines and
timelines). Similarly, RipViz [11] analyzes 2-D vector fields and
uses ML to learn pathline behavior and automatically identify
rip currents. This method highlights the shape of the rip region.
Detection is based on water movement behavior rather than
on the appearance of the water state. All the above-mentioned
methods require video from a stable platform and hence are not
directly applicable for analyzing drone videos.

Rashid et al. [17] and Zhu et al. [45] introduced RipDet and
YOLO-Rip, lightweight rip current detection models based on
Tiny-YOLOv3 and YOLOv5s, respectively. These are smaller
models in the YOLO family and well-suited for running with
limited computational resources. These models have since been
superseded by YOLOv8. In fact, [12] utilized and compared
various versions of YOLOv8 for rip current segmentation. While
YOLOv8 can theoretically run in realtime on both desktop and
mobile system, Dumitriu et al. [12] did not discuss an implemen-
tation on a mobile system. Rampal et al. [16] demonstrated that
the mobile-optimized single-stage model SSD-MobileNetV2
can achieve comparable accuracy to faster R-CNN. However,
they used an Nvidia P100 GPU which has a maximum power
draw of 250 W and has a large form factor and therefore cannot
be used in any smartphone. Further investigation revealed that
it is possible to implement MobileNetV2 to run on a CPU with
real-time results.

Apart from rip current detection, ML has also been used for
applications, such as predicting rip current vulnerability. A study
by Najafzadeh et al. [46] leveraged nine ML models to predict rip
current vulnerability on southern Chinese beaches, identifying
high-risk areas for strategic management and demonstrating
the superior accuracy of the multivariate adaptive regression
spline (MARS) model in estimating relative tide range (RTR)
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Fig. 1. High level architecture of the realtime ML-assisted data collection system using RipScout.

values. This study evaluates rip current vulnerability by using
ML models that predict RTR based on parameters, such as wave
height, tide range, and sediment fall velocity. By classifying
beach types (e.g., reflective, dissipative) and estimating RTR
values, it highlights high-risk areas for rip currents on southern
Chinese beaches, which have elevated rip current risks. The
MARS model outperformed others in accurately predicting
RTR, underscoring its potential for enhanced beach management
strategies to mitigate rip current hazards.

The models investigated by these latter sets of papers as well
as the findings by Mekhalfi et al. [34] narrowed our field to
three candidate models namely: SSD-MobileNetV2, YOLOv8,
and EfficientDet D2. In the “Evaluation” section, we present
comparisons among these models.

III. SYSTEM ARCHITECTURE

Our objective is to design a drone-based system capable of
realtime rip current detection and efficient data collection. The
high-level architecture of our system is presented in Fig. 1,
which includes specific hardware components, as well as soft-
ware components. This section provides a detailed discussion
of the necessary hardware components required for our system,
such as the drone and mobile device, and the critical software
components, including the mobile application and ML model
utilized for rip current detection.

A. Devices and Hardware

We have two main hardware components: a drone with an
integrated camera and an associated physical controller, and a
mobile device with a touchscreen display physically connected
to the controller using a data cable.

1) Drone Hardware Selection: We used a DJI Phantom 4 Pro
V2.0 quadcopter, a relatively low-cost professional drone. This
model was selected because of our design goal to be widely
deployable. DJI has the largest share of the drone market in the
world and offers a wide range of models suitable for various

purposes [36], [47]. The specific model we chose has many
advanced features useful for conducting data collection mis-
sions, such as improved electronic speed controllers, expanded
flight autonomy, and obstacle avoidance using a multicamera
and infrared sensing system. It has an onboard gimbal camera
featuring a 1-inch 20MP CMOS sensor and a mechanical shutter,
eliminating rolling shutter distortion. The camera has a 70° field
of view, making it a good choice for computer vision tasks.

The drone is controlled by a physical remote controller that
receives a live video feed from the drone camera at a maximum
resolution of 1920× 1080 and 30 FPS [36]. We use this feed as
input for our ML model, while the camera records 4k resolution
videos to an onboard microSD card for later scientific analysis.
While we showcase our work using the DJI Phantom 4 Pro V2.0,
it is important to note that our system is built using the DJI Mo-
bile software development kit (SDK) [36], making it compatible
with all DJI drones. In addition, our code is open-source and can
be adapted to work with drones from other manufacturers that
provide a similar SDK [48], [49]. This makes our system highly
adaptable and customizable.

During flights over the beach, drones can be affected by
variable wind forces and directions, which may impact the
quality of the video feed, resulting in shaky and unstable im-
age frames. These issues can negatively affect the realtime rip
current detection process. To address this, we carefully selected
our drone with a higher wind resistance rating (22 mph) [36].
However, the system’s key component for addressing this issue
is its advanced image stabilization, featuring a high-quality
three-axis gimbal that isolates the camera from vibrations caused
by wind, turbulence, and drone movement. Onboard sensors
(GPS, gyroscopes, etc.) detect motion, allowing the gimbal to
adjust in real time for stable footage. In addition, electronic
image stabilization algorithms [50] further reduce minor shakes
and vibrations. All these features can be fine-tuned using the
SDK. These capabilities are commonly available in most modern
professional drones, making it easier to port RipScout to other
platforms [48], [49].
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2) Mobile Devices: The physical drone controller has the
option of using a smartphone or a tablet to show the live camera
feed and other system status. Either of these options would
satisfy our need for a portable system. However, we also require
realtime and accurate rip current detection. Thus, we opted to
use a smartphone as it provides adequate processing power to
run the ML models and process videos from drone camera in
realtime. We tested our system with an iPhone 12 Pro. While
much less powerful than a desktop workstation or server, the
A14 Bionic chip on the iPhone 12 Pro is relatively powerful for
a mobile device.

One alternate design choice would have been to deploy ML
rip current detection directly on the drone. However, one of
the major constraints of using drones is the short flight time
due to the limited battery power. For the drone we used, each
battery lasts a maximum of 30 min [36] with 15–25 min being a
more realistic figure. Delegating detection to a separate mobile
device prevents the ML module from depleting battery power
and reducing flight time.

B. Software Components

We implemented the software components of our system
as a mobile application. This app includes the graphical user
interface (GUI), ML model for rip current detection, and drone
control and communication.

The app receives the live video feed from the drone through
the Mobile SDK routines. The video feed serves as input for
the ML detection module, which produces detection output
in the form of bounding boxes. Upon detecting rip currents, the
application initiates specific drone control commands to capture
relevant scientific data. Fig. 2 shows the flowchart of the software
process.

1) Drone App: The system functionality is presented to the
user through a GUI. The GUI supports different aspects of a field
data collection mission, including flight planning, providing
feedback to the operator when a rip is detected, and specifying
data collection actions to take when a rip is detected. There is
also a button to enable or disable the background ML process
when object detection is not necessary, such as during takeoff,
landing, or return to home. Fig. 3 shows the GUI of the RipScout
app.

The flight planning screen features an interactive map that
allows the user to define the flight path by long-pressing on the
map and dropping pins to mark waypoints. In addition, the user
can specify the altitude for each waypoint on this screen. Moving
to the next screen, the user is presented with options to select
the type of data collection action to be performed when a rip
current is detected. These actions may include recording videos
of predefined lengths from one or more fixed altitudes, capturing
footage from different camera angles along circular paths around
the detected rip current, or a combination of these options for
each detected rip current. Upon starting the mission on the
subsequent screen, the user is provided with a live camera feed.
Throughout the flight, if a rip current is detected, the locations
of these rip currents are indicated by bounding boxes displayed

Fig. 2. Diagram of per frame processing by the mobile app.

on the live video feed. Furthermore, this screen also shows the
status of the ongoing intelligent data collection activities.

Collecting data from various altitudes, angles, and viewpoints
of a rip current through circular flights involves three distinct
processes. First, the ML model running on the connected mobile
device needs to detect the rip current. Second, once the location
is identified, the mobile app sends the drone controller the
circular flight path information with the detected rip current
location at the center, along with user-defined parameters for
radius and altitude. Third, as the camera operates independently
with its singular gimbal axis, a separate set of camera control
data is transmitted to the drone to specify the camera angle and
drone heading, ensuring it captures video footage in the correct
direction. Note that although many mobile apps for controlling
drones offer features, such as “follow me” or “circle around,”
these functionalities are primarily designed for common objects,
such as cars, bicycles, or individuals. Detection and tracking of
rip currents are not supported.

2) ML Model Selection for Rip Current Detection: The cri-
teria for selecting ML models for this application focused on
lightweight object detection models capable of detecting rip
currents in real-time with dependable accuracy using the limited
computational resources of mobile devices. Specifically, we
prioritized models that offered a balance between high detec-
tion accuracy and computational efficiency, ensuring they could
operate within the limited processing power and battery con-
straints typical of UAV platforms. In addition, these models were
chosen based on their proven effectiveness in other UAV and
mobile-based detection applications, making them well-suited
to our specific deployment environment. We considered only
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Fig. 3. GUI for planning data collection mission. (a) Interactive map interface for selecting flight plans. (b) Interface to define data collection action plan. (c)
Visualization of detected rip current from the live video feed.

Fig. 4. Pipeline showing how drone video is processed by (choice of) ML model to generate detections in realtime.

models that process each frame of the video data independently
to detect rip currents based on their visual signatures. Models
that rely on temporal information across frames, such as RipViz,
which extracts flow information as vector fields using temporal
data, were excluded from consideration [11]. This approach
also improves the system’s robustness against occasional blurry
frames caused by sudden drone movements. To verify that the
selected models met our performance requirements, we con-
ducted a comparative analysis, as presented in the “Evaluation”
section, which confirmed that the chosen models provided an
optimal balance of accuracy, processing speed, and model size.

The rip detector is designed as a modular, plug-and-play
component where different ML models can be easily substituted.
We selected three models that met the above-mentioned criteria
and, based on our literature review, represent three families
of state-of-the-art models deployable on mobile devices. As a
result, newer and more accurate models from each family can
be integrated into our system with minimal or no modifications.
Video from the drone is transmitted as a one-dimensional array

and converted to image frame buffers as input for the CNN of
these ML models. Fig. 4 shows a general architecture of these
models. High-level features extracted from the CNN are further
processed to generate the detection results, i.e., bounding boxes,
class labels, and confidence scores. An overlay image is then
generated using the detection results and superimposed over the
input image to generate the output image.

IV. DATASETS

The datasets associated with this work can be classified into
two distinct categories: 1) the initial dataset manually collected
for training the rip current detection models, and 2) the data
automatically collected by RipScout for subsequent scientific
analysis and various other applications.

A. Training Data

There are several mechanisms that give rise to rip currents
resulting in different types of rip currents [6]. For an ML model
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Fig. 5. Some examples labeled images from the dataset with two types of
rip currents: channel rips (left three images) and sediment rips (right three
images). These images demonstrate the distinct visual characteristics of each
type, highlighting the need for separate datasets to train an accurate model.

to detect rip currents, it needs to be trained with many different
examples of their visual signature. The models we investigated
were designed to detect two types of rip currents. Distinction
between rip current types is based on visual appearance, which in
itself does not completely indicate the underlying morphological
or hydrodynamic mechanisms causing a rip current. The first
type considered in this article is visually characterized by a
darker, calmer region of water flanked by brighter breaking
waves [10]. We shall refer to this type of rip as channel rips. This
type of rips are typically associated with bathymetry-controlled
rip currents [6]. The second type is visually characterized by dis-
colorations caused by sediment-laden water as they are carried
away from shore, often forming a plume that extends beyond
the breaking waves. We shall refer to this type of rip as sediment
rips. Sediment rips are typically associated with transient or
hydrodynamically controlled rip currents [6]. It is not the goal
of this article to classify detected rips based on how a rip
was formed but rather how the rip appears visually. It is also
important to note that there are rips that have different visual
characteristics aside from the two that are studied in this article.
For example, presence of rips can be indicated by white foam
or water heading offshore. Taking spatial context into consid-
eration, rips can also be indicated based on the wave direction
and water texture next to natural and manmade structures. These
other types of rips are not considered in this article. In terms of
performance of ML detection, each type of rip is considered
a different class. Usually, accuracy will drop slightly as more
classes are considered. Hence, having more than one class allows
us to study how well different ML models perform when there
is one, or when there are two classes.

To ensure that our model could accurately detect both types
of rip currents, we recognized the need for a separate dataset for
sediment rips, in addition to the existing dataset of channel rip
images from [10]. As shown in Fig. 5, there are significant visual
differences between these two types of rips. These differences
are so pronounced that a model trained on one type of rip data
would be unable to detect the other type.

Fig. 6. Sediment rips are more obvious from a higher elevation (left) than
lower elevation (right).

However, obtaining data for sediment rips is a challenging
task, and no existing datasets are available. Hence, we collected
a new dataset of sediment rip images by manually flying our
drone over the water surface along the shoreline and recording
videos. This involved capturing data at different times of day
and in various weather conditions, as the appearance of sedi-
ment plumes can vary depending on environmental factors. For
creating the dataset, we extracted one frame per second from
the drone video and manually labeled the frames that contained
sediment rip currents. As the visual characteristics of a sediment
rip involve water discoloration due to sediment plumes, we
identified and labeled the frames that have this visual signature.
In some cases, a single frame contained multiple sediment rips,
which we labeled accordingly (see Fig. 5, left three images).

We generated a new dataset of 2555 labeled images selectively
extracted from 73 videos collected using the drone that captured
the visual signature of sediment rip currents. This dataset was
combined with the existing dataset of 1780 channel rip images
from Silva et al. [10] to train our model to detect both types
of rip currents. To mitigate overfitting, we implemented several
strategies. The dataset was divided into an 80:20 ratio for training
and testing, with 80% of the images allocated for training and
20% for testing. This split ratio is commonly used in ML [51].
We further addressed overfitting by using data augmentation
techniques and five-fold cross-validation, which enabled vali-
dation across multiple subsets of the data, ensuring robustness
and reducing the likelihood of overfitting. Examples of the
resulting datasets are displayed in Fig. 5. We have uploaded
the sediment rip dataset to a public repository. This will allow
other researchers and practitioners to use our dataset to train
their models and improve the accuracy of rip current detection.

B. Automated Data Collection

While channel rips can be identified by darker channels of
calm water flanked by breaking waves even from ground level,
sediment rips are much harder to identify from a lower elevation
(see Fig. 6). An ML model trained with the manually collected
sediment rip data described previously was used with RipScout
to automatically collect new data of sediment rips from different
angles and elevations (see Fig. 7).

Such a dataset not only serves purposes for beach monitoring,
lifeguard support, and validating rip forecast models, e.g., Dusek
and Seim’s model [7], but can also be utilized to train models ca-
pable of detecting rips observed from lower elevations. Models
that are trained on datasets with multiple vantage points can be
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Fig. 7. When RipScout detects a rip between two waypoints, it can be programmed to perform a combination of data collection actions, such as (a) hover in place
and record a video of prespecified duration, or go to user specified height before hovering in place and recording the video, then resuming flight from its original
height, (b) record a video from user specified radius and height with the detection location as the center.

employed for rip current detection on lower elevation platforms,
such as web cameras and smartphones.

V. FIELD TESTING

We collected data and conducted extensive field tests of our
system on six public beaches in California. Our field tests were
meant to validate the suitability of RipScout for automated data
collection. Each field test consisted of multiple drone flights,
all conducted by a drone pilot certified by the Federal Aviation
Administration (FAA) under the Small UAS Rule (Part 107),
with the drone properly registered with the FAA [52]. We
obtained permits from federal and state authorities, including
the California State Park System and the Monterey Bay Marine
Sanctuary, to ensure compliance with all relevant regulations.
Over a period of 18 months, from January 2022 to June 2023, we
performed a total of 36 drone flight missions to collect training
data and test our system in real-world conditions. All flights were
conducted in strict adherence to local and federal regulations
and FAA guidelines [52]. Our field tests were conducted in
compliance with the approval and guidelines provided by the
Office of Research Compliance Administration at the University
of California, Santa Cruz.

The field tests were conducted with careful consideration of
varying environmental conditions that could affect rip current
visibility and detection accuracy. We used a range of tools, such
as tide and weather monitoring apps and NOAA forecast tools,
to monitor conditions before planning each field trip [7], [53].
These conditions included weather elements, such as sunlight
and cloud cover, as well as sea state factors, such as wave
height, tide levels, and water clarity. On clear, sunny days with
minimal cloud cover, rip currents were more easily detectable
due to optimal lighting and visibility, allowing the ML models
to perform more accurately. In contrast, cloudy conditions and
periods of glare from direct sunlight posed challenges by creat-
ing shadows and reflections on the water, occasionally resulting
in false negatives and false positives.

Although the drone has good wind resistance and image
stabilization capabilities, even the most advanced drones may
struggle in extremely strong winds or gusts. The drone can detect

such extreme wind conditions and alert the user through the mo-
bile app, either suggesting the user take action or automatically
returning to the landing pad for safety. Sea state also played a
crucial role. For instance, higher wave heights and active surf
conditions helped accentuate rip currents, as the calmer, channel-
like structure of the rips contrasted against breaking waves,
improving detection reliability. Meanwhile, rip currents were
more challenging to identify on days with low wave activity,
especially sediment rips, which are visually less distinct without
wave movement. These variabilities underline the adaptability
of the RipScout system under different conditions and highlight
the challenges of achieving consistent detection accuracy across
diverse beach environments.

Fig. 7 illustrates a typical data collection scenario when using
the system in the field. The drone flies from Point A to Point
B following a predefined flight plan. During the flight, the ML
model runs on the mobile device connected to the controller and
processes the live video feed from the drone camera. If a rip
current is detected, the drone automatically stops and performs
a data collection activity, such as recording a video clip for 30
s at several altitudes or flying in a circle to capture the rip from
multiple angles. When at least one rip current is present, the app
is instructed to send control information to the drone to capture
a high-quality 4 K video of a predefined length and save it on
the onboard microSD card. The quality of this recorded video is
much higher than the quality of the live feed used for realtime
ML processing, as it is intended for further analysis, research,
and archival purposes. The location of the rip current is shown
on the app’s preview screen using bounding boxes. Once the
data capture is completed, the drone returns to its original flight
plan. The drone pilot always has full control over the drone and
can manually override such programmed behavior at any time.

For four of our field tests, we explicitly compared the perfor-
mance of our ML-assisted system with the performance of drone
pilots on an unaugmented drone. A total of ten drone pilots, who
are not experts in rip current detection, participated in these
comparison trials. The ten participants were recruited by snow-
ball sampling through our network in academia, and informed
consent was obtained from them. The field tests were performed
at a state beach in California where sediment rip currents are
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TABLE I
COMPARISON OF DETECTION ACCURACY, MODEL SIZE, AND PROCESSING SPEED OF THREE ML MODELS WHEN

TRAINED ON A SINGLE CLASS: EITHER CHANNEL RIP OR SEDIMENT RIP

TABLE II
COMPARISON OF DETECTION ACCURACY, MODEL SIZE, AND PROCESSING SPEED OF THREE ML MODELS WHEN

TRAINED TO DETECT AND DISTINGUISH BETWEEN TWO CLASSES: EITHER CHANNEL RIP OR SEDIMENT RIP

prevalent to provide enough data samples for comparison. In
each case, days and times were decided based on weather, tidal,
and wave conditions in which rip currents were likely to be
present. Before the field trips, participants were provided with
tutorials on how to detect rip currents. The drone’s flight path was
preprogrammed to fly through a set of waypoints at a predefined
altitude overlooking the shoreline. At the beginning of each field
test, an initial flight pass was performed to collect an overview
of the location for future review by rip current experts. The next
round of flight followed the same path while running RipScout.
Guided by the ML, every time a rip current was detected, the
drone stopped and recorded a high-resolution video. In subse-
quent rounds, participants flew the drone manually through the
same trajectory, and every time they visually determined the
presence of a rip current, they manually triggered recording a
high-resolution video. RipScout and participants were compared
in terms of accuracy in locating rip currents, as well as the rate
at which data samples could be collected.

VI. EVALUATION

We analyze two critical aspects of our system. First, we com-
pare the accuracy, processing speed, and resource utilization of
three ML models for rip current detection. Second, we compare
the efficiency of our system for collecting rip current data via a
series of field tests using drones with and without ML support.

A. ML Model Performance

We analyze the detection accuracy of the three models when
tasked with detecting one class of object only (either channel
rips or sediment rips) in Table I. We also analyzed the impact
on detection accuracy when the three models are tasked with
detecting rips from one of two classes in Table II. For all
comparisons, models were trained on a desktop with a GPU,
and tested on CPU-based implementation running on an iPhone
12 Pro. Conversion of an implementation using a GPU to a CPU
implementation to run on a smartphone involves conversion to

a FlatBuffer format [54]. All the detection accuracy figures are
based on our implementation of the three ML models. Training
and testing were done on the same dataset described in the
“Datasets” section.

Tables I and II present a comparative analysis of three
ML models—SSD-MobileNetV2, YOLOv8m, and EfficientDet
D2—evaluated for their performance in rip current detection. In
Table I, EfficientDet D2 achieved the highest detection accu-
racy for both channel and sediment rips, with an accuracy of
94.8 % and 92.9 %, respectively, which underscores its suitabil-
ity for detecting both types of rip currents under single-class
training conditions. YOLOv8m demonstrated competitive ac-
curacy, especially for sediment rips, with 92.6 %, although it
ran at a slightly slower frame rate (25 fps) compared to SSD-
MobileNetV2. SSD-MobileNetV2, while achieving the highest
processing speed of 33 fps, showed lower accuracy scores,
making it a less optimal choice for high-precision applications.

Table II expands on this comparison by evaluating each
model’s performance on multiclass detection (distinguishing
between both channel and sediment rips). In this scenario,
EfficientDet D2 maintained robust accuracy (93.1 %) across both
classes, demonstrating superior balance between accuracy and
processing speed. Although YOLOv8m performed well, achiev-
ing 88.3 % average accuracy, its larger model size (49.6 MB)
could be a drawback on memory-constrained mobile devices.
SSD-MobileNetV2’s accuracy dropped further with multiclass
detection, reinforcing its tradeoff between speed and detection
precision.

These tables highlight EfficientDet D2 as the most balanced
model for both accuracy and practical deployment on UAVs,
particularly given its acceptable processing speed and smaller
model size compared to YOLOv8m. This choice supports
RipScout’s goal of real-time, reliable rip current detection in
resource-constrained environments.

We were not able to exactly replicate the detection accuracy
for SSD-MobileNetV2 as reported by Rampal et al. [16], likely
due to the conversion to CPU implementation and differences in
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Fig. 8. Here are some examples of realtime automatic detections of two types of rip currents using RipScout: sediment rips (top row) and channel rips (bottom
row). As shown in the top-left image, RipScout can detect multiple rip currents in a single frame. The two images in the bottom row demonstrate that RipScout
can detect rip currents from both side and top views.

dataset (no code or data were shared). Likewise, the detection
accuracy for Dumitriu et al. [12] are different as they used
YOLOv8 for segmentation while we used it for detection. In
addition, a different accuracy metric was used. Among the five
variations of YOLOv8, we selected YOLOv8m based on the
benchmark performed by Dumitriu et al. [12]. There are eight
variants of EfficientDet to select from, starting with EfficientDet
D0 with expected input size 512× 512 to EfficientDet D7 with
expected input size 1536× 1536. We selected EfficientDet D2
as it takes 768× 768 as input, the closest to the 1280× 720
resolution video transmitted from the drone while providing
realtime processing speed.

Looking at Table I, we see that EfficientDet D2 has the highest
detection accuracy for detecting channel rips (when trained with
channel rip dataset). EfficientDet D2 also narrowly edged out
YOLOv8m in detecting sediment rips (when trained with sedi-
ment rip dataset). Note that model sizes are all reasonably small
to run on most smartphone. EfficientDet D2 runs approximately
about half as fast as SSD-MobileNetV2, but is still acceptable
for realtime detection when every other frame from the drone is
dropped.

As expected, all three methods incurred a slight drop in
detection accuracy when a second class of objects was added
(see Table II). This can be seen when comparing the detection
accuracy for channel rips amongst the three models in Tables I
and II. The same is true for sediment rips. The only excep-
tion is SSD-MobileNetV2 for sediment rips where accuracy
remains unchanged. Since each of the three different models
was presented with an equal number of test cases for channel
and sediment rips, the average accuracy is the simple average of
the detection accuracy for each type of rip. The top performer in

terms of accuracy EfficientDet D2. Its model size and processing
speed are within the requirements for a lightweight mobile app
and realtime processing.

Training times are included for completeness. Training was
performed using TensorFlow on a desktop machine equipped
with an Intel Core(TM) i7 2.60 GHz microprocessor, 16 Gi-
gabyte main memory, and an Nvidia RTX 2070 GPU with
8 Gigabyte video memory. After completing the training, we
converted the models into the optimized FlatBuffer format for
integration into both iOS and Android apps.

Fig. 8 showcases the realtime detection of the two types of
rip currents by RipScout fitted with an EfficientDet D2 detector.
Sediment rips are highlighted in cyan bounding boxes while
channel rips are highlighted in green bounding boxes. RipScout
can detect multiple rip currents in a single frame, as illustrated
by the presence of multiple bounding boxes.

The tables present the accuracy of rip current detection on
the test dataset and ground truth published by Silva et al. [10],
along with additional video clips containing sediment rips that
we collected using the drone. Accuracy is calculated using the
same method as Silva et al. [10], based on the object detection
metrics proposed by Padilla et al. [55]. These object detec-
tion metrics are widely accepted and appropriate for object
detection problems in the computer vision field

accuracy =
correct_labels
total_frames

.

Frames were considered classified as correct if the detected
bounding boxes had an intersection over union (IoU) score
versus ground truth bounding boxes above 0.3. IoU is calculated
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TABLE III
FIELD TEST COMPARISON OF RIP CURRENT DETECTION EFFICIENCY USING DRONES WITH (RIPSCOUT) VERSUS WITHOUT (HUMAN ONLY) THE AID OF ML

as follows:

IoU =
area_of_intersection

area_of_union
.

For ML models trained to detect two classes of rip currents
(or more in future work), mean intersection over union (mIoU)
was calculated. mIoU is the average IoU across all classes or
instances in a dataset, calculated as follows:

mIoU =
1

C

C∑

i=1

area_of_intersection
area_of_union

where C is the total number of classes.
We verified the accuracy of each variation of the ML models

by generating recall × precision curves using the open-source
toolbox provided by Padilla et al. [55]. Apart from evaluating
the accuracy of each model, we also assessed their memory
storage requirements and average processing time per frame.
Our findings indicate that all three models are suitable for
realtime processing and have memory requirements close to the
average iOS size of 35 MB.

B. Efficiency of RipScout

In this section, we compare the efficiency of data collection
using RipScout fitted with EfficientDet D2 to traditional data
collection involving human participants without ML assistance.
Our comparison is based on several field tests, each involving
multiple drone flights as described in the “Field Testing” section.
We only considered data from a field test if there were more
than one rip current present at that time. Table III presents
a summary and comparison of the average time required to
capture each rip current by RipScout and human participants.
Our results show that RipScout had a significantly lower average
time of 34.40 s to capture a rip current compared to 137.24
s for human participants. In addition, the overall flight time
required by human participants was approximately four times
greater than that of RipScout. This finding indicates that the
use of RipScout can provide more coverage and/or extended
monitoring. This is noteworthy given that the flight time of
each battery is approximately 15–25 min depending on weather
conditions and operational use (e.g., whether recording or not).

While our field tests utilized the EfficientDet D2 model, one
could also replace it with other models such as those presented
in Tables I and II. We would expect similar efficiency gains
of ML assisted detection and collection versus humans only,
with the corresponding reduction in detection accuracy, or an
improvement if a better lightweight model becomes available in
the future.

In addition to comparing RipScout with nonexpert human
participants, we also evaluated our system and collected feed-
back from an experienced lifeguard. Lifeguards are much more
experienced in detecting rip currents than our other participants.
The detection performance of lifeguards averaged 34.2 s per rip,
on par with that of RipScout.

In terms of accuracy, RipScout was also able to detect all
the rips that the lifeguard expert found. Although we only have
one expert validation point at this time, the accuracy result was
reassuring that RipScout performed satisfactorily.

C. Accuracy in the Field Tests

The accuracy metric presented in Tables I and II ignores false
positives (rips that are not present but flagged as present) and
false negatives (rips that are present but not detected). We looked
for false positives and false negatives on the videos from the
field trip with the help of a rip current expert. In our analysis,
we found that human participants had a 31% false positive rate,
whereas RipScout had a 17% false positive rate. On the other
hand, there were no general instances of false negatives for both
human participants and RipScout. For the human participants,
we believe the nature of the task (i.e., asking them to look for
rip currents) led them to be more cautious and erred on flagging
something as a rip when it is not. Hence, false negative rate was
negligible. For RipScout, indeed there are frames where a rip was
present but was not detected. However, at our sampling rate of
30 FPS, the same rip would always be detected in other frames,
but necessarily all the frames. Hence, we marked the rip as being
detected, leading to no false negative detection of the rip.

For the purpose of using RipScout for automated data collec-
tion, we considered the 17% false positive rate acceptable since
we want to gather as much data as possible during each drone
flight. The collected data can later be cleaned up using human
experts (e.g., relabel the 17% false positive detections) or with
a higher accuracy and more compute intensive two-stage ML
model.

Moreover, we can further reduce the false positive and false
negative rate by employing common ML model optimization
techniques such as data augmentation, increasing the amount
and quality of training data, and tuning the model’s parameters.
These techniques are widely used in the field of ML to improve
a deep learning models’ accuracy continuously [56].

VII. CONCLUSION

In summary, RipScout is a system for rip current data collec-
tion which integrates ML rip current detection into the flight con-
trol process. The ML system is carefully designed to work well
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under limited computational constraints, and we show that rip
current detection accuracy of EfficientDet D2 is almost 5% better
than its closest rival. Actual field tests show that this system is
effective, allowing data to be collected almost four times faster
than without RipScout, alleviating the need for domain experts
to be present with the drone operator. Furthermore, with further
validation, RipScout can be used to improve beach safety by
providing rapid and wide coverage of beach monitoring for rips,
helping to reduce fatigue of lifeguarding operations, especially
in communities where they are understaffed.

RipScout highlights the locations of rips with bounding boxes.
This not only helped users identify rip currents quickly, but it
also served as an effective tool for learning. We observed that
after using the system, users improved their rip current detection
skills even without the assistance of the ML model. This suggests
that the system can serve as a training tool for beachgoers to learn
how to spot rip currents and improve their overall beach safety
awareness.

During our field tests, we observed that RipScout can readily
detect rip currents in bright daylight, where it is difficult for the
human eyes to spot rip currents due to insufficient brightness
and the small display of mobile devices. This helps make data
collection less error prone. However, in poor lighting conditions,
including dense fog or extreme glare in the video stream from the
drone, the ML detection model will have difficulty finding rips.
Our future work will focus on further enhancing the detection
accuracy of RipScout by augmenting our training data with
additional data obtained in such diverse conditions, as well
as using generative ML models to add these effects to our
existing training data. Likewise, any ML detection model can
only recognize rips that they were trained on. We plan to collect
training data on rip currents with other types of visual signatures
to further enhance RipScout.

Another future direction involves adapting RipScout to detect
other beach hazards or similar aquatic phenomena, broadening
its utility. Beyond rip currents, the system architecture could be
generalized for applications requiring large-area searches, such
as biodiversity monitoring or search and rescue operations. We
also plan to extend RipScout to support a wide variety of UAVs,
including custom-made drones, which would enable customized
processing platforms, vision sensors, battery technology, and
energy-efficient model designs to further extend flight time for
more comprehensive monitoring.

VIII. DATA AVAILABILITY

To encourage the use of this system for rip current data col-
lection and other applications, the software code and all specifi-
cations are available as an open-source project at.1 To encourage
research on rip currents using visual data, our datasets, including
the new dataset of 2555 frames of sediment rip currents, are also
available in the same repository.
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