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Abstract

Drowning incidents and floods in river cities have
become a significant public safety concern worldwide.
These incidents result in numerous deaths and injuries,
highlighting the urgent need for effective monitoring
and rescue systems. Traditional safety detection
systems for bodies of water are primarily designed
for controlled indoor environments, such as indoor
pools, where conditions are stable and predictable;
relying on sensors and wearable devices, which are not
practical for the varied and challenging conditions of
outdoor environments (e.g., distance, wider monitoring
areas, and environmental factors such as waves).
In response to this challenge, we propose a river
emergency response system based on a digital twin
model, supported by a human detection model, a water
level prediction model, and related algorithms. This
piloted system employs a single overhead camera as the
primary hardware sensor for continuous real-time safety
monitoring. We focus on the Chattahoochee River in the
Columbus-Phoenix City area, where drowning incidents
have surged in recent years. This system aims to improve
rescue response time by generating multi-level of danger
alerts based on varying real-time conditions.

Keywords: Digital Twins, Drowning Detection,
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1. Introduction

Drowning is a serious problem in both indoor
pools and outdoor open water environments (Jalalifar
et al., 2024), responsible for approximately 7% of all
injury-related deaths and ranked as the third leading
cause of accidental injury-related death by the World

Health Organization (World Health Organization, 2024).
This issue is exacerbated in river cities, where natural
bodies of water can pose significant risks to public
safety. The combination of unpredictable water currents,
varying depths, and potential for rapid flooding creates
hazardous conditions for residents and visitors alike.
During hot weather, people are naturally drawn to rivers
and other bodies of water to cool off, increasing the
likelihood of drowning incidents. High temperatures
can lead to crowded riverbanks, where the lack of
lifeguards and safety measures heightens the risk of
accidents. The popularity of recreational activities such
as swimming, kayaking, and tubing adds to the safety
concerns, especially in areas where water levels can
change suddenly and dramatically due to environmental
factors or upstream water releases.

Summers in Columbus, GA, are characterized by
intense heat. By 2050, people in Columbus are projected
to experience an average of about 49 days per year with
temperatures over 97.0ºF, compared to just 7 days in
1990 (ClimateCheck, 2024). This trend drives people
to the Chattahoochee River to cool off. However,
these activities are often overshadowed by the inherent
risks posed by the river’s frequent flooding. From
2017 to 2019, there have been a total of 54 rescue
calls and 11 death cases in the Chattahoochee in the
Columbus-Phenix City area (ChattVoice, 2024). The
area shown in Figure 1 is an area with a significant
number of accidents. In addition, first responders
have rescued many people who have become stranded
on the rocks when dams release water upstream.
Both scheduled and unscheduled water releases from
upstream dams lead to sudden and unpredictable rises in
water levels, creating dangerous conditions that can trap
individuals on the small islands scattered throughout
the river. However, the current systems do not have



ability to inform visitors of this danger in advance.
This recurring hazard highlights the urgent need for
an advanced solution to monitor and respond to these
emergencies effectively.

Figure 1. Satellite Image of the Chattahoochee

River near Columbus-Phenix City (Maps, 2024)

A smart city digital twin is a dynamic digital
replica of a city that is continuously updated with
real-time data and analytics on interactions between
humans, infrastructure, and technology (Mohammadi
and Taylor, 2017). Its importance lies in the ability
to provide continuous monitoring, predictive analytics,
and optimization of operations, which are essential
for managing complex environments, including river
rescue systems. By enabling macroscopic observation
of situations in a virtual realm, digital twins enhance
situational awareness. Additionally, by integrating
different types of data into a unified system, digital twins
maximize the utility of heterogeneous information and
extract valuable insights for improved decision-making.

Current water rescue systems are predominantly
designed for indoor swimming pools or rely on
sensor-based detection. The controlled environment of
indoor pools, with sufficient and consistent lighting,
makes it more conducive to the installation and
implementation of cameras above or under the
water. Additionally, sensor-based detection systems,
including wearable devices and environmental sensors
such as sonars, generate data in various modalities,
thereby enhancing detection capabilities from multiple
dimensions. However, in the context of rescuing
individuals in outdoor river environments, it is
impractical to mandate that every individual to wear
a detection device or to implement and maintain such
extensive systems. The complexities and dynamic
conditions of outdoor environments, such as varying
water currents, present significant challenges for
traditional detection systems.

In this paper, we present the development of a
digital twin-based river emergency response system,
implemented for the Chattahoochee River in Columbus,
GA. Employing a camera positioned above the water

as the primary sensor for detection and situational
awareness, the system is designed to enhance real-time
monitoring and improve recuse response times to
prevent tragedies in such high-risk environments.

2. Prior Studies

2.1. Drowning detection studies

Recent advancements in technology have
significantly enhanced public safety in aquatic
environments (Cepeda-Pacheco and Domingo, 2022;
Kałamajska et al., 2022). These advancements can
be broadly categorized into two primary approaches:
Image processing-based approaches use computer
vision techniques to monitor and detect signs of
drowning through video surveillance systems, and
sensor-based approaches employ various sensors,
such as wearable devices, to monitor physiological
parameters and environmental conditions to identify
potential drowning incidents.

In the image processing-based approach, a popular
Drowning Detection System, called Poseidon (Tech,
2024), is based on multiple overhead and underwater
cameras to capture the actions of swimmers. (F. Wang
et al., 2022) presents a method for early detection
of dangerous conditions in the deep-water zone of
swimming pools based on video surveillance. (Chan
et al., 2020) collected their own dataset in an indoor
swimming pool with an underwater camera and then
trained a drowning prevention system based on deep
learning. Aquatic cameras perform well in pools
with high-contrast walls that effectively contrast with
all skin tones, making detection easier. In addition,
the pool location facilitates the use of underwater
cameras and provides a suitable mounting location for
such equipment (Eng et al., 2003). In contrast, river
environments face challenges such as earthen seabeds
and varying water clarity. Sediments such as mud and
debris often reduce visibility to unusable levels, thus
compromising the effectiveness of these systems (Eng
et al., 2008).

In the sensor-based approach, physiological sensors
focus on parameters like heart rate, blood oxygen
saturation, and so on. (Chaudhari et al., 2016) proposed
a remote control-based drowning detection system by
comparing heart rate to a threshold. Oxygen saturation
is the amount of oxygen circulating in the blood
(Clinic, 2024). (Kulkarni et al., 2016) developed
a system for detecting drowning using non-invasive
sensors for oxygen saturation, respiration, and water
presence. Investigations have shown (Shehata et al.,
2021) that the accuracy of sensor-based methods can be



significantly improved if more parameters are monitored
simultaneously. An example is the waterproof device
proposed by (Jalalifar et al., 2022) for the detection
of drowning. The device includes heart rate, oxygen
saturation, body temperature and depth sensors. Each
sensor operates autonomously to improve the drowning
prevention capability of the system. However, all of this
equipment needs to be worn on the swimmer’s body,
which makes it difficult for outdoor enthusiasts to take
advantage of it, as well as to feed information detected
by personal devices into the rescue system.

Environmental Sensors include sonar, camera, and
so on. (Rooz and Ben-Sira, 1991) first proposed using
active sonar for drowning detection, scanning the pool
area to differentiate between people and inanimate
objects based on the sonar images. (He et al., 2022)
introduced the first practical drowning detection system
based on underwater sonar, which employs an active
ultrasonic sonar and features a novel sonar scanning
strategy that balances time and accuracy. Another
commonly used environmental sensor is the camera,
which is a necessary sensor for image processing-based
methods. Among them, the cameras are categorized
as overhead and underwater. Overhead cameras are
convenient to install and maintain. However, since
a drowning person will quickly sink below the water
surface, especially in a turbulent current, the overhead
camera cannot always capture the drowning incidents.
Underwater cameras are widely used for their ability
to capture human behavior beneath the water’s surface.
Nevertheless, they are susceptible to interference from
underwater sediments and are more difficult to maintain.

2.2. Smart City Digital Twins

Urban systems are complex and have interdependent
components, including human, natural landscapes,
buildings, and technological facilities. The earliest
modeling of urban spatial data dates back to the
emergence of geographic information system (GIS)
(Shen et al., 2007) technology in the 1960s. This made
possible for the first time the mapping of real-world
data into the virtual world. The growing popularity
of Global Positioning System (GPS) technology in
smartphones and wearable devices, combined with the
rapid growth of social media, which enables real-time
online information sharing, has brought the relationship
between humans and the environment closer and closer.

Topographic LiDAR technology is a remote sensing
method that uses laser light to measure distances and
create high-resolution maps of the Earth’s surface,
enabling researchers to generate topographic maps of

an area within minutes. Despite the vast, diverse,
and expansive data sources available today for virtual
modeling, research on integrating and deriving insights
from this heterogeneous information remains limited.
Integrated virtual city models, are thus, increasingly
recognized as a much-needed approach to mining and
extracting information from complex urban systems.

Traditional methods of creating virtual urban
environments have been constrained to static, physical
depictions of the city (Batty, 2008). This static data
serves as the foundational framework and provides
the backdrop for the scenarios to be simulated.
Dynamic parameters, which are our primary focus
and the elements we intend to simulate within the
environment, are typically sourced from sensors. These
dynamic elements are integrated into the framework,
representing entities that are monitored and investigated
during research. This combination of dynamic and
static data accurately and validly projects real-world
scenarios into the virtual world, while the degree of
statics in these models is associated with the level of
abstraction in modeling. Smart city digital twins expand
from complete real to complete virtual environments.
Although numerous studies have explored virtual
modeling of urban information, most have focused
on simple visualization of the obtained data and lack
comprehensive combined analysis to derive deeper
insights (Mohammadi and Taylor, 2020). For example,
(Cristie et al., 2015) proposed CityHeat, a system
using colo-mapped cubes to relate heat to traffic, and
(Sedor, 2017) developed Connected Cities VR, a city
maintenance system.

Although underwater cameras and various sensors
are widely used for aquatic safety monitoring, as
previously mentioned, these devices are more suitable
for indoor swimming pools. In outdoor rivers, the
accumulation of sediment at the riverbed, rapid water
flow, and complex surrounding environments make the
installation and maintenance of underwater cameras or
other sensors challenging. Additionally, it is impractical
to ensure that every visitor wears a detection device.
However, overhead cameras can be installed on bridges,
making installation and maintenance more feasible.
These cameras can capture a continuous stream of
real-time images of riverbanks and surrounding areas.
High-resolution cameras can mitigate the limitations of
unclear top-down images, enhancing outdoor aquatic
safety monitoring. Therefore, this paper uses data from
overhead cameras to monitor the Chattahoochee river
environment. This data is integrated into our smart city
digital twin model, which combines multi-dimensional
information such as water levels, topographic maps,
and computer vision data. By employing advanced



algorithmic models, as described in the following
section, it can detect and predict potential hazardous
scenarios and generate warnings.

3. System Development

Our river emergency response system and the digital
twin model consist of four components. As shown
in Figure 2, human detection, water level prediction,
submerging prediction, and drowning alert cards. For
the human detection part, You Only Look Once Version
7 (YOLOv7) (C.-Y. Wang et al., 2023) is used to
process live stream from an onsite overhead camera,
identifying bounding boxes for people and boats for
each frame of the video. The water level prediction
part uses a recurrent neural network to predict the
future 15-minute and 30-minute water level values to
monitor the significant water level rise in the next
30 minutes. The submerging prediction generates
alerts when individuals are standing on islands that are
predicted to be submerged. It compares the bounding
boxes given by the human detection part with the
predicted changes to the island areas. Based on the
information from the above components, drowning alert
cards (yellow, orange, and red) will flash according to
the assessed conditions and danger levels by the system.

3.1. Human Detection

We installed an onsite overhead camera provided
by Verkada(Verkada, 2024) on the 14th Street bridge,
facing south. This camera ensures security through a
continuously changing token over time. To maintain
uninterrupted access to the live stream, our system
requests a new token from the central controller every
hour, continuously updating the credentials. This
approach enables us to receive a continuous 24/7 live
stream of real-time data. Every raw image is resized
before being fed into the You Only Look Once (YOLO)
network to achieve high inference speed. Balancing
resolution and inference speed through a trial-and-error
process, we found that resizing the original images from
3840 x 2160 pixels to 1600 x 900 pixels maintains nearly
the same accuracy while doubling the processing speed,
perfectly meeting the 24fps frame rate requirement for
video. Meanwhile, to further enhance the processing
speed, we set up two Real Time Messaging Protocol
(RTMP) servers using Nginx (Reese, 2008). The first
server receives the raw video then pushes it to the second
server where YOLOv7 is running. The parallel server
strategy reduced the computation time by half compared
to a single server setup strategy.

As shown in Figure 3, the result of this step is the
bounding boxes around people and boats in the image.

For each frame, the backend records the coordinates of
the four corners of these bounding boxes, counts the
number of detected objects, and logs the information.
To enhance accuracy, a sliding window with a length of
96 frames (equivalent to a total duration of 4 seconds)
is applied to smooth the data, compensating for false
positives and false negatives that may occur during
frame-by-frame detection.

3.2. Water Level Prediction

The river data used in this study was obtained from
the United States Geological Survey (USGS) and used
for model training. The water level is a crucial indicator
of river conditions. Its fluctuations can significantly
impact the areas of islands within the river and the
overall safety of the region. The base elevation of the
gauge located at the targeted river segment is 190 feet.
By adding 190 feet to the gauge readings, we obtain
the elevation of the river’s water surface. Precipitation
and discharge data were also collected from USGS.
The USGS records these data every 15 minutes, which
defines the interval between our data points. We use
a continuous sequence of 28 data points (equivalent to
7 hours) as the input for each prediction. Thus, each
input is represented as a 3x28 matrix. Long Short-Term
Memory (LSTM) networks (Wikipedia, 2024a), a type
of recurrent neural network that excels in modeling
sequential data by retaining long-term dependencies
through their unique cell state and gating mechanisms,
are ideal for tasks like time series prediction. In
this study, the aforementioned 3x28 matrix is used
as the input to the LSTM, which outputs water level
predictions for the next 15 and 30 minutes, represented
as a 1x2 vector. Since the USGS API data has a
15-minute delay, the prediction for 30 minutes ahead
corresponds to actual data 15 minutes in the future. The
predicted values are then compared to the current values
to assess changes. An increase of more than 0.5 feet
is defined as significant, triggering a warning, because
such an increase can already lead to notable changes in
the island areas. Conversely, an increase of less than 0.5
feet is considered a normal state. This study utilized
data collected from July 12, 2017, to June 20, 2022.
This dataset was divided into three subsets: 70% for
training, 15% for validation, and 15% for testing. The
final LSTM model achieved a mean squared error of
0.1013 feet, a mean absolute error of 0.2344 feet, and
an R-squared value of 0.978, indicating high predictive
accuracy.




