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Abstract

Drowning is one of the top five worldwide causes of mortality for kids between the ages of four to fourteen. According
to World Health Organization statistics, drowning is the third most common cause of unintentional fatalities. The need to
create a drowning detection system to save swimmers especially children is growing. There are several drowning detection
systems incorporating distinct technological systems such as wearable sensors, vision based monitoring and AI driven
surveillance. Wearable sensors such as heart rate monitoring and accelerometers offer continuous monitoring but these
existing systems have their own limitations like intrusiveness and poor visibility. To address these challenges this study
offers a deep learning and computer vision-based early drowning detection technique. An overall accuracy of 99.4% has
been achieved on our dataset by using pre-trained models including CNN-ResNet50, ResNet18, and Flower Pollination
Algorithm. The study contributes to the advancement of intelligent drowning surveillance systems thus abridging the gap
in the attainment of more efficient and reliable drowning detection systems.
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Acronyms

1. Introduction

Global public health issues related to drowning are seri-
ous [1]. As per the World Health Organization data, there
are around 30,0000 annual drowning deaths worldwide [58].
So, most swimming pools have professional lifeguards to
prevent drowning incidents; however, lifeguards are not
able to remain concentrated for extended periods and are
unable to identify drowning victims in time, which can
result in deaths from a lack of prompt treatment [2], [36].
To manage swimming pools and rescue drowning victims,
efficient and quick drowning-detecting equipment is essen-
tial [3]. numerous researchers have previously offered a
variety of techniques for detecting drowning cases in swim-
ming pools, drowning detection is still characterized by
many challenges [4]. Nowadays, there are two main types
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of drowning-detecting methods. The first one is founded
on wearable sensors [59]–[61], and the second one is vision
[5]. In order to detect drowning using the physiological
indicators or duration in the water of a swimmer, wearable
sensor-based methods fixes various sensors to the body of
the swimmer [6]. The use of such devices may at times
be a discomfort to the wearers. The vision-based method
is used to detect drowning by extracting characteristics
mainly of the video of the swimmer to overcome the limita-
tions of wearable devices [7]. The swimmer remains silent
in the initial phases of drowning, and a lot of the studies
carried out using the vision teach also detect drowning on
the basis of position of the swimmer, timing, and speed in
the water. In this way, these methods are inaccurate and
unstable [8]. Drowning rates can be effectively decreased
and swimming pools can be ensured to be safe by installing
a sophisticated automated system of monitoring. The ar-
eas of automatic drowning detection include two types of
methods [6]. The methods employed in the former cate-
gory involve the use of swimmers wearing sensor devices
attached to them either in the form of bracelet or goggles.In
order to monitor the swimmer’s behavior, these sensors
can measure several parameters such as heart rate, blood
oxygen content, motion, hydraulic pressure, and depth [7].
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List of acronyms.

Acronym Description

Acc. Accuracy
AI Artificial Intelligence
Aug. Augmentation
CDF Cumulative Distribution Function
CNN Convolutional Neural Network
CV Cross-Validation
DL Deep Learning
F1 F1-score
FPA Flower Pollination Algorithm
FPN Feature Pyramid Network
HOG Histogram of Oriented Gradients
IP Internet Protocol
IoU Intersection over Union
mAP mean Average Precision
ML Machine Learning
Prec. Precision
Rec. Recall
ReLU Rectified Linear Unit
RFID Radio Frequency Identification
RNN Recurrent Neural Network
SVM Support Vector Machine
TNN Tree-based Neural Network classifier
URPC Underwater Robot Picking Contest (dataset)
VAD Video Anomaly Detection
VGG Visual Geometry Group (CNN family)
WNN Weighted Neural Network classifier
YOLO You Only Look Once
WHO World Health Organization

The second group includes vision-based methods that use
cameras overhead or underwater to watch swimmers, and
machine learning algorithms to identify drowning episodes
from the camera’s output. However, these methods are not
very reliable because drowning victims are very silent in the
early stages of drowning [9]. Furthermore, some studies use
deep neural networks to classify swimmers who are normal
and swimmers who are down [10]. Drowning, however,
is a rather rare emergency disaster. There are not many
opportunities for cameras to record drowning incidents.
In addition, obtaining the drowning video is challenging
and entails privacy concerns. As a result, few videos of
drowning exist [11]. Most of these studies extract aspects
of drowning behavior and perform supervised classification
through the use of simulative drowning behavior. Never-
theless, very few people truly experience drowning due to
its complex symptoms. Since it is impossible for anyone to
accurately duplicate drowning behavior, videos that simu-
late drowning are neither authentic nor trustworthy [12].
Advances in physical equipment allow us to construct more
intelligent drowning detection systems. Swimming pools
become safer with the use of drowning detection devices,
which also reduce lifeguard workloads and improve swim-
mer comfort [13]. In pool surveillance systems, IP cameras
are used as network edge devices. Videos are uploaded
over the network to servers and lifeguards for processing.
Underwater videos, which need to be transferred to a server
for processing and storage, may jeopardize the swimmers’
privacy [14]. Because of the increased network traffic and

storage requirements of this operation, the server might
not be able to respond to drowning situations as rapidly.

Additionally, some researchers categorize normal swim-
mers and downers using deep neural networks [9], [48]. How-
ever, drowning is a rather uncommon emergency mishap.
Few opportunities exist for video cameras to capture drown-
ing events. Furthermore, the drowning video is difficult
to obtain and involves people’s privacy [10]. Hence, there
aren’t many videos of drowning. The majority of these
studies use simulative drowning behavior to extract char-
acteristics of drowning behavior and perform supervised
classification. Nevertheless, the symptoms of drowning are
complicated and very few people experience it. Videos that
simulate drowning are neither authentic nor reliable since it
is difficult for anyone to mimic drowning activity properly.

More advanced drowning detection systems can be cre-
ated thanks to technological developments in physical de-
vices. Lifeguard workloads are lessened, swimming pool
safety is increased, and swimmers feel more comfortable
thanks to drowning detection devices [13]. IP cameras
are employed in pool surveillance systems as network edge
devices, and footage is uploaded via the network to servers
and lifeguards for processing. Underwater films, however,
may compromise the privacy of the swimmers [14]. Up-
loading the movies to the server for processing and storing
them may reveal the swimmers’ privacy. Additionally, this
method demands more network bandwidth and storage ca-
pacity that can pose a challenge in responding to drowning
cases in a timely manner.

The process of implementing a machine learning-based
classifier model in the drowning detection task consists
of a number of significant steps [15]. A labelled dataset
consisting of the drowning and non-drowning cases is ini-
tially gathered to provide variety and to make sure that
the dataset is appropriate to the intended deployment sce-
nario. Subsidiary steps of pre-processing data later involve
photo or movie resizing, standardization of pixel values,
and data augmentation to achieve greater variability. The
process also involves feature extraction which involves the
elimination of relevant features in the data. It is one
method of image-based models that is popular to choose
oriented gradients histogram [16]. To classify, the right
machine-learning model is selected which can be SVM or
randomly-forest. This model is trained and its output is
shown when the dataset is separated into a training and
a validation set. The model is evaluated based on such
evaluation measures as accuracy, precision, recall, and F1
score on a different test set. Depending on the results of
the evaluation, fine-tuning may be required, and in this
case, it will involve setting the hyper-parameters differently
or getting more information [17]. When the training and
evaluation are not hindered, the model is sent to the target
environment and a monitoring system is established to
monitor its persistent performance. At all turns, privacy
and ethics should be taken into consideration especially
when dealing with sensitive information. Regular updates
and retraining with new data improve the strength and
performance of this model. Although deep learning tech-
niques might perform state-of-the-art, machine-learning
techniques may also prove useful when there is limited data
or processing capacity [37]. The effectiveness of the model
is subject to the quality of the data, feature extraction
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method and the suitability of the selected machine-learning
model [18].

The computer vision techniques are then applied in
order to classify drowning incidents through image process-
ing techniques so as to create improved automated system
that is able to detect drowning incidents. The first impor-
tant step is to have a thoroughly annotated dataset with a
set of examples of both drowning and non-drowning situ-
ations. Subsequently, the images are or video frames are
pre-processed such as normalization to give similar pixel
values and scaling to give uniformity [19]. Features extrac-
tion and pattern recognition are computer vision techniques
that are important in the extraction of important infor-
mation in the visual input. The edge detecting technique,
motion tracking technique, and color analysis technique can
be used to obtain relevant features that relate to instances
of drowning. After extracting the features, an appropriate
classification strategy, which can be a machine learning
or deep learning model, is then trained using labeled data
[20]. Image-related tasks can be tackled successfully by
using CNNs. This has made them commonly used. The
measurement of the model performance is through the ad-
justing of the model and the metrics employed such as
accuracy and precision. Once a model shows promise, it
can be used in real-world scenarios, such as monitoring live
video feeds for signs of danger or integrating with security
systems. For the model to function well under a range of
environmental conditions, frequent updates and ongoing
observation are necessary. Privacy and ethical concerns
should be considered extremely seriously when deploying
computer vision systems for drowning detection, especially
in public locations. The quality of the training data, the
robustness of the chosen computer vision algorithms, and
the model’s ability to adapt to changing conditions all
affect how effective this type of system is [21].

Deep neural networks are increasingly being used to
tackle business difficulties. Some researchers to detect
drowning 16 have used neural networks. However, the ma-
jority of these studies first simulate drowning in order to
gather drowning sample data because there aren’t enough
true drowning cases. Next, learning techniques are used
to extract the features from the drowning data in order
to carry out supervised classification [17]. However, it
is challenging to accurately replicate drowning behavior,
and the characteristics of simulative drowning behavior are
unreal. Drowning is an unusual occurrence. The video
anomaly detection (VAD) task and vision-based drowning
detection are comparable [18]. The challenge of identifying
anomalous events in the absence of films of anomalous
events is accomplished by both. We are motivated to em-
ploy unsupervised deep learning approaches in drowning
detection tasks because most researchers have done so in
VAD tasks [22]. The majority of current unsupervised deep
learning-based VADs identify anomalies by first predicting
or reconstructing frames, and then calculating the recon-
struction or prediction error at the pixel level. The method
is not suitable to use in pool videos and more likely to be
distorted by external noise. In this paper, we therefore
combined both a deep convolutional neural network with
the Gaussian model. This neural network is stronger and
can identify normal and drowning frames on the basis of
high-level semantic properties [19].

A feature extraction technique is applied to classify
drowning episodes by eliminating the pertinent informa-
tion displayed in photo or video frame and searching the
patterns that can be used to ascertain the presence of
drowning incidences [20]. The first important part of this
technique is to have a full annotated data set that con-
tains a wide variety of drowning and non-drowning cases.
In ensuring uniformity of the input data, the images are
first subject to pre-processing methods such as scaling and
normalization of the dataset once formed [23]. This is
followed by methods of extracting features which are used
to identify discriminative data. Such methods may look at
color distribution, movement patterns or particular visual
indicators of water activity to identify drowning. Observ-
ing changes in body posture, movement of limbs, or the
movement of the water surface are some of the examples of
the critical cues. Training a classification model is based on
these extracted features and they are usually utilized with
the help of other traditional machine-learning methods [24].
The RF and SVM algorithms are commonly employed in
practice because they perform well in classifying jobs. The
labeled dataset is trained on the given model, and the re-
sults of the model are measured by such metrics as accuracy,
precision and recall. The effectiveness of the feature extrac-
tion method will determine whether the feature extraction
method will be successful or not because it depends on
the capability of the chosen features to constitute patterns
associated with drowning. This is simpler and easier to
read than more complicated deep learning models and is
advantageous in situations where the computer resources
or data is limited. Periodic evaluation and adjustments to
actual performance are largely the factors behind the con-
tinued success of the model in drowning detection systems
[25].

The most helpful features are to be identified and em-
ployed to distinguish between non-drowsing and drowning
events in images or in video frames. This is what feature
selection-based drowning detection classification attempts
to accomplish. The initial one is to collect a large dataset
comprised of diverse samples in each scenario to be able to
train efficiently. After the preparation of the dataset, some
pre-processing tasks such as scaling and normalization are
done so that the input data is consistent. Algorithms are
then used during the feature selection strategies to deter-
mine the most appropriate features that can make a con-
siderable contribution to the classification process. These
methods decrease the dimension, improve the readability
of the model and constrain the possibility of over-fitting
[26]. Typically, it is features like color pattern, movement
features, or other visual indicators related to drowning
events. Consequently, the information is presented in a
more effective and rather concise way. Once the feature
selection process has been completed, one then trains a
classification model on the filtered feature set. The pro-
cess of feature selection improves the interpretability and
performance of the model especially in situations where
the available computational power or data volume might
be limited [27]. The real-time efficiency of the model is
an advantage to the drowning detection use, and it would
be refined in future depending on the actual information.
When using feature selection algorithms, ethical considera-
tions that especially relate to privacy should be considered



Hayat et al. Journal of Computing and Data Technology, Volume 1, Issue 2, Jul–Dec 2025, pp. 104–114 107

especially when handling sensitive situations or in open
areas [28].

In modern implementations, drowning detection is im-
paired due to a number of factors. Among the main factors
that should be of concern is that in different water habi-
tats like swimming pools and other bodies of water the
detection systems face different challenges [47]. The pro-
vision of datasets, which can be heterogeneous, is limited,
it is difficult to train reliable models that will work in
various conditions. The processing of information in real
time is needed to provide a timely response; however, it
can be hard to obtain low latency and high accuracy, par-
ticularly in resource-constrained scenarios. Differences in
the style of swimming and body formations complicate
the differentiation of drowning emergencies and regular
aquatic activities. Due to the privacy issues associated
with drowning detection devices, special balance between
maintaining the safety of people in the community and
safeguarding personal privacy rights of individuals must be
found when installing such devices in the areas of public
use [29]. Poor vision, weather or water conditions are all
environmental factors that can affect the efficiency of the
detecting systems. Another issue is the interconnection of
drowning detection with the current emergency response
and surveillance systems, which require the integrated col-
laboration of various technologies. Such ethical issues as
permission, data storage, and algorithmic biases are to be
put into focus so that responsible implementation could be
introduced. To address these intricate challenges, interdis-
ciplinary cooperation, technological advancements, and a
commitment to moral deployment practices are required
[30]. Study architect has been summarized as follows.
• Data augmentation has been applied to enhance the

training diversity and avoid overfitting.In addition to
improve the features’ visibility contrast enhancement
has been applied on selected features.

• Pre-trained DL models have been fine tuned on the
dataset to achieve the efficient and effective results.

• To enhance the classification results and overall perfor-
mance of the models feature fusion has been applied.

• The Flower Pollination Algorithm has been used to select
the best features due to its’ efficiency in balancing the
exploitation and exploration.

• The optimized features have been used to train the mod-
els to improve the overall classification accuracy and
performance of the model.

2. Related work

Research on drowning detection techniques has pro-
duced some findings in recent decades. Sensor-based and
vision-based drowning detection techniques can be used
to broadly categorize drowning detection techniques [20].
These methods include both conventional machine learning
algorithms and deep learning models [21], [53] – [56]. This
paper presents the relevant work on deep learning-based
classification of drowning detection. For example, Chan et
al. [5] presented an NVIDIA Jetson Nano-powered Alex
Net CNN model. 2333 non-drowning and 1168 drowning
images were used to train the algorithm. There were 389

drowning images and 777 non-drowning photos in the test-
ing dataset. Thirty volunteers developed the dataset by
striking various positions in the pool. The model’s catego-
rization accuracy was 85%. Rashid et al. [7] presented an
ascertain the effectiveness of the model’s capacity to iden-
tify underwater life, researchers examined four iterations of
the YOLOv3 detector (they trained the original YOLOv3,
Tiny-YOLOv3, YOLOv3-SPP, and TinyYOLOv3-PRN) on
two open-source datasets. The outcomes provided strong
proof that YOLOv3 is capable of identifying underwater
objects with a range of mAP scores between 74.88% and
97.56%. Eng et al. [11] presented and examined various
challenges in identifying drowning victims in a wet environ-
ment and providing a surveillance system with automatic
detection. The authors state that background movements
of the reflective zones and water ripples and splashes are
the main difficulties in the aquatic environment. Another
problematic problem that is mentioned is occlusions when
it comes to identifying swimmers. An algorithm that con-
siders each of these problems and recognizes water crises
in intricate aquatic environments is their suggested rem-
edy. Alshbatat et al. [31] presented an Arduino Nano
board, two Pixy cameras, and a Raspberry Pi as part of
an integrated vision-based monitoring system. The swim-
mers had to wear passive yellow vests, and they used two
cameras to measure the positions of the swimmers to de-
tect and track them. Another innovative device is called
NEPTUNE, which employs statistical image processing of
video sequences to quickly identify drowning fatalities. The
variables produced by statistical image processing form
the basis for the equations used to identify near-drowning
cases. Another system, named VIBE, tracks and detects
drowning victims via background extraction. It refreshes
the motion area by calculating the frame difference and
using the VIBE algorithm, which primarily assesses the
swimmers’ positions. Handalage et al. [2] presented a
three-pronged drowning rescue system: dangerous behav-
ior identification, drowning victim recognition, and drone
deployment to victims. The drowning detection compo-
nent locates drowning victims using a CNN model. The
second component is the rescue drone, which is sent to
the victim’s coordinates. Risky activities, such as running
about the pool and drinking, are identified in the third
element. The drowning detection system was trained using
5,000 images that showed the stages of drowning, including
stage 2, stage 3, and not drowning. The primary sources
of the data were the introductions given by the performers
and the live video recordings. The backup data source
was the Internet. An overhead camera detected swimmers
in the pool. Hassan et al. [3] presented a video dataset
made up of three aquatic activity behaviours that were
recorded with overhead and underwater cameras: swim,
drown, and idle. The dataset consisted of 47 videos from
above and 44 movies from below, producing 24,729 and
22,010 video frames, respectively. The pre-trained CNN
models ResNet50, VGG16, and mobile net were evaluated
using this dataset. For these models, the equivalent detec-
tion accuracy was 96.85%, 83.25%, and 96.7%. Zhang et al.
[32] presented an alert zone’s human body area changes at a
rate that indicates drowning. Moving objects are extracted
from the backdrop using background subtraction. The
authors of [33] presented a camera to track swimmers and
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a finite state machine to assess the features and motions of
the swimmers’ bodies. The DEWS team creates a module
that uses hidden Markov models and data fusion to under-
stand the features of various swimming behaviors. Wong
et al. [34] installed a swimming pool monitoring system
during off-peak hours to use thermal imaging technology to
find moving people and water activity. This system divides
the photos into two zones to detect an intruder both inside
and outside the swimming pool. Head detection is per-
formed in both regions, while water activity is detected in
only the second sector. Li et al. [35] presented a method for
locating drowning victims at sea. Using a group of actors,
they produced a dataset with 6079 photos. With some ad-
justments, they used the YOLOv3 algorithm. In summary,
the feature extraction network employed the residual mod-
ule with channel attention mechanism, the feature fusion
network (FPN) structure received a bottom-up structure,
CIoU was utilized as the loss function, and the anchor
boxes produced by the clustering algorithm were handled
using a linear transformation technique. The model for
human targets identifies four types: sea person, land per-
son, doubtful land person, and land person. The model
attained 72.17% accuracy. Fazanes et al. [23] presented
a method for locating drowning victims at sea. Using a
group of actors, they produced a dataset with 6079 images.
With some adjustments, they used the YOLOv3 algorithm.
In summary, the feature extraction network employed the
residual module with channel attention mechanism, the
FPN structure received a bottom-up structure, CIoU was
utilized as the loss function, and the anchor boxes produced
by the clustering algorithm were handled using a linear
transformation technique. The model for human targets
identifies four types: sea person, land person, doubtful
land person, and land person. The model attained 72.17%
accuracy.

Moez et al. [36] proposed a deep learning model that can
classify human behaviour. To accomplish this, a spatiotem-
poral feature-learning three-dimensional convolutional neu-
ral network is extended. The spatiotemporal features are
then classified using a recurrent neural network. A method
for simultaneously learning features and finding common-
alities to support individual re-identification is proposed in
[37]. To solve the re-identification problem was achieved by
altering the layers of a deep convolutional neural network.
The author’s development of this enables the network to
ascertain whether two input images feature the same per-
son. To evaluate YOLOv4 for underwater target detection,
Chen et al. [38] used the URPC dataset. The URPC col-
lection has 4757 photos categorized into four target groups:
echinus, scallop, holothurian, and starfish. In the detection
findings, 73.48% mAP is represented. Hu et al. [39] to
recognize uneaten feed pellets in underwater photographs
used an improved version of YOLOv4. The high-density,
grainy images in the custom dataset were captured from
a net cage in the cold-water mass area of the China Yel-
low Sea. The original YOLOv4 method was improved by
adding the Dense-Net shortcut link, changing the PANet
network topology, and reducing the number of network
layers. The results of training and testing the upgraded
YOLOv4 algorithm yielded a mAP score of 92.61% on the
test dataset. To detect steel corrosion and concrete cracks,
Cha et al. [40] introduced a CNN and Faster R-CNN. The

models’ mean average precision (mAP), which may reach
roughly 90.00%, offers recommendations on which models
to employ. However, these studies are designed with adults
rather than children in mind because of the major differ-
ences between adult and infant drowning postures. While
newborns’ drowsing positions usually involve resting on
one side or upside down in the water with swimming rings
attached, without making any violent movements, adults’
drowsing positions often involve forceful physical motions
as well. To employ waterpower, Xu et al. [41] introduced
a YOLOv3 to identify fish underwater. The model was
trained and tested on datasets containing murky water,
high turbidity, and rapid velocity. Testing yielded a mean
average precision value of 54.92% for the model.

Various study gaps have been identified in the above
mentioned literature of the drowning detection research
and technologies. Most of the existing models generally rely
on the traditional CNN based architectures with limited
exploration of the advanced networks like vision transform-
ers. Datasets used in these models often lack class diversity
and don’t truly represent the real world aquatic environ-
ment thus effecting the generalization capability. There is
limited integration of multi modal data with less focus on
the real time deployment, explainability and edge efficiency
which are crucial for the life saving applications. Moreover,
challenges like complex body movements, occlusion and the
use of short video sequence remained unaddressed. More-
over the comparative evaluations are also missing. This
study presents generalized drowning detection framework
using DL models to enhance the feature extraction, model’s
performance and overall accuracy.

3. Proposed methodology

This proposed framework as shown in Figure 1 performs
drowning detection classification through four main stages:
(i) dataset augmentation, (ii) contrast enhancement, (iii)
deep feature extraction using pre-trained ResNet50 and
ResNet18, and (iv) serial feature fusion followed by FPA
based feature selection and final classification. Following
the contrast enhancement phase, the contrast-augmented
data set was fed into the two pre-trained ResNet50 and
ResNet18 models. Techniques of serial-based feature fu-
sion are employed after features from the two pre-trained
ResNet50 and ResNet18 models are retrieved and fused.
Next, the Flower Pollination Algorithm’s optimized fea-
tures are applied to choose the best features, which are
then fed into a machine learning algorithm.

3.1. Dataset collection
This study uses a public available drowning detection

classification dataset [57]. The dataset contains five classes:
drowning, drowning swimming, person out of water, person
out of water swimming, and swimming. Since the class
sizes are imbalanced, augmentation is applied to obtain
sufficient samples for deep learning. Figure 2 illustrates the
five classifications that make up this data set of drowning
detection classification: drowning, drowning swimming, a
person out of the water, the person out of water swimming,
and swimming. As shown in Table 1 , there are a limited
number of images in each data set that are not enough to
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Figure 1: Proposed architecture of drowning detection
classification.

Figure 2: Sample images of the dataset.

train deep learning models. Consequently, these datasets
exhibit an imbalance.

3.2. Dataset augmentation
Data augmentation involves making various changes

to pre-existing data in order to increase a model’s ability
to generalize to scenarios that were previously unknown.
Figure 3 shows the data augmentation steps. The data
augmentation is a technique that is used to alter the input
data in order to increase the model’s resilience to different
conditions [42], [43]. When it comes to drowning detection,
for example, different lighting conditions, positions, and
viewpoints can be simulated to improve images or video
frames that depict persons in the water [44]. Recently,
there has been significant research on data augmentation
in the field of deep learning [52] – [55]. While the medical
field currently uses low-resource data sets, deep-learning
neural networks require large amounts of training data [24].
Therefore, data augmentation must be used to increase the
diversity of the basic dataset [25].

The data set for drowning detection classification is
divided into four classes: swimming (87), the person out
of the water (5), drowning (276), a person swimming (25),
and swimming (276) [56], [57]. The collection of 472 photos
in each class has an average pixel size of 500x500. Further-
more, for training and testing, the data sets were split in
half. As such, it is not possible to train the deep learning
model with these datasets. As such, used Flip Left, Flip
Right, and Rotate 90 for data augmentation, as shown in
Figure 3. These procedures are repeated until each data
collection has enough number of images for training.

3.3. Contrast enhancement
Contrast enhancement improves visibility in low-quality

underwater/overhead imagery [26], [27]. Let the grayscale

Figure 3: Data augmentation steps.

image be λ(b, y). The PDF and CDF are computed as
(1) and (2), respectively. Due to the low contrast and
poor quality of the images used for the drowning detection
classification, Figure 4 depicts the hybrid approach we
developed based on the fusion of multiple filtering outputs.

t(λn) =
kn
k
, n = 0, 1, . . . , S − 1 (1)

q(λn) =

n∑
i=0

t(λi) (2)

A contrast transformation using the CDF is expressed as
(3). The final enhanced output is denoted by m(b, y).

m(λn) = λ0 +
(
λg−1 − λ0

)
q(λn) (3)

The transformation function utilizing the cumulative dis-
tribution function (CDF) is defined as follows (4). Further,
the normalized probability distribution is given by (5).

m(λn) = λ0 +
(
λg−1 − λ0

)
g(λn) (4)

β = s
(
λ(b, y)

)
, ∀λ(b, y) ∈ λ (5)

Afterward, a spatial-domain transformation is applied
to enhance local contrast, expressed as (6).

m(b, y) = m(b, y)
[
a(b, y)− z × Ā(b, y)

]
+ Ā(b, y) ε (6)

In (6), the enhanced image is denoted by m(b, y). The
mathematical formulation of the contrast-stretching func-
tion is defined as (7).

m′(b, y) = c× gℓm(b, y) + µ (7)

In (7), gm represents the global mean value, µ denotes
the standard deviation, and c and ℓ are constant parameters
assigned manually.

Consequently, the final transformation function is ob-
tained by combining both global and local enhancement
terms as (8).

m(b, y) = c× gℓm(b, y) + µ
[
a(b, y)− z × Ā(b, y)

]
+ Ā(b, y) ε

(8)
The visual result of the contrast-enhanced image is illus-
trated in Fig. 4.
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Table 1: Description of dataset.

Dataset Name No. of images No. of classes Augmented Training/Testing

5=Drowning detection
classification dataset

5c472 Drowning: 300 500 250/250

Drowning swimming: 306 500 250/250
Person out of water: 5 500 250/250
Person out of swimming water: 25 500 250/250
Swimming: 87 500 250/250

Figure 4: Examples of contrast-enhanced images.

Figure 5: ResNet50 architecture.

3.4. ResNet50 architecture
As shown in Figure 5, it extracts deep semantic features

using convolutional layers and residual blocks [28], [29]. A
convolution operation can be expressed as (9).

Conv(y, z) = Â(y ∗ z + s) (9)

A residual block outputs (10):

o = F(x; θ) + x (10)

In (10), F(·) is the residual mapping.

3.5. ResNet18 architecture
ResNet18 is a lightweight residual network with 18

layers, which is shown in Figure 6 [30], [45],[46]. It employs
shortcut connections to stabilize gradients and improve
optimization.

3.6. Transfer learning
Transfer learning adapts pre-trained weights to the tar-

get dataset [49], [50]. Figure 7 and Figure 8 shows the
transfer learning pipeline for ResNet50 and ResNet18, re-
spectively. Let the pre-trained model be ab with parameters
θb. Fine-tuning minimizes as (11).

min
θ

Lt(θ) + β∥θ − θb∥22 (11)

Figure 6: ResNet18 architecture.

Figure 7: Transfer learning pipeline for ResNet50.

Figure 8: Transfer learning pipeline for ResNet18.

3.7. Serial-based feature fusion
Features from ResNet50 and ResNet18 are concatenated

to form a fused descriptor [51], [52] is expressed as (12).

u =

[
v1

v2

]
(12)

3.8. Flower Pollination Algorithm for feature selection
FPA selects discriminative features by balancing global

and local search [55]. Global pollination is written by (13).

x
(t+1)
i = x

(t)
i + ϑL(λ)

(
x
(t)
i − g∗) (13)
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Algorithm 1 Flower Pollination Algorithm for feature
selection.
1.2em
1: Input: Feature matrix F, iterations T , switch probability p
2: Output: Best feature subset g∗

3: Initialize population {xi}ni=1 (random feature masks)
4: Evaluate fitness f(xi); set best g∗ ← argmin f(xi)
5: for t = 1 to T do
6: for i = 1 to n do
7: if rand < p then ▷ Global pollination
8: Draw L(λ) (Lévy step); update using (13)
9: else ▷ Local pollination

10: Select j, k ̸= i; update using (14)
11: end if
12: Evaluate new solution; update g∗ if improved
13: end for
14: end for
15: return g∗

Table 2: Feature fusion results on drowning detection dataset.

Classifier Prec. Rec. F1 Acc. Time (s)

NNN 99.2 99.2 99.2 99.2 113.46
MNN 99.4 99.4 99.4 99.4 178.70
WNN 99.3 99.3 99.3 99.4 211.43
BNN 99.0 99.0 99.0 99.0 244.22
TNN 99.1 99.1 99.1 99.1 309.32

Local pollination is given by (14).

x
(t+1)
i = x

(t)
i + ϵ

(
x
(t)
j − x

(t)
k

)
(14)

4. Results and analysis

4.1. Experiment environment
The train/test split was 50:50. The experiments used

learning rate 2 × 10−4, mini-batch size 32, 100 epochs,
momentum 0.7223, and SGD optimizer. A 10-fold cross-
validation was applied. Performance was reported using
Precision, Recall, F1-score, Accuracy, and Time.

4.2. Drowning detection classification dataset results
4.2.1. Performance of proposed feature fusion

Table 2 demonstrates the results of the proposed feature
fusion results on drowning detection dataset. The highest
accuracy of 99.4% was achieved with MNN classifier and
66.329(s) and the values of precision rate of 99.3, recall rate
of 99.4 and F1- Score of 99.4, respectively. The figures of
the rest of the classifiers are also estimated, and the most
successful MNN is selected. The confusion matrix provided
in Figure 9 displays the findings obtained following the
fusion of the features.

4.3. Proposed feature optimization results
The optimized feature set (FPA-selected) improved

efficiency while maintaining high accuracy. The results
are summarized in Table 3, with MNN achieving 99.4%
accuracy at 66.329 s. The confusion matrix of the case is
shown in Figure 10.

Figure 9: Confusion matrix after feature fusion.

Table 3: Feature optimization results on drowning detection
dataset.

Classifier Prec. Rec. F1 Acc. Time (s)

NNN 99.1 99.1 99.1 99.1 57.302
MNN 99.3 99.3 99.3 99.4 66.329
WNN 99.3 99.3 99.3 99.4 76.833
BNN 98.8 98.8 98.8 98.9 84.406
TNN 98.9 98.9 98.9 99.0 121.03

Figure 10: Confusion matrix after feature optimization.

4.4. Comparison study
A comparison with other existing techniques is pre-

sented in Table 4, which contrasts the proposed strategy
with some of the contemporary approaches. Methodologies
provided a multi-fractal and fusion strategy and achieved
an accuracy of 85.0%, 85.6%, and 96.7%. The authors
of this study employed CNN network-based design. The
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Table 4: Comparison with existing techniques.

Study Method Accuracy (%)

Chan et al. [5] AlexNet 85.0
Handalage et al. [2] YOLO 85.6
Hasan et al. [3] MobileNet 96.7
Proposed ResNet50 +

ResNet18 + FPA
99.4

fusion approach and CNN-based architecture were applied.
The accuracy of the suggested framework was 99.4% when
it came to the drowning detection classification data set.
These figures demonstrate the degree of accuracy improve-
ment over the current methods.

5. Conclusion and future scope

5.1. Conclusion
In this work, the dire need for efficient preventive mea-

sures is highlighted by the concerning global data that
show drowning to be one of the top causes of death for
children between the ages of one and fourteen. This work
addresses this critical issue by introducing a state-of-the-art
drowning detection system that is based on deep learning
and computer vision. Applying the Flower Pollination Al-
gorithm and two trained models, ResNet50, and ResNet18,
the unprecedented training accuracy of 99.4 was attained.
Our proposed solution is placed in the group of effective
and reliable methods of early drowning detection due to
its great level of accuracy. Efficiency of the system is re-
flected not only on its greater prediction accuracy but also
low cost of processing which is greater than that of other
existing procedures. Our drowning identification device is
a possible alternative to reduce the tragic consequences of
drowning incidents, particularly in the most susceptible
population clusters such as children, with the help of inno-
vative technologies such as convolutional neural networks
and innovative algorithms. Installation of such systems and
further enhancement could be a significant change in the
number of accidental drowning cases which are happening
across the globe and increased community access to water.

5.2. Future scope
The main aspects of future research are likely to concen-

trate on the system validation in divers, real world aquatic
conditions and utilization of more diverse datasets in or-
der to capture the larger scope of the realistic situations.
It might be useful to integrate the real time surveillance
architecture and use lightweight models that are optimized
to the the edge devices further to make the systems more
practical. In addition, the multimodal search of the multi-
modal methods such as thermal, audio and physiological
indicators can enhance the general robustness and early
detection.
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