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ABSTRACT
Swimming, while a popular activity worldwide, poses significant safety risks, with drowning being a leading cause of accidental 
death, particularly among youth. Traditional surveillance methods, such as lifeguard monitoring, are prone to fatigue and high 
costs, highlighting the urgent need for automated drowning detection systems. This study explores the application of the 
YOLOv11 model, a state-of-the-art one stage object detector, for real-time drowning detection. To enhance its suitability for 
edge devices, this paper introduces a lightweight C3K2 module through structural improvements and incorporates a BiFPN 
architecture into the neck network. These modifications reduce the number of parameters and enhance the inference speed of 
the model. Experimental results demonstrate that the pruned YOLOv11 model achieves a high mean average precision (mAP) on 
a custom dataset containing three critical categories (drowning, swimming, and floating). The study validates the feasibility of 
the proposed approach, which effectively balances performance and efficiency, and provides a practical, scalable solution for 
enhancing water safety through intelligent surveillance.
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1　Introduction

Swimming remains one of the most popular physical activities worldwide, yet it continues to pose significant safety 
risks [1]. With rising summer temperatures, the number of people swimming in both open and enclosed venues has 
increased—and consequently, so have drowning incidents. According to World Health Organization (WHO) statistics from 
2024, drowning accounts for approximately 300,000 fatalities annually, making it a critical global health issue [2]. In China, 
it is the leading cause of accidental death among children and adolescents [3]. These alarming figures underscore the 
urgent need for more effective safety mechanisms, especially in aquatic environments.

Currently, many swimming facilities rely primarily on human lifeguards for surveillance. This approach is not only labor-
intensive and costly but also susceptible to limitations such as visual fatigue, distractions, or difficulties in monitoring 
large crowds. As a result, a considerable number of drowning incidents go undetected until it is too late [4]. This gap has 
motivated research into automated drowning detection systems that can operate reliably in real time, thereby 
complementing or even replacing traditional human oversight. Early approaches to drowning detection often depended 
on physical sensors, such as pressure-based wearable devices or underwater acoustic sensors [5]. While useful in specific 
scenarios, these methods require users to wear equipment, which may be intrusive, prone to consumption or damage, 
and limited in coverage. More recently, computer vision-based techniques have emerged as a non-invasive and highly 
scalable alternative [6]. These methods leverage surveillance cameras and deep learning algorithms to analyze swimmers ’  
behavior without any physical contact. Within computer vision, object detection models are broadly categorized into two-
stage and one-stage frameworks [7]. Two-stage detectors (e. g., Faster R-CNN) first generate region proposals and then 
classify them, yielding high accuracy but at a slower inference speed [8]. In contrast, one-stage models (e. g., the YOLO 
family) perform localization and classification in a single forward pass, making them significantly faster and better suited 
for real-time applications [9]. Some one-stage detectors can be more than three times faster than their two-stage 
counterparts, which is critical in time-sensitive drowning prevention first.

Owing to this need for rapid response, recent research in vision-based drowning detection has largely focused on one-
stage architectures [10]. Based on the improvements of deformable convolution, deformable attention mechanism, 
auxiliary detection heads, and InnerIOU loss function, a Swimming-YOLO model was applied to enhance the accuracy of 
drowning person detection in complex swimming scenarios [11]. A GEF-YOLO model which replaced the C2f modules in 
the backbone with C2f-EMBC modules containing EMBConv was used on detecting drowning risks at sea [12]. While these 
methods marked important advances, they still faced challenges in terms of detection accuracy, robustness under 
complex water conditions, and computational efficiency. YOLOv11 introduces architectural innovations like the C3k2 
module and C2PSA component, significantly enhancing feature extraction capabilities and improving detection accuracy, 
particularly for complex scenes and small objects [13]. It also optimizes model design and training strategies, reducing the 
number of parameters while maintaining high precision and achieving faster inference speeds, thus balancing efficiency 
and performance [13].
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Given these advantages, we adopt YOLOv11 as our primary detection framework for recognizing drowning incidents. 
To further optimize the model for real-time use in edge device environments with limited computational power, we also 
incorporate StarNet and BiFPN to decrease the computation load and the amount of the parameters. The star operation 
possesses the unique advantage of performing computations in a low-dimensional space while simultaneously 
generating high-dimensional features, a characteristic that highlights its significant potential in the design of efficient 
network architecture. StarNet, built upon the star operation, significantly reduces the reliance on manual intervention 
with its minimalist structural design [14]. Despite its simple architecture, it delivers outstanding performance, fully 
validating the effectiveness of the star operation [15]. Furthermore, this work replaces standard convolution layers with 
depthwise separable convolution (DWConv), a common lightweight networking technique, thereby effectively reducing 
the computational complexity of the prediction process [16]. In the Neck component, the introduction of Bidirectional 
Feature Pyramid Network (BiFPN) effectively reduces the parameter quantity by simplifying the network structure and 
optimizing connection paths [17]. Specifically, BiFPN removes nodes with only one input edge and adds extra connections 
between input and output nodes at the same level, thereby eliminating redundant elements while enhancing feature 
fusion efficiency [18]. This streamlined design not only decreases computational complexity but also strengthens 
bidirectional information flow across different scales, contributing to improved model performance.

Overall, by integrating YOLOv11 ’ s state-of-the-art detection capabilities with strategic model improvement, our 
approach realizes a high-performance, real-time drowning detection system that significantly enhances safety in aquatic 
environments. Firstly, applying the YOLOv11 model to drowning detection leads to major breakthroughs in both 
detection speed and accuracy. Secondly, lightweight improvements considerably reduces the model ’ s parameter count 
while further improving detection speed, making it more suitable for deployment on edge devices. This integrated 
solution demonstrates strong potential for practical implementation in real-world aquatic safety monitoring systems.

The rest of the paper is organized as follows. Sec. 2 presents the design of the drowning detection model. Sec. 3 
analyzes the performance of the model. Sec. 4 concludes this paper.

2　Drowning Detection Model Design

2.1　YOLOv11 model introduction

The YOLOv11 model, introduced by the Ultralytics team in 2024 as the latest iteration in the YOLO series, retains the 
three-stage architecture of Backbone-Neck Head while achieving significant performance improvements over its 
predecessors. This paper utilizes YOLOv11 for drowning detection and further applies pruning techniques to enhance its 
rapid response capability.

2.2　Lightweight Modifications to the Backbone component

The star operation typically denotes element-wise multiplication, used to fuse two features, and its mathematical 
relationship can be described by specific Eq. 1.
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In this formula, x ∈ Rd + 1 denote the input feature vector, where the additional dimension accounts for a bias term. Let 
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products of the input components and their corresponding weights, effectively modeling second-order feature 
interactions.

This operation significantly enhances feature representation capability without introducing excessive computational 
overhead in a single-layer structure. StarNet, constructed by stacking multiple star operation layers, effectively maps 
features into a high-dimensional space while maintaining low computational complexity, thereby alleviating the inherent 
trade-off between computational efficiency and model performance in traditional efficient network designs. By 
simplifying the network architecture, StarNet achieves efficient feature representation without relying on complex multi-
branch structures or elaborate fusion mechanisms. In this work, we replace the BottleNet layer in the original C3K2 
module with StarNet to construct a lightweight version named C3K2_light, whose structure is illustrated in Figure 1.

Furthermore, Depthwise Separable Convolution (DWConv), as a common lightweight convolutional technique, 
decomposes standard convolution into depthwise convolution and pointwise convolution, significantly reducing both 
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parameter count and computational burden. To further advance network lightweighting, we replace the standard 
convolutional layers in the Backbone with DWConv structures. The optimized Backbone component is depicted in 
Figure 2.

2.3　BiFPN introduction to the Neck component

In the Neck component, this study replaces the traditional FPN architecture with BiFPN (Bidirectional Feature Pyramid 
Network), an efficient multi-scale feature fusion network optimized based on the conventional Feature Pyramid Network 
(FPN). BiFPN introduces efficient bidirectional cross-scale connections, allowing information to flow and integrate more 
effectively between features of different scales through both top-down and bottom-up paths. This design enables a more 
comprehensive combination of multi-scale features. The network structure is simplified by removing nodes with only one 
input edge and adding extra connections between original input and output nodes at the same level. Each bidirectional 
path is treated as a feature network layer and can be repeated multiple times to achieve higher-level feature fusion while 
reducing parameters. Furthermore, BiFPN incorporates weighted feature fusion, introducing learnable weights to assess 
the importance of different input features, thereby enhancing the effectiveness of feature integration. By adopting BiFPN, 
the model achieves a further increase in inference speed and a reduction in parameter count, effectively meeting the 
requirements for network lightweight design.

3　Result and analysis

3.1　Experimental Environment and Dataset

The experimental environment of this study: a 64-bit Ubuntu 20.04 operating system, with an Intel(R) Xeon(R) Gold 
6330 CPU, and an NVIDIA GeForce RTX 3090 GPU with 24GB VRAM, along with ample system RAM. The programming 
language used was Python 3.8. The experiment was conducted using a deep learning framework based on PyTorch 2.0.0 
and run in an NVIDIA GPU environment, specifically utilizing CUDA 11.8 and the cuDNN acceleration library to ensure 
compatibility. The primary dependency was the Ultralytics YOLO library for model training and validation. During training, 
the batch size was set to 16, the initial learning rate was 0.001, the weight decay coefficient was 0.01, and the momentum 
was 0.95. These parameters were adjusted using the SGD optimizer, and Automatic Mixed Precision (AMP) was enabled to 
accelerate training and reduce GPU memory usage. The number of iterations (epochs) for the model was set to 60, while 
the input image size was specified as 640x640 pixels, and the number of data loading workers was set to 0 to avoid 

Figure 1　C3K2_light

Figure 2　Improved Backbone Component
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potential conflicts in parallel processing. The dataset used in this experiment is a swimming and drowning detection 
dataset, which includes three annotated categories: drowning person, swimming person, and person floating on the 
water surface. The scenes are set in an indoor swimming pool. The dataset comprises a total of 8572 images, with 7000 
images in the training set, and 1572 images each in the validation set and test set.

3.2　Performance Evaluation Indicators

This paper selects mAP (mean Average Precision), Parameters, and FLOPs (computational load) as the key metrics for 
evaluating the performance of YOLOv11 combined with pruning technology in drowning detection. Among these, mAP is 
used to measure the detection accuracy of the model, with a higher value indicating better precision. Parameters and 
FLOPs are employed to assess the model ’ s complexity—fewer parameters and lower computational load typically mean 
the model is more suitable for deployment in edge device environments with limited computing resources.

3.3　YOLOv11 Feasibility Analysis

By applying the YOLOv11 model to drowning detection, this study preliminarily validates its feasibility in this scenario; 
it demonstrates high accuracy and recall rates in recognizing three key states (drowning, swimming, and floating). The 
performance result can be seen in Table I. However, the YOLOv11 model still has considerable room for optimization in 
terms of detection speed and parameter quantity, especially when facing challenges in computational efficiency and real-
time performance for deployment on edge devices. To address this, this study employs lightweight improvement to the 
original model, reducing redundant parameters and computational load through improving the backbone and neck 
component, significantly improving inference speed while maintaining accuracy, thereby enhancing the model ’ s 
adaptability in resource-constrained edge device environments.

3.4　Comparison of Model Improvements Before and After

Through the lightweight improvements, this study effectively reduced the parameter count and computational 
complexity of the YOLOv11 model while largely maintaining or even slightly improving its detection accuracy (Table. I). 
Specifically, by introducing the C3K2 module to reconstruct the backbone network for lightweight purposes, the model 
achieved a significant reduction in both parameters and computations, alongside a certain improvement in detection 
accuracy, with the decrease in computational complexity being particularly notable. Furthermore, after integrating the 
BiFPN structure into the feature fusion network, although the accuracy metrics showed a slight decrease compared to the 
C3K2 version, they remained superior to the original YOLOv11 model, and the model ’ s parameter size was further 
compressed. This series of structural optimizations enabled the model to achieve a better balance between efficiency and 
accuracy.

Figure 3 and 4 respectively present some test sample visualization labels and detection results of the drowning 
detection model used in this study under real swimming pool scenarios. The figures intuitively demonstrate the model ’ s 
recognition effectiveness for various water behaviors such as swimming, floating, and drowning. Each sample image is 
annotated with the behavior category predicted by the model and its corresponding confidence score. As shown in the 
figures, the model can effectively distinguish between different poses and maintain high detection accuracy in complex 
water environments, verifying the practicality of the algorithm proposed in this paper for real-world applications.

Table 1　Drowning detection model performance

Model
YOLOv11n
+C3k2_Light
+C3k2_Light+BiFPN

P/%
95.3
96.9
96.3

R/%
95.7
97.3
97.1

mAP50/%
97.9
98.9
98.6

mAP50-95/%
69.8
72.9
74.0

Params/106

2.58
1.91
1.49

GFLOPs
6.3
4.9
4.4

Figure 3　Sample Visualization Labels

232



Theory and Practice of Science and Technology

4　Conclusion

This study focuses on drowning detection based on YOLOv11 and model lightweighting improvements, aiming to 
enhance the automation level and real-time performance of water area safety monitoring. The results demonstrate that 
the optimized YOLOv11 model achieves high accuracy and recall rates in recognizing three critical states: drowning, 
swimming, and floating. Meanwhile, the model lightweighting improvement significantly reduces both the model 
parameter count and computational complexity. The compressed model improves inference speed while maintaining 
accuracy, proving its feasibility for deployment on edge devices. Future work may explore multi-modal sensor fusion, 
robustness optimization in complex environments.
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