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Abstract: Accurate target identification of UAV (Unmanned Aerial Vehicle)-captured images is a
prerequisite for maritime rescue and maritime surveillance. However, UAV-captured images pose
several challenges, such as complex maritime backgrounds, tiny targets, and crowded scenes. To
reduce the impact of these challenges on target recognition, we propose an efficient maritime rescue
network (EMR-YOLO) for recognizing images captured by UAVs. In the proposed network, the
DRC2f (Dilated Reparam-based Channel-to-Pixel) module is first designed by the Dilated Reparam
Block to effectively increase the receptive field, reduce the number of parameters, and improve
feature extraction capability. Then, the ADOWN downsampling module is used to mitigate fine-
grained information loss, thereby improving the efficiency and performance of the model. Finally,
CASPPF (Coordinate Attention-based Spatial Pyramid Pooling Fast) is designed by fusing CA
(Coordinate Attention) and SPPF (Spatial Pyramid Pooling Fast), which effectively enhances the
feature representation and spatial information integration ability, making the model more accurate
and robust when dealing with complex scenes. Experimental results on the AFO dataset show that,
compared with the YOLOv8s network, the EMR-YOLO network improves the mAP (mean average
precision) and mAP50 by 4.7% and 9.2%, respectively, while reducing the number of parameters
and computation by 22.5% and 18.7%, respectively. Overall, the use of UAVs to capture images and
deep learning for maritime target recognition for maritime rescue and surveillance improves rescue
efficiency and safety.

Keywords: maritime surveillance; maritime rescue; small target identification; deep learning

1. Introduction

Maritime transport is one of the most important modes of transport worldwide. Ac-
cording to UNCTAD (https://unctad.org/rmt2022, accessed on 24 April 2024), in 2021,
approximately 80% of global trade in products was transported via the sea. Because of the
high volume of maritime activity, accidents at sea are inevitable. According to the Euro-
pean Maritime Safety Agency’s (EMSA) [1] Annual Overview of Maritime Casualties and
Accidents 2023, 2510 maritime casualties and accidents occurred in 2022, with 597 people
injured. Maritime accidents have a serious impact on the country’s economic development,
marine ecosystems, and crew members’ lives, causing significant property damage and fa-
talities. As a result, research and development of maritime rescue identification technology
is critical for monitoring ships at sea and detecting people overboard promptly to reduce
the impact of maritime accidents.
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Traditional maritime rescue [2] techniques primarily include radar search, sonar
identification, radio communication, and visual search. These methods are inefficient,
provide limited coverage, are affected by the natural environment, and pose a high risk. To
address these issues, integrating deep learning-based UAV target recognition algorithms
on ships at sea can provide critical information in ship path planning, such as the location
of individuals overboard, obstacles at sea, and maritime traffic conditions. Intelligent
planning of ship pathways can be achieved through the collaboration between UAVs and
ships to enhance the efficiency and safety of ship navigation at sea, with enormous potential
and advantages in sectors such as maritime search and rescue [3], maritime surveillance [4],
and so on. UAVs have greater flexibility and a wider field of view than traditional rescue
methods, which not only save resources but also improve rescue efficiency and contribute
significantly to maritime safety. Our research is dedicated to enhancing the accuracy of
maritime target detection using UAV-captured imagery.

In recent years, numerous researchers have used deep learning to identify maritime
targets. However, the application of maritime target recognition algorithms to UAVs may
face the following issues. First, in real maritime environments, there are frequently complex
situations such as sea fog, low light at night, and exposure, which result in blurred or
distorted images. Second, UAVs fly at high altitudes and record images with a large
number of small targets, resulting in a single type of feature. Third, the UAV’s lack of
internal storage space and computational resources might cause issues such as model
deployment difficulties and poor real-time processing capabilities. Consequently, this
study focuses on how to use advanced target identification algorithms and techniques for
maritime UAVs to improve the accuracy and efficiency of maritime rescue and provide
more reliable support for it.

Traditional target identification algorithms have seriously affected efficiency because
of the cumbersome identification process, resulting in the gradual fading out of mainstream
application areas. Target recognition algorithms based on deep learning gradually demon-
strate their advantages. Among these, the YOLO [5] series, as a typical representative
of single-stage target recognition, is widely used in UAV target recognition [6] due to its
characteristics of real-time recognition, fewer parameters, and less computation. In this
paper, we present an improved version of the YOLOv8 model named EMR-YOLO, which
achieves higher accuracy and faster identification speed than those of the original YOLOv8s
model, making it well suited for detecting targets in images captured by UAVs.

To achieve efficient maritime target identification on UAV-captured images for mar-
itime rescue and maritime surveillance, our contributions are as follows:

1. EMR-YOLO is proposed as a target identification method for maritime rescue. Exper-
imental results show that the method performs better than existing state-of-the-art
methods.

2. In the proposed network, the DRC2f module is designed by improving the C2f
module of the backbone network using a Dilated Reparam Block to better capture
global information and enhance the feature extraction capability.

3. The ADOWN downsampling module is used to obtain shallow feature information,
enabling a more complete extraction of feature information.

4. To avoid loss of feature information, CASPPF is designed by fusing the CA and
SPPF, which effectively enhances the information fusion of different layers of features,
making the model more accurate in dealing with complex scenes.

2. Related Work
2.1. Current State of Research on Maritime Rescue Identification

In recent years, algorithms for maritime rescue identification based on deep learning
have become more popular. Earlier, Ran [7] proposed marine target identification based
on multispectral analysis to address rescue challenges in complex sea areas and extract
information about people in the water by analyzing the visible and near-infrared spectra.
In 2019, Zheng [8] proposed using humans and UAVs to assist in searches in complex
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environments, significantly reducing the time required for human rescuers to locate targets.
In 2021, Leira et al. [9] investigated a multi-target identification system for search UAVs,
where multiple targets can be detected and localized in real time by one search UAV.
With advancements in target identification technology, the YOLO series has gradually
become the mainstream algorithm for maritime target identification. In 2021, Sun et al. [10]
proposed a USV sea surface target identification algorithm based on an improved feature
fusion network with YOLOv4 as the baseline. This method achieved an inference speed
of 36 FPS and the capability of detecting sea surface objects of varying sizes in complex
weather conditions. In 2022, Bai [11] improved the YOLOV5s algorithm and proposed
a lightweight network to search for people overboard. In 2023, Yang [12] improved the
YOLOV5s maritime target identification algorithm by effectively balancing the accuracy
and efficiency of target identification. Zhang [13] proposed an improved algorithm for
maritime SAR identification in 2023 by making improvements to YOLOv7. This improved
algorithm reduced the effects of low light and sunlight reflection on the identification
model and increased its robustness. However, the large size of the model and its slow
identification speed make it unsuitable for UAV deployment. Despite the wide application
of target identification algorithms in UAV images, UAV-captured images at sea still face
challenges such as small targets and complex backgrounds.

The efficiency of the rescue process at sea is significantly improved by the combination
of the drone and the ship, with the information recognized by the drone being passed
on to the ship. With their advantages of good maneuverability, wide search range, and
fast positioning, UAVs can achieve high-precision identification of people, ships, and
obstacles in the water, thereby improving the accuracy and safety of ship path planning,
and increasing the success rate of rescuing people in distress. Therefore, deep learning-
based target identification methods offer improved potential for marine search and rescue.

2.2. Current State of Deep Learning-Based Target Identification Research

Geoffrey Hinton [14] introduced the concept of deep learning in 2006, and the disci-
pline of deep learning rapidly evolved over the next decade, with researchers beginning
to apply it to solve picture problems. In 2012, Hinton’s team [15] developed the AlexNet
architecture, a model utilizing convolutional neural networks. This model significantly
established CNNs as a prominent tool in the field of computer vision. Currently, deep
learning-based target identification algorithms are classified as either two-stage or single-
stage depending on the presence or absence of a separate region selection module.

R-CNN [16] is a target identification technique introduced by Girshick et al. in 2013. It
is a two-stage algorithm utilizing convolutional neural networks for target detection. This
algorithm employs a candidate region approach, resulting in a notable improvement in
accuracy. Nevertheless, the R-CNN algorithm suffers from a clear drawback: The presence
of overlapping target candidate regions causes computational redundancy during the CNN
feature extraction phase, leading to reduced detection speed. As convolutional neural
networks continue to evolve. Girshick proposed the Fast R-CNN [17] technique in 2015,
which uses a fully connected layer and an RoI pooling layer to speed up the detection
process and anticipate and locate the target, thus improving processing efficiency. However,
the inclusion of the fully connected layer increases the computational parameters, which
is unfavorable for hardware deployment. In the same year, Ren et al. introduced the
Faster R-CNN [18] technique, which addresses the issue of time-consuming candidate area
selection by utilizing the Region Proposal Network (RPN). This improvement enhanced
the real-time target identification capability. However, there remains computational redun-
dancy in the detector step. Although the two-stage target detection algorithm has higher
accuracy, its lengthy candidate frame generation time and complex model structure limit
its real-time detection capabilities and make it unsuitable for practical applications.
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Single-stage target detection algorithms differ from two-stage algorithms in that they
can regress directly on the input image to compute the prediction frame and target category
in real time. The most representative algorithms are the SSD [19] and YOLO [5] series.
In 2016, Redmon et al. [5] published the first YOLO algorithm, YOLOv1. This approach
employs a single neural network to forecast the category probabilities and bounding box
coordinates of the entire image simultaneously, allowing for end-to-end optimization.
However, the algorithm has significant limits in dense scenes. In 2017, Redmon et al. [20]
proposed the YOLOv2 algorithm, which improves YOLOv1 by replacing the AlexNet
feature extraction network with DarkNet19 [21], thereby improving model performance. In
2018, Redmon et al. [22] proposed the YOLOv3 algorithm using DarkNet53 as a feature
extraction network, along with FPN [23] (Feature Pyramid Network), to fuse features
through a top-down unidirectional in-formation flow path. Furthermore, detection is
performed on the three feature layers obtained through feature fusion to effectively detect
objects of varying sizes and improve model robustness. In 2020, Bochkovskiy et al. [24]
proposed the YOLOv4 algorithm, which employs CSPDarknet53 as a feature extraction
network that maintains a high inference speed while maintaining high accuracy to better
handle complex scenes. Then, in 2022, Li et al. proposed YOLOv6 [25], which significantly
improves model performance by utilizing SimSPPF and SIOU, as well as by constructing a
Rep-PAN structure, allowing the model to perform multi-scale fusion while reasoning at
high speed. In 2023, Wang proposed the YOLOV7 [26] algorithm, which uses an efficient
ELAN network architecture to obtain rich feature information and improve the model’s
identification accuracy. Due to its effective trade-off between speed and precision, the single-
stage target detection algorithm is suitable for implementation in real-world applications.

Compared to the two-stage target detection algorithm, the single-stage target detection
method may treat the detection task as a regression problem, allowing for end-to-end
training with the benefits of quick detection speed, small model size, and low computation
cost. Therefore, in this paper, a single-stage detection algorithm is used to realize the
detection of UAV-captured images.

2.3. Principles of the YOLOv8 Algorithm

YOLOv8 is an enhanced iteration of YOLOv5, which was made publicly available
by Ultralytics (https://github.com/ultralytics/ultralytics, accessed on 20 June 2024) in
January 2023. YOLOv8 has five versions based on network depth and width: YOLOv8n,
YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x. To strike a balance between accuracy
and model size, in this article, YOLOv8s serves as the baseline model for detecting images
acquired by maritime UAVs.

In Figure 1, the YOLOv8 network architecture is illustrated. Following data prepro-
cessing to resize the input image to 640 × 640 × 3, data enhancement is implemented on
the image. The network is divided into three main components: the backbone, neck, and
detection head.

Backbone network: As its backbone network, YOLOv8 makes use of Darknet-53. Five
downsamplings are performed on the input feature map to generate five distinct scale
features ranging from P1 to P5. In relation to the C3 structure of YOLOv5 and the ELAN
structure of YOLOv7, YOLOv8 develops a novel C2f structure. This enables the integration
of features at various scales, which improves the network’s representation of the features
and enriches the gradient flow information. The CBS module applies convolution, BN, and
SiLU activation function operations on the input information to get the output results.

https://github.com/ultralytics/ultralytics
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Figure 1. Structure of YOLOv8.

Neck network: To establish the backbone and neck connection, the neck network
employs the Spatial Pyramid Pooling Fast (SPPF) module to transform feature maps of
variable size into feature vectors of consistent size. SPPF reduces computation and increases
speed in comparison to the spatial pyramid pooling (SPP) [27] structure by progressively
connecting the three largest pooling layers. At the same time, to improve the model’s
identification performance, the Neck section employs the PANet [28] architecture, which
enhances the network’s capability of fusing features of targets with varying scaling scales
and is utilized to propagate feature information and merge features of different levels.

Head network: Detection and classification are separated using a decoupled header
structure. Additionally, the Anchor-Free algorithm replaces the previous Anchor-Based
algorithm, which significantly decreases computation time and improves speed without
compromising accuracy.

3. Methodology

This section provides a full discussion of the Efficient Maritime Rescue Identification
(EMR-YOLO) method. Figure 2 depicts the network structure diagram of EMR-YOLO.
First, to improve its feature extraction and capture global information, we use the Dilated
Reparam Block [29] to improve the C2f module in the backbone of the model. Subsequently,
the downsampling method used in the networking is changed from Convolutional Module
to Adown to reduce the problem of information loss due to downsampling. In addition,
the CA attention mechanism [30] is integrated into the SPPF module, which can suppress
the background information in the feature map, effectively enhancing the recognition and
improving the accuracy and robustness of identification. These enhancements improve the
precision of rescue identification in UAV-captured images at sea. The experimental results
indicated that EMR-YOLO improved mAP50 by 9.2% compared to YOLOv8s.
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3.1. DRC2f

The C2f module of YOLOv8 consists of Bottleneck and CBS, which have redundant
computation and insufficient feature extraction. To solve these problems, this paper im-
proves the bottleneck of the C2f module using the Dilated Reparam Block [29] and designs
an accurate and lightweight feature extraction module DRC2f, as shown in Figure 3a. This
module achieves a lightweight design and obtains a good feature extraction capability.
The receptive field can be enlarged while reducing the number of parameters, thus better
capturing global information of the input data and improving the accuracy of the model at
the same time.
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The DR Block consists of a Conv layer and a Dilated Reparam Block layer, as shown in
Figure 3b. The working principle of the Dilated Reparam Block is shown in Figure 4.
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The Dilated Reparam Block module of the UniRepLKNet network [29] utilizes a com-
bination of dilated convolution and reparameterization techniques to break down a large
non-expanded convolutional kernel into a smaller non-expanded kernel and several smaller
expanded kernels. First, dilation convolution is used through the dilation rate, which helps
to capture sparse features and generate higher-quality features. The receptive field of the
convolution kernel is expanded to capture a wider range of contextual information. Second,
a reparameterization process is implemented to nonlinearly transform the convolution
output, providing supplementary parameters and nonlinear functions. The objective of
this approach is to augment the model’s expressive capacity and enhance its capability to
capture input features.

To eliminate the inference cost of the dilated convolution, the entire block is treated as
a non-dilated convolution. Let k be the kernel size of the dilated layer. By inserting zero
entries, the equivalent kernel size of the non-dilated layer is (k − 1)r + 1. A transposed
convolution to implement the original convolution kernel W ∈ Rk×k with a step size of r.
The dilated convolution kernel is actually equivalent to inserting (r − 1) zeros between the
elements of the original convolution kernel, obtaining the transformation of the convolu-
tion kernel W′ ∈ R((k−1)r+1)×((k−1)r+1), realizing the expansion of the convolution. The
transposed convolution (conv_transpose 2d) function uses weight sharing so that even as
the size of the convolution kernel increases, many positions are filled with zeros. No large
convolution kernel is used directly, and the actual amount of calculation does not increase.
As shown in Equation (1), with the PyTorch-style pseudo code:

W′ = conv_transpose 2d(W, I, stride = r) (1)

Among them, the dilation rate in the transposed convolution is dilation rate = r, and
the dilation rate refers to the number of holes inserted between the convolution kernel
elements during the convolution operation. Formula (1) first upsamples the original
convolution kernel W ∈ Rk×k to expand the size of the convolution kernel. Secondly,
the use of the unit convolution kernel I ∈ R1×1 ensures that the transposed convolution
operation only upsamples the original weights while maintaining the characteristics of
the original convolution kernel W, and only expands the receptive field of the convolution
kernel by inserting zeros. For a given arbitrary W ∈ Rk×k and arbitrary input channels, the
convolution of W and r always produces the same result as the non-dilated convolution
with W’.

UniRepLKNet is a large kernel convolutional neural network with its Dilated Reparam
Block module offering multiple parameter configurations, and its network experiments are
set up with a large convolutional kernel with k = 13, k = (5, 7, 3, 3, 3, 3), and r = (1, 2, 3, 4, 5),
and equivalent kernel sizes of (5, 13, 7, 7, 9, 11), respectively. where the kernel size
and expansion of the parallel branches are bounded by (k − 1)r + 1 ≤ K. Since our
experiments require a smaller computational cost, we have selected smaller convolutional
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kernel configurations K = 7, r = (1, 2, 3), k = (5, 3, 3), and the equivalent kernel sizes will be
(5, 5, 7), respectively, as shown in Figure 4.

3.2. Adown

Downsampling is crucial in target recognition, as it reduces the size of the feature map
while retaining important feature information. Additionally, downsampling reduces the
computational load and the number of parameters, thereby speeding up the training and
inference processes of the network. Convolution (Conv) is used for downsampling in the
YOLOv8 network, which results in the loss of fine-grained information while reducing the
size of the feature map. The sea rescue dataset in this study contains a large number of
small targets and lacks redundant information, so the loss of fine-grained information will
significantly affect the model’s detection performance [31]. Therefore, we adopt the Adown
downsampling module from the YOLOv9 [32] project to improve YOLOv8, as shown in
the EMR-YOLO structure diagram in Figure 2. The structure of the Adown module is
illustrated in Figure 5.
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First, the input feature map is downsampled using average pooling to reduce its size
by half. After downsampling, the feature map is partitioned into ×1 and ×2 parts along
the channel dimension. Then, a 3 × 3 convolution operation is applied to ×1 for feature
extraction and dimensionality reduction of the feature map. Max pooling and a 1 × 1
pointwise convolution are applied to ×2 to increase nonlinear feature representation and
further reduce dimensionality. Finally, the two partial feature maps after convolution are
joined together to produce the output of the ADown module.

In contrast to standard convolutional downsampling, the ADown module uses a
combination of max and average pooling during the downsampling process, allowing
for a more thorough extraction of feature information. Additionally, the ADown module
employs a multi-branch structure that enhances the network’s flexibility while better
acquiring feature data at various scales. This method of varied downsampling aids in
enhancing the model’s characterization capacity.

3.3. CASPPF

The function of SPPF is to obtain multi-scale features by splicing together the outputs
of each of the three max pooling layers of 5 × 5 size. This process may result in information
loss, particularly given the small size of maritime objects detected by UAVs and the
complexity of environmental changes, which could make it difficult to accurately localize
the target. To improve the model’s identification and localization skills and prevent the
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deep network from losing target feature information during input processing, the CA
attention module is incorporated into the SPPF module. as depicted in Figure 6.
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The CA module improves feature representation by embedding spatial location infor-
mation into channel information, allowing the network to fully consider the relationship
between feature map channels and spatial locations, adaptively adjusting the importance
of each feature during fusion, and ignoring the interference of irrelevant background in-
formation. Compared with the SE [33] and ECA [34] attention mechanisms, which focus
only on channel information, the introduction of the CA attention mechanism in the SPPF
module efficiently focuses on both spatial and channel information to improve the accuracy
and robustness of target recognition. The CASPPF module with the added CA attention
mechanism can obtain higher performance with less computational cost. Figure 7 depicts
the configuration of the CA module.
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The CA attention process is primarily separated into two stages: coordinate informa-
tion embedding and coordinate attention generation.

In the first step, coordinate information embedding. The input feature map X of size
C × H × W undergoes average pooling for the h and w directions, yielding direction-aware
feature maps zh

c (w) and zw
c (w) in the horizontal and vertical directions, respectively. As

shown below.
zh

c (h) =
1

W ∑0≤i<W xc(h, i) (2)

zw
c (w) =

1
H ∑

0≤j<H

xc(j, w) (3)

In the second step, coordinate attention is generated. coordinate attention is generated.
The feature maps of zh

c (w) and zw
c (w) specific orientation information are subjected to

a Concat operation, downscaled by a shared 1 × 1 convolution, and then the nonlinear
activation function σ yields the intermediate feature vector f ∈ RC/r×(H+W), where r is the
downsampling scale factor:

f = δ(F1([zh, zw])) (4)

Then, after upscaling using two 1 × 1 convolutions and then combining with the
Sigmoid activation function σ, the attention weights gh and gw of the feature map X in the
horizontal and vertical directions are obtained as follows:
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gh = σ(Fh( f h)) (5)

gw = σ(Fw( f w)) (6)

Finally, a weighted multiplication operation is performed by outputting the feature
map with the feature weights. The following equation is used:

yc(i, j) = xc(i, j)× gh
c (i)× gw

c (j) (7)

The SPPF module, incorporating the CA attention mechanism, emphasizes the features
of interest while suppressing useless information in the feature map, effectively enhanc-
ing the network’s anti-interference and target localization problems, and improving the
accuracy and robustness of target identification.

4. Testing and Analysis
4.1. Dataset

The AFO dataset [35] is utilized as a maritime rescue dataset in this article. The
dataset comprises 3647 images and 39,991 labeled objects, all of which were obtained from
50 video clips captured by unmanned aerial vehicles (UAVs) at resolutions spanning from
1280 × 720 to 3840 × 2160. The training set has 67.4% of the objects in the dataset, followed
by the validation set with 13.48% of the objects and testing with 19.12% of the objects.
The target categories contain six categories: people, surfboards, boats, buoys, sailboats,
and kayaks. To prevent model overfitting, test set images consist of frames collected from
videos that were not utilized in the training and validation sets.

Figure 8 depicts the basic information of the training set, which is divided into four
parts: the number of categories in the upper left corner, the location of the target’s center
point in the image in the lower left corner, the size of the target frame in the upper right
corner, and the aspect ratio of the target relative to the original image in the lower right
corner. The dataset contains an abundance of crowded images and a significant number of
small targets with an uneven distribution of categories.
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4.2. Test Environment

Training parameter settings are crucial in the model training process and have a
significant impact on final detection accuracy. To ensure fairness in the comparison, this
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paper uses consistent parameters. The input image size affects feature extraction and
computational complexity. To ensure detection accuracy, an input image of 640 × 640 pixels
is selected. The batch size is set to 8. A smaller batch size allows for more parameter updates,
leading to more stable model convergence. The number of training rounds (Epoch) is set
to 200, meaning the model is fully trained 200 times. An appropriate number of training
rounds can save computing resources and avoid the risk of overfitting. The learning rate is
set to 0.001, and the momentum factor is 0.937 to adjust the convergence speed and training
stability. The hardware and software environments used in the experiment are shown in
Table 1.

Table 1. Experimental configuration.

Configuration Version

CPU I5-13490F
GPU Nvidia Geforce RTX 4070
RAM 32G

Operating system Windows 11
Computing Device Architecture (CUDA) version 12.3

Library 1.13.0
Python version 3.9.17

4.3. Evaluation Index

To validate the enhancement’s efficacy, performance indices are used to compare the
improved model to the dominant mainstream algorithms for target identification. Under
the same software and hardware environment, the same experimental parameters are set,
and the AFO dataset is used. The performance of the model is assessed in this research using
metrics that are frequently employed in target identification algorithms: mean average
precision (mAP), parameters, gig floating point operations per second (GFLOPs), and FPS.
The values of p, R, and mAP are computed, as shown in Equations (8)–(11).

Precision =
TP

TP + FP
(8)

Recall =
TP

TP + FN
(9)

AP =
∫ 1

0
Precision(Recall)d(Recall) (10)

mAP =
1
c

c

∑
i=1

APi (11)

where TP stands for the number of true positive samples and FP for the number of false
positive samples, respectively. FN stands for the number of false negative samples, P for
the precision rate, and R for the recall rate. The precision rate is the proportion of correct
identification results to total detection outcomes, as stated in Equations (8) and (9), while
the recall rate is the proportion of correct detection to all actual results. The mean average
precision (mAP) can provide a more accurate picture of the model’s overall detection
performance compared to precision and recall rates. AP is defined as the area under the PR
curve, and mAP is the average AP of each category. According to the COCO benchmark,
AP is averaged over IOUs ranging from 0.5 to 0.95 in steps of 0.05. AP50 indicates an IoU
(intersection-over-union) threshold of 0.5.

Furthermore, the model’s inference performance is indicated by frames per second
(FPS). The model is deemed to satisfy the requirements for real-time identification if the
FPS surpasses 30. The model complexity is then measured in terms of giga floating point
operations per second (GFLOPs) and parameter count. The smaller the GFLOPs and the
number of parameters, the less computing power is required to represent the model.
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4.4. Performance Comparison and Analysis of Results

To evaluate the capability of the EMR-YOLO algorithm in marine rescue identification,
YOLOv8s and EMR-YOLO are trained under the same experimental conditions. As shown
in Figure 9, the red line represents the YOLOv8s loss function on the validation set during
training, while the blue line represents the EMR-YOLO loss function on the validation set
during training. The EMR-YOLO model has a smaller loss function, indicating that it can
capture target features more accurately.
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Table 2 shows the test results for YOLOv8s and EMR-YOLO. The mAP is 26.4%
for YOLOv8s and 56.3% for mAP50 EMR-YOLO outperforms YOLOv8s on all metrics,
improving mAP by 4.7% and mAP50 by 9.2%, while reducing computation and parameter
count by 18.7% and 22.5%, respectively. The results suggest that the EMR-YOLO method
described in this paper outperforms YOLOv8s for the marine rescue identification of
UAV images.

Table 2. Comparison of the improved models.

Network mAP mAP50 mAR GFLOPs Params (M) FPS

YOLOv8s 26.4 56.3 38.4 28.4 11.1 104
EMR-YOLO 31.1 65.5 40.9 23.1 8.6 89

To further validate the identification performance, experiments were performed on
the test dataset using the YOLOv8s and EMR-YOLO models. The identification results are
shown in Figure 10.

It can be concluded, based on the observations in Figure 10, that EMR-YOLO outper-
forms YOLOv8s in accurately identifying maritime targets in UAV images, particularly in
the presence of similar or small targets. The identification performance of EMR-YOLO in
detecting maritime targets in UAV images is compared with that of YOLOv8s, as illustrated
in Figure 10. When the maritime target is small, fewer features are shown in the image,
which may lead to missed identification and misidentification of YOLOv8s, as shown in
row A in Figure 10. The YOLOv8s miss the identification due to the small size of the
image captured by the UAV. In addition, as shown in row C of Figure 10, the UAV images
acquired during the flight may have white highlights of seawater in the pictures due to
sunlight-induced over-illumination, causing YOLOv8s to misidentify the background as a
person. Due to the complexity of the background and the small size of the target, YOLOv8s
incorrectly recognize the person as a surfboard in the image shown in row B. In row D,
YOLOv8s incorrectly recognized the surfboard as a boat and the person as a surfboard.
In the image in row E, YOLOv8s did not detect the target due to the overexposure of the
image and the overlapping of the moving boat and the waves. These results demonstrate
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that EMR-YOLO has high accuracy, robustness, and anti-interference capabilities, enabling
it to effectively solve the identification problem in complex marine environments.
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4.5. Ablation Test

Ablation experiments with the YOLOv8s model were performed to evaluate the effi-
cacy of the proposed EMR-YOLO model in detecting maritime targets. All of the hardware
environments and parameter settings used for model training remained consistent through-
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out the experiment, and the experimental test results are shown in Table 3. The metrics
mAP and mAP50 represent the accuracy evaluation, while GFLOPs and Params are the
model’s computational and parametric complexity, respectively.

Table 3. Results of ablation experiments.

Network DRC2f Adown CASPPF mAP mAP50 GFLOPs Params (M) FPS

YOLOv8s 26.4 56.3 28.4 11.1 104
M0

√
28.0 57.3 25.8 10.2 101

M1
√

26.7 55.3 25.7 9.5 98
M2

√
28.1 58.6 28.5 11.2 99

M3
√ √

29.5 61.4 23.1 8.5 90
M4

√ √
29.1 58.4 25.8 10.3 90

M5
√ √

26.1 58.9 25.7 9.6 104
M6

√ √ √
31.1 65.5 23.1 8.6 89

Where M0, M1, M2, M3, M4, M5, and M6 denote the addition of DRC2f, Adown,
and CASPPF to the YOLOv8s model, respectively. According to the results in Table 3, the
improved algorithm of the present study effectively improves the accuracy, computation,
and number of parameters compared to the original algorithm. Although the FPS has
decreased, it remains much greater than that required for real-time detection (FPS > 30).
When the DRC2f feature extraction module is introduced into YOLOv8s, mAP, and mAP50
increase by 1.6% and 1.0%, respectively, while the number of GFLOPs and parameters
is reduced by 9.2% and 8.1%, respectively. When the model uses the improved CASPPF,
the mAP50 increases from 56.3% to 58.6%, but the GFLOPs increase by only 0.1. The
computational effort and parameters of the model were reduced when using Adown
downsampling. We then conducted a fusion experiment of the two methods separately.
In the M3 experiment, mAP and mAP50 increased by 3.1% and 5.1%, respectively, while
maintaining the least GFLOPs and parameters. The remaining two methods also show
improvement, proving the effectiveness of our improved methods. Finally, the EMR-YOLO
model, obtained by combining the three improved methods, increases the mAP50 from
56.3% to 65.5% compared to the conventional YOLOv8s. In summary, all three improvement
schemes enhance the identification accuracy of the model, and the target identification task
of UAV images can be better realized using the EMR-YOLO algorithm.

4.6. Comparison Experiments

On the AFO test set, we compare the improved EMR-YOLO some advanced techniques,
including YOLOv3, SDD, YOLOv5s, YOLOv7, YOLOv8s, and YOLOv8m models. The
performance test results are shown in Table 4.

Table 4. Comparative analysis of different target detection models.

Network mAP mAP50 GFLOPs Params (M)

YOLOv3 24.4 53.1 40.5 61.6
SDD 31.0 69.4 338 24.4

YOLOv5s 22.2 50.4 15.8 7.0
YOLOv7 30.5 60.4 103.2 36.5
YOLOv8s 26.4 56.3 28.4 11.1
YOLOv8m 28.4 56.9 78.7 25.8

EMR-YOLO 31.1 65.5 23.1 8.6

As can be seen from Table 4, EMR-YOLO has the best combined performance in
mAP, GFLOPs, and Params. Compared with YOLOv3, YOLOv5s, YOLOv7, YOLOv8s,
and YOLOv8m, the mAP50 of EMR-YOLO improves by 12.4%, 15.1%, 5.1%, 9.2%, and
8.6%, respectively. EMR-YOLO had 43%, 93.2%, 77.6%, 18.7%, and 70.6% fewer GFLPOs
than YOLOv3, SDD, YOLOv7, YOLOv8s, and YOLOv8m, respectively. Compared to
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YOLOv3, SDD, YOLOv7, YOLOv8s, and YOLOv8m, the parameter quantity in EMR-YOLO
decreased by 86%, 64.8%, 76.4%, 22.5%, and 66.7%, respectively. Although YOLOv5s have
fewer parameters and GDLOPs than EMR-YOLO, EMR-YOLO is superior to YOLOv5s,
considering the accuracy of the algorithm. SDD has the best performance on mAP50, but
the amount of computation and parameterization is too large for deployment in the model.

For the UAV platform with small hardware space and low arithmetic power, the
improved model in this paper not only occupies small hardware space and meets the frame
rate for real-time detection but also improves identification performance and better realizes
the identification task. In summary, EMR-YOLO is a high-precision target identification
algorithm suitable for realizing sea rescue with maritime UAVs.

4.7. Visualization Analysis

To visually demonstrate the performance of the improved method, we evaluate the
model using a confusion matrix and a heat map. The YOLOv8s and EMR-YOLO confusion
matrices, which can visualize how each target category is classified, are displayed in
Figure 11. The predicted categories in this instance are represented by the rows of the
confusion matrix, the true categories by the columns, the percentage of correctly predicted
categories by the values in the diagonal region, the percentage of missed detections by the
lower left region, and the percentage of false detections by the upper right region. The
proportion of EMR-YOLO in the diagonal zone in Figure 11 is greater than that of YOLOv8s,
suggesting that the EMR-YOLO model is more accurate at identifying targets.

Among them, the proportion of people successfully detected is 65%, which is 10%
higher than that of YOLOv8, demonstrating that our model can better identify humans
in falling water. YOLOv8s and EMR-YOLO had higher miss detection rates for detecting
people and buoy categories, and the highest false detection rate for identifying people,
which is mostly due to the smaller target, complex background, and tag imbalance in
the dataset.

To better reflect the performance of the model, we compare the output of YOLOv8s
and EMR-YOLO. As shown in Figure 12, in the precision confidence curve, it can be
observed that at different confidence levels, the average accuracy of EMR-YOLO (blue line)
is significantly higher than that of YOLOv8s. At the same time, in the recall confidence
curve, the recall rate of EMR-YOLO at different confidence levels is also better than that
of YOLOv8s. This demonstrates that our model has significantly improved both accuracy
and recall at different confidence levels, enhancing its ability to identify maritime targets
more accurately.

The features output from the YOLOv8s and EMR-YOLO models are visualized and
compared using the CardCAM heat map to provide a more intuitive display of the pixel
regions of interest and the degree of attention before and after model improvement. The
redder the color, the more attention the region receives. The results are shown in Figure 13,
which shows that YOLOv8s does not pay much attention to small objects, and the extraction
ability is not as good as that of EMR-YOLO. For example, as shown in row A, YOLOv8s
extracts extra background information, while the EMR-YOLO module successfully extracts
the target, which indicates that the model can suppress the background noise well and
improve the accuracy of detecting small targets. Comparison between rows B and C shows
that the EMR-YOLO algorithm can focus on the target object more correctly and with a
larger focus area under different lighting environments and interference conditions, which
means that the improved model is more accurate for recognition at sea and improves the
model’s overall performance.
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Figure 13. Rows A, B and C represent yolov8 and EMR comparison plots. (a) Original image;
(b) YOLOv8s thermogram; (c) EMR-YOLO thermogram.

Overall, the proposed EMR-YOLO network is an efficient UAV maritime rescue iden-
tification network that can accurately and quickly recognize maritime targets, thereby
improving the efficiency of maritime rescue.

5. Conclusions

In summary, the EMR-YOLO algorithm we propose demonstrates notable benefits in
the identification of maritime targets through the integration of deep learning techniques
with UAV-captured images, thereby enhancing the efficacy of maritime surveillance and
rescue systems. The EMR-YOLO algorithm is suggested to mitigate the challenges posed
by small targets, complex environments, and inconspicuous features in UAV images. First,
the Dilated Reparam Block is added to the algorithm’s backbone network, and it is used to
improve the bottleneck in the C2f module. The method employs dilated convolution and
reparameterization to extract more effective features while suppressing unnecessary ones,
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thus boosting the model’s ability to capture global feature information. Second, to mitigate
the information loss induced by downsampling, we switch from convolution to ADOWN
as the downsampling method. Finally, we develop CASPPF for multi-scale feature fusion.
We incorporate the CA attention mechanism into SPPF, enabling the network to better
focus on small targets at sea. The experimental results show that the EMR-YOLO algorithm
proposed in this paper outperforms the other tested models by improving mAP and mAP50
performance by 4.7% and 9.2%, respectively, compared to the YOLOv8s algorithm on the
AFO dataset. In addition, EMR-YOLO performs excellently in recognizing small targets
and complex environmental contexts in UAV images. It has advantages in inference speed,
model computation, and number of parameters. The visual comparisons show that the
model meets the performance requirements for maritime rescue detection. Our future goal
is to enhance the accuracy and generalization capabilities of EMR-YOLO and implement it
on edge devices for better real-time target recognition.
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