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Abstract: The growth of maritime transportation has been accompanied by a gradual
increase in accident rates, drawing greater attention to the critical issue of man-overboard
incidents and drowning. Traditional maritime search-and-rescue (SAR) methods are often
constrained by limited efficiency and high operational costs. Over the past few years,
drones have demonstrated significant promise in improving the effectiveness of search-
and-rescue operations. This is largely due to their exceptional ability to move freely and
their capacity for wide-area monitoring. This study proposes an enhanced SR-DETR
algorithm aimed at improving the detection of individuals who have fallen overboard.
Specifically, the conventional multi-head self-attention (MHSA) mechanism is replaced with
Efficient Additive Attention (EAA), which facilitates more efficient feature interaction while
substantially reducing computational complexity. Moreover, we introduce a new feature
aggregation module called the Cross-Stage Partial Parallel Atrous Feature Pyramid Network
(CPAFPN). By refining spatial attention mechanisms, the module significantly boosts
cross-scale target recognition capabilities in the model, especially offering advantages
for detecting smaller objects. To improve localization precision, we develop a novel loss
function for bounding box regression, named Focaler-GloU, which performs particularly
well when handling densely packed and small-scale objects. The proposed approach is
validated through experiments and achieves an mAP of 86.5%, which surpasses the baseline
RT-DETR model’s performance of 83.2%. These outcomes highlight the practicality and
reliability of our method in detecting individuals overboard, contributing to more precise
and resource-efficient solutions for real-time maritime rescue efforts.

Keywords: target detection; maritime search and rescue; drones; computer vision

1. Introduction

As global economic integration deepens, maritime transport has emerged as a vi-
tal pillar underpinning numerous aspects of modern industrial and commercial activity.
However, the increasing scale and frequency of maritime activities have also led to a cor-
responding rise in the incidence of maritime accidents. Such incidents not only result in
damage to ships and offshore infrastructure but also cause substantial human casualties
and economic losses. Notably, the escalating phenomenon of maritime migration in recent
years has further exacerbated drowning incidents at sea. Therefore, promptly and precisely
identifying overboard individuals during maritime SAR missions is crucial to reducing the
risk of loss of life.

Conventional SAR methods primarily rely on the deployment of rescue vessels and
helicopters. However, rescue vessels are hindered by their relatively slow response speed,
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while helicopters have limited endurance and a constrained field of vision. These limitations
collectively result in SAR operations that are both time-consuming and resource-intensive.
The unique features of UAVs—including portability, operational flexibility, and afford-
ability—have led to their extensive deployment in various sectors such as the military,
agriculture, and industry [1]. UAVs possess the capability to rapidly survey extensive
maritime areas and, in comparison to traditional SAR platforms, offer significant bene-
fits, including low-altitude flight, rapid deployment, and reduced operational expenses.
Integrating UAV platforms with deep learning object detection facilitates the extraction
of critical targets from cluttered maritime environments while minimizing background
interference, offering a viable improvement over traditional SAR techniques in terms of
operational effectiveness and reliability.

Conventional approaches predominantly rely on manually engineered feature descrip-
tors coupled with sliding window-based region proposal mechanisms for target identifi-
cation. In the feature extraction stage, common practices involve using low-level visual
descriptors like Histogram of Oriented Gradients (HOG) [2] and Scale-Invariant Feature
Transform (SIFT) [3] for capturing local visual characteristics. These characteristics are then
fed into traditional classifiers, like Support Vector Machines (SVMs) [4], to perform regional
classification. However, due to their inherent limitations, these traditional methods are no
longer adequate for meeting the demands of modern object detection tasks.

With the rapid development of computing power and deep learning [5], numerous
detection methods in various fields have emerged, including maritime vessel detection [6],
agriculture [7], small-target detection [8], and remote sensing image detection [9]. With the
advancement of these methods, integrating unmanned aerial vehicle (UAV) platforms with
state-of-the-art visual recognition systems has significantly improved both the speed and
success rates of emergency response operations. However, the deployment of UAV-based
detection systems in maritime environments still faces several key challenges. From the
aerial perspective of the UAV, personnel involved in maritime emergencies are often
represented as small-scale targets, which poses considerable difficulties for traditional
object detectors. Additionally, maritime accidents are often unpredictable in terms of time
and location, leading to highly variable lighting conditions that adversely affect detection
performance. Furthermore, the dynamic characteristics of the sea surface, such as mirror-
like reflections, wave movements, and cluttered backgrounds, further complicate target
recognition, reduce image quality, and introduce a significant amount of noise.

Successful deployment in these conditions requires models to excel across three evalu-
ation metrics: robustness to environmental variables, target recognition fidelity, and infer-
ence speed consistency. To address these challenges, we propose an improved, real-time
object detection approach built upon the RT-DETR [10] framework, specifically designed
for UAV-based maritime SAR scenarios. Our approach focuses on reliable victim detec-
tion in dynamic ocean scenarios, thereby enhancing the success rate of unmanned aerial
rescue systems.

The main contributions of this research are summarized below:

*  To enhance feature interaction and improve computational efficiency, we introduce Ef-
ficient Additive Attention (EAA), which eliminates redundant interactions and utilizes
a linear query—key encoding mechanism. The proposed methodology enhances contex-
tual reasoning capacity while reducing algorithmic overhead, rendering it particularly
suitable for latency-sensitive deployments on resource-constrained platforms.

*  The Cross-Stage Partial Parallel Atrous Feature Pyramid Network (CPAFPN) is pro-
posed to address multi-scale feature integration challenges and improve small-target
recognition performance. By enhancing spatial attention to critical regions and
strengthening contextual modeling, CPAFPN improves the model’s capability to
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detect small objects even under challenging maritime conditions such as sea surface
reflections and motion-induced background noise.

*  Addressing the dual challenges of few-shot small-object detection and precise localiza-
tion in marine scenarios, this work introduces an innovative bounding box regression
loss formulation. This loss function is crafted to focus on detecting small, challenging
objects, thereby boosting localization precision and overall detection effectiveness,
especially in environments with numerous small-scale objects.

2. Related Works
2.1. Object Detection

Prior to 2014, many object detection approaches relied on handcrafted features and
typically followed a three-step process. First, a set of potential regions, which may include
objects, was extracted from the original image. In the subsequent feature extraction phase,
these candidate regions were individually processed to extract relevant visual descriptors.
Finally, a classifier, trained on the extracted features, was used to categorize the regions
based on their content [11]. To generate candidate regions, the sliding window approach
was commonly employed, where the entire image was scanned using windows of various
sizes. Given that objects may exhibit diverse aspect ratios, the image was resized to multiple
scales, with multi-scale windows sliding across images of different dimensions. In the
feature extraction stage, low-level visual descriptors like Histogram of Oriented Gradients
(HOG) [2], Scale-Invariant Feature Transform (SIFT) [3], and Speeded-Up Robust Features
(SURFs) [12] were commonly employed to capture regional features. Although these
handcrafted feature-based methods made notable contributions to early object detection
efforts, their practical applicability became increasingly limited due to several drawbacks,
including high computational cost, relatively low detection performance, and a lack of
robustness in complex or cluttered scenes. Consequently, such methods have largely fallen
out of favor in modern object detection frameworks.

The rise of deep learning has enabled automatic learning of feature representations
through neural networks, resulting in major advancements in computer vision. The field
has converged on two principal detection paradigms: two-stage methods with region
proposal mechanisms and one-stage approaches employing unified prediction frameworks.
Building on classical detection pipelines, modern two-stage systems first identify regions
of interest (via RPNs or selective search) before conducting region-specific classification
and localization refinement [13]. The R-CNN framework developed by Girshick et al. [14]
established a new paradigm in object detection by pioneering region-based convolutional
feature extraction. This innovation addressed the limitations of previous techniques and
established the groundwork for later CNN-based methods. To address R-CNN’s computa-
tional inefficiency in processing numerous overlapping proposals, He et al. [15] developed
SPP-Net, implementing spatial pyramid pooling between convolutional and FC layers
to significantly reduce processing overhead. Girshick’s Fast R-CNN [16] made seminal
contributions to object detection by addressing critical limitations in R-CNN and SPP-Net,
establishing new standards for real-time performance. Ren et al.’s Faster R-CNN [17]
established new benchmarks in detection efficiency by seamlessly integrating RPN into
the convolutional backbone, enabling end-to-end optimization. By adding instance seg-
mentation to the detection pipeline, He et al. [18] evolved Faster R-CNN into the more
comprehensive Mask R-CNN model. Cai and Vasconcelos [19] proposed Cascade R-CNN
to overcome the limitations of fixed IoU thresholds in R-CNN models by using a series
of detection heads with ascending IoU values for refined object recognition. Lin et al.’s
Feature Pyramid Network (FPN) architecture [20] revolutionized scale-invariant detec-
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tion by establishing top—down pathways with lateral connections, significantly improving
performance on diminutive targets.

One-stage object detectors streamline the detection pipeline by bypassing the region
proposal step and learning to infer both object categories and bounding box coordinates in
a unified regression process from raw images. Redmon et al.’s You Only Look Once (YOLO)
detector [21] established a new paradigm in efficient object recognition by formulating
detection as a unified regression problem on image grids. YOLO streamlines the object
detection process by employing a unified convolutional neural network that simultaneously
performs region localization and object classification in an end-to-end manner. Building
upon YOLO, Redmon and Farhadi [22,23] developed improved versions, YOLOv2 and
YOLOvV3, which employed more efficient feature extraction networks and performed
joint training for both object detection and classification, thus enhancing both detection
accuracy and speed. Following the development of YOLOv4 by Bochkovskiy et al. [24],
which prioritized high-speed and reliable detection, YOLOv5 was launched by Ultralytics
LLC, featuring enhancements such as adaptive scaling, anchor optimization, and the
introduction of the Focus block. Li et al. [25] presented YOLOVS6, introducing a new
backbone network, EfficientRep, alongside advanced label assignment, novel loss functions,
and data augmentation techniques. Wang et al. [26] introduced YOLOvV7, enhancing the
model through techniques such as model reparameterization, optimized label assignment
strategies, an efficient layer aggregation network, and auxiliary heads for improved training.
Building on YOLOVS5, Ultralytics introduced successive iterations including YOLOvVS8
through YOLOv11 by 2024, with each version progressively enhancing detection precision
and inference speed. Besides the YOLO family, Liu et al.’s single-shot multibox detector
(SSD) framework [27] introduced a novel multi-scale detection paradigm, combining VGG-
based feature extraction, pyramidal convolutional extensions, and default box regression
with efficient small-kernel predictors.

Transformer detectors reformulate object detection as a set prediction problem, elim-
inating conventional components like anchor design and NMS through attention-based
end-to-end learning. Carion et al.’s DETR framework [28] eliminated the need for non-
maximum suppression through its novel integration of transformer self-attention mecha-
nisms [29] with bipartite matching-based set prediction. DETR establishes a novel set-to-set
prediction framework that fundamentally bypasses anchor-based methodologies and NMS
post-processing through its unique bipartite matching optimization strategy. Zhu et al. [30]
further improved upon DETR with Deformable DETR, which enhances detection flexibility
and accuracy. Building on these advancements. Meng et al. [31] introduced Conditional
DETR, which employs conditional query representations to separate content and spatial in-
formation, leading to faster training convergence while preserving high detection accuracy.
Zhang et al. [32] introduced DINO, an enhancement to DETR that incorporates denoising
training and optimized anchor box initialization, leading to improved detection precision
and faster convergence in end-to-end detection tasks. Zhao et al. [10] introduced RT-DETR,
a version of DETR optimized for real-time object detection, enhancing its efficiency for
time-sensitive applications.

2.2. Target Detection Based on UAV Images

Drones, as convenient, cost-effective, and user-friendly devices, have garnered consid-
erable attention for their applications across various domains, especially when integrated
with advanced object detection algorithms. Detecting distressed individuals at sea with
drones involves challenges that are distinct from those encountered in traditional object
detection tasks. Owing to the changes in drone flight altitude and viewpoint, the shape,
size, and background complexity of targets in aerial images differ significantly from those
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in conventional terrestrial images. The efficacy of object detection models is intrinsically
tied to the quality and discriminative power of features produced by their underlying
backbone networks. The sequential convolution and upsampling processes in drone image
analysis risk degrading fine-grained features essential for small-object detection, ultimately
compromising localization precision. For UAV-based small-object detection, Liu et al.’s
multi-branch parallel feature pyramid network (MPFPN) [33] implements specialized
parallel processing branches that recover and enhance subtle features typically lost in
standard FPN architectures. Tian et al. [34] proposed a dual-stage neural network for object
detection, called DNOD. Initially, a one-stage detector is employed to identify objects with
an optimal confidence threshold. Subsequently, VGG backbone features are extracted to
perform secondary recognition of the suspected target regions, effectively filtering out
missed targets and improving detection accuracy.

These methods have been successfully applied in various drone-based tasks. For in-
stance, Chen et al. [35] utilized drones to capture and detect pests in orchards, en-
abling the planning of optimal pesticide spraying routes. Prosekov et al. [36] used
drones with thermal infrared cameras to monitor large animals in the Siberian forests
during winter. Chen et al. [37] proposed DW-YOLO, an efficient detection architecture
specifically optimized for UAV platforms through lightweight convolutional design and
aerial-specific feature enhancement. Peng et al. [38] developed a MobileNetV2-based en-
hancement for pipeline leak detection, demonstrating UAVs’ effectiveness in ecological
surveillance applications.

Maritime object detection represents a key application area for drones. Bozic-
Stulic et al. [39] developed a small-scale person detection scheme specifically designed for
drone aerial imagery. To address challenges in small boat detection and personnel rescue,
Xu et al. [40] proposed a real-time object detection network with spatial scale adaptability
tailored for drone aerial images. Lu et al. [41] modified the YOLOvVS5 algorithm to en-
hance its performance in drone-based maritime and fisheries law enforcement applications.
Zhao et al. [42] integrated YOLOv4 with deep sorting techniques to estimate the speed of
multiple ships in drone-captured images. Bai et al. [43] adapted an optimized YOLOv5s
architecture for UAV platforms to identify persons overboard, significantly improving
maritime rescue operational efficiency.

While object detection technology has been widely adopted in drone imagery, chal-
lenges persist in person-overboard SAR tasks, particularly with small-target detection
and background noise. To address the challenges of small-object detection in maritime
search-and-rescue scenarios, Zhang et al. proposed an enhanced YOLOv7 framework called
ABT-YOLOV? in their study [44]. Sun et al. [45] proposed a lightweight object detection
model, DFLM-YOLO, aiming to enhance its detection performance in aerial images of open
water areas through multi-scale feature fusion. Liu et al. [46] proposed a method based on
YOLOv5s, named YOLOv5s-EFOE, which achieves more accurate bounding box regression
and improved performance through detection head optimization, label assignment based
on SimOTA, and the adoption of EloU loss.

3. Materials and Methods
3.1. Method Review

SR-DETR comprises three main components: a backbone, an encoder, and a Trans-
former decoder equipped with an auxiliary prediction head. Specifically, the feature maps
from the final four stages of the backbone are first passed to the encoder. Within the
encoder, scale-aware feature interaction is enhanced using the proposed Efficient Addi-
tive Attention (EAA) [47] mechanism, followed by cross-scale fusion via the Cross-Stage
Partial Parallel Atrous Feature Pyramid Network (CPAFPN). The resulting fused represen-
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tations are then transformed into sequential image feature embedding. Subsequently, object
queries are initialized through an uncertainty-minimal query selection strategy, which
selects the most informative queries based on the encoder outputs. Finally, the Trans-
former decoder—augmented with an auxiliary prediction head—iteratively refines these
object queries to produce accurate class predictions and bounding box regressions. The
architecture of the SR-DETR model is presented in Figure 1.
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Figure 1. Overall structure of SR-DETR network.

3.2. Efficient Additive Attention

In the RT-DETR model, the AIFI module uses a single-scale Transformer encoder to
promote the interaction of high-level features within the same scale. The conventional Multi-
Head Self-Attention (MHSA) mechanism often places excessive focus on global information,
limiting the accurate representation of local object features. This issue often leads to the
weakening of small-object features, thereby reducing detection accuracy. Furthermore,
the use of MHSA in high-resolution images increases computational demands, rendering it
less appropriate for real-time search-and-rescue operations.

This study proposes replacing MHSA with EAA, which eliminates the key—value inter-
action without compromising performance. By combining the linear projection layers, EAA
effectively encodes the query—key interaction, which is sufficient for capturing relationships
between tokens. EAA not only accelerates inference speed but also generates more robust
contextual representations. Furthermore, it transforms the traditional attention computa-
tion—usually reliant on matrix multiplication—into a linear, element-wise operation based
on query-key interaction, thereby significantly reducing both computational complexity
and inference latency.

As illustrated in Figure 2, the EAA mechanism first linearly transforms the input
features to obtain query (Q) and key (K) matrices, where Q, K € R"*?, with n denoting
the token count and d the embedding dimension. A trainable weight vector w,, € R? is
subsequently employed to aggregate the query features through a weighted summation,
generating a global attention vector &; € R", which is calculated as follows:

_ Q- wy,
IV

The resulting attention scores are then utilized to perform a weighted aggregation over

&i

)

the query matrix, producing a global query representation q € R", as described below:

n
q=) «*Q @)
i=1

The global context is ultimately captured by applying element-wise multiplication
between the query vector and the key matrix in a broadcast manner. The resulting informa-
tion undergoes a linear transformation and is subsequently merged with the normalized
query vector to generate the final output representation. The result produced by the EAA,

represented as X, is defined as follows:
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£=0Q+T(K+q) ©)

where Q refers to the normalized query matrix, while T stands for a linear transformation.
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Figure 2. Efficient Additive Attention to structure.

3.3. Cross-Stage Partial Parallel Atrous Feature Pyramid Network

The CNN-based Cross-Scale Feature Fusion (CCFF) module in RT-DETR exhibits
notable limitations in maritime rescue applications, particularly in modeling intricate
feature correlations and preserving critical fine-scale details of diminutive targets. This
leads to a higher rate of false alarms and missed detections. To address this limitation, we
design the CPAFPN, which enhances multi-scale feature integration and effectively utilizes
low-level features that contain abundant small-object cues. This enhancement significantly
improves detection performance, particularly for small-scale targets.

CPAFPN employs a feature pyramid-like architecture. We begin by incorporating the
AttentionUpsample and AttentionDownsample modules to strengthen the model’s ability
to concentrate on essential regions. Furthermore, we design a novel Cross-Stage Partial
Parallel Atrous Convolution (CSP-PAC) module, which strengthens cross-scale feature
extraction and fusion capabilities, while mitigating feature loss.

The CSP-PAC module is designed to simultaneously capture fine-grained local fea-
tures and broad contextual information, which is critical for recognizing small-scale ob-
jects in complex maritime environments. It builds upon the Cross-Stage Partial (CSP)
architecture and incorporates parallel atrous convolutions with different dilation rates to
efficiently model multi-scale spatial dependencies. The architecture of CSP-PAC is depicted
in Figure 3.

The CSP structure first divides the input feature map into two branches, processes them
separately, and then merges them, enabling more efficient gradient flow and feature reuse.
In the PAC (Parallel Atrous Convolution) block, we apply multiple dilated convolutions in
parallel to one of the branches.

Formally, let F: Z?> — R be a discrete feature map and k: ), — R be a discrete
convolutional filter with receptive field Q, = [—r,7]?> N Z2. The standard convolution is
defined as follows:

(Fxk)(p)= ) F(s)-k(t) 4)

s+t=p
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To extend the receptive field without increasing parameter count, we apply dilated
(atrous) convolution, which introduces a dilation factor I € N. The [-dilated convolution is
defined as follows:

(Fxk)(p) = ) F(s) k(t) )

1x1
Conv

%XHXW

o

AtrousConv AtrousConv
dilation=2 dilation=3

C c
7><H><W ZXHXW; IxHxW

TCXHXW

Conv

Q

%XHXW

Figure 3. CSP-PAC structure details.

This operation effectively enlarges the receptive field by inserting I-1 zeros between
kernel elements, allowing the network to aggregate broader contextual information.

In the PAC block, we utilize multiple dilation rates I € {1,2,3}, enabling the module
to capture features at various spatial scales in parallel. The outputs of these convolutions
are then concatenated along the channel dimension, with a 1 x 1 convolution enabling
the module to capture features at various spatial scales in parallel. The outputs of these
convolutions are then concatenated along the channel dimension, and a 1 x 1 convolution
is applied to fuse the aggregated features and refine the final representation.

To address the progressive erosion of small-object features during repeated resolution
transitions, we propose novel AttentionUpsample and AttentionDownsample components
that preserve critical fine-grained details. These modules enhance focus on critical regions
during sampling, which contributes to better image reconstruction and more accurate
detection of small objects. By adjusting the focus on critical regions during both upsampling
and downsampling, we enhance the preservation and amplification of small-object features,
ultimately improving overall detection performance.

Figure 4a presents the architectural layout of the AttentionUpsample module. The pro-
cessing pipeline initiates with global average pooling applied to the input features, gener-
ating channel-wise contextual descriptors that capture holistic spatial information. This
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step helps capture the overall contextual understanding of the feature map, facilitating the
identification of important regions during the upsampling process.

1 H W
Xpool = 77— 3 3 Xepwr Ve €{1,2,..,C} (6)
poo wah:1w:1 c,h,w

The feature processing pipeline subsequently applies a pointwise 1 x 1 convolutional
operation coupled with Hardsigmoid activation to produce channel attention coefficients
«. € [0,1], which quantitatively determine each channel’s contribution. These weights are
formally defined as follows:

ke = U(xpool) @)

where o (+) is the HardSigmoid activation function, defined as follows:

0, ifx < —-25
HardSigmoid(x) = ¢ 02x+0J5, if —25<x<25 (8)
1, ifx>25

This attention weight will influence the contribution of features from different regions
during the upsampling process.

(a)AttentionUpsample (b)AttentionDownsample
@ @
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Lp— Crmaw | Cxixa LB LA PN LOx1x1
2 1x1 2 2 2 2 2 1x1
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1x1 5 . 1x1 . .
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g><2H><2W Cx1x1 gxﬂxz lCXle
2 2727 2
(e ) Qe
(c) c)
2 oxamxaw 2 ox 2. W g ow
Cx2Hx2W 2 2 CxX—x—
272
Xa on

@ Broadcasted element-wise multiplication

Figure 4. AttentionUpsample and AttentionDownsample structure details.

The module also incorporates two upsampling branches, utilizing transposed con-
volution and interpolation upsampling, respectively. The resultant features from dual
processing pathways are integrated to generate the final upsampled representation. Fol-
lowing this, the concatenated feature map undergoes element-wise multiplication with
the attention weights in a broadcasting manner. This process increases the emphasis on
significant regions within the feature map while diminishing the impact of less relevant
areas, thereby improving detection accuracy.

The operation of the AttentionDownsample module is similar to that of the Atten-
tionUpsample module, as illustrated in Figure 4b. During the downsampling process,
global context information is initially extracted through global pooling, followed by the
generation of channel attention weights. Subsequently, downsampling operations like
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convolution and max pooling are carried out. Afterward, the feature map is weighted using
the generated channel attention weights. The final output is the downsampled feature map.

3.4. Focaler-GloU

In maritime target detection tasks, sample scale imbalance is a significant challenge.
Specifically, small-target samples, such as drowning individuals and small objects, are
frequently challenging to detect and localize with precision. Selecting an appropriate
bounding box regression loss function therefore constitutes a critical design consideration
for such detection tasks. Despite employing Generalized Intersection over Union (GloU)
for bounding box regression, RI-DETR demonstrates suboptimal performance in maritime
search-and-rescue scenarios. In order to address this limitation, we introduce a new loss
function that integrates Focaler-IoU with GloU. The composite loss function enables dy-
namic sample weighting, directing the model’s attention toward difficult training instances
through adaptive gradient modulation. Focaler-IoU [48] modifies the weight of samples,
focusing the model’s attention on more difficult-to-detect examples. Through the use of
Focaler-GIoU, our model enhances its attention to small targets in water, boosting detection
accuracy in challenging maritime conditions. The Focaler-GIloU can be formally defined

as follows:
A —U

GloU = IoU — G 9)
LGIOU =1-GIloU (10)

0, IoU < d
TouFocaler = & Iol=d = g < Joy < u (11)

1, IoU > u
Lrocater—GIou = Lgrou + IoU — TourFocaler (12)

In the proposed loss function, IoU refers to the Intersection over Union, A¢ is the
smallest enclosing rectangle covering both the predicted and ground truth boxes, and U
denotes the union of the predicted and ground truth boxes. The term IoUT*™" refers to
the linearly reconstructed Focaler-IoU, where [d, u] € [0,1]. Modifying the values of d and
u enables selective emphasis on different regression samples, helping the model effectively
manage varying levels of difficulty during training. As shown in Figure 5, smaller values
of d and larger values of u result in higher penalties over a broader IoU range, enabling
flexible optimization for different detection tasks.

Loss-loU Curve Comparison

\ = e

0.1-0.5 0.2-0.8 0.4-0.9

Figure 5. Loss-IoU curves of Focaler-GloU under different (d,u) configurations.

4. Experiment
4.1. Dataset

We evaluated the efficiency of SR-DETR through experiments using the SeeDronesSea
dataset [49]. The SeeDronesSea dataset consists of 14,227 RGB images, with 6471 desig-
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nated for the training process, 1547 for the validation process, and 3750 for the testing
process. The images capture various maritime objects, including boats, swimmers, jet
skis, life_saving_appliances, and buoys. The images were captured by drones at altitudes
between 5 and 260 m, with camera angles varying from 0° to 90°. The dataset includes not
only bounding box and class annotations but also additional details like altitude, camera
angle, and speed.

4.2. Experimental Environment

The proposed method was developed using Python and implemented with the Py-
Torch framework. The software environment consists of Python 3.8.16, PyTorch 2.0.1,
and CUDA 11.8. The system features an Intel Xeon W-2255 CPU, 128 GB of RAM, and an
RTX A4000 GPU. In the training process, the input images were adjusted to a size of
640 x 640, using a batch size of 4 and a learning rate of 0.0001, and the training was
carried out for 150 epochs. The remaining training settings were the same as those in the
RT-DETR model. The experimental setup is presented in Table 1.

Table 1. Configuration.

Configuration Name Type
CPU Intel(R) Xeon(R) W-2255
Hardware GPU NVIDIA RTX A4000
Memory 128 GB
CUDA 11.8
Software Python 3.8.16
PyTorch 2.0.1
Image Size 640 x 640
Batch Size 4
Hyperparameters Learning Rate 0.0001
Maximum Training Epoch 150
Other Same as RT-DETR

4.3. Evaluation Metrics

This study employs four metrics to assess the model’s performance in object detection:
Precision, Recall, mean Average Precision (mAP), and Frames Per Second (FPS). Precision
measures the ratio of true positives in the model’s predicted bounding boxes. It is computed
as follows:

TP
TP+ FP

where TP refers to the count of true positive samples, while FP indicates the number of

Precision = (13)

false positives, which are negative samples misclassified as positive.
Recall evaluates how effectively the model identifies all true targets. The formula is
presented as follows:
TP

=" 14
Recall TP+ EN (14)

where TP refers to the number of true positives, while FN denotes the false negatives,
indicating the positive samples that the model was unable to detect.
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mAP (mean Average Precision) is calculated as the mean of the Average Precision (AP)
values for all classes, computed as follows:

1

AP = /0 P(R)dR (15)
1 N

mAP = N l; AP, (16)

where N denotes the total number of classes, and AP; represents the Average Precision for
the i-th class. AP is determined by calculating the area under the Precision-Recall curve for
each class, which provides an overview of the model’s precision at various recall thresholds.
FPS (Frames Per Second) evaluates the computational speed of an object detection
model, indicating how many frames it can process per second. In object detection, FPS
indicates how well the model performs in real-time scenarios and is defined as follows:

Total number o f processed images
Total inference time

FPS = 17)

4.4. Ablation Experiment

A detailed ablation study is conducted to evaluate the influence of the proposed
architectural improvements, and the experimental results are shown in Table 2. The baseline
configuration (Experiment A) employs the RT-DETR-r18 model with a ResNet18 backbone.
Subsequent experiments incrementally integrate three key enhancements: (1) substitution
of the MHSA mechanism with EAA; (2) integration of the CPAFPN to enhance fusion
of features across multiple scales; and (3) utilizing the Focaler-GIoU loss to improve the
precision of bounding box predictions.

Experiment B demonstrates that substituting MHSA with EAA yields a 0.8% improve-
ment in mAP50 (84.0% vs. 83.2%) and accelerates inference speed by 3.3 FPS (51.5 vs.
48.2 FPS), validating EAA’s dual capability in enhancing intra-scale feature interaction
while reducing computational overhead. Experiment C incorporates CPAFPN, achieving a
2.2% mAP50 gain (85.4% vs. 83.2%), which underscores the effectiveness of its cross-stage
atrous convolution design in aggregating multi-level semantic features. The synergistic
combination of EAA and CPAFPN in Experiment D produces a 2.8% mAP50 improvement
(86.0% vs. 83.2%), suggesting complementary benefits between attention refinement and
hierarchical feature integration.

Table 2. Ablation experiments with different methods.

Model EAA CPAFPN Focaler-GIoU mAPs5;(%) mAP (%) GFLOPs

A 83.2 50 57

B v 84 51 57.2
C v 85.4 52.1 87.6
D v v 86 52.1 87.9
E v v v 86.5 524 87.9

Experiment E integrates all proposed components—EAA, CPAFPN, and Focaler-GloU
loss—to establish the final SR-DETR architecture. This configuration achieves state-of-the-
art performance with 86.5% mAP50 (+3.3% over baseline) and 52.4% mAP (+2.4%), while
maintaining real-time processing capabilities. Notably, the complete model reduces false
negatives in drowning person detection by 18.2% compared to the baseline, as quantified
through Precision—Recall analysis under aquatic surveillance scenarios. The step-by-step
improvements observed in the ablation studies validate both the conceptual soundness
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and practical utility of each proposed module in overcoming key issues like scale variation,
occlusion, and motion blur in maritime rescue tasks.

4.5. Comparison Experiment with Other Object Detection Algorithms

Table 3 presents a comprehensive comparison of SR-DETR’s performance on the SeaD-
ronesSee dataset against several leading object detection models. For comprehensive
comparison, medium variants (m) of YOLO series models were implemented with con-
sistent training protocols, while Dino, DETR, and Deformable DETR utilized ResNet50
backbones under equivalent experimental conditions.

Quantitative analysis reveals substantial performance improvements achieved by
SR-DETR across all evaluation metrics. When compared to YOLOv5m, our method demon-
strates significant enhancements of 12.1% in Precision, 22.6% in Recall, 18.1% in mAP50,
and 10.8% in mAP, compared to YOLOv5s-EFOE, with performance enhancements of
8.3% in Recall, 6.6% in mAP50, and 7.9% in mAP. The superiority persists against newer
YOLO iterations: relative to YOLOv8m, we observe respective gains of 9.7%, 23.8%, 19.1%,
and 11.2%; compared to YOLOv9m, we observe improvements of 11.3%, 21.9%, 18.4%,
and 10.6%; and compared to YOLOv10m, we observe improvements of 13.7%, 22.5%, 19.4%,
and 10.9% across the four metrics. Compared to DFLM-YOLO, we observe performance
enhancements of 8.1%, 12.6%, 8.2%, and 8.7%.

Notably, SR-DETR exhibits remarkable improvements over Transformer-based coun-
terparts. The proposed architecture surpasses standard DETR by 18.5% in Precision, 12.1%
in Recall, 13.0% in mAP50, and 13.5% in mAP. Compared to Deformable DETR, perfor-
mance enhancements of 6.9%, 5.3%, 9.9%, and 13.5% are achieved. Compared to Dino,
performance enhancements of 4.3%, —1.5%, 0.1%, and 0.4% are achieved. Furthermore,
when evaluated against RT-DETR, our model maintains consistent superiority with 4.5%,
3.4%, 3.3%, and 3.0% improvements across the metrics.

Table 3. Performance comparison of different detection models for each metric.

o o mAPs5 mAP Params

Model P (%) R (%) (%) (%) ™) FPS
YOLOvSm 81.5 61.6 68.4 41.6 25.8 97.1
YOIOv5s-EFOE \ 75.9 79.9 44.5 13.6 \

YOLOv8m 83.9 60.4 67.4 41.2 25.0 721
YOLOvV9m 82.3 62.3 68.1 41.8 20.0 81.2
YOLOv10m 79.9 61.7 67.1 41.5 16.4 59.0
DFLM-YOLO 85.5 71.6 78.3 43.7 3.6 \

DETR 75.1 721 73.5 38.9 41.6 10.4
Deformable DETR 86.7 78.9 76.6 38.9 40.1 14.8
Dino 89.3 85.7 86.4 52.0 47.6 8.3
RT-DETR-R18 89.1 80.8 83.2 49.4 20.0 53.3
SR-DETR 93.6 84.2 86.5 52.4 21.8 38.9

The experimental findings clearly show that SR-DETR achieves superior detection accu-
racy, setting a new benchmark on the challenging maritime rescue dataset. It is noteworthy
that the performance gains are attained through carefully designed feature enhancement
modules, though this architectural innovation introduces moderate computational over-
head (quantified by a 7.2% reduction in FPS relative to the baseline RI-DETR). The achieved
trade-off between accuracy and efficiency highlights the practical applicability of SR-DETR
in real-time UAV-based maritime rescue missions, especially for the reliable detection of
drowning individuals.
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This comprehensive evaluation not only validates the effectiveness of our methodolog-
ical contributions but also provides valuable insights into the comparative advantages of
Transformer-based architectures versus conventional CNN detectors in aerial maritime en-
vironments. The stable performance observed across diverse evaluation indicators indicates
that the model possesses strong feature representation abilities, enabling it to effectively
cope with issues such as scale discrepancies and occlusions commonly encountered in
UAV surveillance.

To comprehensively evaluate the robustness of the proposed approach under vary-
ing conditions, we further perform experiments utilizing the VisDrone2019 dataset [50].
The VisDrone2019 dataset contains 10,209 RGB images, divided into 6,471 for the training
process, 548 for the validation process, and 3190 for the testing process. Collected under
various scenes and conditions, VisDrone2019 includes annotations for ten common ob-
ject categories: pedestrian, people, bicycle, car, van, truck, tricycle, awning-tricycle, bus,
and motor. Owing to its varied and intricate characteristics, the dataset provides a valuable
benchmark for evaluating the robustness and generalization of our method in real-world
situations. The specific results are presented in Table 4.

The experimental outcomes indicate that SR-DETR outperforms the methods presented
in the table, showcasing its enhanced performance. Specifically, it attains the highest
Precision (58.3%), Recall (41.2%), and mAP (23.8%), highlighting its strong capability
in accurately localizing and identifying targets in complex aerial scenes. These results
highlight the dependability and resilience of SR-DETR when dealing with a variety of
complex real-world situations.

Table 4. Comparative tests on VisDrone.

o o mAP5 mAP Params
Model P (%) R (%) (%) %) M) FPS
YOLOvV5m 45.1 35.7 33.5 19.7 25.8 97.1
YOLOvV8m 48.3 35.3 33.8 19.9 25.0 72.1
YOLOV9m 48.4 36.6 354 21.0 20.0 81.2
YOLOvV10m 46.1 36.1 343 20.2 16.4 59.0
DETR 37.1 294 27.2 13.2 41.6 10.4
Deformable DETR 471 37.2 36.0 20.2 40.1 14.8
Dino 53.3 459 45.3 21.6 47.6 8.3
RT-DETR-R18 54.8 38.7 37.3 21.6 20.0 53.3
SR-DETR 58.3 41.2 40.7 23.8 21.8 38.9
4.6. Results

To thoroughly assess the algorithm’s performance, we performed tests across various
conditions in the dataset. As illustrated in Figure 6, the first row presents results achieved
under bright-lighting conditions with a low-altitude, horizontal viewing angle. In this
scenario, the baseline model misclassifies a swimmer as a jet ski and erroneously detects a
distant building as a boat, whereas the proposed method effectively mitigates these errors.
The second row illustrates a top-down view captured from a high altitude under low-light
conditions. In such environments, targets on the water surface appear extremely small,
and the reduced illumination results in lower contrast between objects and the background,
thereby impairing visibility. Under these challenging conditions, RT-DETR fails to detect
certain targets, while our method successfully identifies the objects present. The third
row depicts a high-illumination scenario with a low-altitude, top—down view. Strong
reflections from the water surface introduce visual noise, causing RT-DETR to generate
false positives by misidentifying these reflections as swimmers. In contrast, the proposed
approach accurately suppresses such interference and correctly detects the actual targets.
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The fourth row shows a scene under the condition of few targets at high altitude in a dim
environment. Due to the influence of light and water surface reflection, individual targets
are extremely indistinct, causing RT-DETR to miss the targets. However, our method can
correctly identify single small targets in dim scenes.

RT-DETR SR-DETR

53 057} TR
fooot 0,501 fboot 0,571

Figure 6. Comparison of SR-DETR and RT-DETR on the detection results.

To visually assess the feature extraction capability of our approach, we employ the
Gradient-weighted Class Activation Mapping (Grad-CAM) technique [51]. Grad-CAM
calculates the gradients of the predicted class concerning the feature maps from the last
convolutional layer and then generates a heatmap to highlight the areas of the input image
that have the most significant impact on the model’s decision. This visualization facilitates
an understanding of whether the network has effectively learned to localize and attend to
the relevant target regions.

Figure 7 shows the Grad-CAM heatmaps for both RT-DETR and SR-DETR. In these
visualizations, brighter areas correspond to regions with higher model attention. The pro-
posed method exhibits enhanced precision in focusing on the actual targets, showing better
performance in detecting individuals who have fallen into the sea in UAV imagery.
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RT-DETR SR-DETR

Figure 7. Grad-CAM diagram of SR-DETR and RT-DETR.

4.7. Discussion

Our experimental results show that SR-DETR significantly outperforms the baseline
RT-DETR in terms of mean Average Precision (mAP) and Recall, particularly in detecting
small-scale and occluded maritime targets. These improvements are primarily attributed to
the enhanced multi-scale feature aggregation enabled by the proposed CPAFPN and the
more expressive feature interaction brought by the EAA mechanism. Moreover, the Focaler-
GloU loss function provides more stable and accurate bounding box regression, especially
under dynamic sea surface conditions.

While the accuracy has been significantly improved, it comes at the cost of increased
computational complexity, which leads to a moderate drop in inference speed. Additionally,
the model still shows some performance degradation under extreme illumination variation
or surface reflectance. Despite these limitations, SR-DETR effectively addresses core chal-
lenges in UAV-based maritime SAR scenarios and provides a promising Transformer-based
framework for further research and application.

5. Conclusions

This work introduces SR-DETR, a novel Transformer-based object detection algorithm
tailored for identifying maritime drowning victims using UAV imagery. Built upon the RT-
DETR framework, SR-DETR incorporates three key innovations: (1) the Efficient Additive
Attention (EAA) module, replacing traditional MHSA to enhance intra-scale feature inter-
action while significantly reducing computational complexity; (2) the Cross-Stage Partial
Atrous Feature Pyramid Network (CPAFPN), which improves the fusion of multi-scale
spatial features and enhances the detection of small or occluded targets; and (3) the Focaler-
GIoU loss, which stabilizes bounding box regression in dynamic sea surface conditions
by adaptively modulating localization sensitivity. These contributions lead to substantial
performance gains, including a 3.3% improvement in mAP@50, a 4.5% improvement in
Precision, and a 3.4% increase in Recall on the SeaDronesSee dataset, compared to the
RT-DETR baseline.

Extensive experiments on the SeaDronesSee dataset confirm the effectiveness of SR-
DETR, showcasing its potential and benefits for maritime search-and-rescue operations.
Nonetheless, the inference speed of our detector still has significant room for improvement.
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In future work, we plan to further improve SR-DETR in several directions. First, we
aim to enhance inference speed through model pruning, quantization, or deployment-
aware architecture design, enabling real-time performance on resource-constrained UAV
platforms. Second, we intend to incorporate multimodal inputs, such as thermal in-
frared or radar, to improve robustness under adverse weather or low-visibility condi-
tions. Finally, expanding the training to larger and more diverse datasets will improve the
model’s generalizability.
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