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Abstract: The Internet of Things (IoT) has emerged as a popular topic in both industrial and academic
research. IoT devices are often equipped with rapid response capabilities to ensure seamless commu-
nication and interoperability, showing significant potential for IoT-based maritime traffic monitoring
and navigation safety tasks. However, this also presents major challenges for maritime surveillance
systems. The diversity of IoT devices and variability in collected data are substantial. Visual image
ship detection is crucial for maritime tasks, yet it must contend with environmental challenges such
as haze and waves that can obscure ship details. To address these challenges, we propose an adaptive
query selection transformer (AQSFormer) that utilizes two-dimensional rotational position encoding
for absolute positioning and integrates relative positions into the self-attention mechanism to over-
come insensitivity to the position. Additionally, the introduced deformable attention module focuses
on ship edges, enhancing the feature space resolution. The adaptive query selection module ensures a
high recall rate and a high end-to-end processing efficiency. Our method improves the mean average
precision to 0.779 and achieves a processing speed of 31.3 frames per second, significantly enhancing
both the real-time capabilities and accuracy, proving its effectiveness in ship detection.

Keywords: image processing; ship detection; Internet of Things; visual image; rotary position
embedding; deformable attention

1. Introduction

The growth in the shipping industry and the depletion of marine resources emphasize
the need for effective ship monitoring [1-3]. Technologies such as synthetic aperture radar
(SAR) and optical remote sensing (ORS) are essential for maritime safety and oceanog-
raphy, given their comprehensive coverage and reliable performance in various weather
conditions [4-6].

The workflow of the maritime ship monitoring system is depicted in Figure 1.
A significant advantage of this paradigm is its ability to effectively cover vast areas without
the need for expensive infrastructure development. The terminal devices can be considered
image collectors, and the use of a central server facilitates user access to computing services,
making it an attractive option for deploying applications. The images acquired from IoT
systems are becoming more critical for maritime surveillance, offering advantages over
SARs and ORSs in terms of cost, speed, and real-time processing [7,8]. This shift toward
more accessible maritime monitoring tools is a significant trend despite challenges such
as complex backgrounds and environmental disturbances affecting the accuracy of visual
image-based ship detection [9,10]. Convolutional neural networks (CNNs), while success-
ful in image recognition, struggle with complex visual tasks due to their local receptive
fields and inefficiency in capturing global image context, especially in dynamic marine
environments [11,12]. The transformer model, known for its success in natural language
processing (NLP), has advantages for visual tasks [13,14]. Its self-attention mechanism can
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capture long-range dependencies and perform global feature analysis [15]. It is also crucial
for detecting subtle features and relationships in ship detection. However, transformer-
based methods face challenges such as large parameter sizes, complex convergence, and
high computational demands [16].
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Figure 1. The maritime ship monitoring system workflow.

We propose the use of the adaptive query selection transformer (AQSFormer) for real-

time ship detection from visual images to overcome the above issues. AQSFormer seeks to
optimize computational efficiency and achieve faster convergence without compromising
detection quality, offering a balanced solution for maritime surveillance. The contributions
of this study can be summarized as follows:

@

@

®)

This study introduces 2D rotational position encoding (2D-RoPE) [17] to enhance
transformer models for ship detection. 2D-RoPE enables the model to precisely inter-
pret spatial relationships, including distances, angles, and directions between ships,
by combining relative and absolute positions. This enriched positional awareness sig-
nificantly improves the precision of the model in identifying ship targets, advancing
spatial analysis capabilities in maritime surveillance, and providing a sophisticated
solution for ship detection tasks.

This paper enhances ship detection models with a deformable attention (DA) module,
focusing on crucial sampling points near reference points in feature maps.
This selective attention prioritizes important contour points, serving as a prelim-
inary filter that highlights critical image features. It directs attention to essential
ship details through edge contours, effectively gathering crucial edge information.
This method overcomes the challenges posed by vague ship contours against complex
backgrounds such as waves or fog by combining sparse sampling with transformer
global relationship modeling. This improvement increases the capacity of the model
to distinguish ships, enhancing its effectiveness in ship detection tasks.

We propose an adaptive query selection (AQS) module to autonomously choose
positive and negative training samples based on the statistical characteristics of ship
targets. This module evaluates bbox quality and consistency, distinguishing highly
similar queries. It offers flexible object query selection, adapts to diverse ship sizes and
detection scenarios, reduces incorrect filtering, improves recall rates, and guarantees
the pipeline end-to-end. This strategic improvement significantly enhances the ship
detection capabilities of the model, improving efficiency and effectiveness.

The remainder of this paper is organized as follows. Section 2 reviews the ship

detection literature and outlines the workflow steps. Section 3 presents the AQSFormer
algorithm, including its framework and pseudocode, for a clear understanding of its
operations. Section 4 details the experimental evaluations of AQSFormer, demonstrating
its effectiveness. Section 5 summarizes the findings and suggests future research directions,
building on the foundation of this work.
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2. Related Works
2.1. Ship Detection Methods Based on CNNs

In the early stages of ship detection research, SAR and ORS images were the pri-
mary sources for detecting maritime targets [18,19]. The all-weather capability of SAR
technology makes it essential for maritime object detection [20,21]. Innovations such as
CenterNet++ proposed by Guo et al., which introduced feature refinement and enhance-
ment modules, significantly advanced the field [22]. CenterNet++ was validated across
three public datasets, proving its ship detection effectiveness. Leng et al. explored ship
detection within range-compressed SAR data, leveraging the statistical characteristics and
distance trajectories of ship targets [23]. Their method reduced the need for azimuth focus-
ing, resulting in a more streamlined detection process. Zhu et al. addressed the detection
of dim and small ships in extensive SAR images with an anchor-free method built on
fully convolutional one-stage ship detection (FCOS), enhancing the small ship detection
accuracy across large-scale SAR images [24]. Zhang et al. presented a novel perspective by
integrating saliency detection with CNN networks to create an end-to-end ship detection
framework [25]. This approach notably enhanced ship detection accuracy in SAR images
by leveraging high-quality slices generated via saliency detection. Breaking conventional
barriers, Leng et al. introduced a method to detect ships directly from raw SAR echo data,
eliminating the traditional need to focus on SAR images [26]. This innovation opened
avenues for ship detection without the imaging prerequisite. Furthermore, Zhang et al.
responded to ship target diversity and similarity challenges in SAR images by developing
a new scatter-point-guided region proposal network (RPN) [27]. They achieved improved
performance by incorporating scatter characteristics into the network, facilitating efficient
ship detection. This body of research collectively represents significant strides in evolv-
ing ship detection methodologies, highlighting the continuous pursuit of accuracy and
efficiency in this domain.

ORS images are essential for offshore ship detection because of their high-resolution
capabilities. Ren et al. utilized saliency information with feature enhancement structures
(FESs) and saliency prediction branches (SPBs) to improve detection in complex environ-
ments [28]. Li et al. enhanced small ship detection in complex backgrounds by integrating
multilevel features with a rotational RPN [29]. Wang et al. developed a convolutional
network using Gaussian heatmap regression to map ship areas, addressing overfitting
directly [30]. Dong et al. applied a brain-inspired visual attention mechanism with vector
field filters for accurate detection in complex maritime conditions [31]. Hu et al. introduced
a framework for detecting various-sized ships through multiscale supervision and attention
guidance [32]. Xiao et al. proposed a method for detecting ships directly via compressive
sensing (CS) measurements, bypassing scene reconstruction [33]. Cui et al. proposed an
anchor-free framework that uses key points, orthogonal pooling, and soft-NMS modules
for enhanced detection [34]. Nevertheless, SAR and ORS technologies are constrained
by high costs, low real-time performance, and diminished effectiveness under adverse
weather conditions.

Advances in computer vision have positioned visual image-based ship detection as a
leading approach due to its cost-effectiveness and rapid response capabilities. The use of
CNN:s has significantly improved detection precision and speed. Zheng et al. proposed a
small-scale ship detection method based on the attention mechanism, which emphasizes
key features through a local attention module and combines them with high-level fea-
ture prediction layers to enhance small target detection ability [35]. Ngo et al. improved
background differentiation and introduced uncertainties during training with techniques
such as information bottleneck and reparameterization, achieving superior results on the
SeaShips dataset and demonstrating the effectiveness of visual image-based detection in
maritime security [36]. Liu et al. enhanced the YOLO v5 model with an adaptive image
dehazing module, optimizing dehazing and detection simultaneously for more explicit ship
recognition in hazy conditions [37]. Zhou et al. introduced multiscale feature-weighted
fusion with cooperative attention and a bidirectional weighted feature pyramid network
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(FPN) into YOLO v5, achieving precise detection in complex maritime environments [38].
Yi et al. proposed an efficient 1D convolutional neural network architecture [39], featuring
the Multi-Kernel Temporal Block (MKTB) for multi-scale temporal response modeling
and the Global Refinement Block (GRB) for refining global temporal features based on
cross-channel similarity. By combining these modules, the proposed architecture effec-
tively explores spatiotemporal features within tolerable computational cost and achieves
state-of-the-art performance in hand gesture recognition tasks. Jiang et al. proposed a
spatial-temporal interleaved network for efficient action recognition [40], which enhances
3D convolutional neural networks by introducing an interleaved feature interaction mod-
ule, a boosted parallel pseudo-3D module, and a spatial-temporal differential attention
mechanism. Zheng et al. proposed a binocular stereo vision-based method [41] for inland
river ship recognition and depth estimation, utilizing MobileNetV1 as the feature extraction
module of the YOLOv4 model to reduce computation while maintaining accuracy. Addi-
tionally, a feature point detection and matching algorithm based on the ORB algorithm
enhances depth estimation precision, meeting the navigation safety requirements of inland
river ships. CNNs effectively enhance ship detection capability against complex maritime
backgrounds by learning deep features in images. Nonetheless, limitations in processing
long-distance dependencies and global context information in images remain.

2.2. Ship Detection Methods Based on Transformers

With its self-attention mechanism, the transformer surpasses CNNs in object detection
by effectively capturing long-distance dependencies and excelling in processing global
information. This makes the transformer ideal for complex scenes such as ship detection.
Shi et al. proposed a transformer-based model that integrates local sparse information
aggregation, using explicit contour guidance to improve ship detection performance in
SAR images [42]. Zhang et al. proposed the efficient ship detection transformer (ESDT)
model, which accelerates model convergence through a feature distillation mechanism,
enhancing ship detection efficiency and accuracy [43]. Chen et al. proposed an anchor-free
method based on a transformer that detects ship targets with arbitrary orientations in SAR
images [44]. Zhou et al. established the pyramid vision transformer (PVT) paradigm for
multiscale feature representations in SAR images (PVT-SAR) [45]. Introducing the PVT
paradigm allows the detection framework to overcome CNN limitations, enhancing detec-
tion capabilities in coastal and offshore scenes and improving ship detection performance
in SAR images. Chen et al. proposed TSDet, an end-to-end SAR ship detection method
based on a transformer, which employs a perceptron enhancement transformer (PET) [46].
Suppressing background noise and enhancing salient features improves ship detection
performance in SAR images. Chen et al. proposed a multi-attention network for com-
pressed video referring object segmentation [47], which consists of dual-path dual-attention
module and a query-based cross-modal Transformer module. The query-based cross-modal
Transformer firstly models the correlation between linguistic and visual modalities, and
then the fused multi-modality features are used to guide object queries to generate a
content-aware dynamic kernel and to predict final segmentation masks. Ge et al. proposed
a NEural Attention Learning approach (NEAL) [48], which generates attention response
maps by calculating partial derivatives of the classification output and combines them with
the original detection loss for end-to-end training without additional network structures.
Phan et al. introduced the UNet Structured Transformer (UNest) architecture [49], which
incorporates structural inductive biases for unpaired medical image synthesis by leverag-
ing the Segment-Anything model to precisely extract foreground structures and perform
structural attention.

Although transformer-based models are effective for ship detection in SAR and ORS
images, their application in visual image-based detection encounters challenges due to
complex maritime environments, such as sea clutter and haze, that obscure ship outlines
and limit performance. Furthermore, their extensive computational requirements and nu-
merous parameters restrict their real-time application. To address these issues, AQSFormer
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is proposed for high-precision, real-time ship detection from visual images. It focuses on
overcoming the challenges faced by existing transformer-based models, enhancing ship
detection in complex maritime environments, and improving computational efficiency for

rapid deployment.

3. Proposed Method

This section explores the architecture of AQSFormer and key components for improv-
ing ship detection efficiency and accuracy from visual images. Unlike traditional detection
transformer (DETR) networks, AQSFormer integrates novel modules such as 2D-RoPE,
DA, and the AQS module, as illustrated in Figure 2. The following subsections provide
detailed discussions on these key modules, highlighting their contributions to refining the
model for accurate ship detection in challenging maritime environments.
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Figure 2. The architecture overview of the proposed approach AQSFormer. It mainly contains an
encoder with deformable attention, a decoder with deformable cross-attention, and an adaptive query
selection module.

3.1. The 2D-RoPE Module

Vision transformers (ViTs) process images by splitting them into small patches and
applying positional encoding before feeding them into the encoder to maintain spatial
relationships among these patches. This approach leverages the advantage of a transformer
in analyzing sequential data and comprehending complex relationships, which is crucial
for understanding the global context. ViTs excel in capturing long-distance dependen-
cies because of their self-attention mechanism, unlike CNNs, which rely on predefined
convolutional kernels. This capability allows ViTs to provide insights beyond CNN local
receptive fields, making them exceptionally useful for tasks requiring comprehensive scene
understanding. This distinct advantage of ViTs is highlighted by their ability to surpass
traditional methods in capturing complexities in visual images. The process of the tradi-
tional self-attention mechanism is illustrated in Equation (1), demonstrating the technical
foundation that enables ViTs to analyze images effectively.
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qm = (xm + pm)Wg
km = (xn + Pn)WK
vj = (xn + pn)Wy
amkn
B exp( 1)
al,] o N q;rrlkj
Ljl1exp Vi
N
Om = Y. AmuUn
n=1

where x,; and x,, are the d-dimensional inputs at positions m and n, respectively; p,;, and p,
are the d-dimensional positional encoding vectors for positions m and n; and Wg, Wk, and
Wy are the weight matrices for the query, key, and value, respectively. Positional encoding
P(s) typically uses trigonometric functions, as shown in Equation (2).
pam = sin(k/10,0002"/4) )

{ Pam+1 = cos(k/10,0002"/4) @

Trigonometric positional encoding employs sine and cosine functions at varying
frequencies to embed positional information, enabling models to comprehend absolute
positions within sequences. This approach is advantageous for identifying long-distance
dependencies and accommodating sequences of any length. However, its inability to
encode relative positions can hinder the understanding of complex relationships between
sequence elements, such as the position, angle, and direction of ships, in ship detection
tasks. To address this, our approach posits that the inner product between query vector g,
and key vector k, can be encapsulated by a specific function g, as detailed in Equation (3).
We aim to incorporate relative positional information, enhancing the capacity of the model
to interpret intricate spatial relationships.

(FaGomym), fie(xn, 1)) = g(Xm, Xn,m — 1) 3)

where (m — n) represents the relative position between x,, and x,. The functions f (%) and
g() that satisfy the above constraints are shown in Equation (4).

fq(xm,m) = (Wyxy)e™®
felxn,n) = (Wexy)em® )
§ (X, Xn, m — 1) = Re[(Wyxm) (Wixy)*el(m=m)]

where Re(*) represents the real part of a complex number, (Wyx,,)* denotes the conjugate
of the complex number (Wx,), and 6 € R is a nonzero constant. According to the Euler
formula, f{, 11 can be expanded as shown in Equation (5).

: (1)
cosmf —sinmb X
Fiay (xmom) = ( sinmf  cosm@ ) Wigky ( x,(nz) ) )

M (2

where (xm ) Xm ) represents x; in two-dimensional coordinates. If Equation (5) is general-
ized to any x; € R and d is even, f, ;) is shown in Equation (6).

f{q,k} (xm/ m) = Rd@,mw{q,k}xm (6)

where R% ., 18 shown in Equation (7).
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cos mb — sinmby 0 0
sin m6; cos mbq 0 0
0 0 0 0
Rd® "= 0 0 .- 0 0 ?)
0 0 ce cos mGd/z —sin mGd/z
0 0 sinm;,, cosmby,,

c,d

R@,(m,n) =

where ® = {91- = 10,00072(i71)/d,i €lL2,--- ,d/2]}. However, for solving 2D image

data, the relative positional relationship of (x,y) should be considered; thus, 2D-RoPE is
shown in Equation (8).

,d
f{q,k} [(xm, yn), (m,n)] = RC@,(m,n)W{q,k} (Xm, Yn) ®)
where c and d represent the width and height of the image, respectively, and Rg,i(m,n) is
shown in Equation (9).
cos mby—sinmby - - - 0 0 0 0 0 0
sinm6; cosmb; --- 0 0 0 0 0
0 0 ---cosmb,,—sinmb,;, 0O 0 0 0
0 0 ---sinmb,/p cosmb,,, 0 0 0 0 ©)
0 0 0 0 cosnf; —sinnbq- - - 0 0
0 0 0 0 sinnf; cosnfy --- 0 0
0 0 0 0 0 0 -+ -cosnby o—sinnby
0 o --- 0 0 0 0 ---sinnb;/;p cosnby,

The implementation of 2D-RoPE is shown in Figure 3.
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Figure 3. The workflow of the two-dimensional rotational position encoding method. The input
feature map is patchified as tokens, and then the absolute and relative position information is
introduced in the two-dimensional rotational position encoding method.
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2D-RoPE enhances positional encoding by combining the absolute position and rela-
tive distance of pixels within image sequences, thereby improving the comprehension
of positional context by the model. This approach both enriches the understanding
of positional nuances and improves the ship positioning task precision and efficiency.
By incorporating details such as the distance, angle, and direction between pixels, 2D-RoPE
significantly advances the ability of the model to accurately determine ship locations.

3.2. The Deformable Attention Module

During the early stages of processing image features, the transformer algorithm tends
to distribute attention weights almost evenly across all pixel positions, which necessitates
extensive training to refine its focus on relevant areas. Additionally, the computational
complexity of the self-attention module in the transformer encoder increases quadratically
with the size of the spatial feature map, significantly increasing both computational and
memory demands for high-resolution images. DA is introduced, which samples spatially
sparse locations fused with the ability of the transformer to model contextual relationships
to address the slow convergence and high complexity challenges of DETR. This approach
is embodied in the design of the DA module, detailed in Figure 4, which offers a strategy
to balance efficiency and effectiveness in feature processing.
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Figure 4. An illustration of our deformable attention mechanism. We present the workflow
of the deformable attention mechanism. A group of reference points is sampled uniformly
on the feature map, whose offsets are learned from the queries by the linear layer. Then,
the deformed features are projected from the sampled reference points. The relative position
bias is also computed by the deformed points, enhancing the multihead attention, which out-
puts the transformed features. We show only one reference point and three deformed points
for clarity.
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For a given input feature map x € RE*H*W an element g in the query, characterized
by content features z; and a 2D reference point pg, has its DeformAttn features calculated
as specified in Equation (10). This method allows the model to dynamically adjust its focus
within the feature map based on the specific attributes and spatial reference of g, enhancing
the ability of the model to extract relevant information from complex inputs.

M K
DA(qu Pq/x) = Z Win 2 Amqk ’ W’mx(pq + Apmqk) (10)
m=1 k=1

where m € M represents the number of attention heads, and k € K < HW represents
the number of sampled keypoints. The symbols Ap;,g and A, denote the sampling
offset and the attention weight for the k;;, sampling point of the m;, attention head, respec-
tively, with the scalar attention weight A,,;x normalized to A, € [0, 1] by 2sz1 Apge = 1.
Wy € RE*C and W'y, € R&*C are learnable weights, and C indicates the channel dimen-
sion of the feature map, with C, = C/M. Apyq € RH*W js defined as a 2D vector within
the feature map’s range. Given that the offset position (p; + Apy,.r) might not be an integer,
bilinear interpolation, as proposed by Dai et al. [50], is used to compute the value of x at
position (pg + Apygk)- Drawing from deformable convolution concepts, sampling positions
are adaptively adjusted through offset predictions, encircling the reference point and modi-
fying based on the ship objects” actual shapes. This method both diminishes the sensitivity
of the model to background noise and improves its ability to discern ship features.

Let N, represent the total number of query elements. In the standard DETR model,
for an input feature map x € RE*H>*W the number of query elements is N; = HW, where
H and W are the height and width of the feature map, respectively. Consequently, the
computational complexity of the attention module, as detailed in Equation (1), is illustrated
in Equation (11). This relationship highlights the direct impact of the spatial dimensions
of the feature map on the computational demands of the attention mechanism of the
DETR model.

Operr = (N;C?)? = (HWC?)? (11)

Equation (11) revealed that the computational complexity of the traditional DETR
algorithm increases quadratically with the spatial size of the input feature map. In contrast,
within the DA module referenced by Equation (10), the complexity involved in computing
the sampling coordinate offsets Ap;,qc and their corresponding attention weights Axp,
is also detailed in Equation (12). This highlights the efficiency improvements offered by
DA mechanisms, which aim to optimize computational resources by adjusting to the most
informative parts of the input feature map, potentially reducing the overall computational
load compared to the traditional DETR approach.

{ Oupp = (2MKN,C)

Oa, = (MKN,C) (12)

Pmgk

The first 2MK channels are dedicated to encoding the (x, FfsetrYof fset) of the sampling
offset Apyx; in contrast, the remaining MK channels focus on extracting features, which
are then fed into the softmax operator to compute the attention weight AAquk' Given
that App, , is a scalar, the computational complexity, as referenced in Equation (10), is
detailed in Equation (13). This structure efficiently separates the position encoding and
attention weight calculation tasks, streamlining the process and potentially reducing the
computational burden associated with these operations.

Opa = (N,;C* + N;KC? + 5N,KC + 3MKN,C) (13)

The coefficient 5 in 5N;KC originates from the calculations involved in bilinear inter-
polation. The default parameters are set as M = 6, K = 4, and C = 256 for the experiments
conducted in this study. Given that 5K +3MK < C, the computational complexity of the
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DA module is more precisely depicted by Equation (14). This formulation demonstrates the
efficiency of the DA mechanism, particularly in terms of its computational requirements,
by leveraging the specificities of bilinear interpolation and the chosen parameter settings to
optimize processing.

Opa = [NyC* + KN,C? + N,C(5K + 3MK))]
= (6N,C?) (14)

where N; = N denotes the number of object queries. According to Equation (14), the DA
module benefits from a sparse sampling strategy that renders its computational complexity
independent of the spatial size of the feature map. This approach leads to a significant
reduction in computational complexity, demonstrating the efficiency of the DA mod-
ule in processing images. The module optimizes resource usage without compromising
the attention and feature extraction quality by focusing on a limited set of strategically
sampled points.

The DA module selects several key sampling points around the reference point in-
stead of all the pixels in the feature map, optimizing computational and memory usage
by focusing on significant positions. This strategy enhances ship recognition efficiency
and accuracy, as it emphasizes areas around ship targets, particularly edge contours.
By dynamically adjusting its focus, the module prioritizes informative areas for ship detec-
tion. It enables the model to accurately capture crucial details from ship edges, improving
the detection of small or partially obscured ships against complex backgrounds.

3.3. The Adaptive Query Selection Module

The DA mechanism significantly enhances object detection performance, where an
effective sample selection strategy is vital for accuracy. Traditional anchor-based methods,
which rely on the preset dimensions and ratios of anchors distributed densely across the
feature map and a fixed intersection over union (IoU) threshold for filtering, can sometimes
overlook edge targets. DETR revolutionizes this approach by utilizing “object queries”
to directly predict target categories and bboxes, bypassing the need for anchor-based
preselection. These queries, which represent detection targets, enable the model to predict
all targets concurrently through parallel processing, moving away from traditional stepwise
inference. Unlike predefined anchors, object queries are learned, making DETR adaptable
to various detection tasks and scenarios.

This paper introduces the AQS module, which enhances DETR'’s object query concept
by dynamically adjusting query selection criteria to suit complex scenarios, thus refining
bbox selection. This adaptive mechanism addresses the shortcomings of conventional meth-
ods, offering more flexible and accurate object detection, particularly for ship recognition
in challenging maritime environments. Ma et al. proposed a two-stage adaptive query
method for style-aware video captioning [51], which adjusts caption styles flexibly through
style learning in the first stage and adaptive style guidance in the second. However, the core
of the AQS module lies in its dynamic adjustment of the IoU threshold. This adjustment
enables the model to select the most relevant queries based on the complexity and features
of the training samples. By using IoU and L2 distance for query selection, the AQS module
avoids the fixed threshold approach common in traditional detection methods, thereby
improving the model’s performance in complex scenarios. The pseudocode of the proposed
AQS module is shown in Algorithm 1.
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Algorithm 1 Adaptive query selection module.

INPUTS:
GT is a set of ground-truth boxes on the image
Q is a set of object queries
OUTPUTS:
P is a set of positive samples
N is a set of negative samples

for each ground truth gt € GT do
build an empty set: Fgt < ©;
X < select 9 object queries from Q;
th = th U X;
compute IoU: Tgt = IoU(Fgy, gt);
compute mean of Tgs: mgy = Mean(Ty;);
compute standard deviation of Tgs: s¢r = Std(Tgt);
compute IoU threshold: vgr = Mgt + sgt;
for each candidate anchor f € Fgt do
if (IoU(f,gt) > vgt and center of f in gt) then
P=PUF;
end if
end for
end for
N=Q-P;
return P, N

We propose that not all training samples are equally important for model learning.
A faster training process and greater accuracy with fewer computational resources can
be achieved by focusing on those samples that are most critical for improving model
performance. In Algorithm 1, we select the 9 bboxes closest to the ground truth gt based
on the sum of L2 distances between the object query and the corner point of gt. We set
the number of bboxes to 9 to match anchors of three different sizes and three aspect ratios.
Then, we calculated the IoU between the selected object queries and the ground truth gt,
from which we derived their average m¢; and standard deviation s¢t. Accordingly, we set
the IoU threshold vy for the ground truth gt as mg plus sg. Finally, object queries with an
IoU greater than or equal to the threshold vg; and whose centers were inside the ground
truth gt were selected as positive samples. For a single object query assigned to multiple gt
bboxes, we chose the one with the highest IoU as the positive sample; the rest were deemed
negative samples.

In object detection tasks, the IoU serves as a key metric for evaluating the matching
degree between the predicted and actual bboxes. It is also applicable for assessing the
matching effectiveness of predefined anchors. A high value indicates greater consistency be-
tween bboxes, which may make it difficult for the model to effectively distinguish between
valid predictions and background noise, affecting the detection accuracy and potentially
confusing label assignments during training, thereby reducing the generalization perfor-
mance of the model. Therefore, adaptively adjusting the IoU threshold based on the values
of m and s is crucial to ensure the selection of high-quality object queries and optimize
detection outcomes. For difficult-to-detect or marginalized targets, the detection sensitivity
can be increased by lowering the IoU threshold; in contrast, the IoU threshold can be
increased to reduce false positives for easily recognizable targets.
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(a) ore carrier

(b) bulk cargo carrier  (c) general cargo ship (d) container ship (e) fishing boat (f) passenger ship

4. Experiments
4.1. Experimental Setup
4.1.1. Dataset

Our study utilized the SeaShips dataset, which was sourced from surveillance footage
around Henggqin Island, Zhuhai, China [52]. The SeaShips dataset, which features
7000 high-resolution (1920 x 1080) images, represents various real-world maritime scenar-
ios, enhancing the practical application capabilities of the model. It encompasses images
of six ship types bulk carriers, general cargo ships, container ships, fishing vessels, and
passenger ships under diverse environmental settings with differing perspectives, scales,
and backgrounds. Each image is meticulously annotated with ship types and bounding
boxes. We allocated 6000 images for training and 1000 for testing. The dataset is further
exemplified in Figure 5 with ship-type variations, Figure 6 with scale variations, Figure 7
with lighting variations, and Figure 8 with complex background variations.

=

e

Figure 5. Examples of typical images of six ship types. (a—f): ore carrier, bulk cargo carrier, general
cargo ship, container ship, fishing boat, and passenger ship.

Figure 8. Ship targets across diverse backgrounds.
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4.1.2. Settings

Experiments were conducted in this study on a server with an NVIDIA RTX 3090
GPU. We implemented the AQSFormer algorithm using PyTorch v1.12.0 and Python v3.8.0.
During training, we set the batch size to 2, and each epoch consisted of 3000 iterations. We
chose ResNet 50 as the backbone network. We employed the AdamW optimizer, setting the
learning rate and weight decay coefficient to 1 x 10~% . Our data augmentation included
random flipping and cropping, with probabilities and scale ranges set to enhance vari-
ability. Unlike typical approaches, we trained all models from scratch to ensure unbiased
adaptation to ship detection and to evaluate baseline convergence speeds. The training
concluded after 14 epochs to optimize model performance while ensuring experimental
accuracy and reproducibility.

4.1.3. Evaluation Metrics

To clearly and objectively evaluate the improvements of our proposed algorithm,
we selected seven evaluation metrics: AP@0.5, mAP@0.5, mAP@0.5:0.95, memory usage,
number of parameters, Giga Floating Point Operations (GFLOPs), and frames per second
(FPS). These metrics provide a comprehensive assessment of the model’s performance.
Average Precision (AP) and mean Average Precision (mAP) are standard accuracy metrics
in object detection, measuring detection precision for individual classes and all classes,
respectively. Specifically, AP@0.5 and mAP@0.5 represent the average precision for single
class and all classes at an Intersection over Union (IoU) threshold of 0.5. In contrast,
mAP@0.5:0.95 denotes the mAP across IoU thresholds from 0.5 to 0.95 in increments
of 0.05, offering a more thorough reflection of detection accuracy. The memory usage
metric assesses the maximum memory required by the model during inference, which is
essential for evaluating resource consumption in practical applications. The number of
parameters indicates the quantity of learnable parameters in the model, typically correlating
positively with the model’s complexity. GFLOPs measure the number of floating-point
operations the model performs per second during inference, reflecting its computational
complexity. FPS refers to the number of frames the model can process per second, which is
crucial for assessing real-time prediction capability. By integrating these metrics, we can
comprehensively evaluate the model’s performance in terms of accuracy, efficiency, and
computational complexity, providing a robust quantitative assessment of the proposed
AQSFormer algorithm’s effectiveness.

4.2. Comparison with State-of-the-Art Methods

To provide a comprehensive assessment, we evaluated the performance of the AQS-
Former algorithm against current state-of-the-art algorithms using the SeaShips dataset.
To clearly and intuitively demonstrate the superior performance of our method, we com-
pared six types of ships with multi-scale scenarios, as shown in Figure 9. It shows that,
our proposed AQSFormer accurately detects ships of various types and scales. In contrast,
deformable DETR and DDQ DETR suffer from missed detections and false alarms due
to their use of absolute positional encoding in transformer-based models, which neglects
the importance of relative positions during patch sequence encoding, leading to limita-
tions. Similarly, YOLOX, YOLOF, TOOD, RTMDet, and GLIP encounter false detections,
missed detections, and inaccurate localization. These issues likely stem from confusion
with complex backgrounds like coastlines and challenges in detecting small-scale objects.
These results highlight the effectiveness of our introduced modules: 2D-RoPE, deformable
attention, and adaptive query selection. The quantitative comparison results are detailed
in Table 1.



Electronics 2024, 13, 4591 14 of 20

bulk cargo carrier

eneral cargo shi bulk cargo carrier .
8 8 P 8 and ore carrier

container ship fishing boat passenger ship

2017-10-12 MY 15:07:53

ATSS

2017-10-12 WMDY 15:07:53

YOLOX

2017-10-12 NI 16:19:39 2017-10-12 WMDY 15:07:53

YOLOF

2017-10-12 NI 16:19:39

Deformable DETR

TOOD

RTMDet

2017-10-12 WMDY 15:07:53

GLIP

2017-10-12 WY 15:07:53

DDQ DETR

2017-10-12 FEWITY 15:07:53

DINO

CO-DETR

Ours (AQSFormer)

Figure 9. A performance comparison of our proposed algorithm and the state-of-the-art algorithms
across six ship types in the SeaShips [52] dataset.

As shown in Table 1, our proposed AQSFormer outperforms other SOTA algorithms
with an mAP@0.5 of 0.956 and an mAP@0.5:0.95 of 0.779. While AQSFormer demonstrates
excellent average accuracy across the four ship categories, it does not achieve the highest
performance in all categories. This limitation may stem from the fact that our approach is
primarily designed to address challenges related to complex backgrounds and multi-scale
detection, which may slightly compromise performance in detecting small-scaled or low-
sample ships. Nevertheless, AQSFormer consistently delivers stable performance across all
ship categories, showcasing its robustness under various conditions. This stability high-
lights its strong adaptability for IoT-based ship detection tasks. In contrast, the deformable
DETR, ATSS, and YOLOF algorithms perform relatively poorly in ship detection. Although
deformable DETR excels at handling deformed objects, its performance suffers significantly
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in complex backgrounds, particularly when there are large scale differences among ship
categories. ATSS, despite its strong adaptability, struggles with localization errors and false
negatives, particularly in multi-scale and low-contrast scenarios. YOLOF, on the other
hand, faces challenges in detecting small objects and handling low-sample cases, resulting
in reduced accuracy for certain ship categories. Therefore, while these algorithms perform
well in specific tasks, their effectiveness in ship detection is limited, especially in complex
environments and with diverse ship types.

Table 1. A comparison with the SOTA algorithms on the SeaShips dataset. The best and second-best
results are in bold and underlined, respectively.

Methods . : AP@OS . . mAP mAP

Ore Ship  General Cargo Ship  Bulk Carrier  Fishing Boat  Passenger Ship  Container Ship  @0.5 @0.5:0.95
(CVPR 2020) ATSS [53] 0.935 0.942 0.906 0.871 0.844 0.925 0904  0.661
(ArXiv 2021) YOLOX [54] 0.914 0.925 0.927 0.896 0.852 0.923 0906  0.642
(CVPR 2021) YOLOF [55] 0.921 0.933 0.917 0.912 0.847 0.915 0.908  0.693
(ICLR 2021) Deformable DETR [56] 0.888 0.932 0.896 0.830 0.828 0.920 0.882  0.617
(ICCV 2021) TOOD [57] 0.927 0.891 0.930 0.885 0.838 0.917 0.898  0.625
(ArXiv 2022) RTMDet [58] 0.902 0.915 0.933 0.862 0.833 0.924 0.895  0.624
(CVPR 2022) GLIP [59] 0.942 0.967 0.956 0.917 0.866 0.938 0931  0.728
(CVPR 2023) DDQ DETR [60] 0.937 0.944 0.951 0.923 0.849 0.933 0923  0.705
(ICLR 2023) DINO [61] 0.949 0.962 0.963 0.915 0.923 0.956 0945 0.752
(ICCV 2023) CO-DETR [62] 0.936 0.958 0.962 0.908 0.901 0.942 0935  0.749
(ours) AQSFormer 0.963 0.975 0.959 0.936 0.918 0.985 0.956 0.779

In Table 2, the proposed AQSFormer algorithm, while not the fastest, boasts a FPS
of 31.3, balancing speed and its superior detection capabilities. It operates at a frame rate
conducive to real-time ship detection, demonstrating its practical utility. The AQSFormer
shows efficient memory usage at 6.67 G, with 37.4 M parameters and 67.855 GFLOPs.
In contrast, YOLOX, despite its lower parameter count (9.0 M) and reduced computational
complexity (33.777 GFLOPs), does not reach the anticipated processing speed. This dis-
crepancy can be attributed to the fundamental architectural differences between YOLOX,
an anchor-based single-stage detector, and transformer-based detection algorithms such
as DETR, which forgo anchors for a direct object query approach to achieve end-to-end
detection. This architectural divergence emphasizes the importance of considering more
than just parameter count and computational demands when selecting object detection
algorithms. Understanding the inherent differences between architectures and their impact
on performance is crucial. The effectiveness of AQSFormer in distinguishing between
various ship types is further illustrated in the confusion matrix presented in Figure 10.

Normalized Confusion Matrix

100

ore carrier

bulk cargo carrier

general cargo ship

container ship

fishing boat

Ground Truth Label

passenger ship

background

Prediction Label

Figure 10. Normalized confusion matrix of AQSFormer.
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Table 2. Experimental results of memory usage, number of parameters, GFLOPs and FPS. The best
and second-best results are in bold and underlined, respectively. In the indicator, the arrows 1/]

mean that the higher/lower the value, the better.

Methods Memory (G) || Params (M) | GFLOPs| FPS?
(CVPR 2020) ATSS [53] 6.60 323 211.968 29.5
(ArXiv 2021) YOLOX [54] 6.71 9.0 33.777 29.2
(CVPR 2021) YOLOF [55] 7.27 442 103.424 29.1
(ICLR 2021) Deformable DETR [56] 6.72 40.1 197.632 294
(ICCV 2021) TOOD [57] 6.74 32.2 207.872 29.4
(ArXiv 2022) RTMDet [58] 6.75 52.3 80.121 46.0
(CVPR 2022) GLIP [59] 7.02 153.6 122.88 29.2
(CVPR 2023) DDQ DETR [60] 7.04 48.3 280.576 29.4
(ICLR 2023) DINO [61] 7.06 47.6 263.483 294
(ICCV 2023) CO-DETR [62] 7.28 65.8 374.735 29.5
(ours) AQSFormer 6.67 37.4 67.855 31.3

Figure 10 shows that AQSFormer excels in classifying ore carriers, general cargo ships,
container ships, and fishing boats, with correct prediction ratios of 100%, 89%, 91%, and 79%,
respectively. However, it faces challenges with bulk carriers and passenger ships, achieving
70% and 58% accuracy, respectively. The lower accuracy for bulk carriers is attributed to
potential confusion with similar categories, while passenger ships are often mistaken due
to background similarities. Despite these challenges, AQSFormer outperforms other SOTA
algorithms in terms of critical metrics such as mAP@0.5, mAP@0.5:0.95, demonstrating its
ability to predict various object scales. Although it may not lead in some hardware effi-
ciency metrics, such as FPS, its superior detection capabilities and moderate computational
resource usage make meaningful contributions to object detection technology.

4.3. Ablation Experiments and Sensitivity Analysis

To validate the effectiveness and parameter setup of AQSFormer, we conducted
ablation experiments on the SeaShips dataset, and maintaining parameters consistent with
those of the baseline. We explored the components of AQSFormer and their influence on
performance. Specifically, we examined the impact of using different backbone networks,
including ResNet50 [63], ResNet101, and Swin-L [64], on maritime ship image processing.
We also assessed the enhancement in performance through test time augmentation (TTA),
which enhances model generalizability on new samples by applying diverse augmentation
methods during testing. The results are detailed in Table 3.

Table 3. The ablation results of AQSFormer with different backbones and test time augmentation
(TTA). In the indicator, the marks x /v" mean that without/with TTA.

Backbone TTA mAP@0.5:0.95 (%) mAP@0.5(%) APs@0.5(%) AP,,@0.5(%) AP;@0.5 (%)

ResNet50 [63]  x 779 95.6 65.7 85.4 98.6

ResNetl01 [63]  x 78.1 (+0.2) 96.0 (+0.4) 67.6(+19)  858(+04) 989 (+0.3)
Swin-L [64] x 784 (+0.5) 96.8 (+1.2) 68.7 (+3.0)  85.6(+0.2)  99.0 (+0.4)
Swin-L [64] v 78.7 (+0.8) 98.2 (+2.6) 705 (+4.8) 865 (+1.1)  99.6 (+1.0)

As shown in Table 3, using Swin-L as the backbone network in combination with
test time augmentation (TTA) achieves the best performance on the mAP@0.5:0.95 metric,
particularly excelling in small-scale object detection tasks. This result demonstrates the ef-
fectiveness and adaptability of Swin-L in complex scenarios. As a vision transformer-based
network, Swin-L offers superior feature extraction capabilities and a deeper architecture,
allowing it to capture fine object details more effectively, which is especially beneficial for
small-scale object detection. Meanwhile, TTA improves model performance by applying



Electronics 2024, 13, 4591

17 of 20

diverse transformations (e.g., rotation, scaling, flipping) to the input images during infer-
ence, performing independent inferences on the transformed images, and then combining
the results. This approach reduces the bias introduced by a single input, enhancing the
model’s robustness and accuracy. However, it is important to note that incorporating
Swin-L also increases parameters, which may limit its applicability in real-time tasks. Ad-
ditionally, we evaluated the impact of the 2D-RoPE and DA modules, both designed to
improve the model’s ability to perceive spatial structures and adapt to various object shapes.
The experimental results are detailed in Table 4.

Table 4. The ablation results of 2D-RoPE and DA modules.

Pos Embed Attention mAP@0.5:0.95 (%) mAP@0.5(%) AP;@0.5(%) AP,,@0.5(%) AP;@0.5 (%)

Sine Self-Attn 745 89.6 498 80.4 97.3
2D-RoPE  Self-Attn 76.1 (+1.6) 90.7 (+1.1) 559 (+6.1)  81.3(+0.9)  98.1(+0.8)
Sine DA 76.6 (+2.1) 94.3 (+4.7) 59.1(+9.3)  82.7(+2.3)  98.1(+0.8)
2D-RoPE DA 77.9 (+3.4) 95.6 (+6.0)  65.7(+159) 854 (+5.0)  98.6 (+1.3)

Table 4 demonstrates that incorporating 2D-RoPE and DA into AQSFormer signif-
icantly improves the performance. Adding 2D-RoPE notably enhances the detection
accuracy for small ships by improving the spatial awareness of the model. DA contributes
to better performance in detecting ships of various shapes by effectively capturing edge
contours, thus improving scene understanding. We also examined various data augmenta-
tion strategies. Specifically, we selected the Flip, Resize, Crop, and Local Similarity Jitter
techniques for the following reasons:

¢  Flip: Horizontal flipping increases data diversity and helps the model adapt to differ-
ent directions, improving robustness in real-world scenarios.

*  Resize: Resizing helps the model learn scale-invariant features, ensuring good perfor-
mance regardless of object size in object detection tasks.

*  Crop: Random cropping enables the model to focus on different areas of the image,
improving recognition in dense scenes or with partial occlusions.

*  Local Similarity Jitter (LS]): This technique introduces small perturbations to simulate
noise, enhancing the model’s robustness to subtle variations in real-world conditions.

These data augmentation strategies were selected to improve our AQSFormer’s gen-
eralization ability and help it better adapt to various scenes and data distributions. The
outcomes are presented in Table 5.

Table 5. Results of different data augmentation strategies on AQSFormer. LS] refers to Local

Similarity Jitter.
Data Aug. mAP@0.5:0.95 (%) mAP@0.5(%) APs;@0.5(%) AP,,@0.5(%) AP;@0.5 (%)
X 74.5 87.5 52.5 80.8 97.1
Flip & Resize & Crop 76.5 (+2.0) 92.6 (+5.1) 59.8 (+7.3) 84.8 (+4.0) 983 (+1.2)
LS] 76.0 (+1.5) 91.1 (+3.6) 59.4 (+6.9) 82.0 (+1.2) 97.8 (+0.7)
Flip & Resize & Crop & LS] 77.9 (+3.4) 956 (+8.1) 657 (+132) 854 (+4.6)  98.6 (+1.5)

Table 5 shows that the combination of Flip, Resize, Crop, and LS] yielded the great-
est improvement in performance, especially for small-scale object detection. This result
indicates that diverse data augmentation techniques during training significantly boost the
ability of the model to detect ships of various sizes and shapes, enhancing its effectiveness.

5. Conclusions

This study introduces AQSFormer, a method designed for real-time visual image ship
detection. It was tested on the SeaShips dataset to confirm its superiority and parameter
efficiency. AQSFormer enhances spatial understanding by integrating 2D-RoPE, which
merges absolute and relative positional data, improving ship position and orientation rep-
resentation. The DeformAttn module refines the focus of the model on crucial ship features
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by accurately aggregating edge key points, enhancing feature space resolution. The method
dynamically updates the sampling strategy, optimizing training and inference, making it a
flexible and efficient approach. It outperformed state-of-the-art models, increasing mAP by
2.7%, and achieved 31.3 FPS, showing its real-time capabilities and precision improvement.
This research paves the way for advancements in visual image-based ship detection, sup-
porting maritime surveillance, autonomous navigation, and rescue operations. Future work
will explore multimodal data fusion for greater accuracy and speed, addressing broader
application demands.
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