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Abstract—Infrared maritime object detection is a crucial tech-
nology for sea surface monitoring in low-light conditions within
maritime Internet of Things (IoT) systems. In practical appli-
cations, this task faces significant challenges, including diverse
target sizes and stringent real-time processing requirements.
To address these challenges, a DEtection TRansformer (DETR)
with global-local adaptive fusion (GLAF) attention for infrared
maritime object detection (GLAF-DETR) is proposed. The GLAF
attention mechanism is designed to capture both global contextual
information and fine local details of objects. GLAF dynamically
adjusts attention across regions by integrating long-range depen-
dencies with short-range positional information, significantly
enhancing detection performance for targets of varying sizes
in complex maritime environments. In addition, the dynamic
adaptive multiscale feature fusion (DAMFF) module is proposed
to promote cross-channel interaction among multiscale features.
Guided by GLAF, DAMFF dynamically fuses these features,
further enhancing the accuracy of multiscale object detection.
The lightweight HGNetv2-IRLight backbone is designed to
minimize network complexity and ensure real-time performance
by reducing redundant information while maintaining strong
infrared feature extraction. Extensive experiments conducted on
an infrared maritime object dataset show that GLAF-DETR
surpasses state-of-the-art methods in both detection accuracy
and inference speed. It demonstrates outstanding performance,
particularly in detecting objects across different scales, offering
enhanced accuracy and robustness in challenging maritime
scenarios.

Index Terms—DEtection TRansformer (DETR), global-local
adaptive fusion (GLAF) attention, infrared maritime object
detection, multiscale feature fusion.
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I. INTRODUCTION

ITH the rapid expansion of maritime activities and the
Wintegration of smart devices, the maritime Internet of
Things (IoT) has become crucial in advancing the digital-
ization and intelligence of marine systems [1], [2]. However,
the marine environment is dynamic and often unpredictable.
Conditions, such as low light and adverse weather pose signif-
icant challenges to traditional visible light detection systems.
These factors undermine the reliability of such systems for
consistent, all-weather monitoring. To address these chal-
lenges, infrared maritime object detection has emerged as
a vital real-time sensing technology within maritime IoT
frameworks. Its enhanced performance under low-light and
harsh weather conditions significantly improves the accuracy
of maritime monitoring [3]. Consequently, infrared maritime
object detection is increasingly employed in critical appli-
cations, such as coastal surveillance, maritime search and
rescue, maritime safety, and intelligent unmanned marine
platforms [4].

In the vast and complex maritime environment, infrared
object detection faces several critical challenges. Firstly, sig-
nificant physical size differences exist among various targets,
such as cargo ships, speedboats, and buoys. Additionally,
differences in the distance between the targets and the infrared
camera lead to variations in their apparent size in infrared
images. Together, these factors necessitate a detection system
that can effectively adapt to multiple scales, posing stringent
technical challenges [5]. Secondly, the inherent limitations
of infrared imaging, including low resolution, limited feature
information, and lack of texture, further complicate detection.
These issues are exacerbated by the dynamic and unpredictable
nature of the maritime environment, making accurate detection
even more challenging. Lastly, maritime monitoring requires
real-time performance, crucial for effective integration into
maritime IoT systems to ensure continuous, reliable surveil-
lance and prompt responses to changing conditions.

To address the challenges outlined above, traditional
infrared maritime object detection methods often rely on
manually crafted features. However, these methods lack the
flexibility to adapt to complex and dynamic ocean envi-
ronments. In recent years, deep learning techniques have
made significant advances in the field of object detection,
enabling automatic learning and feature extraction from large
maritime datasets. Compared to conventional approaches,
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these deep learning-based techniques have demonstrated supe-
rior performance, particularly in complex maritime scenarios.
Among them, Miao et al. [6] introduced an infrared ship
detection algorithm based on multiscale feature extraction,
enhancing detection accuracy by combining features from
different candidate regions. While effective, this method’s
reliance on a two-stage detection framework limits its real-
time applicability, making it less suitable for time-sensitive
maritime surveillance tasks.

Compared to two-stage detection approaches, single-stage
frameworks like the YOLO [7] series directly predict object
categories and bounding boxes. The YOLO algorithms strike
a balance between detection accuracy and inference speed,
making them well-suited for real-time infrared maritime detec-
tion. Several improvements have been proposed to improve
YOLO’s performance in detecting infrared objects of varying
scales within complex ocean environments. Ye et al. [8] and
Wang et al. [9] introduced different attention-based feature
fusion methods to improve YOLOVS5, which effectively sup-
press background noise while improving multiscale feature
fusion. Deng and Zhang [10] optimized YOLOV7 by proposing
a weighted feature fusion approach based on dilated convo-
lutions, incorporating channel and spatial excitation attention
modules to improve the stability of multiscale ship target
detection.

The YOLO series has made rapid advancements in infrared
maritime object detection. It relies on non-maximum sup-
pression (NMS) for post-processing, which reduces the
stability and inference speed. To address these limitations,
Carion et al. [11] proposed end-to-end object DEtection
TRansformer (DETR). DETR eliminates the need for NMS,
simplifying the detection pipeline. To improve DETR’s real-
time performance, Zhao et al. [12] proposed the real-time
DETR (RT-DETR), which outperforms YOLO detectors of
similar scale in both speed and accuracy. This makes RT-
DETR better suited to meet the real-time infrared maritime
detection requirements in maritime [oT systems. However, RT-
DETR, optimized for RGB images, struggles with infrared
maritime challenges. RT-DETR’s generic convolutional back-
bone and attention mechanism fail to effectively balance
global context with fine-grained local details in sparse infrared
data, resulting in diminished accuracy for multiscale objects.
Furthermore, its static multiscale fusion lacks dynamic adapt-
ability, limiting robustness to the diverse scales of maritime
targets in complex ocean environments.

To address these limitations, a DETR with global-local
adaptive fusion (GLAF) attention for infrared maritime object
detection (GLAF-DETR) is proposed. GLAF-DETR enhances
RT-DETR for real-time maritime IoT systems. First, a GLAF
attention mechanism is introduced, whereby global and local
features are dynamically fused to improve detection of
infrared targets across varying sizes. Then, a dynamic adap-
tive multiscale feature fusion (DAMFF) module is designed,
whereby multiscale features are adaptively fused through
attention-guided mechanisms to enhance robustness against
scale variations. Finally, HGNetv2-IRLight, a lightweight
backbone, is developed for sparse grayscale infrared data.
It significantly improves computational efficiency while
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preserving feature representation for real-time performance.
Extensive experiments conducted on multiple infrared mar-
itime datasets demonstrate that GLAF-DETR effectively
addresses the challenges of sparse, multiscale targets. It sur-
passes state-of-the-art methods and provides an efficient and
robust solution for maritime IoT systems.

The main contributions of this article are as follows.

1) A lightweight GLAF attention mechanism is proposed to
enhance feature extraction for infrared targets of various
sizes. The GLAF mechanism dynamically fuses global
context and local details, significantly strengthening
the feature representation for sparse, small targets. By
reducing computational cost, GLAF maintains real-time
efficiency and achieves superior detection accuracy and
speed compared to conventional attention mechanisms.

2) A DAMFF module is introduced, which adaptively
fuses multiscale features through attention-guided mech-
anisms, thereby improving detection performance across
a wide range of target scales. In contrast to the static
fusion of FPN, DAMFF enhances scale adaptability, all
while ensuring efficient real-time performance.

3) HGNetv2-IRLight, a lightweight backbone optimized
for infrared maritime detection, is introduced. By
reducing depth and channel dimensions to eliminate
redundancy in grayscale data, it preserves robust feature
representation and achieves high real-time performance.

II. PROPOSED METHOD
A. Model Architecture

The proposed GLAF-DETR architecture comprises three
core components: a lightweight backbone network, a dynamic
multiscale fusion encoder, and a transformer decoder. The
GLAF-DETR architecture is presented in Fig.1. The backbone
is based on the lightweight HGNetv2-IRLight, which effi-
ciently extracts target features from infrared maritime images
while ensuring real-time performance. The GLAF attention
mechanism is integrated into the backbone to enhance the
representation of sparse and low-contrast targets. GLAF allows
the model to capture both global contextual information and
fine-grained local details across scales. Multiscale features
from the final three stages of the backbone {S3, S4, Ss} are
fed in parallel to the encoder. The DAMFF module within
the encoder dynamically merges features at different scales,
improving the model’s robustness to scale variation in complex
maritime environments. The fused features are then passed
to the uncertainty-minimal query selection module and subse-
quently processed by the transformer decoder with auxiliary
prediction heads to generate final bounding boxes and confi-
dence scores. Overall, GLAF-DETR is specifically designed
for infrared maritime object detection tasks. It effectively
addresses challenges, such as target sparsity, scale variation,
and environmental complexity, while meeting the real-time
inference requirements of maritime IoT systems.

B. Global Local Adaptive Fusion Attention

The vast and complex maritime environment contributes
to the diverse scales of targets in infrared maritime images,
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Fig. 1. Model architecture of GLAF-DETR.
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Fig. 2. Network architecture of the GLAF attention mechanism. The GLAF mechanism first applies global average pooling and multiscale pooling to capture
both global contextual and local structural features, enhancing spatial structure representation across multiple scales. The DWM then computes adaptive fusion
weights to balance the contributions of global and local information. Additionally, the DE module refines both spatial and directional consistency, improving
the model’s adaptability to targets of varying shapes and sizes. This process ultimately generates effective fusion weights, optimizing overall feature extraction

performance.

posing significant detection challenges. Additionally, marine
noise leads to sparse infrared target information with lim-
ited texture, further complicating detection. To address these
issues, detection algorithms [6], [8], [9], [10] often use atten-
tion mechanisms to enhance target features and suppress noise,
thereby improving detection accuracy. However, existing atten-
tion mechanisms, such as SE [13], ECA [14], and CBAM [15]
primarily focus on either global or local features, often relying
on single-scale pooling or limited spatial cues [16], [17].
This constrains their ability to model spatial relationships
across targets of varying sizes and hinders effective extraction
of critical features in complex maritime environments. To
overcome these limitations, the GLAF attention mechanism
is introduced. GLAF effectively integrates global and local
information, dynamically adjusts weights, and optimizes fea-
ture fusion, significantly enhancing detection capabilities for
infrared targets of varying sizes.

The GLAF mechanism encompasses global and local
information extraction, adaptive fusion, direction-aware
enhancement (DE), and attention generation, as depicted in

Fig. 2. GLAF leverages global average pooling to capture
global contextual information and establish long-range feature
dependencies. At the same time, it employs multiscale average
pooling to extract local features, highlighting high-resolution
spatial details at shorter distances. This integration of global
and local features enhances the ability to represent diverse
feature characteristics and spatial structures across various
scales, with the specific operation as follows:

L = [Scale(P(X, 1)), Scale(P(X, 2)), P(X, 4)]" (1)

where P(-, -) denotes the adaptive average pooling operation,
which transforms input feature maps of arbitrary sizes into
fixed-resolution representations based on specified values. The
values 1, 2, and 4 represent target dimensions, capturing
spatial granularity levels from global semantics to local details,
rather than specific target sizes. The input feature is denoted
as X € REWxH gpecifically, P(X,1) compresses the
entire feature map into a single value per channel, capturing
global information [13]. P(X,2) generates a 2 x 2 feature
map, preserving intermediate spatial structures, while P(X, 4)
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produces a 4 x 4 feature map, retaining finer local details.
Compared to global average pooling in P(X, 1) , the higher
spatial resolutions of P(X,2) and P(X,4) enhance feature
representations, providing richer structural details for small to
medium targets and improved contextual integration for large
targets. The Scale(-) operation adjusts these outputs to a con-
sistent dimension, improving the comprehensive representation
of diverse features across multiple scales.

Simple weighted fusion of global and local information
often proves insufficient for addressing the challenges posed
by varying multiscale targets and complex marine envi-
ronments. The GLAF mechanism adaptively adjusts fusion
weights based on input features, achieving a more refined
balance between global and local information. This adaptive
fusion process enables GLAF to dynamically adjust focus
on the most relevant regions based on changes in the input
features. As a result, the detector becomes more flexible in
responding to varying environmental conditions. A lightweight
dynamic weight module (DWM) is introduced to generate
adaptive weights, as shown in Fig. 2. The DWM automatically
evaluates and adjusts the importance of global and local
features through a learnable lightweight combination and
global pooling. The specific operations are as follows:

W = DWM(X) 2
Z=w'L (3)

where W € R3? is a learnable parameter vector. The DWM
calculates W from global features of original input X. These
global features retain complete semantic context, enabling
more precise guidance of weights for features across varying
distances. Consequently, DWM endows GLAF with the ability
to generalize across a continuous range of object scales.

In complex maritime environments, targets vary not only in
scale but also in aspect ratio and shape. The GLAF introduces
a DE strategy to enhance the model’s adaptability to diverse
target shapes and forms. The structure of the DE module is
shown in Fig. 2. The specific operation is expressed as follows:

E = Convyy(Convix3(Z) + Convix(Z) + Convix(Z)) (4)

where Convy(-) preserves spatial details, while the asym-
metric kernels Convix3(-) and Conv3yi(-) enhance edge
responses along the horizontal and vertical directions, respec-
tively. They enrich feature representations by emphasizing
salient local patterns, thereby improving the model’s ability
to perceive structural cues from various orientations. The
integration of these features strengthens the detection of
infrared maritime objects with diverse shapes and poses.

The attention generation component employs a Sigmoid gat-
ing function to capture relationships among features, directing
the model’s focus to the most relevant regions. The processed
features are aggregated to create the final weight map. By
multiplying this weight map with the original features X,
attention is distributed across various target regions in the
infrared image. This adaptive mechanism enhances significant
features while suppressing irrelevant information, resulting in
the final output defined as

Y = Scale(c (E)) ® X (5)
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where o(-) represents the Sigmoid gating function [14],
Scale(-) adjusts the outputs to the shape of X, and ® denotes
channel-wise multiplication.

The GLAF attention mechanism adopts a lightweight
design approach. The adaptive average pooling operation
is non-learnable and incurs negligible computational cost.
Furthermore, the DWM module and other components within
GLAF utilize small-kernel convolutions, introducing only a
minimal number of parameters and low computational com-
plexity. As a result, this design allows GLAF to deliver robust
detection performance and efficiency in complex maritime
environments, while maintaining a low computational over-
head.

GLAF is a plug-and-play universal module designed for
seamless integration into object detection models. When
integrated into the backbone network, it forms the GLAF-
HGBIlock, as illustrated in Fig. 3. This GLAF-HGBlock acts
as the primary module in stages 2, 3, and 4 of the backbone
network. The GLAF attention mechanism dynamically adjusts
its focus based on the size of infrared maritime targets, thereby
balancing global and local feature extraction. This capability
enables the detector to effectively manage small objects with
fine details while maintaining robustness for larger objects that
require broader contextual information, enhancing adaptability
in complex maritime environments.

C. Dynamic Adaptive Multiscale Feature Fusion Encoder

The multiscale feature fusion network integrates both shal-
low and deep feature information. Shallow features capture
fine texture details and the distinctive characteristics of smaller
objects, while deep features focus on high-level semantic and
larger object attributes. This fusion network is widely uti-
lized in infrared maritime target detection, enhancing feature
representation. However, mainstream fusion networks, such
as FPN [18] and PANet [19] employ static strategies like
direct summation or concatenation, lacking scale sensitivity.
Although BiFPN [20] and ASFF [21] introduce weight-based
fusion, their fixed weighting schemes fail to adapt to the
dynamic scale variations of targets in complex maritime
environments. To overcome these limitations, we propose the
DAMFF encoder. It combines intra-scale interactions with
cross-scale fusion. The cross-scale fusion is achieved through
the DAMEFF module. Unlike static fusion, DAMFF utilizes an
attention-guided mechanism that dynamically adjusts fusion
weights based on the relative importance of features at dif-
ferent scales. This adaptive approach enables the model to
prioritize relevant features and balance contributions of small
and large objects, optimizing detection accuracy.

The encoder integrates the outputs from the final three
stages of the backbone network {Ss3,S4,Ss5}, as shown
in Fig. 1. Initially, the attention-based intrascale feature
interaction (AIFI) is applied to the S5 features to facilitate
intra-scale information exchange. The structure of AIFI is
shown in Fig. 1(b). AIFI employs the transformer-based self-
attention mechanism to enhance global information capture
and strengthen long-range dependencies between targets. The
multiscale features {S3, S4,As} are initially fused through
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a path incorporating bottom-up, top-down, and lateral con-
nections, yielding the fused multiscale features {F3, F4, Fs}.
These features are then fed into the DAMFF module for further
adaptive fusion, producing the final features {D3, D4, D5}. The
DAMFF module is structured into three variants: DAMFF-1,
DAMFF-2, and DAMFEF-3, based on output scales, with each
variant following the same process, as illustrated in Fig. 1.
The detailed structure of DAMFF-1 is shown in Fig. 4.

The DAMFF-1 module first scales the multiscale features
{F3, F4, F5} to match the resolution of Fj3, resulting in
{H3, H4, H5}. These scaled features are then concatenated
along the channel dimension to form

H = Cat([H3, Hy, Hs)). (6)

The DAMFF module inputs each multiscale feature
{H3, H4, Hs} into the GLAF attention mechanism, generating
attention weights for each feature map

G: = GLAF(H)) )

where i represents the feature scales 3, 4, and 5. This operation
assesses the importance of relevant regions within the features.
To establish cross-level feature correlations, DAMFF redis-
tributes the attention weights across scales, enabling global
information exchange between channels. The module applies
the Softmax normalization function to the attention weights
of the three feature levels G;, resulting in the final distributed

weights for each feature channel in the fused representation,
expressed as

exp(Gi)
i3 exp(Gi)
The DAMFF module concatenates the attention-guided

weights R; in channel order, then applies these weights R to
the feature map H, resulting in the final fused feature

R; = Softmax(G;) = ()

D3 =R® H = Cat([R3, R4, R5)) @ H. 9)

The DAMFF module leverages GLAF attention along with
cross-scale weight redistribution. This combination allows it
to dynamically and adaptively adjust fusion weights across
different scales based on the feature map content. DAMFF
highlights the most relevant features of multiscale targets. This
enhances the detector’s adaptability and improves detection
performance for targets of various scales in complex maritime
environments. In the DAMFF module, small-kernel depthwise
separable convolutions are used to reduce computational cost.
Its cross-scale branches share the GLAF module, avoiding
repeated attention blocks and further lowering complexity, thus
meeting real-time requirements in maritime IoT scenarios.

D. Lightweight Backbone Network

In practical applications, real-time performance is critical
for infrared maritime target detection. The RT-DETR algo-
rithm surpasses YOLO detectors of similar scale in real-time
capabilities. To preserve this advantage, the GLAF-DETR
algorithm is built on the RT-DETR framework. HGNetv2-L
and HGNetv2-X backbone networks from RT-DETR achieved
strong feature extraction [12]. However, increasing the network
depth by 61.4% in HGNetv2-X led to only marginal improve-
ments in detection performance compared to HGNetv2-L,
as shown in Table I. To resolve this, we performed an in-
depth analysis of the HGNetv2 architecture to optimize it
for infrared maritime object detection. Our goal was to
reduce network complexity while maintaining effective feature
extraction, ensuring the architecture remains efficient for real-
time applications.

We conduct a detailed structural analysis and decomposition
of the HGNetv2-X and HGNetv2-L architectures, with their
configurations summarized in Table II. Both networks follow
a modular stacking design, where parameters a and b control
the number of channels, while ¢ and d determine the number
of repeated blocks in each stage. HGNetv2-X is configured
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TABLE I
DETAILED COMPARISON OF NETWORK STRUCTURE PARAMETERS BETWEEN
(LEFT) HGNETV2-L, (MIDDLE) HGNETV2-X, AND (RIGHT) HGNETV2-IRLIGHT

Stage Output Size HGNetv2-L HGNetv2-X HGNetv2-IRLight
Conv, 3 x 3,32,stride 2 Conwv, 3 X 3,32stride 2 Conv, 3 X 3,16,stride 2
Conv,2 x 2,16 Conv,2 X 2,16 Conv,2 X 2,8
Stem 160x160 Conv,2 X 2,32 Conv,2 X 2,32 Conv,2 X 2,16
Conv, 3 x 3,32,stride 2 Conv, 3 X 3,32 stride 2 Conv, 3 X 3,16,stride 2
Conv,1 x 1,48 Conv,1 x 1,64 Conv,1 x 1,16
[Conv,3 x 3,48] x 6 [Conv,3 x 3,64] x 6 [LightConv,3 x 3,16] x 6
Stagel 160x160 Conv,1 x 1,64 X 6 Conv,1 x 1,64 X 6 Conv,1 x 1,32 X 3
Conv,1 x 1,128 Conv,1 x 1,128 Conv,1 x 1,64
DWConwv,3 x 3,128,stride 2 DWConv,3 x 3,128 stride 2 DWConwv,3 X 3,64,stride 2
Conv,3 x 3,96] x 6 Conv,3 x 3,128] x 6 LightConv,3 x 3,32] X 6
Stage2 80x80 [ Conv, 1 x 1,2]56 x 6 [ Conv,1x 1, 25]36 x6| x2 s Conv,1x 1, 128] x3
Conv,1 x 1,512 Conv,1 x 1,512 Conv,1 x 1,256
DWConwv,3 x 3,512,stride 2 DWConv,3 x 3,512 stride 2 DWConv, 3 X 3,256,stride 2
Stage3 40x40 [LightConv,5 x 5,192] x 6 [[[LightConv,5 x 5,256] x 6| ] [LightConv,5 x 5,64] x 6
Conv,1 x 1,512 X 6| x3 Conv,1 x 1,512 X6 x5 Conv, 1 x 1,256 X 3| x2
Conv,1 x 1,1024 Conv,1 x 1,1024 Conv,1 x 1,512
DWConuv,3 x 3,1024 stride 2 DWConwv,3 x 3,1024,stride 2 DWConv,3 X 3,512,stride 2
Staged 20520 [LightConw,5 x 5,384] x 6 [[[LightConv,5 x 5,512] x 6| ] [LightConwv,5 x 5,128] x 6
Conv,1 x 1,1024 X 6 Conv,1 x 1,1024 X 6| x2 Conv,1 x 1,512 X 3
Conv,1 x 1,2048 Conv,1 x 1,2048 Conv,1 x 1,1024
Number of layers 316 510 170
Params(M) 13.6 333 1.9
GFLOPs 44.6 115.1 8.2

with (@ = 2, b = 4, ¢ = 6, d = 5), resulting in a network
depth of 510 layers and a larger channel capacity. In contrast,
HGNetv2-L uses (2, 3, 6, 3), with a depth of 316 layers
and a more lightweight design. Both architectures rely on
stacking convolutional modules in later stages to enhance rep-
resentational capacity. However, infrared images are typically
grayscale and lack the rich color information present in visible-
spectrum images. When processed as three-channel inputs,
the channels remain identical, offering no additional color
variation. Infrared maritime images also tend to exhibit sparse
features and limited texture details. Overly deep networks
often fail to capture meaningful infrared features. They tend to
amplify noise and increase the risk of overfitting. HGNetv2-X
and HGNetv2-L include higher channel widths and repeated
modules. These designs cause computational and structural
redundancy in infrared image processing.

To address this, we propose a lightweight redesign of
HGNetv2-L by progressively reducing the number of channels
and block repetitions. Specifically, we adjust the parameters
a, b, ¢, and d to explore multiple architectural variants.
Extensive experiments on multiple infrared maritime datasets
and hyperparameter tuning identified an optimal configura-
tion. We propose HGNetv2-IRLight, a lightweight model
designed specifically for infrared object detection. The struc-
ture diagram of HGNetv2-IRLight is illustrated in Fig. 1, with
detailed architecture provided in Table I. We reduced channel
dimensions and module depth in the network. Standard con-
volution blocks were replaced with lightweight convolution
(LightConv) blocks. This further compresses the network and
lowers complexity. Compared with HGNetv2-L, the proposed
HGNetv2-IRLight reduces network depth, parameter count,
and GFLOPs by 46.2%, 86%, and 81.61%, respectively, sig-
nificantly lowering computational complexity. When adopted
as the backbone of RT-DETR and evaluated on an infrared
maritime dataset, the detection performance is reported in
Table IV. HGNetv2-IRLight serves as the backbone of GLAF-
DETR. It reduces model size and computational cost. The

TABLE 11
GENERALIZED ARCHITECTURE TEMPLATE OF HGNETV2 SERIES WITH
PARAMETER DEFINITIONS

HGNetv2
Conwv,3 x 3,16 X a, stride 2
Conv,2x 2,8 X a
Conv,2 x 2,16 X a
Conv,3 x 3,16 X a, stride 2
Conv,1x 1,16 X b
[Conv,3 x 3,16 x b] x 6
Conv,1x1,32xa
Conv,1 x 1,64 x a
DWConwv,3 x 3,64 X a, stride 2
[[Conv,3 x 3,32 x b] x 6]
Conv,1 x 1,128 x a
Conv,1 x 1,256 x a
DWConv,3 x 3,256 X a, stride 2
[LightConv,5 x 5,64 X b] x 6
Conv,1 x 1,256 x a
Conv,1 x 1,512 x a
DWConv,3 x 3,512 x a, stride 2
[LightConv,5 x 5,128 x b] x 6
Conv,1 x 1,512 x a
Conv,1x1,1024 x a

Stage

Stem

Stagel X ¢

Stage2 % ¢

Stage3

xe|l xd

Staged4 e

network maintains efficient feature extraction and inference
speed for infrared maritime object detection.

III. EXPERIMENTS
A. Setups

1) Dataset Introduction: In this study, two infrared datasets
are utilized for training and evaluation: the infrared maritime
dataset [22] (D1) and the multisource infrared maritime dataset
(D2). Each dataset is partitioned into training, validation, and
test sets with a ratio of 7:1.5:1.5, respectively.

The infrared maritime dataset is an open-source dataset
available on the InfiRay Infrared Open Platform. It con-
tains images captured at various coastal ports and docks
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TABLE III
COMPARISON OF DETECTION PERFORMANCE ACROSS DIFFERENT DETECTORS ON TWO INFRARED MARITIME DATASETS (D1 AND D2)
APval(%) APval(%) APval(%) APval(%) APval(%)
Model Params(M) GFLOPs FPS,,_; BI Do DI 50 Do DI S D2 BI M Do BI L 1y
Faster-RCNN-FPN 41.4 178.0 36 45.0 423 | 67.8 674 | 302 268 | 60.0 47.1 | 709 64.0
DETR 41.6 81.9 50 429 405 | 724 645 | 26.8 213 | 51.1 454 | 73.1 753
Deformable DETR 40.1 165.0 25 433 454 | 70.5 706 | 31.6 26.6 | 51.6 463 | 70.5 71.7
DAB-DETR 437 87.2 41 42.0 434 | 68.1 70.5 | 283 235 | 50.7 451 | 70.3 725
YOLOvS8-L 43.7 164.9 81 549 472 | 76.8 735 | 406 29.0 | 648 547 | 745 76.5
YOLOvVS-X 68.2 2574 54 551 482 | 773 746 | 419 305 | 645 551 | 765 715
DINO 47.6 235.0 16 509 471 | 774 732 | 396 279 | 575 517 | 673 723
YOLOV9-C 51.0 236.8 50 541 507 | 771 743 | 39.8 315 | 658 545 | 779 774
YOLOV9-E 68.6 240.8 39 559 513 | 775 754 | 423 320 | 669 556 | 786 785
YOLOvI10-L 25.8 126.4 87 528 493 | 756 73.1 383 287 | 644 528 | 762 713
YOLOv10-X 31.6 169.9 60 541 50.1 | 767 738 | 394 304 | 648 534 | 764 715
RT-DETR-L 35.1 110.5 72 564 497 | 834 7377 | 442 315 | 651 522 | 762 71.1
RT-DETR-X 65.5 222.5 49 573 523 | 842 77.0 | 451 329 | 663 554 | 784 783
GLAF-DETR 251 68.3 92 585 534 | 861 782 | 468 341 | 67.2 57.1 | 78.1 78.6
1.4 - T—
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Fig. 5. Analysis of the Infrared Maritime Dataset (D1) and MIRMD (D2).
(a) Percentage of objects in different size categories (Small, Medium, and
Large) across the training, validation, and test sets. (b) Distribution of object
aspect ratios. The abscissa and ordinate represent the proportion of the object
width and height in the image, respectively.

using multiple infrared cameras across different times and
conditions. To ensure D1 dataset reliability, we corrected
labeling errors, removed problematic images, and adjusted
some annotations to enhance the dataset’s overall accuracy
and diversity. The D1 dataset comprises 9400 infrared images
with a total of 46,033 target instances. It includes 12 cate-
gories of maritime targets: liner, sailboat, speedboat, warship,
bulk carrier, container ship, fishing boat, yacht, jet ski, raft,
paddleboard, and buoy.

The multisource infrared maritime dataset (MIRMD) is a
curated benchmark designed to address the shortage of high-
quality datasets for infrared maritime object detection. D2
is constructed by selecting and integrating maritime images
from three public infrared datasets: 1) LSOTB-TIR [23];
2) MassMIND [24]; and 3) Kayak [25]. To adapt these datasets
for detection, we extracted representative frames, restructured
the data, and manually annotated bounding boxes for maritime
targets. The dataset comprises 9500 infrared images with
38,731 annotated instances across 13 categories: speedboat,
person, kayak, sailboat, passenger boat, cutter, yacht, bulk
carrier, buoy, swimmer, life buoy, fisheries patrol vessel, and
jet ski.

A detailed analysis of the size and aspect ratio distribution
for both D1 and D2 is provided in Fig. 5. Fig. 5(a) shows the

MS COCO [26] definitions, highlighting the datasets’ diversity
in target sizes. Fig. 5(b) reveals a scattered distribution of
target scales, indicating wide variations in aspect ratios and
the presence of objects with different shapes. These datasets
offer a challenging and diverse set of scenarios for infrared
maritime target detection, making them well-suited to evaluate
the proposed model’s robustness and adaptability.

2) Experimental Environment: All experiments in this
study were carried out on an operating system running Ubuntu
20.04, equipped with a 13th Gen Intel Core 19-13900K CPU
and an NVIDIA GeForce RTX 3090 GPU with 24GB of
memory. The algorithms were implemented using the PyTorch
1.12 framework, and all computations were executed with
CUDA 11.6 and CUDNN 8.9.4 to leverage GPU acceleration.
Python 3.9 was utilized for scripting and model development.

3) Implementation Details: During the training phase, the
GLAF-DETR detector was optimized using the AdamW opti-
mizer with a base learning rate of 0.0001, weight decay of
0.0001, and a global gradient clip norm of 0.1. To ensure
stable training, a linear warm-up strategy was applied over
2,000 steps. Data augmentation techniques included random
color adjustments, image expansion, cropping, flipping, and
resizing. For the uncertainty-minimal query selection method,
the initial object queries for the decoder were initialized using
the first 300 encoder features.

B. Comparison With the State-of-the-Art Object Detectors

We conducted comparisons with several state-of-the-art
detection models to evaluate the effectiveness of GLAF-
DETR. The comparison includes Faster R-CNN [27], real-time
detectors, such as YOLOv8 [28], YOLOv9 [29], and
YOLOv10 [30], as well as end-to-end architectures like
DETR [11], Deformable DETR [31], DAB-DETR [32], and
DINO [33]. All models were trained and tested under consis-
tent experimental conditions using the same infrared maritime
dataset. For consistent evaluation, the standard COCO average
precision (AP) metric was used as the benchmark.

1) Comparison of Experimental Results Data: The test
results for GLAF-DETR and other algorithms on the two
infrared maritime dataset are presented in Table III. The
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TABLE IV
COMPARISON OF DETECTION PERFORMANCE FOR DIFFERENT MODULE COMBINATIONS

. AP (%) AP (%) APY (%) AP (%) [ APV (%)
Model GLAF  DAMFF  HGNetv2IRLight | Params(M) GFLOPs  FPSy—i | 50— 551z | br p2 | br- pr | bre b2
REDETR-L 351 1105 72 564 497 | 834 737 | 442 315 | 651 522 762 771
Model al v 19.9 627 110 | 553 484 | 823 723 | 434 305 | 63.8 513 | 739 746
Model a2 i 383 117 60 580 526 | 852 767 | 467 326 | 663 547 | 777 716
Model a3 v v 207 62.9 102 | 577 523 | 851 763 | 462 328 | 646 543 | 783 766
Model a4 i 382 115.8 58 576 530 | 851 768 | 460 331 | 66.1 553 | 775 788
Model a5 v v 24.1 68.0 99 569 527 | 848 765 | 454 329 | 658 550 | 772 715
Model a6 i i 425 117.1 53 50.1 542 | 863 788 | 48.1 343 | 67.3 583 | 786 793
GLAF-DETR | / " i 25.1 683 92 585 534 | 861 782 | 468 341 | 672 57.1  78.1 786
e T Fig. 8. In the open sea scenes [Figs. 7(a) and 8(b)], multiple
v\. e targets of varying scales are present. For large and medium tar-
S s N Y gets, detectors, such as YOLOv10-L often produced incorrect
g o 29 oo predictions or exhibited low classification confidence. Most
L. Il . . .
: I — algorithms also failed to detect small and medium targets
PN I R effectively. In contrast, GLAF-DETR achieved higher accuracy
oo N I for large and medium objects and successfully detected more
outgem. % small maritime targets. In the near-coastal scenes [Figs. 7(b)
st i) o st i) and 8(a)], overlapping ships of varying sizes and the close
(a) (b)

Fig. 6. Comparison of APY™ and FPS for object detection models on two
infrared maritime datasets. (a) Results on infrared maritime dataset (D1). (b)
Results on MIRMD dataset (D2).

frames per second (FPS) were calculated with a batch size
of 1. On both datasets, GLAF-DETR demonstrates supe-
rior performance in terms of both accuracy and efficiency.
Specifically, it achieves 86.1% AP‘S’?)I and 92 FPS on DI,
outperforming other state-of-the-art detectors. GLAF-DETR
performs well across objects of all sizes. It also leads on the
multi-source dataset D2. This highlights its strong generaliza-
tion and robustness in various infrared maritime environments.

Compared with real-time detectors YOLOV9-E and
YOLOv10-L, GLAF-DETR improves APg?)] on DI by 8.6%
and 10.5%, and on D2 by 2.8% and 5.1%, respectively. In
terms of inference speed, it increases FPS by 135.9% and 5.7%
compared to the two models. This highlights the enhanced
performance and real-time capabilities of GLAF-DETR for
infrared maritime object detection over the YOLO series.

When compared with RT-DETR-L, GLAF-DETR improves
Angl by 2.7% on D1 and 4.5% on D2, while achieving a
27.8% increase in FPS. In addition, for object detection at
different scales, GLAF-DETR outperforms RT-DETR-L on D1
with gains of 2.6%, 2.1%, and 1.9% in AP}, AP}, and
APZa], respectively. On D2, corresponding improvements of
2.6%, 4.9%, and 1.5% are observed. These results confirm the
effectiveness of GLAF-DETR in detecting infrared maritime
targets of various sizes under diverse conditions.

As shown in Fig. 6, higher FPS and AP*? values indicate
better performance. GLAF-DETR achieves consistently supe-
rior results, confirming its effectiveness in balancing speed and
accuracy. This demonstrates the advantages of the proposed
GLAF attention mechanism, DAMFF multiscale feature fusion
module, and the lightweight HGNetv2-IRLight backbone.

2) Visualization of Experimental Results: Random images
from different scenes in the infrared maritime test set were
selected for comparative detection, as shown in Fig. 7 and

proximity of humans and vessels pose considerable challenges
for object detectors. GLAF-DETR achieves higher classifi-
cation confidence and more precise localization than other
methods, demonstrating its robustness in fine-grained infrared
maritime detection. In the complex dock scene [Figs. 7(c) and
8(c)], GLAF-DETR performed better at detecting overlapping
ships within the dock and successfully identified many small
targets in the sea outside the dock.

The heatmaps generated using Grad-CAM provide a visual
comparison of the performance of different detectors in
infrared maritime object detection, as illustrated in Fig. 9.
GLAF-DETR demonstrates superior feature capture capabili-
ties compared to other detectors. For large and medium-sized
target areas, GLAF-DETR’s heatmap displays deeper, more
concentrated colors, indicating its ability to effectively sup-
press irrelevant background information and accurately focus
on target regions. Additionally, in regions containing dis-
tant small and medium targets, GLAF-DETR’s heatmap
shows stronger emphasis, further demonstrating its excellent
performance in detecting small and medium-sized targets.

C. Ablation Study of Component Integration

A comprehensive ablation study was conducted to assess the
contribution of each design component in GLAF-DETR. The
detailed results are summarized in Table IV. Beginning with
the baseline RT-DETR-L, GLAF, DAMFF, and HGNetv2-
IRLight were progressively integrated. This stepwise analysis
enabled an in-depth evaluation of each component’s impact on
detection performance, computational complexity, and infer-
ence speed.

In Model al, the backbone of RT-DETR-L (HGNetv2-L)
was replaced with the lightweight HGNetv2-IRLight, yielding
the RT-DETR-IRLight model. This reduced parameters and
GFLOPs by 43.3%, and improved FPS by 52.8%. Although
Angl dropped slightly by 1.1% on D1 and 1.4% on D2,
HGNetv2-IRLight retained sufficient feature extraction capac-
ity while enhancing efficiency and real-time performance.
In Models a2 and a3, incorporating the GLAF attention
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mechanism into RT-DETR-L and RT-DETR-IRLight led to
AP‘5’31 gains of 1.8% and 2.8% on D1, and 3.0% and 4.9%
on D2, respectively. Both models achieved higher accuracy
across small, medium, and large targets, highlighting GLAF’s
effectiveness in multiscale detection. While GFLOPs increased
marginally by 1.1% and 0.3%, FPS only decreased by 16.7%
and 7.3%, demonstrating that GLAF adds minimal overhead
while maintaining real-time performance. Models a4 and
a5 integrated the DAMFF module, achieving Angl gains
of 1.7% and 2.5% on D1, and 3.1% and 4.2% on D2.
Detection performance across scales also improved, validating
the DAMFF’s contribution to multiscale feature fusion. Model
a6 combined both GLAF and DAMFF with the original
backbone, achieving the highest AP;—’*‘O1 of 86.3% on D1 and
78.2% on D2. However, the absence of a lightweight backbone
significantly increased computational cost, reducing FPS to 53.

Finally, GLAF-DETR, integrating all three modules (GLAF,
DAMFF, and HGNetv2-IRLight), achieved an optimal trade-
off between accuracy and efficiency. Compared to the baseline,
it demonstrated superior multiscale detection performance
while maintaining real-time capability.

D. Ablation Study on Attention Mechanism

To evaluate the GLAF attention mechanism’s effectiveness,
we conduct four ablation experiments. First, we test GLAF’s

YOLOvV9-C

£
YOLOvV9-C

YOLOv10-L RT-DETR-L GLAF-DETR

Detection results of different detectors on infrared maritime dataset (D1). (a) Open-sea scene. (b) Near-coastal scene. (c¢) Dock scene.

YOLOv10-L RT-DETR-L GLAF-DETR

Detection results of different detectors on MIRMD dataset (D2). (a) Near-coastal scene. (b) Open-sea scene. (c) Dock scene.

’

,
s

YOLOv8-L

YOLOv10-L

Original Image RT-DETR-L GLAF-DETR

Fig. 9. Comparison of feature information heatmaps of different detectors.
(a) Large/medium targets in open sea. (b) Distant small/medium targets. (c)
Mixed-scale vessel scene.

placement in different backbone stages to find the optimal
strategy. Second, we assess adaptive weighting and directional
enhancement components’ contributions. Third, we compare
GLAF with representative attention mechanisms to show its
superiority. Finally, we integrate GLAF into SOTA detection
frameworks to confirm its versatility. Results show GLAF
enhances detection accuracy with low computational cost,
proving its robustness in complex maritime scenarios.

1) Comparison of GLAF Attention Placement: To assess
the impact of GLAF attention mechanisms at different stages
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TABLE V
COMPARISON OF DETECTION PERFORMANCE FOR DIFFERENT GLAF
PLACEMENT COMBINATIONS

v ; s . APL (%)
odel GLAF Placement | Params(M) GFLOPs FPS;,_; DI D3
RT-DETR-IRLight | None 19.9 62.7 110 553 484 823 723
Model s1 Stage 1 19.9 62.7 108 56.5 506 | 833 738
Model s2 Stage 2 19.9 62.7 106 57.1 513 | 8.1 758
Model s3 Stage 3 20.2 62.8 104 569 513 | 846 753
Model s4 Stage 4 20.5 62.7 105 573 517 | 844 759
Model s5

Model s6

Model s7

Model s8

Model s9

Model s10
Model s11
Model s12
Model s13
Model s14
Model s15

APV (%)
D

Stages 1 & 2 19.9 62.7 104 56.6 505 | 84.1 749
Stages 1 & 3 20.2 62.8 102 56.1 496 | 83.6 742
Stages 1 & 4 20.5 62.8 104 559 497 | 840 743
Stages 2 & 3 20.2 62.8 103 570 512 | 848 759
Stages 2 & 4 20.5 62.8 104 574 519 | 850 762
Stages 3 & 4 20.8 62.9 102 573 517 | 846 757
Stages 1,2 & 3 20.2 629 102 557 510 | 845 750
Stages 1,2 & 4 20.5 62.8 103 571 516 | 842 754
Stages 1,3 & 4 20.8 62.9 102 56.7 512 | 842 753
Stages 2,3 & 4 20.7 629 102 577 523 851 763
All Stages 20.8 62.9 100 56.5 514 | 846 756

of the backbone network, we conducted a series of exper-
iments, with the results presented in Table V. The baseline
RT-DETR-IRLight does not include GLAF.

Model s1, which applies GLAF at stage 1, demonstrated the
lowest performance. This is because stage 1 mainly extracts
shallow features, containing noise and irrelevant background.
Attention applied at this level amplifies such noise, negatively
affecting detection. Consequently, models including GLAF at
stage 1 (e.g., s5, s6, s7, and s11) also underperformed. Model
s4, applying GLAF solely at stage 4, showed suboptimal
results. Although stage 4 captures abstract high-level features,
neglecting intermediate stages limits the model’s ability to
harness multiscale context. Combinations involving stage 4
without mid-level stages (e.g., s7, s9, s12) further illustrate this
limitation. Model s15, which includes GLAF at all stages, did
not achieve the best results, likely due to redundant attention
and overfitting from excessive feature enhancement.

In contrast, Model s14, applying GLAF at stages 2, 3, and
4, achieved the best overall performance. This configuration
strikes an effective balance, enhancing both mid-level and
high-level representations while avoiding shallow feature noise
and attention redundancy. These results show that appropri-
ately placed attention significantly improves detection across
varying object scales in complex infrared maritime scenes.

2) Component Ablation Within GLAF: The GLAF mech-
anism comprises four core components: global and local
information extraction, adaptive fusion, DE, and attention
generation. This section focuses on evaluating the impact of
adaptive fusion and DE, as shown in Table VI.

Adaptive fusion is implemented through the DWM, which
adjusts fusion weights based on input features. We compared
three fusion strategies: direct addition (DA), weighted addition
(WA), and DWM. GLAF Variant 1 uses DA for feature fusion.
It yields the weakest performance because all features are
treated equally, failing to emphasize those most relevant at
different scales. GLAF Variant 2 uses WA, with fixed weights
learned during training. While it improves over DA, its static
nature makes it less responsive to variations in object scale,
background complexity, or thermal contrast that frequently
occur in maritime infrared scenes. To evaluate the DE module,
GLAF Variant 4 replaces DE with a 1 x 1 pointwise
convolution. The 1 x 1 convolution cannot effectively capture
directional dependencies. As a result, its performance degrades
in scenarios with varied target orientations, highlighting the
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need for capturing directional information to improve detec-
tion.

GLAF Variant 3, integrating both DWM and DE, achieves
the best results across all metrics. DWM contributes by
adaptively selecting and weighting features carrying the most
relevant spatial context, while DE strengthens the represen-
tation of direction-sensitive features. Together, they enable
the model to better handle the complex, multiscale, and
multi-orientation nature of maritime scenes. Overall, GLAF
adaptively adjusts fusion weights and focuses on relevant
regions. It enhances multi-directional feature extraction. This
improves detection for targets of different sizes in complex
maritime scenarios.

3) Comparison of Different Attention Mechanisms:
Comparative experiments were conducted to evaluate the
effectiveness of GLAF against several classic attention
mechanisms. The results are presented in Table VII, using
RT-DETR-IRLight as the baseline model.

The experiments showed that the SE and ECA mod-
ules slightly improved AP. However, their focus on global
information extraction, without adequately modeling spa-
tial structures, limited their ability to capture fine details
of infrared maritime objects. In contrast, the CBAM and
CA modules introduced spatial information, which enhanced
detection performance. This highlights the importance of spa-
tial feature fusion for improving the representation of infrared
targets. Nevertheless, the inclusion of CBAM significantly
increased the model’s parameters, reducing overall efficiency.
The SPA module further improved detection by integrating
local and global cues, achieving a 1.6% and 2.7% AP" gain
on D1 and D2, respectively. Yet, its limited spatial modeling
restricted further enhancement.

In comparison, GLAF consistently outperformed all com-
pared attention mechanisms, increasing AP‘S’%1 by 2.8% on
D1 and 4.0% on D2. These results highlight GLAF’s ability
to adaptively fuse global and local features and dynamically
focus on informative regions. By balancing long-range seman-
tics with local structure, GLAF significantly enhances both
accuracy and robustness in infrared maritime detection.

Fig. 10 shows detection results for different attention
mechanisms, providing a direct visual comparison of their
performance. In Fig. 10(a) and (c), which display wide
maritime environments, GLAF detects more small and
medium-sized targets than other mechanisms. In the complex
dock scene depicted in Fig. 10(b), GLAF demonstrates more
accurate target localization, with bounding boxes more closely
matching the objects. In general, GLAF reduces false positives
and missed detections in infrared maritime object detection.

Fig. 11 compares feature heatmaps across attention mech-
anisms, further highlighting their focus areas. In Fig. 11(a),
GLAF excels at distinguishing closely positioned ships,
enhancing the feature representation for each target. In
Fig. 11(b), GLAF shows a stronger focus on small and
medium-sized targets, confirming its superior performance in
detecting such objects compared to other mechanisms.

4) Integration of GLAF Into Other Architectures: The
results further validate the adaptability and generalization
of the GLAF attention mechanism across various detection
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TABLE VI
COMPARISON OF DIFFERENT GLAF COMPONENT VARIANTS. IN THE TABLE, DA REPRESENTS DA, WA REPRESENTS WA, DWM REPRESENTS DWM,
AND DE REPRESENTS DE

wval (g val (g val val val
Model DA WA DWM DE | Params(M) GFLOPs FPS;,_; S‘IP ([/;; S1P5O ([/;)2 ’?)PIS (%[;2 %PIM (%[;2 %PIL (%D)Z
RT-DETR-IRLight 19.9 62.7 110 553 484 | 823 723 | 434 305 | 63.8 513 | 739 746
+GLAF Variant 1 v v 20.7 62.7 105 562 502 | 83.8 744 | 441 313 | 643 528 | 765 758
+GLAF Variant 2 Vv v 20.7 62.7 104 569 S51.1 | 841 752 | 452 321 | 63.6 530 | 769 764
+GLAF Variant 3 v v 20.7 62.9 102 577 523 | 851 763 | 462 328 | 64.6 543 | 783 76.6
+GLAF Variant 4 v 20.7 62.9 103 57.1 51.0 | 841 754 | 453 320 | 63.0 532 | 774 155
TABLE VII

PERFORMANCE COMPARISON OF DIFFERENT ATTENTION MECHANISMS
FOR INFRARED MARITIME OBJECT DETECTION

AP (%)
DI D2
553 134
55.9(+0.6)  50.2(+1.8)
563(+1.0)  49.9(+1.5)
56.6(+1.3)  51.4(+3.0)
563(+1.0)  50.8(+2.4)
56.9(+1.6)  51.1(+2.7)
57.7(+24)

APLET(%)

DI D2
823 723
82.8(+0.5)  73.9(+1.6)
83.1(+0.8)  74.2(+1.9)
835(+1.2)  75.1(+2.8)
83.6(+1.3)  748(+2.5)
84.1(+1.8)  749(+2.6)
76.3(+4.0)

Model Params(M)

19.9
20.1
19.9
27.6
20.2
22.1
20.7

GFLOPs

62.7
62.7
62.7
62.9
62.7
62.7
62.9

FPSy,—1

110
107
106
99

104
105
102

RT-DETR-IRLight
+SE
+ECA
+CBAM
+CA
+SPA
+GLAF

52.3(+3.9) | 85.1(+2.8)

architectures. GLAF was integrated into the backbone network
blocks of each detector, consistently enhancing performance,
as shown in Table VIII.

GLAF improved overall AP and detection precision for
small, medium, and large objects, demonstrating its effec-
tiveness for multiscale target detection. For instance, in the
YOLOVIO-L model, it increased AP, AP}, and AP}
by 3.3%, 1.1%, and 2.3% on DI, respectively. Another
key advantage of GLAF is its lightweight design. Despite
minimal increases in parameters and GFLOPS, it achieved
significant accuracy improvements. In the YOLOv8-L model,
GLAF added only 0.3M parameters and 0.4 GFLOPs, yet
improved AP¥ by 1.8% and 3.1% on D1 and D2, respectively,
demonstrating a balance between efficiency and accuracy.
This balance between performance gains and computational
overhead makes GLAF highly suitable for real-time infrared
maritime object detection in complex environments.

E. Ablation Study on Multiscale Feature Fusion Module

This section evaluates the effectiveness of the proposed
DAMFF module. First, we compare different attention mech-
anisms within the fusion module, including a baseline without
attention, to verify the benefits of attention integration. Second,
we compare DAMFF with other fusion methods. Results show
DAMFF improves multiscale feature fusion and detection
accuracy in complex infrared maritime scenes.

1) Comparative Study of Attention Mechanisms Within
DAMFF: In DAMFF, the GLAF attention mechanism guides
dynamic adaptive fusion by generating attention weights for
each scale feature. To validate its effectiveness, we con-
ducted experiments where the attention guidance was either
removed or replaced with alternative mechanisms, as shown
in Table IX.

The baseline model, RT-DETR-IRLight, combined with
DAMFF (No Attention), achieved a slight AP increase.
DAMFF (No Attention) uses simple multiscale concatenation
without attention guidance. It yields minor improvements,
confirming the benefit of multiscale fusion but revealing
limited performance without adaptive weighting.

SE and ECA provided moderate improvements, confirming
the validity of attention guidance. However, their inability
to model local and spatial structure information constrained
further enhancements. CBAM improved spatial structure
information, and SPA introduced local feature representation,
both achieving notable performance gains. GLAF outper-
formed all other methods by effectively combining global and
local feature fusion while enhancing spatial structure under-
standing. It dynamically adjusts attention weights, resulting in
more accurate feature representations. These findings confirm
the superiority of GLAF in processing multiscale features,
particularly when integrated into DAMFF. DAMFF ensures
the balanced allocation of attention weights across different
scales, leading to superior detection accuracy, especially in
complex maritime scenarios.

2) Comparative Analysis of DAMFF With Other Multiscale
Feature Fusion Methods: To evaluate its performance com-
pared to traditional multiscale feature fusion methods, we
conducted a comparative analysis with BiFPN and ASFF, as
shown in Table X.

BiFPN shows moderate performance improvements, but its
gains are limited. This is primarily due to its fixed weights
for feature fusion, which are determined during training
and remain unchanged. Consequently, BiFPN lacks adaptabil-
ity to varying feature importance across scales, restricting
its effectiveness. ASFF outperforms BiFPN by dynamically
adjusting the fusion weights across scales, thereby enhancing
detection accuracy. However, the increased network com-
plexity of ASFF leads to significantly higher computational
costs. Moreover, ASFF directly employs multiscale features
to compute weights, which can include irrelevant background
information, potentially causing inefficient weight distribution.

In contrast, DAMFF achieves an optimal balance between
performance and computational cost, resulting in the highest
AP improvement. DAMFF uses the GLAF attention mecha-
nism to guide adaptive weighting, focusing on essential regions
while suppressing background noise. Furthermore, DAMFF
dynamically redistributes attention weights across scales,
facilitating effective global information exchange between
channels. This mechanism allows DAMFF to emphasize the
most relevant features of multiscale targets, surpassing other
methods and proving its effectiveness for multiscale object
detection in complex environments.

F. Ablation Study on Lightweight Architecture Parameters

To optimize HGNetv2 for infrared maritime target detection,
we conduct an ablation study on various [a, b, ¢, d] config-
urations, as defined in Table I. The goal was to analyze the
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TABLE VIII
COMPARATIVE ANALYSIS OF GLAF INTEGRATION IN DIFFERENT DETECTORS
val val val val val

Model Params(M) GFLOPs FPS,_; DIAP (%)DZ DIAPSO (%>D2 DIAPS (%)D2 DIAPM (%)DZ DIAPL (%)DZ

RT-DETR-IRLight 19.9 62.7 110 553 134 823 723 B4 305 638 513 73.9 746
+GLAF 207 62.9 102 577(+24)  523(+3.9) | 85.1(+2.8) 763(+4.0) | 46.2(+2.8) 32.8(+2.3) | 64.6(+0.8) 54.3(+3.0) | 783(+4.4) 76.6(+2.0)

YOLOVS-L 37 164.9 31 549 72 76.8 735 0.6 29.0 64.8 547 745 76.5
+GLAF 44.0 165.3 69 56.7(+1.8)  50.3(+3.1) | 784(+1.6) 76.6(+3.1) | 432(+2.6) 31.0(+2.0) | 65.7(+0.9) 57.2(+2.5) | 78.0(+4.5) 78.1(+1.6)

YOLOV&-X 682 2574 54 55.1 132 713 746 419 305 645 55.1 76.5 715
+GLAF 68.8 258.0 46 56.8(+1.7) 50.8(+2.6) | 78.7(+1.4) 773(+2.7) | 43.9(+2.0) 31.8(+1.3) | 652(+0.7) 57.2(+2.1) | 789(+2.4) 78.5(+1.0)

YOLOVIO-L 258 126.4 87 5238 493 75.6 731 383 287 644 5238 76.2 713
+GLAF 262 126.6 74 55.0(422) 53.0(+3.7) | 78.1(+2.5) 772(+4.1) | 41.6(+3.3) 312(+2.5) | 655(+1.1) 55.4(+2.6) | 78.5(+2.3) 78.7(+1.4)

YOLOVI0-X 316 169.9 60 541 50.1 76.7 738 394 304 64.8 534 76.4 715
+GLAF 322 170.2 53 554(+13)  53.1(+3.0) | 785(+1.8) 77.043.2) | 41.3(+1.9) 322(+1.8) | 65.4(+0.6) 55.7(+23) | 79.6(+43.2) 78.7(+1.2)

RT-DETR-L 35.1 1105 2 56.4 497 834 737 4472 315 65.1 522 76.2 771
+GLAF 383 111.7 60 58.0(+1.6) 52.6(+2.9) | 852(+1.8) 76.7(+3.0) | 463(+2.1) 32.9(+1.4) | 65.7(+0.6) 547(+2.5) | 793(+3.1)  77.6(+0.5)

RT-DETR-X 655 2225 49 573 523 842 77.0 451 329 66.3 554 784 783
+GLAF 73.5 224.7 ry) 58.6(+1.3)  54.4(+2.1) | 85.6(+1.4) 79.4(+2.4) | 46.7(+1.6) 34.0(+1.1) | 67.6(+1.3) 57.5(+2.1) | 80.6(+2.2) 79.4(+1.1)

TABLE IX
PERFORMANCE COMPARISON OF ATTENTION MECHANISMS WITHIN DAMFF
val val val val val

Model Params(M) ~ GFLOPs  FPSy.—, DI A ® D2 DIAPSU & D2 DIAPY = D2 } DIAPM o D2 D1APL (%)DQ

RT-DETR-IRLight 9.9 62.7 110 553 84 823 723 B4 305 638 513 73.9 746
+DAMFF (No Attention) 24.0 68.0 106 555(+02)  49.6 (+1.2) | 83.3(+1.0) 73.9(+1.6) | 44.1(+0.7) 314(+0.9) | 633(-05) 53.0(+1.7) | 75.7(+1.8)  76.7(+2.1)
+DAMFF (SE) 24.0 68.0 104 56.0(+0.7)  50.3(+1.9) | 83.8(+1.5) 743(+2.0) | 45.1(+1.7) 31.8(+1.3) | 62.3(-1.5) 53.5(+22) | 743(+04) 77.1(+2.5)
+DAMFF (ECA) 24.0 68.0 102 559(+0.6)  50.6(+22) | 83.9(+1.6) T44(+2.1) | 44.6(+12) 320(+1.5) | 64.1(+03) 534(+2.1) | T54(+1.5)  75.9(+1.3)
+DAMFF (CBAM) 36.1 108.8 74 56.2(+0.9)  51.9(+3.5) | 84.1(+1.8) 75.5(+32) | 453(+1.9) 324(+1.9) | 64.4(+0.6) 54.4(+3.1) | 762(+2.3)  77.9(+3.3)
+DAMFF (SPA) 24.1 68.0 101 562(+0.9)  51.5(+3.1) | 84.2(+1.9) 752(+2.9) | 45.6(+22) 32.6(+2.1) | 643(+0.5) 54.1(+2.8) | 76.8(+2.9)  76.6(+2.0)
+DAMFF (GLAF) 24.1 68.0 99 569(+1.6)  52.7(+4.3) | 84.8(+2.5) 76.5(+42) | 45.4(+2.0) 329(+24) 658(+2.0) 550(+3.7) | 77.2(+3.3) 77.5(+2.9)

relationship between network redundancy and the trade-off

between feature representation and efficiency.

We first evaluated the effect of reducing channel widths [a,b]
while maintaining fixed block depth. As shown in Table XI,
RT-DETR-L1 to L3 progressively narrow the channels from

[2, 2] to [1, 1], resulting in notable reductions in parameters
and GFLOPs. Despite these efficiency gains, AP drops only
slightly, suggesting that wider channels introduce computa-
tional redundancy with limited benefit for infrared feature
extraction. These results demonstrate that reducing channel
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TABLE X
PERFORMANCE COMPARISON OF MULTISCALE
FEATURE FUSION METHODS

valig val o,
Model Params(M) GFLOPs FPSj,_; L) Abs )
RI-DETR-IRLight 99 627 110 553 84 523 723
+BIFPN 206 627 106 | 562(+09) 51.3(+29) | 83.1(+08) 75.4(+3.1)
+ASFF 237 759 97 | 567(+14) SL8(+34) | 83R(+15)  T5.9(+3.6)
+DAMEF 24.1 68.0 99 | 569(+L6) 527(+43) | 848(+25) 76.5(+4.2)
TABLE XI

ABLATION STUDY OF DIFFERENT HGNETV2 LIGHTWEIGHT
CONFIGURATIONS ON TWO INFRARED MARITIME DATASETS

(D1 AND D2)
- - APV (%) APLT (%)
Model [abcd] | Params(M) GFLOPs FPSy.—; 7 D3 BI u )
RT-DETR-X 65.5 222.5 49 573 523 | 842 77.0
RT-DETR-L 35.1 110.5 72 564 49.7 | 834 737
RT-DETR-LI 29.2 90.9 78 56.1 489 | 82.8 732
RT-DETR-L2 22.3 72.7 94 554 481 824 720
RT-DETR-L3 20.7 65.6 98 55.6 484 | 825 725
RT-DETR-L4 279 90.4 80 558 487 | 83.0 729
RT-DETR-LS 28.7 90.0 79 56.0 488 | 82.6 73.1
RT-DETR-L6 27.0 85.1 85 559 486 | 826 73.0
RT-DETR-L7 254 799 90 5577 486 | 824 727
RT-DETR-L8 23.8 73.0 93 543 477 | 818 715
RT-DETR-L9 [1,1,3,2] 19.9 62.7 110 553 484 823 723
RT-DETR-L10 [1,1,3,1] 19.5 61.5 113 542 474 ‘ 81.5 712

widths can significantly improve efficiency with minimal
performance loss. Next, we fix the channel widths and reduce
the number of repeated blocks [c,d] to control network
depth. RT-DETR-L4 to L8 show that decreasing block depth
further reduces computational cost while maintaining reason-
able performance. However, overly shallow structures lead to
noticeable accuracy degradation, highlighting the need for a
balanced depth to avoid underfitting.

Based on these findings, we propose two joint configura-
tions, RT-DETR-L9 and RT-DETR-L10, combining reduced
channels with moderate depth. L9 outperforms L10 by 1.1%
AP on D1 and 1.0% on D2, demonstrating that a slightly
deeper decoder (d = 2) enhances feature representation.
Compared to the baseline RT-DETR-L, L9 reduces parameters
and GFLOPs by 86% and 81.6%, respectively, with only
a 0.7% AP drop on DI. Moreover, it achieves the fastest
inference speed of 110 FPS. These results confirm that the
proposed HGNetv2-IRLight (L9) achieves an optimal balance
between accuracy and efficiency, making it a highly effective
backbone for real-time infrared maritime detection within the
GLAF-DETR framework.

IV. CONCLUSION

This article presents a novel infrared maritime object
detection method, GLAF-DETR, which integrates the GLAF
attention mechanism. GLAF effectively fuses global and local
features, dynamically adjusting the fusion of global and local
information. The experimental results demonstrate that GLAF
significantly enhances detection accuracy, particularly for
small and medium-sized objects, outperforming conventional
attention mechanisms. The proposed DAMFF module further
strengthens detection performance by dynamically weighting
multiscale features guided by GLAF, improving detection
across a wide range of object sizes. Additionally, the introduc-
tion of the lightweight HGNetv2-IRLight backbone ensures
efficient infrared feature extraction with minimal computa-
tional overhead. Extensive comparisons with state-of-the-art
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methods verify that GLAF-DETR offers superior detection
accuracy and real-time performance, especially in handling
multiscale objects in complex maritime environments. This
research provides a robust solution for infrared object detection
in challenging maritime scenarios. Future work will explore
deploying this method in maritime IoT systems, further
advancing the intelligence of marine systems.
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