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ABSTRACT: Infrared ship detection is an important deep learning-based pattern recognition task for maritime visual
perception, where accurate target recognition under complex thermal backgrounds is essential for intelligent moni-
toring and real-time decision support. However, low target-background contrast, sea-wave thermal textures, coastline
heat-source interference, and specular thermal reflections in infrared maritime imaging weaken discriminative ship
patterns and reduce recognition reliability in complex scenes. To address these challenges, we propose an edge-oriented
infrared ship detection method for real-time maritime monitoring. The proposed method reconstructs the feature
pyramid by integrating a Wavelet-Frequency Enhancement Module (WFEM) with a Dynamic Multi-Scale Feature
Fusion Module (DMS-FFM), thereby enhancing thermal clutter suppression, small-target pattern representation,
and multi-scale feature interaction in dense maritime environments. A Task-Conditioned Unified Detection Head
(TCUDH) is further introduced to improve localization robustness through shared representation learning and task-
conditioned feature modulation, while retaining structural extensibility for related visual prediction tasks. In addition,
a Teacher-Guided Dual-level Structured Knowledge Distillation (TDSKD) strategy improves student classification and
localization through prediction-structure and geometric consistency distillation. Experimental results demonstrate
that the proposed method achieves excellent detection performance across multiple datasets while maintaining low
computational overhead, with 3.71M parameters, 22.2 giga floating-point operations (GFLOPs), and 234.7 frames per
second (FPS) on an NVIDIA GeForce RTX 3090 graphics processing unit (GPU). Moreover, the proposed model
achieves an average effective inference throughput of 28.23 FPS on a Jetson Orin Nano 8 GB edge device, demonstrating
its potential for real-time edge-side pattern recognition and visual perception in infrared maritime monitoring tasks.

KEYWORDS: Infrared ship detection; deep learning; pattern recognition; computer vision; target detection; edge
deployment; maritime visual perception

1 Introduction
Vision-based pattern recognition plays an important role in intelligent monitoring systems because

it enables automatic target recognition, scene understanding, and real-time decision support from visual
data. With the development of machine learning and deep learning, visual perception models have been
widely applied to complex target recognition tasks in remote sensing, transportation, industrial inspection,
and maritime monitoring. In maritime scenarios, infrared ship detection serves as a key automated target
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recognition task for understanding ship distribution and supporting timely visual analysis under low-
visibility conditions. Compared with visible-light imaging, infrared imaging does not rely on external
illumination, making it suitable for nighttime and low-visibility maritime monitoring. However, infrared
maritime images are often affected by low resolution, sparse texture, low target-background contrast, and
severe background thermal noise. In such scenes, small and weak ships usually appear as localized thermal
anomalies with blurred boundaries, while sea-wave thermal textures, coastline heat sources, and specular
thermal reflections introduce complex clutter and spectral interference. This challenge becomes more severe
in port and nearshore scenes, where densely moored ships are prone to adjacent-target aliasing, increasing
the difficulty of multi-scale feature alignment and precise localization. Therefore, achieving effective thermal
clutter suppression, discriminative feature representation, high localization accuracy, and real-time edge
inference remains a critical challenge for deep learning-based infrared ship pattern recognition in complex
maritime scenes.

Recent advances in computer vision have promoted the development of visual perception methods for
complex infrared scenarios. Among existing object detection architectures, You Only Look Once version 11
(YOLOv11) [1] and Faster-RCNN [2] represent the one-stage and region-proposal-based two-stage detection
paradigms, respectively. Considering the real-time and computational constraints of edge-side maritime
monitoring, the compact YOLOv11n variant is selected as the baseline model in this study. The applicability
of efficient one-stage detectors to maritime monitoring has also been demonstrated in satellite-based
imagery. For example, one study constructed a diverse ship detection dataset covering open-ocean, near-
coastal, and port scenes and systematically compared YOLOv5, YOLOv7, YOLOv8, and YOLOv9. Through
diverse data augmentation techniques and atmospheric-scattering suppression, the resulting YOLOv9-based
detector achieved strong small-ship detection performance under challenging conditions involving cloud
interference, ship wakes, complex coastal backgrounds, illumination variations, and substantial target-
scale variations, thereby demonstrating the practical value of modern YOLO detectors for intelligent
maritime surveillance and time-sensitive ship recognition [3]. Building on this broader maritime-monitoring
context, shore-based infrared monitoring involves modality-specific imaging mechanisms and sources of
interference. In complex nearshore infrared scenes, although one-stage detectors offer high efficiency, they
remain susceptible to factors such as sea-wave thermal clutter, background heat-source interference, large
target scale variation, dense occlusion, and the low contrast of small and weak targets, which can lead to
insufficient feature separation and localization representation, thereby degrading detection performance.
Related research on densely moored and multi-scale targets predominantly focuses on optimizing multi-
scale representations by enhancing feature pyramids or introducing attention mechanisms; for example,
some studies dynamically filter critical regions via a bi-level routing attention mechanism to improve
multi-scale localization accuracy in cluttered backgrounds [4], while others combine multi-scale edge
fusion with dynamic task alignment to strengthen edge representations and boost multi-scale detection
performance [5], and still others construct learnable feature pyramids and adaptive task-aligned detection
heads to enhance scale robustness in dense scenes [6]. Various strategies have been explored in related
studies to address the missed detection of low-contrast, small, and weak targets in infrared scenes. For
instance, some works enhance bounding-box regression via dynamic task decoupling or improved loss
functions to reduce the miss rate [7,8], while others strengthen small-target feature representation through
spatial semantic enhancement and feature reconstruction [9], and still others extract edge and point features
using multi-directional gradient operators to enhance small-target perception [10]. Meanwhile, to better
balance noise suppression and edge-detail preservation, several studies improve target localization accuracy
through dual-branch feature alignment [11] or through the combination of Chinese-knot convolution
and multi-scale overlapping attention [12]. Although these methods improve the saliency of weak small
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targets and multi-scale representation to a certain extent, they usually introduce more parameters and
higher computational cost, which limits their applicability in real-time edge-side maritime monitoring. To
alleviate these deployment limitations, recent studies on edge-side intelligent monitoring have increasingly
explored lightweight model selection, hardware-aware acceleration, and energy-efficient system design. For
example, some studies improve sea-surface target perception for unmanned surface vehicles by incorporating
lightweight spatial pyramid pooling, enhanced multi-scale path aggregation, and fused-attention convo-
lution into YOLO, thereby strengthening multi-scale feature extraction and fusion while reducing model
complexity in complex marine environments [13], while others benchmark YOLOv6–YOLO11 across Intel
and NVIDIA edge platforms and employ quantization and pruning to improve inference speed and power
efficiency for unmanned surface vehicles [14], and still others introduce Ghost modules and Transformer-
enhanced feature extraction into YOLOv5 to reduce model size and improve detection efficiency, and
validate the resulting detector on ship videos collected by an unmanned surface vehicle under different
marine conditions [15]. These studies indicate that practical embedded vision systems should be evaluated
comprehensively in terms of detection accuracy, inference latency, hardware-specific performance, power
consumption, and deployment adaptability. Based on these advances, the present study focuses on the
additional challenges associated with deploying real-time infrared ship detection in maritime environments,
including thermal clutter, weak target contrast, and constrained onboard computing resources.

To improve the robustness and deployability of infrared ship detection in complex maritime envi-
ronments, an edge-oriented infrared ship detection system is proposed from two aspects: network design
and hardware deployment. At the algorithmic level, the model improves vision-based perception capability
through thermal clutter suppression, multi-scale feature modeling in dense scenes, high-quality localization,
and training optimization. At the hardware level, the system establishes an edge-side deployment loop over
a local-area network built by a mobile hotspot (Fig. 1). In this loop, the Jetson Orin Nano 8GB and a Lenovo
tablet are collaboratively connected. Since the Tianyan X3 thermal imager does not provide an independent
software development kit (SDK), the tablet serves as a relay terminal that forwards the thermal stream to
the Jetson device through the real-time streaming protocol (RTSP), thereby enabling the complete chain
of infrared acquisition, inference, and visualization in real-world outdoor monitoring scenarios. The main
contributions of this study are as follows:

(1) A deep learning-based infrared ship pattern recognition framework is proposed for complex maritime
scenes. The framework improves vision-based perception reliability under low contrast, thermal
clutter interference, and dense target distribution, while supporting real-time maritime monitoring on
edge devices.

(2) For feature modeling, Wavelet-Frequency Enhancement Module (WFEM) and Dynamic Multi-Scale
Feature Fusion Module (DMS-FFM) are combined to enhance feature representation under com-
plex infrared backgrounds and improve cross-scale semantic alignment and feature interaction in
dense scenes.

(3) Task-Conditioned Unified Detection Head (TCUDH) is introduced to improve prediction robust-
ness through shared representation learning and task-conditioned feature modulation, strengthening
localization representation for low-contrast, elongated, and densely distributed ship targets.

(4) Teacher-guided Dual-level Structured Knowledge Distillation (TDSKD) is designed to enhance
student classification and localization through prediction-structure consistency and object-level geo-
metric consistency, without increasing inference-stage computational cost.

(5) Extensive experiments on multiple maritime datasets demonstrate the effectiveness and cross-scene
robustness of the proposed method. RTSP-based field operation on the Jetson Orin Nano 8GB platform
achieves an average effective inference throughput of 28.23 FPS, further verifying its engineering
feasibility for real-time edge-side maritime visual perception.
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Figure 1: Edge deployment.

2 Methodology
Before introducing the individual components, we first provide an overview of the proposed network

in Fig. 2. Fig. 2a presents the detailed network architecture and defines the principal module abbreviations,
whereas Fig. 2b provides a simplified workflow from YOLOv11n-based multi-level feature extraction through
DMSFPN to TCUDH. Built upon YOLOv11n, the proposed method improves infrared ship detection in
complex maritime scenes through the coordinated optimization of feature modeling, object prediction, and
training supervision, rather than relying solely on isolated module-level enhancements. These designs aim
to improve vision-based perception reliability under thermal clutter interference, weak target responses,
and dense target distributions. For feature modeling, a dynamic multi-scale feature pyramid network
(DMSFPN), composed of WFEM and DMS-FFM, is constructed to suppress maritime thermal clutter,
enhance feature representation, and facilitate cross-scale feature interaction. For object prediction, TCUDH
is introduced to improve localization robustness and representation quality for low-contrast, elongated,
and densely distributed infrared ship targets through shared representation learning and task-conditioned
feature modulation. During training, TDSKD is further employed to improve detection performance without
incurring any additional inference cost.

2.1 WFEM
In complex infrared maritime imaging, global periodic interference (such as thermal textures of ocean

waves, thermal sources and reflections along the coastline) tends to smooth the high-frequency singularities
of weak targets, resulting in smooth edges of weak targets, the local thermal anomalies being submerged, and
the detection of small targets being compromised. Existing frequency-aware methods either enhance tiny-
object spectral signatures while suppressing high-frequency background noise or exploit wavelet-domain
decomposition for red–green–blue (RGB)–infrared feature fusion [16,17]. Although these methods improve
frequency-aware representation, they are designed primarily for general tiny-object detection or multimodal
RGB–infrared fusion and do not explicitly coordinate frequency-domain clutter suppression, wavelet-
based boundary preservation, and aliasing mitigation during cross-scale feature-pyramid reconstruction.
To address these limitations, WFEM (Fig. 3) integrates Gaussian-modulated dual-path downsampling and
Haar-based cross-scale reconstruction with adaptive Fourier-wavelet-spatial fusion. Unlike methods that



Comput Model Eng Sci. 2026;148(3):35 5

perform frequency filtering or wavelet enhancement independently, WFEM jointly suppresses spectral
clutter, preserves weak target boundaries, and maintains cross-scale feature consistency under complex
thermal backgrounds.

Figure 2: Overall architecture of the proposed network: (a) detailed network architecture and definitions of the
principal module abbreviations; (b) simplified workflow of the proposed network.

Figure 3: Schematic diagram of the internal module of WFEM.
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WFEM first introduces the Gaussian Dual-Path Downsample Convolution (GDPDConv, Fig. 3a) to
mitigate low-quality spectral aliasing during downsampling. It employs depthwise separable convolution to
project features into a high-dimensional space while encoding local spatial context, and further introduces
a Gaussian modulation mechanism, in which a fixed 5 × 5 Gaussian kernel W(p) weights the local
neighborhood features Fc (i + p) to obtain the output Yc(i) at spatial position i and channel c (Eq. (1)).

W(p) = 1
2πσ 2 exp(−∥p∥2

2σ 2 ) , Yc(i) = ∑
p∈N

Fc (i + p) ⋅W(p) (1)

here, p represents the relative spatial offset within the local neighborhood N , W(p) denotes the Gaussian
weight at position p, and σ controls the spatial distribution of the Gaussian kernel. The modulated
features then undergo dual-branch downsampling to achieve both anti-aliasing and detail preservation.
Furthermore, WFEM utilizes HaarUnFold (Fig. 3b) to replace traditional interpolation upsampling, main-
taining frequency-domain consistency in cross-scale reconstruction and mitigating edge blurring in infrared
imaging.

GDPDConv alleviates downsampling aliasing, but infrared weak and small targets are still prone
to being lost in deep networks. The proposed Multi-scale Fusion Cross Stage Partial module (MF-
CSP, Fig. 3c) employs a frequency-spatial collaborative enhancement mechanism to perform semantic
decoupling, separating target signals from complex background textures, while residual connections are
incorporated to ensure the lossless propagation of weak gradients from small targets. In the spatial perception
phase, Frequency-Spatial Kernel (FSKernel, Fig. 3d) employs multi-kernel depthwise separable convolutions,
including asymmetric 1 × 11 and 11 × 1 kernels, to capture the elongated topological structures of ships. Given
the input feature Z, it generates the multi-scale aggregated spatial feature Zag g (Eq. (2)).

Zag g = f dw
1×11(Z) ⊕ f dw

11×1(Z) ⊕ f dw
5×5(Z) ⊕ f dw

1×1 (Z) (2)

here, ⊕ represents element-wise addition, and f dw
k×k (⋅) denotes depthwise separable convolution with a

kernel size of k × k, which aggregate spatial context from the horizontal, vertical, and local dimensions,
respectively. After being recalibrated by the Channel-Spatial Attention Module (CSAM), the aggregated
features are subsequently fed into the Frequency-Wavelet Fusion Model (FWFM, Fig. 3e), where dual-
spectrum denoising is performed. A Fast Fourier Transform (FFT) is first applied to map the spatial feature
Fin into the frequency domain S, from which the amplitude spectrum A and phase spectrum φ are extracted
(Eq. (3)). A high-pass filter is then employed (Eq. (4)) to reweight and enhance the amplitude spectrum
(Eq. (5)), while the phase spectrum is kept unchanged to preserve the structural layout of ship targets.
The enhanced complex spectrum is transformed back into the spatial domain via the Inverse Fast Fourier
Transform (IFFT). By taking the real component R of the reconstructed result, the frequency-domain
denoised spatial feature Ff is obtained (Eq. (6)).

S = F (Fin) = A ⋅ exp ( jφ) (3)

HHPF (u, v) = 1 − exp(−(u − u0)2 + (v − v0)2

2D2
0

) (4)

Aen = A⊗ (1 + λE ⊗HHPF) (5)
Ff =R (F−1 (Aen ⋅ exp ( jφ))) (6)

here, F(⋅) and F−1(⋅) denote the FFT and IFFT, respectively; (u0, v0) represents the center of the frequency
domain coordinate, and D0 is the cutoff frequency radius. λE , initialized as 0.5, is a channel-wise learnable
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enhancement factor, and⊗denotes element-wise multiplication. Meanwhile, the wavelet branch decomposes
the input feature Fin , after 1 × 1 channel mixing, through a Haar-based discrete wavelet transform (DWT)
into a concatenated tensor Xw composed of four wavelet sub-bands: low-low (LL), low-high (LH), high-
low (HL), and high-high (HH). Among them, LL represents the low-frequency approximation component,
whereas LH, HL, and HH represent the high-frequency detail components. Depthwise separable convolution
combined with the rectified linear unit (ReLU) activation function ρ is then applied to enhance interaction
across all four wavelet sub-bands, after which the enhanced feature Xwen is reconstructed through an inverse
discrete wavelet transform (IDWT) to obtain Fw (Eq. (7)).

Xwen = f conv
1×1 (ρ ( f dw

3×3 (Xw))) , Fw = IDWT (Xwen) (7)

Considering the substantial variations in noise distribution across different infrared scenarios, such as
nearshore and remote-sensing scenes, FWFM employs a dynamic adaptive balancing mechanism (Eq. (8)),
whereby a learnable scalar coefficient γ ∈ [0, 1] is introduced to adjust the fusion weights of the Fourier
branch Ff and the wavelet-based edge-preserving branch Fw , while a parallel spatial branch is incorporated
to extract high-frequency details.

FFW F M = γ ⋅ Ff + (1 − γ) ⋅ Fw + ρ ( f conv
3×3 (Fin)) (8)

Through the dynamic adaptive balancing mechanism in FWFM, WFEM adaptively weights the Fourier
and wavelet branches while incorporating the parallel spatial branch, thereby suppressing complex infrared
background clutter and enhancing the high-frequency structural information of weak targets.

2.2 DMS-FFM
In infrared maritime scenarios, ship targets often exhibit large scale variations, dense mooring, and

mutual interference from adjacent thermal responses, leading to edge attenuation, semantic aliasing between
adjacent ships, and cross-layer representation misalignment. Existing studies have improved multi-scale
ship detection by combining Codebook-based weather weakening, uniform-resolution MFBlock fusion,
and re-parameterized information injection to strengthen distant small-target representation [18], while
others introduce high-resolution P2 features and dynamic spatial-channel attention fusion to improve low-
angle small-ship detection under resource-constrained conditions [19]. Although effective, these methods
primarily focus on uniform-resolution feature aggregation, information injection into the small-target
detection head, or attention-based feature reweighting, without jointly modeling the coupled effects of scale
mismatch, cross-layer semantic imbalance, and directional-topology degradation caused by overlapping
thermal responses in dense infrared scenes. Therefore, we propose DMS-FFM (Fig. 4), which uses the inter-
mediate feature level as the alignment reference and reconstructs feature interaction into a progressive fusion
paradigm comprising scale alignment, large-kernel global context aggregation, reverse-gated bidirectional
compensation, direction-aware topology reconstruction, and multi-input attentive calibration. Different
from existing uniform-resolution aggregation or attention-based reweighting strategies, DMS-FFM jointly
alleviates scale mismatch, semantic aliasing, and long-axis structural degradation caused by overlapping
thermal responses, thereby enhancing the consistency and discriminability of multi-scale features in complex
infrared maritime scenarios.
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Figure 4: Schematic diagram of the internal module of DMS-FFM.

The Unified Scale Alignment Module (USAM, Fig. 4a) is first introduced to mitigate spatial misalign-
ment across feature levels, in which the spatial resolution of the intermediate scale X_s is used as the reference
to align features from different levels into a unified coordinate space through adaptive average pooling P(⋅)
and bilinear upsamplingU(⋅) (Eq. (9)), and an embedded enhancement mapping is further applied to reduce
inter-layer redundancy and strengthen effective semantic interaction (Eq. (10)).

Zu = Concat (P (Xl ; H, W) ,P (Xm ; H, W) , Xs ,U (Xn ; H, W)) (9)
Fu = Φu(Zu) = ϕo(R(ϕe(Zu))) (10)

here, Φu(⋅) denotes the embedded enhancement mapping, while ϕe(⋅) and ϕo(⋅) represent the input
and output projection convolutions, respectively, and R (⋅) indicates the re-parameterized convolution
enhancement operation. Since scale alignment alone remains insufficient to capture the broad contextual
information in infrared maritime scenes, the Global Context Aggregation Module (GCAM, Fig. 4b) is
introduced, where the concatenated feature Zg is processed by multi-branch large-kernel convolutions Dki(⋅)
to enlarge the receptive field and enhance contextual feature representation (Eq. (11)), alleviating semantic
incompleteness caused by open backgrounds and sparse target distribution.
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Ẑg = Zg +
N
∑Dki (Zg) , ki ∈ {5, 7, . . . , 17} , (11)

In dense scenes, where the direct fusion of shallow and deep features tends to cause a semantic-detail
imbalance, the Bidirectional Cross-Layer Fusion Module (BCLFM, Fig. 4c) is introduced to enable more
effective cross-layer feature integration. The two input features T1 and T2 are first aligned and recalibrated by
1 × 1 convolutions to produce two attention weights, T

′

1 and T
′

2 (Eq. (12)), based on which T1 is selected as the
main branch for attention enhancement, while complementary information from the secondary input T2 is
injected through a reverse gating coefficient 1 − T

′

1 (Eq. (13)); the two BAF-calibrated features are then fused
to generate the aligned output feature Y (Eq. (14)), improving the balance between detail preservation and
semantic consistency. Here, δ represents the Sigmoid function, and ⊗ denotes channel-wise multiplication.

T ′1 = δ (Conν1×1 (T1)) , T ′2 = δ (Conν1×1 (T2)) (12)
BAF (T1 , T2) = T ′1 ⊗ T1 + T ′2 ⊗ T2 ⊗ (1 − T ′1 ) + T1 (13)
Y = Conν3×3 (Concat (BAF (T1 , T2) , BAF (T2, T1))) (14)

BCLFM alleviates the imbalance between shallow and deep features, but cross-layer calibration alone
remains insufficient for recovering the long-axis contours and local topological structures of ship targets,
motivating the introduction of the Multi-Dimension Aware Dynamic Fusion module (MDADF, Fig. 4e) to
compensate for the limited ability of conventional square convolutions to perceive directional structures in
dense scenes. By employing horizontal and vertical directional convolutions with 1 × k and k × 1 kernels
together with asymmetric padding (Eq. (15)), it constructs a star-shaped receptive field, and the resulting
direction-aware features are then fused (Eq. (16)).

Fg =
⎧⎪⎪⎨⎪⎪⎩

Conv(1,k) (Padg(X)) , g = 0, 1
Conv(k,1) (Padg(X)) , g = 2, 3

(15)

Y = Conv2×2 (Concat (F0, F1 , F2, F3)) (16)

here, Padg denotes the g-th asymmetric padding operation. Features aligned with the axial contours of ship
targets are partitioned into multiple channel blocks (bags). For each block, a gating mechanism generates
the attention weight ε to adaptively fuse the existing shallow-detail feature li and deep-semantic feature
hi through a weighted sum, producing the aggregated feature m′i as given in Eq. (17), where i ∈ [1, 2, 3, 4].
The complete feature F̂m is then restored through channel-wise recombination and convolutional mapping,
enhancing spatial topological sensitivity while preserving semantic consistency (Eq. (18)).

ε = δ (mi) , m′i = εli + (1 − ε) hi (17)
F′m = [m′1 , m′2, m′3, m′4] , F̂m = α (β (Conv (F′m))) (18)

here, α and β denote the Sigmoid Linear Unit (SiLU) activation and batch normalization, respectively. In
the output stage, the Multi-input Attentive Fusion module (MAF, Fig. 4d) applies branch-level channel-wise
recalibration to features from different sources, where the two input features are first added to form the global
guidance feature Fs , based on which adaptive branch weights A are generated through global average pooling
and a multi-layer perceptron (Eq. (19)), and used for channel-wise weighting and summation (Eq. (20)),
which enables an adaptive balance between shallow detail representations and deep semantic representations.

A = Softmaxbranch (MLP (GAP (Fs))) , A = {Al ow , Ahi gh} , Ak ∈ RB×C×1×1 (19)
Fout = Al ow ⊗ Fl ow + Ahi gh ⊗ Fhi gh (20)
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DMS-FFM alleviates scale mismatch, semantic aliasing, and topological degradation in dense infrared
maritime scenes through progressive feature reconstruction.

2.3 TCUDH
Conventional detection heads often suffer from limited geometric localization accuracy and weak

boundary delineation when applied to infrared ship targets with elongated contours, weak edge responses,
and non-uniform thermal radiation distributions. Existing detection-head designs improve prediction
efficiency through decoupled classification and regression branches [20], while dynamic heads adaptively
recalibrate features across scale, spatial, and task dimensions [21], and scale- and occlusion-aware methods
strengthen difficult-target responses through receptive-field enhancement and attention-based feature com-
pensation [22]. Although effective, these methods primarily focus on branch separation or adaptive feature
reweighting and do not explicitly model the multidirectional boundary differences and task-dependent
representation requirements of low-contrast and elongated infrared ships. Therefore, we propose TCUDH
(Fig. 5), which performs channel alignment on multi-scale features and employs quad-directional difference
convolution (QDConv) to encode center, horizontal, vertical, and angular difference cues into a shared
enhanced representation. On this basis, a bounded task-conditioned modulation mechanism generates
objective-specific scaling, bias, gating, and lightweight residual adaptation. Different from conventional
decoupled or attention-enhanced heads, TCUDH coordinates weak-boundary enhancement and controlled
task adaptation within a compact shared prediction structure, thereby improving localization robustness
while retaining structural extensibility for related visual prediction tasks.

Figure 5: TCUDH.

For the input feature at the l-th scale, 1 × 1 channel alignment and QDConv are applied to obtain the
shared enhanced feature F l (Eq. (21)), where QDConv is uniformly formulated over a 3 × 3 local spatial grid
Ω by representing each neighboring pixel u = (x , y) , x , y ∈ {−1, 0, 1} through differential encoding with the
corresponding position-specific weight wm(u) (Eq. (22)).

F l = α (Q2 (α (Q1 (Conv1×1 (Xl))))) (21)
Q (Z(p)) = ∑

m∈M
∑
u∈Ω

wm(u) (Z (p + u) − Z (p + rm)) ,M = {c, h, v , a} (22)
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here, α (⋅) denotes the SiLU activation function, and rm represents the reference position determined by the
corresponding difference mode. The reference positions for center difference rc , horizontal difference rh ,
vertical difference rv , and angular difference ra are (0, 0), (x ,−y), (−x , y), and (−x ,−y), respectively. These
four difference branches operate in parallel over the local neighborhood to enhance the representation of
target directional structures and weak boundaries.

After obtaining the shared enhanced feature F l , a task-conditioned modulation mechanism is intro-
duced, where the task identifier t ∈ {det, rot, seg} is first mapped into a task embedding vector et , from
which the scale modulation term st , bias modulation term bt , and gating response gt are derived and jointly
integrated with a lightweight residual adapter to construct the task-conditioned feature F l

t (Eq. (23)).

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

et = Emb(t), [ŝt , b̂t , ĝt] = MLP (et)
st = 1 + 0.25tanh (ŝt) , bt = 0.25tanh (b̂t) , gt = δ (ĝt) ,

F l
t = α (st ⊗ F l + bt + gt ⊗ At (F l))

(23)

where, Emb (⋅) denotes the task embedding lookup, δ(⋅) is the Sigmoid function, and At(⋅) represents the
task-related lightweight residual adapter. By constraining the magnitudes of st and bt through bounded
mapping, strong conditional perturbations that may disrupt the distribution of shared features can be
avoided. For the task-conditioned feature F l

t , a unified detection projection is applied to generate the
classification output Cl

t and the distance distribution regression output Rl
t . The spatial dimensions of

the multi-scale outputs are then flattened and concatenated using Vec(⋅), yielding the unified distance
distribution Rt and classification response Ct (Eq. (24)).

⎧⎪⎪⎨⎪⎪⎩

Rl
t = slCreg (Fl

t) , Cl
t = Ccls (Fl

t)
Rt = Concatl (Vec (Rl

t)) , Ct = Concatl (Vec (Cl
t)) , d̂t = DFL (Rt)

(24)

here, Cre g and Cc l s denote the regression projection layer and classification projection layer, respectively, and
sl is the learnable scaling factor at the l-th scale. DFL (⋅) denotes the distribution focal learning decoding
operator. Within TCUDH, a shared prediction representation is used for classification and regression.
The DFL operator first decodes the unified distance distribution Rt into continuous distance estimates d̂t .
Subsequently, dist2bbox (d̂t , a) converts these distance estimates into bounding boxes relative to the anchor
points a, and the resulting boxes are scaled by the stride tensor τ to obtain the predicted bounding boxes B̂.
Meanwhile, the class confidences p̂ are independently obtained by applying the Sigmoid function δ(⋅) to the
classification response Ct (Eq. (25)).

B̂ = dist2bbox (d̂t , a) ⊗ τ, p̂ = δ (Ct) (25)

For the rotated detection task, an additional rotation parameter θ is predicted (Eq. (26)). By mapping
the original angle θ̂ into a continuous interval [−π/4, 3π/4], numerical discontinuities near the parameter
boundaries for high-aspect-ratio targets can be alleviated. The distance distribution regression result,
rotation parameter, and anchor information are then jointly decoded to obtain the final rotated bounding
boxes (Eq. (27)).

θ̂ = Concat (VecCang , l (Fl
rot)) , θ = (δ (θ̂) − 0.25) ⋅ π (26)

R̂ = dist2rbox (d̂rot , θ , a) ⊗ τ (27)

where, Cang , l (⋅) denotes the angle prediction branch at the l-th scale and dist2rbox(⋅) denotes the rotated
bounding-box decoding function based on boundary distances and rotation parameters.
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For the segmentation task, the task-conditioned segmentation feature F l
se g is processed by two dedicated

segmentation branches. The prototype generation branch produces the prototype mask set P, while the scale-
specific mask coefficient prediction branches generate the instance coefficients M. The operator Crop(⋅) is
then used to perform spatial cropping and resampling according to the predicted bounding boxes, yielding
the final segmentation result m̂i for the i-th instance and providing explicit region-level prediction within
TCUDH (Eq. (28)).

P = P (Fl
se g) , M = Concatl (Vec (Cmask, l (Fl

se g))) , m̂i = Crop(
nm

∑
k=1

mi kPk , B̂i) (28)

here,P (Fl
se g), P = {Pk}nm

k=1, and M = [mi k] denote the prototype generation branch, prototype mask set, and
instance mask coefficients, respectively, while Cmask , l(⋅) denotes the mask coefficient prediction branch at the
l-th scale. TCUDH improves localization robustness for infrared ship detection through task-conditioned
unified prediction, while preserving structural extensibility for segmentation-related prediction.

2.4 TDSKD
Knowledge distillation (KD) aims to transfer the representation capability and decision distribution of

a teacher model to a lightweight student model. Recent detector-oriented knowledge distillation methods
transfer task-specific prediction knowledge through cross-head prediction mimicking [23], apply masked
generative distillation to lightweight infrared object detection [24], or use channel- and spatial-attention
knowledge distillation to enhance foreground and effective-background feature transfer in aerial object
detection [25]. Although effective, these methods mainly emphasize prediction imitation or feature-level
knowledge transfer, without jointly constraining the fine-grained classification–localization structure and
object-level rotated geometry of infrared ships. To address these limitations, we propose TDSKD (Fig. 6),
which combines prediction-structure consistency with teacher-guided object-level geometric consistency
to jointly transfer classification responses, localization distributions, and rotated-box geometry. Different
from existing prediction- or feature-oriented distillation methods, TDSKD coordinates prediction-level
and object-level guidance for weak, elongated, and densely distributed infrared ships without introducing
additional inference overhead.

Figure 6: TDSKD.
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Given an input image x, the teacher network T(⋅) and the student network S(⋅) use the boundary
distance distribution D(l), classification logits C(l), and rotation angle-related outputs A(l) to uniformly
represent the prediction results of the student and the teacher at the l-th detection layer (Eq. (29)). The set
of predictions across all scales is denoted as Ps = {P(l)

s }
L

l=1
, Pt = {P(l)

t }
L

l=1
, where l ∈ {1, ⋅ ⋅ ⋅ , L}, and L is the

total number of detection scales.

P(l)
s = (D(l)

s , C(l)
s , A(l)

s ) , P(l)
t = (D(l)

t , C(l)
t , A(l)

t ) (29)

Since the detection head is parameterized based on Distribution Focal Loss, the boundary regression
results must be further decoded from the discrete distance distribution into continuous distance estimates.
For any anchor point ai , the corresponding continuous distance estimates for the student and teacher, ds , i
and dt , i , are obtained using the maximum discrete order R and the probability response at the r-th position
Softmax(⋅)r (Eq. (30)), based on which the decoded rotated bounding box results for the student and teacher,
b̂s , i and b̂t , i , are further derived by utilizing the rotated box solver operator Decobb (⋅) together with the
anchor point location and angle outputs (Eq. (31)).

ds , i =
R−1
∑
r=0

r ⋅ Softmax (Ds , i)r , dt , i =
R−1
∑
r=0

r ⋅ Softmax (Dt , i)r (30)

b̂s , i = Decobb (ds , i , As , i , ai) , b̂t , i = Decobb (dt , i , At , i , ai) (31)

From a unified optimization perspective, the overall training objective L comprises the student model’s
original rotated-bounding-box detection supervision loss Lsup and the distillation loss Lkd, with Lkd scaled
by the current mini-batch size B (Eq. (32)). Here, B denotes the number of samples in the current mini-batch,
while Lr and Lg represent the prediction-structure consistency term and the teacher-guided object-level
geometric consistency term, respectively.

L = Lsup + BLkd,Lkd = 2Lr +Lg (32)

The prediction-structure consistency term is constructed by establishing positive- and negative-sample
assignments according to the student model’s current predictions and the ground-truth annotations.
Specifically, the task assignment operator A (⋅) takes the student classification probability vectors δ (Cs),
the decoded rotated bounding boxes B̂s , and the ground-truth annotation set Y = {(yn , bn)}N

n=1 as inputs,
producing the assigned target boxes B∗, target scores S∗, and foreground mask M (Eq. (33)).

(B∗, S∗, M) = A (δ (Cs) , B̂s , Y) (33)

here, yn and bn represent the class label and the corresponding ground truth box of the i-th target, and B∗,
S∗, and M denote the target box, target score, and foreground mask assigned to the anchor, while Mi = 1
indicates that the i-th anchor is a positive sample. After obtaining the foreground mask Mi , we compute
the class response difference Δ i ,c for the c-th class using the classification probability vectors δ (Ct , i ,c) and
δ (Cs , i ,c) of the teacher and student, and define the corresponding structural distillation weight wi (Eq. (34)),
based on which the scaled geometric score distillation term Lkd

score is further obtained using the weight wi ,
the rotated bounding box overlap quality CIoU (b̂s , i , b̂t , i), and the normalization factor Ω (Eq. (35)).

Δ i ,c = ∣δ (Ct , i ,c) − δ (Cs , i ,c)∣ , wi = Mi ⋅max
c

Δ i ,c (34)
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Lkd
score =

7.5
Ω ∑

i
wi (1 −CIoU(b̂s , i , b̂t , i)) (35)

To align the fine-grained distribution structures of the teacher and the student in the boundary distance
space, we perform a vectorization operation vec(⋅) on the foreground locations to obtain the discrete
boundary vectors zs , i = vec(Ds , i) , zt , i = vec(Dt , i) , i ∈ {Mi = 1}. Based on these distributions, we redefine
the distribution structural alignment term using the KL divergence and the distribution distillation weight
w̃i of the i-th foreground location (Eq. (36)).

Ldist =
T2

∑
i

w̃i
∑

i
w̃iKL(Softmax(zt , i

T
) Softmax(zs , i

T
)) (36)

In Eq. (36), T denotes the temperature coefficient used to control the smoothness of the teacher and
student distance distributions during KL-divergence-based alignment. Beyond the distance distribution,
the teacher’s classification response also contains crucial soft structural information. Therefore, the soft
classification distillation term is computed using the binary cross-entropy function BCE (⋅, ⋅) and the
corresponding teacher supervision probability pt , i ,c (Eq. (37)). For rotation detection, we utilize the angle
outputs of both the teacher and the student, alongside the squared Euclidean distance ∥ ⋅ ∥2

2, to obtain the
angular response consistency term Lrot (Eq. (38)).

Lsoft =
1
Ω ∑

i
Mi ∑

c
BCE (Cs , i ,c , pt , i ,c)Δ i ,c (37)

Lrot =
1

Na
∑

i
∥ As , i − At , i ∥2

2 (38)

where, Na denotes the total number of angle prediction units. Based on the aforementioned steps, we obtain
the final prediction structural consistency loss Lr (Eq. (39)).

Lr = Lkd
score +Ldist +Lsoft +Lrot (39)

After obtaining the prediction structural consistency term, we further introduce teacher-guided
object-level geometric consistency learning. Based on the classification output of the teacher, we uti-
lize the maximum class confidence qt , i = maxc δ (Ct , i ,c) and the corresponding predicted category
�t , i = arg maxc δ (Ct , i ,c) to construct the teacher pseudo-object set Ŷt . For candidate locations that satisfy the
high-confidence condition, this set is generated through pre-screening TopKpre (⋅), rotated non-maximum
suppression NMSθ (⋅), and a final retention strategy TopK (⋅) (Eq. (40)); here, τ denotes the confidence
threshold for the teacher pseudo-objects.

Ŷt = TopK (NMSθ (TopKpre {(�t , i , b̂t , i , qt , i) ∣ qt , i ≥ τ})) (40)

here,Ŷt is converted into a structured target tensor Φ (⋅) using the target packing operator (L̃, B̃, Q̃ , M̃) =
Φ (Ỹt). Subsequently, the teacher pseudo-targets are mapped into the student anchor space via the task
assignment operator Arot designed for rotation detection (Eq. (41)).

(B, S , M) = Arot (δ (Cs) , B̂s ,
∼

Yt) (41)
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where, L̃, B̃, Q̃, and M̃ denote the class label tensor, rotated bounding box tensor, confidence tensor,
and valid mask of the teacher pseudo-targets, respectively. To identify locations where the teacher is
confident but the student has a weak response, we calculate the student’s maximum class confidence as
qs , i = maxc δ (Cs , i ,c) and define the significant advantage as gi = ReLU (qt , i − qs , i −m), where denotes the
confidence margin. The student’s predicted category is separately defined as �s , i = arg maxc σ(Cs , i ,c), and
the category inconsistency indicator is calculated as χi = 1 (�t , i ≠ �s , i). Together with the maximum assigned
pseudo-target score si = maxc S i ,c , these terms are used to calculate the difficulty weight ωi in Eq. (42).

ωi = clip ((1 + ρ (gi + χi)) (1 + si) , 1, 1 + 2ρ) (42)

here, ρ denotes the hard sample reinforcement coefficient, and clip (⋅, 1, 1 + 2ρ) represents clipping the
weights to a specified range. To mitigate the interference from low-value positive samples, we obtain the hard
sample mask by utilizing the assigned positive sample mask and the vector ω ⊙M, which is derived after
applying hard weights to the positive samples (Eq. (43)).

M̂i = Mi ⋅ 1 (i ∈ TopKKh
(ω ⊙M)) (43)

where, TopKKh
(⋅) represents the top Kh samples with the largest weights. After hard sample reinforcement,

the corresponding classification distillation term Lg
cls is obtained by combining the assigned pseudo-target

scores Si ,c and the object-level anchor weights ãi (Eq. (44)). Based on this, utilizing the assigned pseudo-
target boxes B, the target scores after hard reinforcement S ⊙ ω, and the rotated bounding box joint
regression operator Ψrbox (⋅), the object-level rotated bounding box regression termLg

box and the distribution
focal regression term Lg

dfl are obtained (Eq. (45)). Meanwhile, based on the assigned pseudo-target angle
Ai and the confidence Q̃n , j of the j-th teacher pseudo-target in the n-th sample, the object-level angular
consistency term Lg

θ and its overall intensity modulation coefficient are obtained (Eq. (46)).

ãi = max
c

S i ,c ⋅ ωi ⋅ M̂i , Lg
cls =

∑i ã i ∑c BCE (Cs , i ,c , Si ,c)
∑i ã i

(44)

(Lg
box,Lg

dfl) = Ψrbox (Ds , B̂s , B, S ⊙ ω, M̂) (45)

Lg
θ =

∑
i∶M̂i=1

ãi SmoothL1 (As , i , Ai)

∑
i∶M̂i=1

ãi
, ψ = 1

B

B
∑
n=1

max
j

Q̃n , j (46)

where, ψ represents the average confidence of the teacher pseudo-targets within the current batch (B), which
is used to modulate the overall geometric distillation intensity. Based on the above, the teacher-guided object-
level geometric consistency term Lg is obtained (Eq. (47)).

Lg = ψ (Lg
cls +Lg

box +Lg
dfl + 0.5Lg

θ) (47)

3 Experimental Details

3.1 Dataset
The proposed model is primarily evaluated on the Infrared Ship Database (IR-Ship) [26]. Supplementary

validation is conducted on the Infrared Ship Detection Dataset (ISDD) [27] and the Singapore Maritime
Dataset (SMD) [28]. ISDD is a pure infrared remote-sensing dataset, whereas SMD contains both visible-
light and near-infrared imagery. IR-Ship follows the fixed partition adopted in this study, ISDD is divided into
training, validation, and test subsets using an 8:1:1 ratio, and SMD uses the predefined training, validation,
and test subsets adopted in our experiments.
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IR-Ship Dataset: Publicly released by Yantai Raytron Technology Co., Ltd. through its Infrared Open
Source Platform, this long-wave infrared maritime ship dataset contains a total of 8002 images of varying
resolutions across seven ship target categories: liners (LR), bulk carriers (BC), warships (WS), sailboats (SB),
canoes (CE), container ships (CS), and fishing ships (FS). This dataset covers diverse scenes, different time
periods, and various imaging scales, reflecting practical challenges in complex infrared maritime monitoring,
such as background thermal interference, scale variations, and differences in target morphology.

ISDD Dataset: A three-band fused infrared remote sensing ship dataset, comprising a single category,
1284 images, and 3061 ship instances. This dataset features a high-altitude top-down perspective, where the
target scales are small and texture information is limited. It is well-suited for evaluating a model’s detection
capability for dim, small, and low-texture targets.

SMD Dataset: SMD is a multimodal maritime dataset containing onshore and onboard visible-light
sequences as well as near-infrared (NIR) sequences acquired in Singapore waters. In this study, 6350
annotated frames are used across nine categories: Boat, Buoy, Ferry, Flying bird-plane, Kayak, Other, Sail
boat, Speed boat, and Vessel-ship. “Flying bird-plane” denotes a combined category of flying birds and
airplanes in the adopted annotation configuration. SMD is used for supplementary validation of the model
under different maritime scenes and imaging modalities.

3.2 Experimental Environment and Evaluation Indicators
The configuration of the experimental environment is presented in Table 1. YOLOv11n is adopted as

the baseline model, and all models share the same training settings: an input image size of 640 × 640, 220
training epochs, a batch size of 16, and 16 workers. In the base training phase, the Stochastic Gradient Descent
optimizer is utilized, with the initial learning rate set to 0.01, the momentum coefficient to 0.937, and the
weight decay coefficient to 0.0005. For the knowledge distillation experiments, an M-scale model with the
corresponding structure is employed as the teacher model.

Table 1: Experimental configuration.

Experimental Environment Details
Operating system Ubuntu 20.04

GPU RTX 3090 (24 GB)
CPU 20 vCPU AMD EPYC 7642 48-Core Processor

Language Python 3.8.0
GPU calculate platform CUDA 11.8

Deep learning framework PyTorch 2.0.0

We perform quantitative evaluations from two perspectives, detection accuracy and computational
efficiency, to assess model performance. Detection accuracy metrics encompass Precision (P), Recall (R), the
F1-score, Average Precision (AP), and mean Average Precision (mAP). Computational efficiency is assessed
by inference speed (Frames Per Second), parameter count (Params), and computational load (Giga Floating-
point Operations, GFLOPs), which together characterize deployment overhead and real-time capability. P,
R, and F1 are defined as follows:

P = TP
TP + FP

(48)
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R = TP
TP + FN

(49)

F1 = 2PR
P + R

(50)

AP represents the average precision for an individual class, which corresponds to the geometrical
area under the P-R curve (Eq. (51)), mAP is defined as the mean of AP across all classes (Eq. (52)). The
primary detection metrics used throughout the experiments are mAP50 and mAP50-95. Specifically, mAP50
evaluates detection performance at an IoU threshold of 0.50, whereas mAP50-95 averages the AP values over
IoU thresholds from 0.50 to 0.95 with a step size of 0.05, thereby providing a more comprehensive assessment
of localization accuracy.

AP = ∫
1

0
p(r)dr (51)

mAP = 1
n

n
∑
i=1

APi (52)

Furthermore, we adopt the standard Common Objects in Context (COCO) evaluation protocol and
categorize targets by pixel area S into small (S < 322), medium (322 ≤ S < 962), and large (S ≥ 962) classes.
We calculate the precision metrics APs, APm, and APl and the recall metrics ARs, ARm, and ARl averaged
over IoU thresholds ranging from 0.50 to 0.95, in order to assess the model’s balance between detection
and localization across various scales. Minor numeric differences may arise in COCO indices because of
bounding-box representation conversions, coordinate quantization, and floating-point precision; these do
not affect the overall performance comparison.

4 Experimental Analysis

4.1 Ablation Experiment
Detailed ablation experiments were conducted to quantitatively evaluate the individual and combined

contributions of WFEM, DMS-FFM, TCUDH, and TDSKD, with the results summarized in Table 2. The
baseline YOLOv11n achieves mAP50 and mAP50-95 values of 0.906 and 0.636, respectively, with 2.46M
parameters, 6.3 GFLOPs, and an inference speed of 1107.7 FPS. When introduced individually, WFEM, DMS-
FFM, and TCUDH improve mAP50-95 to 0.648, 0.653, and 0.766, corresponding to absolute gains of 0.012,
0.017, and 0.130 over the baseline, respectively. WFEM suppresses sea-wave thermal clutter and shoreline
heat-source interference through frequency-domain filtering and wavelet-based edge preservation, whereas
DMS-FFM improves cross-scale representation and feature interaction for densely distributed ships. Among
the three architectural components, TCUDH provides the largest individual improvement, particularly
in high-quality localization under strict IoU thresholds. From a computational perspective, introducing
WFEM increases the model complexity from 2.46M to 3.06M parameters and from 6.3 to 12.8 GFLOPs,
corresponding to increments of 0.60M parameters and 6.5 GFLOPs, respectively. This additional cost mainly
arises from its frequency-domain processing and multi-branch wavelet feature enhancement. DMS-FFM
increases the model complexity to 3.42M parameters and 13.7 GFLOPs, corresponding to increments of
0.96M parameters and 7.4 GFLOPs, mainly because of its cross-scale feature alignment and dynamic fusion
operations. The resulting inference speeds of the WFEM and DMS-FFM configurations are 404.7 and 423.4
FPS, respectively. In contrast, TCUDH replaces the original detection head with a compact shared prediction
structure rather than introducing an additional prediction branch. It therefore reduces the model complexity
by 0.29M parameters and 0.2 GFLOPs, resulting in 2.17M parameters, 6.1 GFLOPs, and an inference speed
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of 1094.4 FPS. The pairwise combinations WFEM+DMS-FFM, WFEM+TCUDH, and DMS-FFM+TCUDH
achieve mAP50-95 values of 0.658, 0.775, and 0.777, respectively, corresponding to improvements of 0.022,
0.139, and 0.141 over the baseline. Integrating all three architectural components produces mAP50 and
mAP50-95 values of 0.968 and 0.790, respectively, with 3.71M parameters, 22.2 GFLOPs, and an inference
speed of 235.3 FPS. Because these components operate at different feature levels and TCUDH replaces the
original detection head, the complexity of the complete architecture was measured directly rather than
estimated by simply summing the isolated module increments. On the same complete inference architecture,
TDSKD further increases mAP50 and mAP50-95 from 0.968 and 0.790 to 0.971 and 0.804, corresponding
to additional gains of 0.003 and 0.014, respectively. Because TDSKD is applied only during training, it does
not change the inference-stage parameter count or GFLOPs. Consequently, the final model retains 3.71M
parameters and 22.2 GFLOPs while achieving an overall mAP50-95 improvement of 0.168 over the baseline.
As shown in Fig. 7, the final model produces PR and F1-score curves closest to those of the teacher model
and maintains higher precision in the high-recall range, together with a higher peak F1-score and a wider
stable range across confidence thresholds. These results further demonstrate that the proposed components
provide complementary improvements in detection accuracy, localization quality, and perception stability
under complex infrared maritime conditions.

Table 2: Detailed ablation and computational-complexity analysis of the individual and combined components.

WFEM DMS-FFM TCUDH TDSKD mAP50 mAP50-95 ΔmAP50-95 P R Params GFLOPs FPS
Baseline 0.906 0.636 – 0.906 0.859 2.46M 6.3 1107.7

√
0.919 0.648 +0.012 0.920 0.868 3.06M 12.8 404.7

√
0.937 0.653 +0.017 0.920 0.888 3.42M 13.7 423.4

√
0.950 0.766 +0.130 0.914 0.897 2.17M 6.1 1094.4

√ √
0.941 0.658 +0.022 0.911 0.903 4.05M 21.4 242.2

√ √
0.954 0.775 +0.139 0.933 0.904 2.77M 12.6 400.2

√ √
0.960 0.777 +0.141 0.926 0.926 3.09M 14.5 402.3

√ √ √
0.968 0.790 +0.154 0.944 0.936 3.71M 22.2 235.3

√ √ √ √
0.971 0.804 +0.168 0.945 0.944 3.71M 22.2 234.7

Note: ΔmAP50-95 denotes the absolute improvement relative to the baseline.

Figure 7: Comparison of PR and F1 curves.
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A comparative experiment was conducted to examine whether simpler knowledge-distillation methods
could achieve gains comparable to those of TDSKD. Specifically, TDSKD was compared with L2-based logit
matching and Channel-Wise Distillation (CWD). The same teacher model, student model, dataset split,
initialization, and training settings were used in all distillation experiments, with only the distillation strategy
changed. As shown in Table 3, both L2-based logit matching and CWD improve mAP50-95, confirming that
teacher supervision is beneficial. However, TDSKD achieves the largest improvement, increasing mAP50-95
from 0.790 to 0.804 and providing a more balanced precision–recall performance. The clearer advantage
in mAP50-95 indicates that the prediction-structure and object-level geometric constraints of TDSKD are
more effective for high-quality localization than conventional response- or feature-level matching.

Table 3: Comparison with conventional knowledge-distillation strategies.

Distillation Strategy Distillation Level P R F1 mAP50 mAP50-95 ΔmAP50-95
No distillation – 0.944 0.936 0.940 0.968 0.790 –

L2-based logit matching Response level 0.948 0.934 0.941 0.968 0.796 +0.006
CWD Feature level 0.940 0.942 0.941 0.969 0.797 +0.007

TDSKD Dual-level structured 0.945 0.944 0.944 0.971 0.804 +0.014

Statistical uncertainty in the reported detection results was further assessed through a nonparamet-
ric image-level bootstrap analysis on the validation set. The 632 validation images were sampled with
replacement to construct 1000 bootstrap replicates, with each replicate containing the same number of
images as the original validation set. The evaluation metrics were recalculated for every replicate, and the
2.5th and 97.5th percentiles of the resulting distributions were used as the lower and upper bounds of
the 95% confidence intervals, respectively. As summarized in Table 4, the 95% confidence intervals of the
baseline are 0.890–0.921 for mAP50 and 0.619–0.656 for mAP50-95. After integrating WFEM, DMS-FFM,
and TCUDH, the corresponding intervals become 0.960–0.976 and 0.780–0.809. For the final model with
TDSKD, the intervals are 0.961–0.977 and 0.787–0.814, respectively. The point estimates reported in Table 2
fall within their corresponding confidence intervals. These results quantify the uncertainty associated with
validation-set sampling and indicate that the reported performance remains stable across the resampled
validation sets.

Table 4: Image-level bootstrap 95% confidence intervals for the representative configurations.

Configuration mAP50 mAP50 95%CI mAP50-95 mAP50-95 95%CI
Baseline 0.906 0.890–0.921 0.636 0.619–0.656

WFEM + DMS-FFM + TCUDH 0.968 0.960–0.976 0.790 0.780–0.809
WFEM + DMS-FFM + TCUDH + TDSKD 0.971 0.961–0.977 0.804 0.787–0.814

Note: The confidence intervals were obtained from 1000 nonparametric image-level bootstrap replicates of the 632-
image validation set.

To qualitatively evaluate the effects of the proposed components under complex infrared maritime
conditions, Fig. 8 compares missed and false detections across representative ablation configurations, where
green boxes indicate correct detections, red boxes indicate missed detections, and blue boxes indicate false
detections. While Table 2 quantitatively reports both the individual and combined configurations, Fig. 8
focuses on configurations in which WFEM, DMS-FFM, and TCUDH are individually incorporated into
the baseline, together with the full model, to maintain visual clarity. The baseline is susceptible to sea-wave
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thermal clutter and complex shoreline heat sources, resulting in background false positives (e.g., Image
4) and missed detections of distant, dim, and small targets (e.g., Image 3). When WFEM is individually
incorporated into the baseline, periodic thermal clutter is suppressed, the local high-frequency structures
of dim targets are enhanced, and the shoreline false alarms in Image 4 are reduced. When DMS-FFM is
individually incorporated into the baseline, it strengthens multi-scale feature alignment and cross-scale
interaction, alleviating the feature aliasing caused by overlapping thermal responses from adjacent ships and
reducing missed detections in dense scenes (e.g., Image 1). By integrating the complementary effects of the
three architectural components and TDSKD, the full model suppresses false responses caused by sea-surface
and shoreline thermal interference (e.g., Images 2 and 5), improves the detection of low-contrast small targets
(e.g., Image 3), and more reliably separates adjacent ships under dense occlusion (e.g., Image 1).

Figure 8: Visual comparison of missed and false detections for individual component ablations and the full model.

4.2 Comparative Experiment
Comparative experiments were conducted in complex infrared maritime scenarios to evaluate whether

the proposed model can maintain reliable visual perception from three aspects: feature pyramid structure,
detection head design, and overall detection architecture. Furthermore, visualization results were used to
analyze the model’s discriminative mechanism and scene adaptability.

We compare it with various types of feature pyramid structures to verify the effectiveness of DMSFPN,
as shown in Table 5. BiFPN employs learnable weights to adaptively integrate features through bidirectional
cross-scale paths [29]. AFPN progressively fuses adjacent low-level features and subsequently incorporates
higher-level features, thereby reducing the semantic gaps between non-adjacent feature levels [30]. Slim-
Neck introduces GSConv into the neck to reduce computational cost while maintaining feature-fusion
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capability [31]. ASFPN integrates Scale Sequence Feature Fusion, a Triple Feature Encoder, and a Channel
and Position Attention Mechanism to strengthen cross-scale semantic interaction, enhance target-relevant
spatial and channel responses, and improve the representation of multi-scale and weak targets under
complex backgrounds; it is therefore included as an attention-enhanced multi-scale fusion baseline [32].
GFPN strengthens information interaction across different feature levels through generalized cross-scale
fusion paths [33], whereas CGFPN employs context-guided feature recalibration and fusion to enhance
the complementary representation of multi-scale features [34]. As can be seen from the Fig. 9, DMSFPN
exhibits a superior overall trend in both the PR and F1-score curves, maintaining high precision and stability
even in the higher recall and high-confidence ranges. Meanwhile, it achieves scores of 0.941, 0.724, and
0.658 on mAP50, mAP75, and mAP50-95, respectively. Its overall performance is superior to that of the
other compared structures, demonstrating that the proposed method has advantages in complex thermal
background suppression, multi-scale target representation, and high-quality localization.

Table 5: Comparison of different feature pyramids network.

Model mAP50 mAP75 mAP50-95 F1 APs APm APl ARs ARm ARl

BiFPN 0.904 0.684 0.633 0.868 0.414 0.647 0.732 0.520 0.703 0.791
FDPN 0.906 0.689 0.633 0.878 0.427 0.651 0.717 0.491 0.708 0.779
Hyper 0.908 0.700 0.642 0.875 0.415 0.657 0.751 0.493 0.713 0.799
GFPN 0.911 0.691 0.645 0.879 0.431 0.657 0.749 0.521 0.714 0.787

MAFPN 0.912 0.697 0.645 0.883 0.418 0.660 0.748 0.516 0.711 0.796
CSFCN 0.914 0.689 0.641 0.881 0.417 0.656 0.750 0.524 0.708 0.793
MSGA 0.917 0.702 0.646 0.884 0.434 0.657 0.746 0.518 0.715 0.790
RCFPN 0.919 0.701 0.649 0.886 0.441 0.664 0.751 0.532 0.724 0.791

RCSOSA 0.924 0.714 0.655 0.891 0.450 0.659 0.738 0.528 0.722 0.786
CGFPN 0.929 0.703 0.649 0.893 0.449 0.657 0.738 0.572 0.724 0.796

AFPN2345 0.930 0.704 0.647 0.895 0.452 0.663 0.712 0.576 0.719 0.780
Slimneck2345 0.931 0.704 0.651 0.897 0.463 0.667 0.754 0.569 0.719 0.795

ASFPN 0.933 0.711 0.644 0.90 0.458 0.662 0.738 0.563 0.720 0.785
DMSFPN 0.941 0.724 0.658 0.911 0.474 0.672 0.735 0.578 0.728 0.806

We conducted comparative experiments in complex infrared maritime scenarios to verify the applica-
bility of TCUDH, as shown in Table 6. EfficientHead, introduced in YOLOv6, employs lightweight decoupled
classification and regression branches to improve prediction efficiency [20]. The YOLOv9 decoupled detec-
tion head (YOLOv9-DDetect) similarly separates classification and bounding-box regression and is included
as a representative general-purpose decoupled head [35]. DyHead jointly applies scale-aware, spatial-aware,
and task-aware attention to adaptively recalibrate detection features [21]. The SEAM-based head derived
from YOLO-FaceV2, which was originally developed for detecting small and occluded faces, employs
separated and enhancement attention to strengthen feature responses under partial occlusion; it is therefore
included as a cross-domain attention-enhanced head baseline [22]. In addition, the OBB head predicts
oriented bounding boxes to better accommodate elongated targets with arbitrary orientations. As shown in
the Fig. 10, TCUDH is overall closer to the optimal envelope in both the PR and F1-score curves, maintaining
higher precision and a wider stable high-F1 plateau even in the high recall and high-confidence ranges.
Furthermore, as evidenced by the multi-dimensional metrics, TCUDH achieves 0.950, 0.859, and 0.766
on mAP50, mAP75, and mAP50-95, respectively, outperforming general detection heads. The quantitative
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results indicate that TCUDH not only improves localization quality for slender targets but also delivers more
balanced overall performance in dense small-target detection and cross-scale target representation.

Figure 9: Comparison of feature pyramids.

Table 6: Comparison of different detection heads.

Model mAP50 mAP75 mAP50-95 F1 APs APm APl ARs ARm ARl

EfficientHead 0.913 0.685 0.613 0.881 0.418 0.655 0.739 0.522 0.710 0.794
LQEHead 0.904 0.699 0.636 0.878 0.429 0.652 0.738 0.512 0.712 0.796
LSCSBD 0.913 0.695 0.641 0.887 0.439 0.652 0.730 0.509 0.707 0.808

RSCD 0.908 0.689 0.634 0.877 0.426 0.649 0.731 0.522 0.710 0.797
DyHead 0.913 0.698 0.643 0.880 0.435 0.659 0.726 0.502 0.713 0.780
IDetect 0.900 0.693 0.636 0.866 0.421 0.650 0.743 0.517 0.706 0.791
DDetect 0.911 0.706 0.645 0.879 0.434 0.657 0.735 0.505 0.711 0.790

Detect_ASFF 0.909 0.701 0.643 0.883 0.405 0.654 0.741 0.503 0.708 0.797
WorldDetect 0.917 0.710 0.651 0.886 0.447 0.663 0.743 0.565 0.709 0.783

TADDH 0.925 0.719 0.652 0.889 0.448 0.665 0.753 0.521 0.717 0.802
Atthead 0.907 0.704 0.639 0.902 0.426 0.652 0.746 0.515 0.709 0.784

SEAMHead 0.911 0.697 0.638 0.878 0.403 0.654 0.745 0.500 0.712 0.786
Nmsfree 0.915 0.688 0.632 0.881 0.439 0.643 0.710 0.561 0.711 0.780

OBB 0.947 0.850 0.762 0.852 0.486 0.721 0.738 0.641 0.772 0.809
TCUDH 0.950 0.859 0.766 0.920 0.504 0.743 0.756 0.595 0.791 0.815
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Figure 10: Comparison of detection heads.

We further provide qualitative visualization results on the SeaShips [36] and HRSID [37] datasets to
illustrate the extensibility of TCUDH to segmentation-related prediction (Fig. 11). Compared to the baseline,
TCUDH achieves more complete coverage for large-scale ships in SeaShips (e.g., Images 1, 4, and 5), and
exhibits more concentrated responses to small and distant targets (e.g., Images 2, 3, and 6); For the HRSID
dataset, TCUDH provides more complete representation of nearshore ship regions (e.g., Images 1 and 2),
while yielding clearer contour delineation for slender, small, and densely distributed targets (e.g., Images 3,
4, 5, and 6). These qualitative results suggest that the task-conditioned design of TCUDH is compatible with
extension to segmentation-related prediction.

Figure 11: (Continued)
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Figure 11: Visualization of the segmentation of TCUDH.

The performance and complexity of the proposed model were compared with those of various YOLO-
series models and their representative variants, as presented in Table 7. YOLOv5-YOLO26 exhibit limited
differences in detection performance at low thresholds, but their localization capability is constrained at
high IoU thresholds, reflecting an inadequacy in high-quality localization for distant, small-scale, and
slender targets. A principal reason is that their feature extraction and prediction structures do not explic-
itly address sea-wave thermal clutter, shoreline heat-source interference, weak target boundaries, or the
adjacent-target aliasing frequently encountered in infrared maritime scenes. Among the general-purpose
enhanced detectors, Gold-YOLO employs a gather-and-distribute mechanism to strengthen multi-scale
feature interaction, while DAMO-YOLO adopts an Efficient-RepGFPN neck to improve cross-level feature
aggregation. Mamba-YOLO introduces an SSM-based ODMamba backbone together with RG blocks to
model long-range dependencies while reinforcing local feature representation. In the present experiments,
these mechanisms provide moderate improvements in mAP50-95 over conventional lightweight YOLO
baselines. Nevertheless, their additional feature aggregation or global modeling operations increase model
complexity, while their feature-enhancement mechanisms are not specifically designed to distinguish
weak infrared ship responses from structured thermal background interference. Infrared-specific detectors
provide stronger evidence of the benefit of task-oriented feature modeling. GT-YOLO combines attention-
based feature fusion, SPD-Conv, and Soft-NMS to preserve small-target information and reduce missed
detections under dense occlusion, explaining its relatively high mAP50-95 of 0.745. YOLO-IRS introduces
self-attention and KAN-based nonlinear feature modeling to improve ship representation in complex
infrared backgrounds and obtains an mAP50-95 of 0.663. However, these methods mainly focus on spatial-
domain feature enhancement or post-processing and do not jointly address thermal-clutter suppression,
cross-scale alignment, weak-boundary localization, and teacher-guided geometric consistency. CAA-YOLO
and EGISD-YOLO achieve higher mAP50-95 values of 0.828 and 0.841, respectively. CAA-YOLO introduces
a high-resolution P2 feature layer, long-range contextual fusion, and combined attention to preserve shallow
spatial details while suppressing noise interference, whereas EGISD-YOLO employs Dense-CSP feature
reuse, contextual channel attention, edge-guided fusion, and an additional small-target prediction head to
strengthen weak-boundary and small-target localization. These specialized designs explain their stronger
performance under strict IoU thresholds. However, their accuracy improvements are accompanied by higher
resource requirements. CAA-YOLO contains 98.3M parameters, requires 131.9 GFLOPs, and operates at
42 FPS, while EGISD-YOLO operates at 83 FPS with a reported model size of 16.6M, making them less
favorable for resource-constrained edge deployment. In comparison, the proposed model achieves mAP50
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and mAP50-95 values of 0.971 and 0.804, respectively, with 3.71M parameters, 22.2 GFLOPs, and an inference
speed of 234.7 FPS. Although its mAP50-95 is lower than those of CAA-YOLO and EGISD-YOLO, it provides
a more favorable balance among detection accuracy, localization quality, model complexity, and inference
efficiency. As shown in Fig. 12, the proposed model also reaches convergence earlier and exhibits greater
stability in the training curves, outperforming most comparison models in the overall F1-score and PR
curves. These results indicate that the proposed method maintains strong fine-grained localization and
real-time detection capabilities under reduced resource overhead, making it suitable for edge-side infrared
maritime monitoring.

Table 7: Comparison of different YOLO detection algorithms.

Model mAP50 mAP50-95 P R F1 Param GFLOPs FPS Size
YOLOv5 0.909 0.635 0.910 0.860 0.884 2.39M 7.1 1204 5.0M
YOLOv6 0.897 0.635 0.907 0.845 0.875 4.04M 11.8 1159.4 8.3M
YOLOv8 0.910 0.644 0.906 0.861 0.883 2.87M 8.1 1130.6 6.0M
YOLOv9 0.910 0.640 0.909 0.849 0.878 1.88M 7.6 848.6 4.4M
YOLOv10 0.916 0.633 0.890 0.860 0.875 2.16M 6.5 1060.7 5.5M
YOLOv11 0.906 0.636 0.906 0.859 0.882 2.46M 6.3 1107.7 5.2M

YOLOv12 [38] 0.909 0.636 0.904 0.858 0.880 2.51M 5.8 634.6 5.2M
YOLOv13 [39] 0.911 0.639 0.924 0.849 0.885 2.33M 6.1 494.4 5.2M
YOLO26 [40] 0.920 0.645 0.909 0.856 0.882 2.27M 5.2 1129.6 5.2M

Gold-YOLO [41] 0.917 0.648 0.916 0.864 0.889 5.70M 10.3 502.2 11.8M
EGISD-YOLO [42] 0.937 0.841 0.963 0.912 0.937 – – 83 16.6M
Mamba-YOLO [43] 0.924 0.655 0.924 0.868 0.895 5.71M 13.6 125.9 12.1M
DAMO-YOLO [33] 0.915 0.647 0.912 0.868 0.889 5.49M 11.2 728 11.6M
CAA-YOLO [44] 0.945 0.828 – – – 98.3M 131.9 42 –
FBRT-YOLO [45] 0.928 0.659 0.919 0.867 0.892 2.57M 19.8 434.8 5.4M

R_YOLO [46] 0.958 0.686 0.934 0.927 0.930 17.5M 56.8 128 –
YOLO-IRS [47] 0.928 0.663 0.934 – – 3.96M 11.6 – –

MAF-YOLO [48] 0.919 0.637 0.897 0.862 0.879 2.31M 8.5 416.4 6.4M
GT-YOLO [49] 0.954 0.745 – – – 8.7M 34.4 152 –

SOD-YOLO [50] 0.933 0.646 0.909 0.887 0.898 2.63M 10.8 547.8 5.0M
Our 0.971 0.804 0.945 0.944 0.944 3.71M 22.2 234.7 9.7M

To provide a more intuitive analysis of the differences in the models’ focus regions under complex
infrared scenarios, we employ the Grad-CAM method to present a visual comparison of heatmaps across
different models (Fig. 13). It can be observed that the Baseline, YOLO12, YOLO13, and SOD-YOLO are
susceptible to interference from shore-based high-thermal-radiation buildings (e.g., Image 4), sea surface
thermal reflections (e.g., Image 2), or background clutter, which leads to dispersed heatmaps, misdirected
focus on non-ship regions, and targets being overwhelmed by the thermal background. In contrast, the
heatmaps of our model exhibit a higher degree of semantic focus. Whether in dense mooring scenarios (e.g.,
Image 1), for distant infrared dim and small targets (e.g., Image 3), or against complex shoreline thermal
backgrounds, the highlighted regions cover the main bodies of the ships while suppressing background noise
responses, demonstrating that the proposed model possesses more robust discriminative capabilities and
superior target representation quality under complex infrared thermal interference conditions.
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Figure 12: Comparison of different YOLO detection algorithms.

Figure 13: Visualization of heat map.
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4.3 Comparison of Detection Paradigms and Challenging-Case Analysis
We evaluated the overall competitiveness of the proposed model against different categories of object

detection algorithms, including one-stage methods (e.g., TOOD), two-stage methods (e.g., Cascade-RCNN),
and Transformer-based methods (e.g., Deformable-DETR), with results reported in Table 8. Among the
one-stage detectors, ATSS, PAA, GFL, VFNet, and TOOD generally outperform RetinaNet and FCOS in
mAP50-95. Specifically, PAA adaptively separates positive and negative samples by fitting a probabilistic
model to the joint classification and localization losses and additionally predicts IoU-based localization
quality. GFL jointly represents classification confidence and localization quality and models bounding-box
coordinates as flexible probability distributions. Together with the adaptive sample-assignment, IoU-aware
scoring, and task-aligned learning mechanisms used by the other enhanced one-stage detectors, these
designs reduce the inconsistency between classification confidence and bounding-box quality. In particular,
TOOD achieves an mAP50-95 of 0.621 through task-aligned prediction. However, these methods rely
primarily on general-purpose backbones and feature pyramids and do not explicitly suppress structured
infrared thermal clutter or preserve the weak boundaries of small ship targets. Their model sizes and
computational costs also remain relatively high; for example, TOOD requires 32.03M parameters and 169.98
GFLOPs. Among the two-stage detectors, Mask-RCNN extends Faster-RCNN by adding a parallel mask-
prediction branch while retaining region-based classification and bounding-box regression. Because Table 8
evaluates object detection rather than instance segmentation, only its bounding-box detection output
is included in the comparison. Cascade-RCNN employs a sequence of detection heads trained with
progressively increasing IoU thresholds to iteratively refine candidate boxes. In the present experiments,
Cascade-RCNN achieves the highest mAP50-95 of 0.644 among the competing two-stage detectors. Its
advantage over Faster-RCNN and Mask-RCNN can therefore be attributed to the progressive refinement of
candidate boxes under stricter IoU criteria. However, repeated region proposal processing and multi-stage
box refinement increase its complexity to 69.29M parameters and 208.89 GFLOPs. Moreover, distant and
low-contrast infrared ships may be insufficiently represented during the initial proposal and region-feature
extraction stages, limiting the subsequent refinement of small and weak targets. Transformer-based detectors
benefit from global-context modeling and query-based prediction, which contributes to relatively strong
target recognition and large-target representation. For example, DINO achieves an mAP50 of 0.929 and an
APl of 0.756. Nevertheless, its mAP50-95 remains at 0.609, indicating that strong global representation does
not necessarily translate into sufficiently accurate localization for weak-boundary and densely distributed
infrared ships. Deformable DETR restricts cross-attention to a sparse set of sampling points around
multi-scale reference locations, thereby alleviating the dense-attention and convergence limitations of the
original DETR. Conditional DETR introduces conditional spatial queries to improve object localization,
whereas DAB-DETR formulates decoder queries as dynamic anchor boxes that are iteratively updated
across decoder layers. DDQ-DETR further improves end-to-end detection by selecting distinct queries from
dense candidates. Despite these attention and query-design improvements, the compared Transformer-based
detectors are not specifically designed to distinguish weak infrared ship responses from sea-surface and
shoreline thermal interference, while their backbone and decoding structures still introduce considerable
computational overhead. DINO, for example, contains 47.55M parameters and requires 238.59 GFLOPs.
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Table 8: Comparison of different detection paradigms.

Model mAP50 mAP50-95 F1 APs APm APl ARs ARm ARl Param GFLOPs
RetinaNet [51] 0.882 0.561 0.839 0.331 0.577 0.639 0.473 0.661 0.754 36.45M 178.18

ATSS [52] 0.900 0.595 0.856 0.391 0.604 0.690 0.492 0.679 0.780 51.12M 239.62
PAA [53] 0.905 0.603 0.869 0.410 0.618 0.750 0.579 0.747 0.857 32.13M 174.13
GFL [54] 0.897 0.605 0.870 0.387 0.606 0.717 0.477 0.676 0.794 32.27M 176.13

FCOS [55] 0.893 0.579 0.864 0.374 0.589 0.691 0.469 0.668 0.776 32.13M 169.99
TOOD [56] 0.913 0.621 0.879 0.396 0.611 0.736 0.497 0.683 0.799 32.03M 169.98
DINO [57] 0.929 0.609 0.899 0.416 0.618 0.756 0.561 0.713 0.835 47.55M 238.59

Faster-RCNN 0.908 0.616 0.866 0.376 0.596 0.689 0.460 0.656 0.766 41.38M 180.22
Mask-RCNN [58] 0.910 0.621 0.870 0.382 0.598 0.695 0.461 0.660 0.765 44.01M 233.47

Cascade-RCNN [59] 0.916 0.644 0.876 0.386 0.611 0.717 0.455 0.660 0.771 69.29M 208.89
Deformable-DETR [60] 0.925 0.583 0.899 0.388 0.588 0.713 0.506 0.684 0.799 40.1M 166.91
Conditional-DETR [61] 0.891 0.558 0.873 0.340 0.556 0.715 0.451 0.643 0.803 43.45M 84.84

DAB-DETR [62] 0.902 0.569 0.882 0.350 0.571 0.726 0.483 0.666 0.813 43.71M 81.15
DDQ-DETR [63] 0.928 0.613 0.894 0.410 0.618 0.750 0.579 0.747 0.828 42.34M 180.93

VFNET [64] 0.900 0.614 0.869 0.406 0.617 0.727 0.491 0.686 0.798 32.72M 162.82
Our 0.971 0.804 0.945 0.553 0.761 0.806 0.633 0.805 0.846 3.71M 22.2

By contrast, the proposed model achieves an mAP50 of 0.971 and an mAP50-95 of 0.804 with only
3.71M parameters and 22.2 GFLOPs. Its mAP50-95 represents a relative improvement of approximately
24% over Cascade-RCNN, the second-best method in Table 8. This improvement can be attributed to
the complementary effects of thermal-clutter suppression, weak-boundary preservation, cross-scale feature
alignment, task-conditioned localization, and teacher-guided geometric consistency. To further analyze
scale-sensitive detection performance, Table 8 reports the AP and AR results for small, medium, and large
targets following the COCO scale criteria defined above. The proposed model achieves APs, APm, and APl

values of 0.553, 0.761, and 0.806, respectively. Compared with the strongest competing result for each scale,
these values represent absolute improvements of 0.137, 0.143, and 0.050. The proposed model also obtains the
highest ARs and ARm values of 0.633 and 0.805, exceeding the corresponding second-best results by 0.054
and 0.058, respectively. Although its ARl of 0.846 is slightly lower than the best value of 0.857, it remains
competitive for large targets. The more pronounced improvements for small and medium targets suggest that
frequency enhancement, cross-scale feature interaction, task-conditioned localization, and teacher-guided
geometric supervision collectively improve feature representation, detection coverage, and localization for
distant and weak infrared ship targets. As illustrated in Fig. 14, the proposed model consequently forms a
more balanced profile across scale-sensitive accuracy, recall, and computational-efficiency indicators.

Despite the favorable overall and scale-specific results, the proposed model does not eliminate all
detection errors under particularly difficult conditions. Fig. 15 presents four representative failure cases,
with the first row showing the original infrared images and the second row showing the corresponding
detection results. In Fig. 15a, the substantial scale difference between the large foreground vessel and the
distant extremely small target results in the loss of the latter’s limited spatial features. Fig. 15b shows a target
located at the image boundary whose partially visible appearance is further disturbed by densely distributed
vessel and mast structures. In Fig. 15c, dense mooring, image blur, and weak target boundaries result in an
oversized and displaced prediction box that does not satisfy the matching criterion, thereby producing a
localization failure. In Fig. 15d, densely distributed distant targets overlap with complex shoreline thermal
responses, leading to simultaneous missed and false detections. These failure cases indicate that extremely
small targets, partial target visibility, ambiguous boundaries, and strong structured background interference
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remain challenging for the proposed model. Future work will investigate higher-resolution shallow-feature
preservation, partial-object contextual modeling, and targeted hard-sample training to improve detection
robustness under these difficult conditions.

Figure 14: Comparison of different detection paradigms.

Figure 15: Representative failure cases of the proposed model: (a) extreme scale variation; (b) boundary truncation and
structural interference; (c) image blur and weak boundaries; and (d) dense targets under shoreline thermal interference.

4.4 Performance and Cross-Scenario Adaptability Evaluation on Different Datasets
To further evaluate the adaptability of the proposed method to different maritime imaging conditions,

extended experiments were conducted on ISDD and SMD, with the results summarized in Table 9. On the
ISDD dataset, which is characterized by aerial top-down imaging, a high proportion of small targets, and
scarce texture information, the proposed method improves mAP50-95 from 0.502 to 0.701, demonstrating
strong adaptability in weak-small-target structure recovery and cross-scale representation. On the more
challenging SMD dataset, which is characterized by complex shoreline interference, severe high-frequency
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sea-surface clutter, and substantial multi-target interference, the proposed method achieves an mAP50
of 0.981 and an mAP50-95 of 0.835, demonstrating strong robustness to noise and stable localization
performance under complex maritime background conditions. The PR and F1 curves shown in Fig. 16
indicate that it expands recall coverage while suppressing background false alarms, and preserves strong
discriminative stability over a wide confidence-threshold range.

Table 9: Comparison of different datasets.

Datasets Model mAP50 mAP75 mAP50-95 P R F1

ISDD Baseline 0.917 0.508 0.502 0.922 0.858 0.889
Our 0.960 0.865 0.701 0.927 0.924 0.926

SMD Baseline 0.927 0.733 0.683 0.924 0.872 0.897
Our 0.981 0.933 0.835 0.976 0.969 0.972

Figure 16: Comparison of PR and F1 curves of different datasets.
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Fig. 17 provides intuitive visual evidence of missed detections and false positives. Compared with
the baseline model, which is more susceptible to complex background interference and thus produces
spurious responses (e.g., ISDD-Image4 and SMD-Image1) or fails to detect weak distant targets (e.g., ISDD-
Image2 and SMD-Image6), the proposed model suppresses false alarms from sea-surface and shoreline
backgrounds (e.g., ISDD-Image5 and SMD-Image4), recovers small and weak targets submerged by envi-
ronmental interference (e.g., ISDD-Image2 and SMD-Image5), and achieves high-quality target separation.
Taken together, these results indicate that the proposed architecture maintains consistent feature extrac-
tion capability and localization accuracy across heterogeneous maritime imaging platforms and complex
environmental conditions.

Figure 17: Visual comparison of different datasets.

To further evaluate the cross-scenario adaptability of the proposed architecture, experiments were
extended to SSDD [65], HRSID [37], and the drone-view ship detection dataset constructed by Cheng
et al. [66]. SSDD is a publicly available SAR ship-detection dataset containing 1160 images acquired from
multiple SAR sensors and covering offshore and nearshore scenes. HRSID contains 5604 high-resolution
SAR images and 16,951 ship instances collected under different spatial resolutions, polarizations, sea
conditions, and coastal environments. The dataset constructed by Cheng et al. contains 3200 visible-light
ship images captured by drones or from a drone-view perspective and was released through the authors’
project repository. For each dataset, the baseline and proposed models were independently trained and
evaluated using the same dataset-specific split and training configuration. Except for adapting the output-
category dimension to the corresponding label space, the proposed architecture remained unchanged. The
corresponding results are reported in Table 10.
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Table 10: Adaptability evaluation of the proposed architecture across additional maritime datasets.

Datasets Model mAP50 mAP50-95 P R F1

SSDD Baseline 0.986 0.720 0.967 0.951 0.959
Our 0.989 0.878 0.967 0.977 0.972

HRSID Baseline 0.891 0.646 0.915 0.789 0.847
Our 0.944 0.795 0.935 0.873 0.903

Cheng et al.’s dataset Baseline 0.624 0.356 0.732 0.550 0.628
Our 0.771 0.566 0.834 0.703 0.763

As shown in Table 10, the proposed architecture consistently outperforms the baseline across all three
additional datasets. In particular, mAP50-95 increases by 0.158, 0.149, and 0.210 on SSDD, HRSID, and
Cheng et al.’s dataset, respectively, with corresponding improvements in recall and F1-score. These results
demonstrate improved localization of densely distributed ships in SAR imagery and enhanced robustness
to appearance and background variations in visible-light scenes. Together with the results on IR-Ship,
ISDD, and SMD, the improvements obtained through independent training and evaluation on each dataset
demonstrate that the proposed architecture remains effective across infrared, SAR, and visible-light maritime
ship detection tasks, indicating its adaptability to different imaging modalities and scene characteristics.

4.5 Cross-Backbone Portability Evaluation
To evaluate whether the proposed architectural components are specifically dependent on YOLOv11,

YOLOv12 was selected as an additional lightweight detector. The dataset split, input resolution, training
schedule, optimizer, data augmentation, and evaluation protocol were kept identical across all configurations.
WFEM and DMS-FFM were separately integrated into the corresponding feature-processing stages of
YOLOv12, whereas TCUDH replaced its original detection head. Since TDSKD is a training-only optimiza-
tion strategy and does not modify the inference-stage architectural interface, this portability experiment
focuses on the three inference-stage components.

As shown in Table 11, the YOLOv12 baseline achieves 0.909 mAP50 and 0.636 mAP50-95. After
introducing WFEM, mAP50-95 increases to 0.646, indicating that its frequency- and wavelet-domain
enhancement remains effective after transfer to YOLOv12. DMS-FFM also increases mAP50-95 to 0.646,
while improving mAP50 from 0.909 to 0.931 and recall from 0.858 to 0.890, indicating enhanced target
coverage through cross-scale feature interaction. Both feature-enhancement modules introduce additional
computational costs but retain inference speeds above 318 FPS. TCUDH produces the largest improvement,
increasing mAP50 and mAP50-95 to 0.949 and 0.770, respectively, with absolute gains of 0.040 and 0.134. It
also reduces the parameter count from 2.51M to 2.38M and the computational cost from 5.8 to 5.7 GFLOPs
while retaining an inference speed of 560.5 FPS. Overall, the positive gains obtained by all three components
demonstrate that their effectiveness is not strictly coupled to YOLOv11 and provide direct evidence of their
portability to another lightweight detector.
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Table 11: Cross-backbone portability evaluation of the proposed architectural components on YOLOv12.

Model mAP50 mAP50-95 P R Params GFLOPs FPS
YOLOv12 0.909 0.636 0.904 0.858 2.51M 5.8 634.6

YOLOv12+WFEM 0.911 0.646 0.899 0.865 3.14M 12.4 318.5
YOLOv12+DMS-FFM 0.931 0.646 0.893 0.890 3.56M 13.5 329.7
YOLOv12+TCUDH 0.949 0.770 0.929 0.898 2.38M 5.7 560.5

4.6 Edge Deployment and Performance Analysis of Inference
Edge-deployment efficiency depends on the joint effects of model architecture, numerical precision,

runtime optimization, and hardware configuration. Recent studies have evaluated lightweight YOLO variants
on the Jetson Xavier NX by jointly considering accuracy, inference latency, GPU utilization, power consump-
tion, and resource usage [67], while others have developed a lightweight multi-scale ship detector for wave
gliders and validated its TensorRT FP16 deployment on the Jetson Orin Nano under a 15 W low-power mode,
demonstrating the feasibility of real-time ship detection on resource-constrained maritime platforms [19].
These studies provide a hardware-aware context for evaluating the practical performance of object detectors
on resource-constrained edge devices. Following this hardware-aware evaluation perspective, the runtime
performance of the edge-side pipeline illustrated in Fig. 1 was evaluated in a real-world riverside infrared
monitoring scenario. The inference application running on the Jetson Orin Nano 8GB was implemented
in C++ using TensorRT FP16 inference and a Qt-based visualization interface. The TensorRT engine used
an input resolution of 512 × 512 and CUDA Graph acceleration. Fig. 18 presents representative RTSP-based
inference results, in which the original infrared stream frames and the corresponding detection outputs
are displayed side by side. Runtime statistics collected during RTSP-based field operation show that the
stream-capture rate ranged from 31.0 to 35.2 FPS, with an average of 32.55 FPS, while the effective inference
throughput ranged from 27.3 to 28.9 FPS and averaged 28.23 FPS. The corresponding TensorRT inference
latency ranged from 29.10 to 31.36 ms per frame, with an average of 30.34 ms, while the runtime jitter
averaged 1.82 ms. The average processing interval corresponding to the effective inference throughput was
approximately 35.42 ms per frame, compared with an average TensorRT inference latency of 30.34 ms. The
difference of approximately 5.08 ms per frame provides an estimate of the combined overhead associated with
RTSP stream decoding, image preprocessing, prediction postprocessing, thread scheduling, and interface
rendering. As illustrated in Fig. 18, the proposed model maintains stable responses to key ship targets under
low infrared contrast and thermal interference from shoreline buildings. Together with the measured latency
and inference throughput, these results demonstrate the real-time operational feasibility of the complete
infrared acquisition, inference, and visualization pipeline on the Jetson Orin Nano 8 GB. Because the
available runtime statistics primarily characterize stream acquisition and inference efficiency, system-level
indicators such as GPU utilization, memory consumption, and device-level power consumption are not
included in the current evaluation. Comprehensive resource profiling under controlled power modes will be
considered in future multi-platform deployment evaluations.

5 Discussion and Limitations
Although the experimental results demonstrate the effectiveness and deployment potential of the

proposed method, its current validation scope and application boundaries should be considered. The
following discussion analyzes its robustness under adverse infrared imaging conditions, the applicability,
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parameter dependence, and limitations of the proposed components, and the adaptability of the deployment
pipeline to other hardware platforms and infrared sensors.

Figure 18: Edge deployment of real-time inference.

5.1 Robustness under Adverse Infrared Imaging Conditions
The current experiments mainly cover low target-background contrast, sea-surface thermal clutter,

shoreline heat-source interference, dense target distributions, and substantial scale variations. More extreme
imaging conditions may cause additional performance degradation. Severe fog and heavy rain can attenuate
long-range thermal radiation and reduce the effective contrast between ships and their surroundings, while
strong atmospheric attenuation and rain-induced interference may further weaken the already limited
responses of distant targets. Thermal blooming or sensor saturation may broaden high-response regions,
distort local intensity distributions, and obscure the boundaries of nearby targets. Under extremely low
target-background contrast, the frequency components of weak ships and structured background interfer-
ence may substantially overlap, making it difficult for frequency-domain enhancement to separate useful
target responses from noise. Severe fog, heavy rain, thermal blooming, and sensor saturation are not



Comput Model Eng Sci. 2026;148(3):35 35

sufficiently represented in the current datasets. Therefore, the reported results should not be interpreted as
comprehensive validation under all extreme weather and infrared imaging conditions.

5.2 Applicability, Parameter Considerations, and Limitations of the Proposed Components
The effectiveness of the proposed components depends on the characteristics of the target and

background. WFEM is primarily designed to suppress structured thermal clutter while preserving the
high-frequency details and boundaries of weak targets. Its benefit may therefore be limited when targets
already exhibit high contrast and clear boundaries. Moreover, when weak target responses and structured
background interference occupy overlapping frequency ranges, frequency enhancement may retain or
amplify undesirable noise and may introduce local ringing artifacts. DMS-FFM mainly benefits scenes
involving substantial scale variation and dense target distributions; its improvement may be smaller in sparse
scenes dominated by a narrow target-scale range, while its cross-scale operations increase computational
cost. TCUDH is designed for weak-boundary, elongated, and densely distributed targets. Its advantage may
consequently be less pronounced for large, isolated, and high-contrast ships. When target boundaries or
appearance cues are severely degraded or partially absent, task-conditioned modulation cannot fully recover
the missing localization information. In addition, TDSKD depends on the quality and calibration of the
teacher model, and inaccurate teacher predictions may transfer erroneous or biased supervision to the
student model under substantial domain shift.

From the perspective of parameter dependence, the proposed framework contains both trainable
variables and manually specified control parameters. The channel-wise enhancement factor (λE), the
Fourier-wavelet balancing coefficient (γ), and the scale factors (sl ) are optimized jointly with the network
rather than maintained as fixed manually selected weights. Among the principal fixed parameters, the cutoff
frequency radius (D0) controls the frequency range emphasized by WFEM. An excessively small (D0) may
broaden the enhanced frequency range and amplify background interference, whereas an excessively large
value may weaken the recovery of target-boundary information. In TDSKD, a low distillation temperature
(T) produces a sharper teacher distribution, while an excessively high value may over-smooth the localization
responses. A low teacher-confidence threshold (τ) may introduce unreliable pseudo-targets, whereas a high
threshold may remove weak or distant targets. The hard-sample coefficient (ρ) determines the strength
of difficulty-aware weighting; an excessively small value may weaken the guidance for ambiguous targets,
whereas an excessively large value may amplify unstable or noisy samples. The principal parameter settings
and structural configurations were kept unchanged across all comparative and ablation experiments to isolate
the contributions of the proposed components. An exhaustive joint search over every possible parameter and
structural combination was not conducted; therefore, the reported conclusions should be understood under
the adopted configuration. Together, these factors define the current applicability and parameter-sensitivity
boundaries of the proposed framework.

5.3 Adaptability to Other Embedded Platforms and Infrared Sensors
The current deployment pipeline uses a Lenovo tablet as an RTSP relay because the Tianyan X3

thermal imager does not provide an independent SDK. This relay is an acquisition-interface solution rather
than a requirement of the proposed detection model. Infrared sensors supporting RTSP, USB Video Class,
GStreamer, or vendor-specific SDK interfaces can be connected directly to the preprocessing and inference
pipeline. The trained network can be exported through ONNX and deployed using TensorRT on NVIDIA
Jetson platforms. Adaptation to other embedded accelerators is also technically possible when the selected
inference backend supports the required operators; however, model conversion, operator compatibility,
memory allocation, and hardware-specific optimization must be reconsidered for each platform. Infrared
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sensors with different spatial resolutions, bit depths, spectral ranges, thermal responses, or non-uniformity
characteristics may require sensor-specific normalization, calibration, and, under substantial domain shift,
additional model adaptation. Because the current real-world deployment evaluation is limited to one edge
platform and one infrared acquisition pipeline, the reported inference latency, application-level throughput,
and detection performance should not be directly generalized to other devices without platform- and
sensor-specific validation.

6 Conclusion
This paper proposes an edge-oriented infrared ship detection method for deep learning-based pattern

recognition in complex maritime scenes, aiming to improve vision-based perception reliability under
low contrast, sea-surface thermal clutter, shoreline heat-source interference, dense target distribution, and
large-scale variations in infrared imagery. The proposed method focuses on thermal clutter suppression,
multi-scale feature enhancement, robust localization, and teacher-guided training optimization. WFEM sup-
presses thermal interference caused by sea-wave textures, shoreline heat sources, and background reflections,
while preserving weak and small target structures through frequency-domain filtering and wavelet-based
edge reconstruction. DMS-FFM further enhances multi-scale feature interaction and cross-scale semantic
alignment, improving the representation of ships with large scale variations and dense distributions. Based
on the enhanced features, TCUDH improves localization robustness for low-contrast and elongated infrared
ship targets through task-conditioned modulation and shared prediction design. TDSKD improves the
discriminative capability of the student model without increasing inference overhead. Extensive experiments
on IR-Ship, ISDD, SMD, SSDD, HRSID, and Cheng et al.’s dataset demonstrate that the proposed method
achieves consistent performance improvements and architectural adaptability across infrared, SAR, and
visible-light maritime imaging scenarios. On the IR-Ship dataset, the final model attains 0.971 mAP50 and
0.804 mAP50-95 with 3.71M parameters and 22.2 GFLOPs, showing a favorable balance between accuracy
and computational cost. Additional evaluations on ISDD and SMD verify its robustness under remote-
sensing, shoreline-interference, and multi-target maritime conditions, while the consistent improvements on
SSDD, HRSID, and Cheng et al.’s dataset further demonstrate its adaptability to SAR and visible-light imagery.
Moreover, real-world deployment in a riverside monitoring scenario achieves an average effective inference
throughput of 28.23 FPS on the Jetson Orin Nano 8 GB platform, demonstrating its engineering applicability
for real-time edge-side visual perception and automated maritime target recognition. Although the proposed
method demonstrates promising performance, several limitations remain. Quantitative validation of the
unified head on segmentation tasks is still insufficient, and direct cross-dataset transfer without dataset-
specific retraining requires further investigation. Future work will strengthen the quantitative evaluation
of multi-task learning, explore more compact feature modeling and distillation strategies, and extend the
framework toward broader maritime perception tasks, such as joint detection, segmentation, tracking, and
open-set target recognition in more challenging real-world environments.
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