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Abstract

Infrared ship detection plays a vital role in maritime surveillance systems. As a critical
remote sensing application, it enables maritime surveillance across diverse geographic
scales and operational conditions while offering robust all-weather operation and resilience
to environmental interference. However, infrared imagery in complex maritime environ-
ments presents significant challenges, including low contrast, background clutter, and
difficulties in detecting small-scale or distant targets. To address these issues, we pro-
pose an Infrared Ship Detection Network (IRSD-Net), a lightweight and efficient detection
network built upon the YOLOv11n framework and specially designed for infrared mar-
itime imagery. IRSD-Net incorporates a Hierarchical Multi-Kernel Convolution Network
(HMKCNet), which employs parallel multi-kernel convolutions and channel division to
enhance multi-scale feature extraction while reducing redundancy and memory usage. To
further improve cross-scale fusion, we design the Dynamic Cross-Scale Feature Pyramid
Network (DCSFPN), a bidirectional architecture that combines up- and downsampling to
integrate low-level detail with high-level semantics. Additionally, we introduce Wise-PIoU,
a novel loss function that improves bounding box regression by enforcing geometric align-
ment and adaptively weighting gradients based on alignment quality. Experimental results
demonstrate that IRSD-Net achieves 92.5% mAP50 on the ISDD dataset, outperforming
YOLOv6n and YOLOv11n by 3.2% and 1.7%, respectively. With a throughput of 714.3 FPS,
IRSD-Net delivers high-accuracy, real-time performance suitable for practical maritime
monitoring systems.

Keywords: infrared ship detection; complex environmental background; multi-kernel
convolution; cross-scale feature extraction; Wise-PIoU

1. Introduction
Ship target detection is a vital real-time monitoring task with significant applications

in areas including port surveillance, maritime search and rescue, navigation safety, fisheries
management, marine environmental protection, and modern naval warfare [1–3]. With
advances in remote sensing imaging technologies enabling surveillance across extensive
maritime areas, thermal infrared imaging technology has gained widespread use in ship
detection owing to its excellent concealment, minimal power consumption, all-weather
operation, and robust remote monitoring capabilities [4,5]. It has thus become one of the
principal approaches for real-time maritime monitoring [6–8].

Conventional infrared small-target detection algorithms primarily encompass several
main categories. These include background suppression techniques utilizing spatial domain
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filtering [9], such as morphological Top-hat transformation [10]; saliency detection models
that enhance local contrast [11] and extract directional gradient features [12]; and target
extraction methods based on manually designed features, such as histograms [13] and
edge response templates [14]. However, these methods rely on manually preset parameters
and struggle to adapt to multi-scale targets and dynamic environments. Moreover, their
high computational complexity makes them unsuitable for real-time detection in complex
maritime environments [15,16].

With the emergence of deep learning, data-driven methods have demonstrated remark-
able performance in complex visual tasks by learning hierarchical representations from raw
data. For object detection, frameworks are broadly divided into two categories. Two-stage
algorithms, such as region-based convolutional neural networks (R-CNNs) [17] and Faster
R-CNN [18], generate and classify candidate regions in two steps. Single-stage approaches,
such as You Only Look Once (YOLO) [19] and single-shot multi-box detector (SSD) [20],
directly determine object locations and categories. While effective for general-purpose
detection, these architectures often struggle with the small, low-contrast targets prevalent
in infrared maritime imagery.

Recognizing these limitations, recent efforts have investigated multi-scale and
lightweight designs tailored for ship detection. Chen et al. [21] introduced the lightweight
Tiny YOLO-Lite model for synthetic-aperture radar (SAR) ship detection, which decreases
model parameters and computational complexity through network pruning and knowledge
distillation. Nevertheless, this approach suffers from performance degradation and requires
sophisticated compensation strategies. Zhan et al. [22] developed EGISD-YOLO, employing
Dense Cross Stage Partial (DCSP) modules and Deconvolution Channel Attention (DCA)
modules to enhance feature reuse and semantic fusion for weak target detection, yet the
substantial model size renders it inappropriate for deployment on resource-constrained plat-
forms. Building upon YOLOv7, Deng et al. [23] introduced the efficient channel and spatial
excitation attention module (ECSE) with dilated convolution-based weighted feature pyra-
mid networks (DWFPN) for rotational ship detection, effectively enhancing small-target
detection in foggy maritime environments. However, the multiple enhancement modules
resulted in increased model parameters and computational overhead. Ge et al. [24] pro-
posed RD-YOLO for infrared remote sensing ship detection by incorporating Receptive
Field Convolution (RFConv) modules and Deep Convergence Networks (DCNnet) into
YOLOv8s, effectively integrating high-dimensional information with detailed shallow
features. Despite improved detection accuracy, the model exhibits higher sensitivity to in-
frared image degradation and complex maritime environmental interference. Sun et al. [25]
presented a bidirectional feature fusion and angular classification (BiFA)-YOLO model,
featuring Bidirectional Deep Feature Fusion Modules (Bi-DFFM) and Random Rotation
Mosaic (RR-Mosaic) data augmentation. It effectively captures accurate ship orientation
information while distinguishing closely docked vessels in complex port scenarios, but
demonstrates insufficient sensitivity to extremely small targets.

Despite these advancements, detecting ships in infrared maritime imagery continues to
pose significant challenges. Thermal images inherently lack color and texture, yielding low
target–background contrast, especially for distant or small vessels. Environmental elements
such as waves, clouds, and coastlines often exhibit thermal characteristics similar to ships,
increasing the risk of false alarms and localization drift. Moreover, fixed feature fusion strategies
inadequately balance information across scales, and geometric misalignment under long-range
or low-visibility conditions further exacerbates detection errors. The blurred contours and
simple structures of ship targets complicate robust feature learning [26–28].

To address these challenges, we introduce IRSD-Net, based on the YOLOv11n ar-
chitecture, a lightweight deep network specifically designed for infrared ship detection
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in low-contrast maritime scenes. The key contributions of this work are summarized
as follows:

1. We design IRSD-Net, an efficient architecture that balances multi-scale feature
extraction and cross-layer semantic fusion, achieving high accuracy with low
computational overhead.

2. We develop a novel backbone named HMKCNet that leverages parallel convolutions
with diverse kernel sizes for simultaneous local detail and contextual feature capture,
enhanced by channel partitioning for reduced redundancy.

3. The DCSFPN is introduced to precisely integrate low-level detail information with
high-level semantic information, which addresses information loss and the unidirec-
tional flow of traditional methods.

4. Experiments on ISDD and IRSDSS datasets validate that IRSD-Net can achieve an
mAP50 of 92.5% and 92.9%, respectively, outperforming existing methods with only
6.5 GFLOPs and 2.1M parameters, thus supporting real-time deployment in con-
strained environments.

2. Related Work
2.1. Traditional Infrared Ship Detection Methods

Initial infrared ship studies centered on image enhancement and boosting target
saliency. Researchers introduced various detection techniques utilizing local contrast anal-
ysis and morphological operations. The Top-hat transformation, for instance, serves to
reduce background influence and accentuate local bright spots, making it suitable for
uniform background conditions [29]. Using sliding windows, Local Contrast Measure
(LCM) amplifies local target signals, proving especially useful for identifying small ships at
significant ranges [30]. To improve robustness, researchers developed advanced strategies
including the Multi-Level Local Contrast Measure (MLLCM) [31], Multiscale Patch-Based
Contrast Measure (MPCM) [32], and Relative Local Contrast Measure (RLCM) [33]. Back-
ground modeling offers another key approach. For example, Zhou et al. [34] proposed a
Fourier domain method that creates separate models for fluctuating and stable sea regions,
which can effectively isolate targets from sea clutter.

Machine learning approaches have enhanced discrimination capabilities in complex
environments. Such techniques derive manually engineered features, including brightness
gradients and regional entropy, and leverage Support Vector Machine (SVM) or Random
Forest algorithms for binary classification tasks. For example, Lin et al. [35] combined
Bayesian inference with SVM classification, using prior probability modeling to screen
infrared ships and suppress false detections. Li et al. [36] introduced a detection tech-
nique utilizing hyperspectral imagery which integrates spectral and texture features with a
Random Forest model for stable target recognition against complex backgrounds. These
approaches established foundational feature-classifier frameworks exhibiting preliminary
characteristics of end-to-end learning paradigms. Nevertheless, their dependence on hand-
crafted features limits their efficacy when confronted with complex maritime environments
and multi-scale target variability.

2.2. Deep Learning-Based Infrared Ship Detection Methods

Deep learning has demonstrated superior capabilities in tasks related to infrared ship
detection. Researchers have adapted various detection frameworks specifically for infrared
scenarios, addressing difficulties including low contrast and structural deterioration in
infrared images. Chen et al. [37] proposed a Combined Attention-Augmented (CAA)-
YOLO model that incorporates a fine-scale shallow feature layer (P2) to preserve positional
information, utilizing temporal attention modules and contextual attention mechanisms.
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However, its complex architecture requires optimization to enhance inference efficiency.
Li et al. [38] introduced a comprehensive YOLO-based vessel detection approach (CYSDM)
to detect maritime targets in all weather conditions using thermal infrared remote sensing.
They employed bicubic interpolation upsampling and gray value stretching techniques to
enhance characteristics, though this method relies heavily on preprocessing and manual
intervention for dataset creation. Transformer architectures introduced new methods for
modeling remote sensing images. The Multi-Level TransUNet (MTU-Net) [39] combines
CNNs with Vision Transformers to enable multi-scale feature fusion, allowing precise
identification of small ship targets. Wu et al. [40] proposed a Swin Transformer combined
with multi-scale atrous spatial pyramid pooling (STASPPNet) to improve feature represen-
tation and scale adaptability, although performance validation was largely limited to single
datasets. Beyond architectural innovations, some researchers have focused on optimizing
supervision strategies. The Local Patch Network (LPNet) [41] uses supervised attention
modules with local patch networks, guiding the model to focus on sparse target regions.
While effective for extreme class imbalance and pseudo-target interference, its patch-based
partitioning strategy shows limitations in modeling continuous structures. Although deep
learning-based approaches have achieved substantial advancements in infrared ship detec-
tion, particularly in feature modeling, multi-scale perception, and suppressing complex
backgrounds, challenges remain in recognizing low-resolution small targets and designing
lightweight models. Further optimization of architectural design and training strategies is
crucial to improve their practicality and generalization in real-world applications.

2.3. Small-Target Detection Methods Against Complex Backgrounds

In infrared remote sensing imagery, the detection of small targets is significantly
challenged by complex backgrounds. These challenges arise primarily from three fac-
tors: the high similarity between background texture patterns and target characteristics,
limited thermal radiation contrast, and indistinct target morphological properties. Early
research endeavors concentrated on developing techniques to enhance multi-scale feature
representation. Liu et al. [42] proposed Multi-Branch Parallel Feature Pyramid Networks
(MPFPN) that employ parallel branch structures for deep feature restoration and incorpo-
rate a Supervised Spatial Attention Module (SSAM) to suppress background interference,
thereby enhancing the representation of small target features. Yue et al. [43] presented an
infrared small-target detection approach termed the YOLO-MST framework, which com-
bines super-resolution enhancement techniques with multi-scale dynamic detection heads
and incorporates a Multi-Scale Feature Augmentation (MSFA) module, demonstrating
enhanced detection performance in densely populated target environments. Researchers
have addressed semantic relationship enhancement by developing contextual modeling
mechanisms. For example, Zhang et al. introduced an attention-guided pyramid context
network (AGPCNet) [44] that utilizes an Attention-Guided Context Block (AGCB) and
Context Pyramid Module (CPM) to model local and multi-scale semantic relationships,
enabling effective extraction of small targets from complex background environments.
Background suppression methodologies typically establish robust mechanisms for differen-
tiation between foreground and background regions based on image contrast properties,
structural characteristics, or statistical features. Zhou et al. [34] developed a dual-mode sea
background model to address oceanic background variations. This approach implements
scene classification based on global contrast parameters and utilizes background block
filtering combined with region attribute analysis and local correlation features to achieve
accurate target isolation. To address edge interference phenomena, Xin et al. [45] proposed
a Superpixel Patch Image (SPI) model that generates background-edge-aligned superpixel
patches for foreground–background differentiation and employs adaptive threshold mecha-
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nisms for target identification. Feature extraction optimization approaches have focused on
architectural improvements. Bao et al. [46] developed an improved dense nested attention
network (IDNANet) that integrates Swin Transformer and ACmix attention architectures
and implements a weighted dice loss function to address foreground–background sample
imbalance issues. Despite the significant advancements achieved through these various
enhancement strategies, existing infrared ship detection methods continue to face criti-
cal limitations, including insufficient integration of multi-scale features, computational
inefficiency, and limited adaptability to diverse maritime conditions. These persistent chal-
lenges emphasize the necessity of developing more robust detection frameworks capable
of effectively addressing complex maritime surveillance requirements.

3. Method
To address the core challenges of low contrast, background clutter, and the detection

of small objects in infrared maritime imagery, we propose IRSD-Net. Built upon the
YOLOv11n baseline, IRSD-Net is a lightweight and robust detection framework, as shown
in Figure 1. Given an input infrared image, IRSD-Net first extracts hierarchical features
using the HMKCNet. At the core of the HMKCNet is the Hierarchical Multi-Kernel
Convolution (HMKConv), which performs parallel convolutions with multiple kernel
sizes at each level. By integrating channel splitting and group convolution strategies,
HMKConv effectively captures both local details and global context across scales while
ensuring computational efficiency. The extracted multi-scale features are then passed to the
DCSFPN. This network begins by aligning channel dimensions using 1 × 1 convolutions,
producing consistent representations across different feature levels. Feature fusion is
performed bidirectionally using BiFPN-inspired fusion modules. To further enhance scale
adaptability, the DCSFPN incorporates a Multi-Scale Convolution Block (MSCBlock [47]) for
kernel-wise adaptive processing, and an Efficient Up-Convolution Block (EUCBlock [47])
that employs depthwise convolutions and channel shuffle operations for lightweight
upsampling. Finally, the fused feature maps are processed by multi-scale detection heads
that predict object classes and bounding boxes. For precise localization, we introduce Wise-
PIoU, a novel loss function that combines a geometric alignment penalty with dynamic
attention-based weighting to refine regression gradients. This design significantly improves
localization accuracy in challenging maritime scenes characterized by low contrast and
small, ambiguous targets.

3.1. Problem Formulation

Detecting ships in infrared marine environments faces significant challenges, such
as low contrast, small target size, and complex backgrounds. This study models infrared
ship detection as a multi-scale feature extraction problem, enabling accurate localization
of small targets. The input infrared image is represented by Xinput ∈ RB×C×H×W , where
B is the batch size, C is the number of channels, and H and W denote the height and
width of the image. The intensity values of the pixels fall within the range [0, 1]. Infrared
images undergo progressive feature extraction through the HMKCNet, generating multi-
scale feature representations across multiple stages: FP = {FP1, FE

P2, FE
P3, FE

P4, FH
P5}. In this

context, FP1 denotes the output of the basic feature extraction, FE
Pi represents the enhanced

features, and FH
P5 indicates the features processed by the Multi-Kernel Convolutional

Block (HMKCBlock). Our objective is to optimize small-target detection by extracting
and enhancing multi-scale features. This joint optimization problem can be expressed
as follows:

FP_fused = ΦDCSFPN

(
FE

P3
⊕ FE

P4
⊕ FH

P5

)
(1)
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Here, FP_ f used represents the final fused multi-scale feature maps obtained after pro-
cessing through the DCSFPN, which combines enhanced features from different scales to
form a comprehensive representation for accurate target detection. ΦDCSFPN serves as the
DCSFPN processing function, while ⊕ symbolizes the adaptive weighted fusion operation.

SPPF

H
M

K
C

B
lock

P1
P2 P3 P4 P5
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Detect

256 256
256
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Head

DCSFPN
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EUCBlock
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Connection

Conv(1×1 s=1)

Conv(3×3 s=2)+C3k2
256
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Figure 1. Network structure of IRSD-Net. Numbers represent the channel dimensions of feature
maps at different network stages; C3k2 is the Cross Stage Partial bottleneck with kernel size 2 × 2
for efficient feature extraction; SPPF is the Spatial Pyramid Pooling Fast module for multi-scale
feature aggregation; C2PSA is the Cross Stage Partial block with Position Self-Attention for enhanced
feature representation.

3.2. HMKCNet

Traditional object detection models rely on stacked convolutional layers for feature
extraction. These architectures suffer from a substantial computational burden and exten-
sive parameter requirements, which severely limit processing speed and impede real-time
capabilities. Moreover, such designs fail to effectively utilize the multi-scale information
inherent in convolution operations, resulting in limited detection capabilities for objects of
varying dimensions [48]. These limitations become particularly evident in infrared ship
detection scenarios, where traditional methods struggle with scale variations and complex
backgrounds [49]. To mitigate these challenges, we present the HMKCNet, to process richer
hierarchical features with greater efficiency, as shown in Figure 2.

Inspired by the factorized convolutions [50] in Inception-v3 and the large kernel pa-
rameterization technique [51] from RepLKNet, we develop the HMKCBlock to enhance
feature representation capabilities in this network. As the core component, HMKConv
employs grouped convolutions to adapt to perception requirements for targets of various
scales. It operates through a hierarchical kernel progression [1, 3, 5, 7] that captures com-
plementary information across different scales. Unlike existing multi-kernel approaches
that apply uniform kernel combinations regardless of target characteristics, the hierarchi-
cal kernel collaboration operates through strategic kernel distribution: the 1 × 1 kernel
preserves fine-grained boundary details essential for precise small-target localization, the
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3 × 3 and 5 × 5 kernels capture contextual features at medium scales that correspond to
typical ship hull characteristics, and the 7 × 7 kernels integrate broader spatial context for
robust target–background separation without amplifying noise interference.

Input Output
CHMKCModule ×n

C

Split

lowX

highX

lowX 

highX  …

HMKConv

Input

HMKCUnit

C
Output

highX 

lo wX 

Figure 2. Structure of the HMKCBlock.

The HMKCBlock achieves robust cross-scale feature representation through the system-
atic integration of channel-partitioning mechanisms, multi-kernel collaboration strategies
that establish diverse receptive fields, and hierarchical feature fusion operations for en-
hanced representational capacity. The core design adopts a proportional channel-splitting
strategy that implements a dual-branch structure to balance computational efficiency and
feature representation capability. Input feature channels are divided into two distinct
pathways, namely, a lightweight pathway and a multi-kernel perception pathway. The
lightweight pathway directly preserves original features to minimize computational over-
head, while the multi-kernel perception pathway employs grouped spatial operations with
varying kernel dimensions to capture multi-scale characteristics through the hierarchical
kernel progression. This strategy enhances model generalizability and reduces computa-
tional requirements across diverse detection scenarios. To effectively integrate information
from both branches, feature fusion is achieved through concatenation operations followed
by 1 × 1 convolution for dimensional alignment. Additionally, residual connections are
employed to combine the original input with processed results, ensuring the preservation
of low-level detail information.

Specifically, this module is constructed upon a Cross Stage Partial Networks
(CSPNet) [52] framework, which functions as the overall structural design for efficient
feature processing across different stages. Input feature FP5 ∈ RB×C×H×W is represented
as X in Equation (2), with B, C, H, and W denoting the batch size, channel count, height,
and width of the image, respectively. Following channel reduction and reorganization via
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a 1 × 1 convolution, input features are divided according to the channel dimension into
two sub-feature maps.

Xlow, Xhigh = split(Conv1×1(X), [C/2, C/2], dim = 1) (2)

where the split(·) operation partitions the feature tensor across the channel dimension into
two equivalent parts, with dim = 1 indicating the second dimension of the tensor corre-
sponding to the channel axis. Each part contains C/2 channels, which represents half of the
original channel number C. The sub-feature map Xlow ∈ RB×C/2×H×W is utilized for fea-
ture concatenation to preserve the spatial and semantic information from the original input,
minimizing feature loss. Meanwhile, the remaining sub-feature map Xhigh ∈ RB×C/2×H×W

undergoes multi-scale convolution processing through the HMKCModule.
In the dynamic path’s feature processing, we further perform secondary channel-level

splitting and processing on the input features below.

X′
low, X′

high = split(Conv1×1(Xhigh), [C′/2, C′/2], dim = 1) (3)

where C′ = C/2 represents the channel number of Xhigh from the first splitting operation.
Then, the higher-level feature map X′

high from the dynamic processing branch enters the
HMKCUnit after convolution processing. Each unit contains an embedded HMKConv,
where input features undergo a custom k × k convolution. Within the HMKConv unit, simi-
lar channel-splitting and concatenation operations are performed. The feature map X′

high is
further divided into X′′

high and X′′
low. Then, the rearrange(·) operation reorganizes the mixed

(G · Cg) channels into G independent groups to meet the requirements of grouped convolu-
tions, where G = |K| = 4 represents the number of kernel groups and Cg = C′′/2

|K| denotes
the number of channels allocated to each scale group, with C′′ = C′/2 = C/4. This results
in a complete set of rearranged features X′′′

high, which represents the rearranged feature map
organized into G independent groups for grouped convolutions, as shown below:

X′′
low, X′′

high = split(Convk×k(X′
high), [C

′′/2, C′′/2], dim = 1) (4)

X′′′
high = rearrange(X′′

high, B(G · Cg)HW → BCgHWG, G = |K|), Cg =
C′′/2
|K| (5)

Each subgroup is then processed through predefined convolution kernels K = {1, 3, 5, 7}.
Subsequently, the rearranged features X′′′

high
(k) of each scale branch undergo independent

convolution operations, where Wk represents the weights of the k-th convolutional kernel,
producing outputs Yk at different scales, as shown in the following equation:

∀k ∈ K, Yk = Convk×k(X′′′
high

(k); Wk), Wk ∈ RCg×Cg×k×k (6)

To effectively integrate multi-scale features, the output features Yk = [Y1, Y2, Y3, Y4]

from different scale branches are first stacked along a new dimension and then rearranged
through dimensional transformation. stack(·) denotes the operation that stacks tensors
along a new dimension. This process converts the grouped tensor format [G, B, Cg, H, W]

into a channel-concatenated format [B, G · Cg, H, W], where G represents the number of ker-
nel groups. The rearrangement operation forms a unified multi-scale feature representation
Yhigh that encapsulates contextual information from various scales.

Yhigh = rearrange(stack([Yk]), GBCg HW → B(G · Cg)HW) (7)

Then, Yhigh and the identity path X′′
low are concatenated along the channel dimension,

where concat(·) represents the concatenation operation along the channel dimension. To
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fuse these channel features, we employ pointwise convolution to integrate the various
feature information. Specifically, a 1 × 1 convolution is utilized to exchange features
extracted from each convolution, obtaining the final output FHConv of the HMKConv. After
another 1× 1 convolution, FHUnit is derived, which represents the output of the HMKCUnit,
as shown below:

FHConv = Conv1×1(concat(X′′
low, Yhigh)) (8)

FHUnit = Conv1×1(FHConv) (9)

The dual-path structure subsequently concatenates and fuses the processed features
FHUnit with the identity path X′

low, forming FHModule:

FHModule = Conv1×1(concat(X′
low, Stackn[FHUnit])) (10)

Through the cascading of multiple such modules, a deeper feature extraction network
can be further formed. The block output FHBlock is as follows:

FHBlock = Conv1×1(concat(Xlow, Stackn[FHModule])) (11)

Complex backgrounds in infrared images, such as sea surfaces and sky regions, fre-
quently interfere with accurate ship target recognition. The HMKCNet addresses this
challenge by simultaneously extracting multi-scale features through parallel convolutions
with varying kernel sizes, effectively capturing different receptive fields and enhancing
discrimination between targets and complex backgrounds. The equal channel division
strategy preserves robust feature representation while eliminating the computational re-
dundancy and excessive overhead of typical deep convolutional networks. The HMKCNet
maintains computational efficiency, satisfying real-time detection requirements without
compromising detection accuracy for small ship targets in challenging environments.

3.3. DCSFPN

Our proposed DCSFPN draws inspiration from the design principles of the Bidirec-
tional Feature Pyramid Network (BiFPN) [53]. The primary advantage of the BiFPN lies
in its bidirectional information flow mechanism, which enables multi-level fusion across
feature representations via both downward and upward pathways. This approach pro-
motes efficient data propagation across multi-scale feature representations and effectively
avoids the typical problems, including information loss and unidirectional flow, found
in traditional feature fusion methods. As a result, it significantly enhances the ability
to perceive global context [54]. In infrared ship detection, background noise can hinder
detection performance, particularly under conditions where target–background contrast re-
mains low [55,56]. Figure 3 demonstrates how the DCSFPN effectively combines low-level
detail with high-level semantic information during both upsampling and downsampling
processes. It also enhances the resolution of feature maps, enabling the network to capture
global information with greater efficiency. This architecture shows improved performance
in detecting targets that are low in contrast or located at a distance.

In detail, the input feature maps undergo initial processing through downsampling
and three specialized convolutional layers. These layers systematically extract features from
multi-scale feature maps and transform them into uniform-dimensional representations.
Each layer’s output subsequently undergoes downsampling operations, creating varied
receptive fields that efficiently capture hierarchical image information across multiple
scales. Specifically, FE

P2 from the shallowest layer P2 is directly downsampled, while FE
P3,

FE
P4, and FH

P5 from layers P3, P4, and P5 undergo dedicated convolutional processing, which
is also shown in Figure 1. The feature map P3, generated by shallower convolutional
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layers, encapsulates larger-scale contextual information essential for scene understanding.
The intermediate layer P4 captures medium-scale features that balance local and global
information. The deeper convolutional layer P5 preserves fine-grained details critical for
small-scale target detection. Each convolutional layer implements precisely calibrated
kernel sizes and strides optimized for their respective scales. This methodical approach
enables the network to extract scale-appropriate features and contextual information from
feature maps across varying resolutions.

Conv

Fusion

Fusion

Fusion

MSCBlock

Conv

Fusion

Fusion

Fusion

Backbone DCSFPN

Downsampling

MSCBlock

MSCBlock

MSCBlock

EUCBlock

MSCBlock

MSCBlock

EUCBlock

P3

P4

P2

ConvP5

EUCBlock

EUCBlock

Figure 3. Structure of the DCSFPN.

To effectively integrate multi-scale feature information, we design a BiFPN-based
feature fusion method called Fusion. This method can adaptively learn the importance of
different feature maps, enabling more efficient feature aggregation. Traditional feature fu-
sion methods usually employ simple element-wise addition or channel-wise concatenation,
which cannot distinguish the importance of different feature maps, whereas the proposed
fusion method employs an adaptive fusion strategy based on learnable weights.

At each fusion node in the DCSFPN, we collect feature maps from multiple sources:
the current-level feature, downsampled features from lower levels, and features processed
by the EUCBlock from higher levels. Given a set of input feature maps {F1, F2, . . . , Fn}
at each fusion node, we assign a learnable weight parameter wi to each feature map for
adaptive aggregation. These parameters are automatically optimized during the network
training process and are initialized as follows:

W = w1, w2, . . . , wn, wi = 1.0 ∀i (12)

where W represents the weight vector containing all learnable parameters, and wi denotes
the weight parameter associated with the i-th feature map, with each weight initially
set to 1.0.

During training, these weights may become negative due to gradient updates. To
ensure the stability of the fusion process, we further process these weights in the following
steps. Initially, a Rectified Linear Unit (ReLU) [57] activation function is applied to the
weights to prevent mutual cancellation between feature maps and to facilitate the preserva-
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tion of information from each feature map. Subsequently, the weights are normalized to
ensure that their sum equals one, as shown in the following equations:

w+
i = ReLU(wi) = max(0, wi) (13)

ŵi =
w+

i

∑n
j=1 w+

j + ε
(14)

where w+
i represents the non-negative weight after ReLU activation, ensuring that all

weights remain positive to prevent feature cancellation, ŵi is the final normalized weight
for the i-th feature map, ∑n

j=1 w+
j represents the sum of all non-negative weights, and ε is

a small constant introduced to prevent division by zero and to ensure numerical stability.
Finally, the fused feature map Ffused is obtained by performing a weighted summation:

Ffused =
n

∑
i=1

ŵi · Fi (15)

This fusion method can adaptively adjust the contributions of different feature maps,
which is particularly important for addressing common issues in infrared ship images,
such as low contrast and complex backgrounds. The learnable weights enable the network
to automatically emphasize the most informative features while suppressing less relevant
information, improving target–background discrimination.

Subsequently, the MSCBlock further optimizes the feature fusion process through
an effective residual connection mechanism. Within this module, parallel multi-scale
convolution kernels extract diverse feature information simultaneously and significantly
expand the network’s receptive field capacity. Different-scale kernels focus on extracting
local details and global contextual information. Through systematic layer-by-layer fusion
of these features, the MSCBlock ensures complementarity between multi-scale features and
effective information integration.

To complement the MSCBlock’s multi-scale processing, the EUCBlock operates in
the bottom-up pathway to enhance spatial resolution recovery. The EUCBlock collects
gradient information from high-level feature maps via dense connections, enriching low-
level representations with contextual information. This upsampling mechanism enhances
inter-layer information flow and proves particularly effective for complex scenes, enabling
precise target–background separation when handling multi-scale objects. Together, the
MSCBlock and EUCBlock form a comprehensive bidirectional feature enhancement system
within the DCSFPN.

3.3.1. Design of the MSCBlock

The MSCBlock serves as a pivotal part in the DCSFPN. It addresses the inherent
limitations of traditional CNNs in multi-scale detection scenarios. Conventional networks
with fixed-size kernels exhibit restricted perceptual capacity across varying object scales.
For small-object detection, standard CNNs struggle to isolate small target features from sur-
rounding contexts, which significantly compromises detection efficacy [58]. The MSCBlock
resolves this constraint through its parallel multi-scale kernel implementation, effectively
equipping the network with a larger receptive field capability, as shown in Figure 4a.

Specifically, the MSCBlock processes input feature maps through a systematic multi-
scale feature extraction process, shown in Figure 4a. The module first expands the channel
number of input feature maps Ffused through point-wise convolution (PWC1, expansion
factor = 2), which is followed by batch normalization (BN) [59] and a ReLU6 [60] activation
layer in order to obtain enhanced feature representations. The resulting feature maps
then undergo multi-scale depthwise convolution (MSDConv) [47] operations through
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parallel processing branches where each branch utilizes depthwise convolutions with
diverse kernel sizes to capture different receptive fields. The MSDConv operation can be
expressed as follows:

MSDConv(X) = concat[Gp(X), Gq(X), Gs(X)] (16)

Gk(X) = ReLU6(BN(DWCk(X))) (17)

where X = ReLU6(BN(PWC1(Ffused))) represents the channel-expanded feature maps,
and Gk(·) denotes a composite operator consisting of depthwise convolution (DWC), batch
normalization, and ReLU6 activation. The kernel size k is selected from the predefined set
KS = {p, q, s}, with different combinations used at various network stages: p = 1, q = 3,
s = 5 for lower stages to capture fine local features, p = 3, q = 5, s = 7 for intermediate
layers to balance local and global information, and p = 5, q = 7, s = 9 for higher layers to
expand the receptive field.

(b)

Conv1×1+BN

ReLU6

ReLU6

Conv1×1+BN

+

DWCp×p DWCq×q DWCs×s

BN

ReLU6

BN

ReLU6

BN

Channel Shuffle

+

(a)

MSDConv

Ffused
input

FMS
output

Upsample

DWC3×3

Batch Normalization

ReLU

Conv1×1

FMS

FEU

input

output

Figure 4. (a) MSCBlock, (b) EUCBlock.

However, parallel multi-scale convolution operations alone cannot fully prevent in-
formation isolation between different channels. To enhance inter-channel connectivity, the
MSCBlock incorporates channel shuffle [61] operations to rearrange and group channels,
enabling cross-channel feature interaction and improving the multi-scale feature integration
ability. The feature map processed through the MSCBlock is as follows:

FMS = MSCBlock(Ff used) = BN(PWC2(CS(MSDConv(Ff used)))) (18)

where CS represents the channel shuffle operation, and PWC2 adjusts the output to the
required channel dimensions for downstream processing.

3.3.2. Design of the EUCBlock

In small-object detection, especially for infrared images, feature degradation during
upsampling significantly limits detection performance. Standard upsampling methods
increase the resolution but fail to preserve structural details, particularly for tiny objects
with blurred edges, leading to feature attenuation and reduced model response. To address
this, we develop the EUCBlock within the DCSFPN, which restores spatial resolution while
minimizing information loss, as shown in Figure 4b.

The EUCBlock initially upsamples low-resolution feature maps to higher spatial res-
olutions, thereby enhancing the pixel-level representation for small objects. Afterwards,
depthwise convolution (DWC) extracts local features independently per channel. This ap-
proach prevents inter-channel interference and enhances feature granularity. Additionally,
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DWC reduces computational parameters, significantly improving target discriminability
while maintaining efficiency.

Furthermore, to enhance feature map expressiveness, the EUCBlock implements
channel shuffle technology similar to that implemented in the MSCBlock. This technique
rearranges channel groups and enables cross-propagation of features between groups.
The process strengthens cross-channel information flow and fusion while maintaining
channel independence.

Finally, the EUCBlock adjusts the feature map channel count by a 1 × 1 convolution
layer to maintain consistency with the subsequent network layers. Overall, the EUCBlock
effectively addresses the limitations of traditional upsampling techniques in detail recovery
and semantic preservation while remaining lightweight. This design significantly enhances
the small-object modeling capability and detection accuracy. The output feature map is
calculated as follows, with input FMS from the MSCBlock:

FEU = EUCBlock(FMS) = Conv1×1(ReLU(BN(DWC(Up(FMS))))) (19)

3.4. Wise-PIoU

In object detection, bounding box regression loss functions critically affect localization
precision and convergence. Traditional IoU losses inadequately address geometric misalign-
ment and dimensional variations, especially for small or irregular objects [62]. Therefore,
we propose Wise-PIoU, which combines the geometric alignment penalty of Powerful-IoU
(PIoU) [63] and the dynamic focusing mechanism of Wise-IoU [64], significantly enhancing
regression performance.

PIoU enhances IoU by adding a geometric penalty term P that measures shape and
position differences between predicted and target boxes, also addressing the boundary
alignment insensitivity of the IoU. The penalty factor P depends solely on target box
dimensions. The equation is as follows:

P =
1
4

(
dw1

wgt
+

dw2

wgt
+

dh1
hgt

+
dh2
hgt

)
(20)

where dw1, dw2, dh1, and dh2 measure the boundary distance differences between predicted
and target boxes in the horizontal and vertical directions. wgt and hgt denote the ground
truth box width and height, respectively. This formulation enables balanced evaluation
across targets of different sizes, avoiding the adverse effects of dimensional variations on
model training.

Then, PIoU combines standard IoU loss with an additional geometric alignment
quality penalty, expressed as follows:

f (P) = 1 − e−P2
(21)

PIoU = IoU − f (P) (22)

LPIoU = 1 − PIoU = LIoU + f (P) (23)

where LIoU denotes the basic Intersection Over Union loss, assessing the overlap between
predicted and target boxes, and f (P) is a penalty function. The 1 − e−P2

term enhances
sensitivity to boundary alignment errors, notably when alignment quality is poor.

To enhance performance, PIoU v2 introduces a non-monotonic function u(·) that
dynamically adjusts focus across anchor boxes of varying quality. By computing geometric
penalty P, it defines an adjustment factor q = e−P, reflecting the target prediction alignment
quality. Smaller differences yield larger q values, prioritizing high-quality anchors, while
larger differences produce smaller q values, reducing emphasis on low-quality anchors.
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λ is a hyperparameter controlling the geometric alignment loss intensity, set to 1.3 in our
implementation. Through this strategic allocation of training resources toward moderately
aligned anchors, the regression process achieves more efficient convergence. The PIoU v2
loss function is defined as follows:

u(λq) = 3 · (λq) · e−(λq)2
(24)

LPIoU_v2 = u(λq) · LPIoU (25)

PIoU v2 effectively suppresses negative impacts from low-quality anchor boxes while
accelerating optimization of medium-quality ones. Although PIoU v2 implements non-
monotonic attention for handling anchor box quality variations, it demonstrates insufficient
capability in dynamically modulating gradient gains for low-quality anchors. Wise-IoU
v3 addresses this shortcoming through a dynamic non-monotonic focusing mechanism
that evaluates anchor box outlier degrees. By dynamically adjusting gradient contributions
based on these evaluations, Wise-IoU v3 successfully results in optimization processes with
greater robustness.

The Wise-IoU loss function utilizes an outlier degree β to quantify sample quality by
measuring the deviation between individual sample loss and global average loss values:

β =
L∗

IoU
LIoU

(26)

where L∗
IoU represents the IoU loss value that does not participate in backpropagation. LIoU

is the dynamically updated moving average value. According to this definition, when a
predicted sample’s error is significantly higher than the average value, its outlier degree β

increases, indicating lower anchor box quality. The model will allocate higher attention to
these samples.

To extend this foundation, a focus factor r is introduced to adaptively adjust the loss
weight according to the value of β:

r =
β

δαβ−δ
(27)

In this equation, α and δ serve as hyperparameters that regulate the focus factor,
whereby the magnitude of loss weighting is modulated, with α = 1.7 and δ = 2.7 adopted in
our method.

Wise-IoU incorporates distance attention using distance metrics, resulting in Wise-IoU
v1 incorporating a dual-layer attention mechanism. RWIoU is used to enhance IoU loss
in average-quality anchor boxes, while LIoU substantially reduces RWIoU for high-quality
anchor boxes. The mathematical expression is given as follows:

LWIoUv1 = RWIoU · LIoU (28)

RWIoU = exp

(
(x − xgt)2 + (y − ygt)2

(W2
g + H2

g)
∗

)
(29)

Here, the center coordinates of predicted and target bounding boxes are denoted by
(x, y) and (xgt, ygt), respectively. Wg and Hg denote the width and height of the target’s
smallest bounding box, with these parameters being separated from the computational
graph (*) to prevent RWIoU from generating convergence-impeding gradients. By quan-
tifying geometric disparities between predicted and target boxes, this formula enables
dynamic loss adjustment, whereby anchor boxes with inferior alignment quality receive
heightened attention during model training.
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An outlier degree is subsequently employed to construct a non-monotonic focus
coefficient, from which Wise-IoU v3 is derived:

LWIoUv3 = r · LWIoUv1 = r · (RWIoU · LIoU) (30)

Combining geometric penalties with a dynamic focusing mechanism, the final loss
function for Wise-PIoU is as follows:

LWise−PIoU = r · (RWIoU · LPIoU_v2)

= r · exp

(
(x − xgt)2 + (y − ygt)2

(W2
g + H2

g)
∗

)
·
(

3 · (λq) · e−(λq)2 · LPIoU

) (31)

With this loss function, the model adaptively adjusts its focus on different samples,
thereby enhancing localization precision, especially when target box position deviations
are significant. Environmental factors such as background noise lead to geometric misalign-
ment and localization errors. With Wise-PIoU, the model adaptively adjusts its focus on
different samples, thereby enhancing localization precision, especially when target box posi-
tion deviations are significant. This approach enhances the model’s sensitivity to boundary
alignment and enables more precise box adjustments. Additionally, the dynamic weighting
mechanism reduces regression interference from inaccurate anchors while accelerating
optimization for accurate ones. As a result, Wise-PIoU significantly improves detection pre-
cision and demonstrates enhanced robustness under complex environmental conditions.

4. Datasets And Experimental Setup
4.1. Datasets

This study utilized two high-quality public datasets, ISDD [65] and IRSDSS [66].
Constructed from Landsat 8 satellite remote sensing imagery, these datasets feature au-
thentic data acquisition, high environmental complexity, and strong diversity. Repre-
sentative examples are presented in Figure 5, with blue boxes indicating ships. Such
characteristics effectively support performance evaluation for small-target detection under
challenging conditions.

• ISDD: This collection comprises 1284 shortwave infrared images of 500 × 500 pixel
resolution and 3061 annotated ship instances covering multiple regions. ISDD features
small target scales, with an average target area occupying only 0.18% of the image
area, diverse near-shore and open-ocean scenarios, and complex weather conditions
including wind waves, thin clouds, and thick clouds. These characteristics impose
higher requirements on detection networks for fine-grained modeling and robustness
against complex backgrounds.

• IRSDSS: This collection includes 1491 infrared images of 640 × 640 pixel resolution,
encompassing 4062 annotated ship targets. Ship lengths range from 3.32 to 85.88 m,
with dimensions spanning from 16.28 to 4780.24 square meters and aspect ratios
varying between 0.25 and 4.20, comprehensively covering ship instances of diverse
scales and morphologies. Additionally, IRSDSS encompasses rich sea–land scenarios,
varied wake features, and multiple kinds of weather interference like thin clouds,
thick clouds, and wind waves, significantly increasing detection challenges.
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(a) (b)

(c) (d)

(e) (f)

Figure 5. Scene diversity and weather condition diversity: (a) ships with trails; (b) inshore scenes;
(c) thin clouds scenes; (d) thick clouds scenes; (e) sea wave scenes; and (f) berthing scenes. The blue
box represents the ship.

4.2. Parameters and Settings

The experimental setup utilized a computational platform equipped with an NVIDIA
GeForce RTX 4090 GPU (NVIDIA Corporation, Santa Clara, CA, USA) providing 24 GB of
VRAM, alongside an Intel Xeon Platinum 8352V processor (Intel Corporation, Santa Clara,
CA, USA) operating at 2.10 GHz across 16 cores, supported by 120 GB system memory. The
computational environment was established on Ubuntu 20.04, implementing the software
stack through Python 3.8 and PyTorch 1.10.0, with GPU computational acceleration facili-
tated by CUDA 11.3. Following the official dataset configurations, both datasets had a 7:3
split ratio for training and validation. Training configurations maintained consistent input
image dimensions of 640 × 640 pixels. The experimental protocol employed a batch size
of 32 samples across 150 training epochs. Optimization was achieved through Stochastic
Gradient Descent (SGD), initialized with a learning rate of 0.01, a momentum parameter set
to 0.937, and a weight decay coefficient of 0.0005. All additional hyperparameters retained
their default configurations.

4.3. Evaluation Metrics

For comprehensive evaluation of the proposed detection approach, we utilized several
standard assessment metrics: precision, recall, Giga Floating-Point Operations (GFLOPs),
parameter count, and frames per second (FPS). These indicators provide a scientific analysis
of model effectiveness and deployment feasibility across various aspects, encompassing
detection precision, recall performance, computational overhead, and processing speed.
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Specifically, the definitions and calculation formulas are as follows:

P =
TP

TP + FP
(32)

R =
TP

TP + FN
(33)

AP =
∫ 1

0
P(R)dR (34)

mAP =
1
N

N

∑
i=1

APi (35)

Here, TP denotes correctly identified positive instances, FP denotes negative instances
misclassified as positive, and FN denotes positive instances misclassified as negative by the
model. Parameter N indicates the total class count, and APi represents the average precision
for class i. We utilized mAP50 as our principal evaluation standard, calculated using an
IoU threshold of 0.5. Additionally, following the COCO evaluation standard, we adopted
scale-specific metrics including APS@50 and APM@50 to comprehensively assess detection
performance across different target scales. APS@50 represents the average precision for
small targets (area < 322 pixels), while APM@50 represents the average precision for medium
targets (322 ≤ area < 962 pixels). It is worth noting that, due to the absence of ships in
both the ISDD and IRSDSS datasets that conform to large-target standards, as stipulated by
COCO, we have excluded the results related to APL@50. GFLOPs quantifies the floating-
point computations needed for single-pass inference, reflecting computational demands.
FPS measures the processing rate in frames per second, where elevated values indicate
superior real-time performance capabilities.

5. Results
5.1. Comparative Experiments

For evaluation of our proposed method’s detection effectiveness, we conducted com-
prehensive benchmarking against multiple state-of-the-art real-time target detection al-
gorithms. The comparative analysis utilized both ISDD and IRSDSS datasets, ensuring
all approaches underwent evaluation with consistent training parameters to maintain
experimental validity. Table 1 summarizes these comparative results.

As shown in Table 1, the proposed IRSD-Net model shows superior performance
across various critical metrics compared to the representative baseline models, including
SSD, Faster R-CNN, YOLOv3, YOLOv5n, YOLOv6n, YOLOv7-tiny, YOLOv8n, RT-DETR-l,
YOLOv11n, YOLO-FIRI, Hyper-YOLO, DNA-Net, and ALCNet. On the ISDD dataset, it
achieved substantial precision enhancements over conventional detectors: a 2.9% improve-
ment relative to SSD, a 5.5% improvement over Faster R-CNN, and a 7.9% improvement
over RT-DETR-l. In comparison to the YOLO series models, IRSD-Net showed a 2.5%
improvement over YOLOv6n, a 2.3% improvement over YOLO-FIRI, and a 2.2% enhance-
ment over YOLOv11n while maintaining competitive advantages against other variants.
In comparison to non-YOLO models such as DNA-Net and ALCNet, the accuracy was
enhanced by 1.6% and 1.9%, respectively. Its recall performance exhibited substantial
advantages, particularly demonstrating a 9.5% improvement over RT-DETR-l and a 2.7%
enhancement over YOLO-FIRI. Regarding the mAP50 metric, IRSD-Net surpassed all de-
tector categories, with an 8.2% improvement over RT-DETR-l, a 3.2% improvement over
YOLOv6n, and a 1.7% improvement over YOLOv11n. The comprehensive outperformance
in terms mAP50−95 further confirms the model’s capability in small-object detection and
complex scene analysis.
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Table 1. Overall comparison of experimental results for different models.

Dataset Model Precision Recall mAP50 mAP50−95 APS@50 APM@50 GFLOPs Parameters
(%) (%) (%) (%) (%) (%) (M)

ISDD

SSD [20] 89.3 80.4 88.4 41.5 81.1 88.5 87.5 24.4
Faster R-CNN [18] 86.7 83.8 91.8 39.7 84.9 90.0 134 41.3

YOLOv3 [67] 90.7 83.6 89.6 45.1 86.3 89.4 282.2 103.7
YOLOv5n [68] 92.1 85.2 91.5 45.6 89.8 94.6 7.1 2.5
YOLOv6n [69] 89.7 83.9 89.3 44.9 88.2 95.1 11.8 4.2

YOLOv7-tiny [70] 91.8 81.1 90.0 42.3 87.9 93.1 13.2 6.0
YOLOv8n [71] 92.1 84.8 91.9 45.2 90.5 94.7 8.1 3.0
RT-DETR-l [72] 84.3 76.1 84.3 39.2 87.7 91.2 100.6 28.4
YOLOv11n [73] 90.0 85.0 90.8 44.6 86.3 92.4 6.3 2.6
YOLO-FIRI [74] 89.9 82.9 88.7 43.4 85.3 93.2 6.8 4.7

Hyper-YOLO [75] 91.8 85.3 90.9 44.7 90.0 94.8 12.5 5.3
DNA-Net [76] 90.6 84.6 91.7 42.5 90.1 92.7 44.0 10.5
ALCNet [77] 90.3 81.7 89.1 40.9 89.7 94.9 68 14.7

IRSD-Net 92.2 85.6 92.5 45.7 91.2 96.8 6.5 2.1

IRSDSS

SSD [20] 84.9 85.5 88.3 40.6 90.7 92.6 87.5 24.4
Faster R-CNN [18] 88.9 87.3 91.8 39.7 89.1 93.2 134 41.3

YOLOv3 [67] 92.0 88.1 92.2 43.5 91.0 92.0 282.2 103.7
YOLOv5n [68] 91.9 89.2 92.8 42.8 92.8 95.9 7.1 2.5
YOLOv6n [69] 91.7 86.9 91.8 43.3 91.9 96.4 11.8 4.2

YOLOv7-tiny [70] 87.2 84.7 90.5 41.3 91.4 94.7 13.2 6.0
YOLOv8n [71] 91.5 89.1 92.8 42.7 93.2 95.1 8.1 3.0
RT-DETR-l [72] 83.8 83.5 86.3 38.0 92.7 94.8 100.6 28.4
YOLOv11n [73] 91.3 87.9 91.8 42.6 92.9 94.5 6.3 2.6
YOLO-FIRI [74] 90.8 88.0 91.9 41.1 93.8 95.7 6.8 4.7

Hyper-YOLO [75] 91.9 86.7 92.1 40.9 94.2 96.1 12.5 5.3
DNA-Net [76] 89.6 88.1 92.0 40.4 92.7 95.9 44.0 10.5
ALCNet [77] 91.2 87.1 90.7 42.9 93.4 95.8 13.2 6.0

IRSD-Net 92.1 88.7 92.9 43.7 94.9 97.8 6.5 2.1

Note: The best results are displayed in bold, and the second-best results are underlined.

Notably, the scale-specific performance analysis reveals IRSD-Net’s exceptional capa-
bility in small-target detection. On the ISDD dataset, IRSD-Net achieved 91.2% APS@50,
surpassing SSD, Faster R-CNN, YOLOv3, YOLOv5n, YOLOv6n, YOLOv7-tiny, YOLOv8n,
RT-DETR-l, YOLOv11n, YOLO-FIRI, Hyper-YOLO, DNA-Net, and ALCNet by 10.1%,
6.3%, 4.9%, 1.4%, 3.0%, 3.3%, 0.7%, 3.5%, 4.9%, 5.9%, 1.2%, 1.1%, and 1.5%, respectively.
For medium-scale targets, IRSD-Net attained 96.8% APM@50, demonstrating superior
performance across all comparative methods with improvements of 8.3% over SSD and
6.8% over Faster R-CNN. These results validate the effectiveness of our multi-scale feature
extraction approach in addressing the core challenge of small-target detection in infrared
maritime imagery.

Validation on the IRSDSS dataset further substantiates IRSD-Net performance. The
model achieved an optimal precision of 92.1% and recall of 88.7%, demonstrating clear
advantages over the majority of comparative models. Although marginal differences
existed in its recall performance compared to some YOLO variants, these variations are
negligible. Its mAP50 reached 92.9% in the evaluation, achieving significant improvements
of 6.6% over RT-DETR-l, 2.4% over YOLOv7-tiny, and 1.1% over YOLOv11n. The scale-
specific analysis on the IRSDSS dataset shows that IRSD-Net achieved 94.9% APS@50,
outperforming all comparative methods, and 97.8% APM@50, establishing a new state-
of-the-art performance for both small- and medium-target detection. IRSD-Net attained
43.7% for the mAP50−95 metric across different scales. This establishes its optimal balance
between detection accuracy and computational efficiency, rendering it particularly suitable
for complex maritime surveillance applications.

The computational efficiency analysis on the ISDD dataset reveals the significant
lightweight characteristics of IRSD-Net among contemporary detection methods. IRSD-Net
required only 6.5 GFLOPs and 2.1 million parameters while achieving the highest mAP50
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of 92.5% and mAP50−95 of 45.7%. The HMKCNet reduces computational burden through
hierarchical feature processing, where each HMKCUnit performs secondary channel-level
splitting and reorganizes mixed channels into G independent groups, enabling efficient
grouped convolutions that scale linearly. The lightweight design is further enhanced by
the DCSFPN, which implements bidirectional feature fusion without traditional FPNs’
parameter-heavy upsampling layers. In terms of computational complexity, IRSD-Net sig-
nificantly outperforms existing methods. YOLOv3 necessitates 282.2 GFLOPs, RT-DETR-l
requires 100.6 GFLOPs, and YOLOv7-tiny consumes 13.2 GFLOPs, all substantially exceed-
ing IRSD-Net’s requirements. Regarding parameter efficiency, IRSD-Net exhibits remark-
able advantages with only 2.1 million parameters compared to the 103.7 million parameters
of YOLOv3, the 28.4 million parameters of RT-DETR-l, and the 6.0 million parameters of
YOLOv7-tiny. Even against the most recent YOLOv11n, with 6.3 GFLOPs and 2.6 million
parameters, IRSD-Net achieves superior accuracy with reduced computational overhead.

On the IRSDSS dataset, IRSD-Net maintained consistent computational requirements
of 6.5 GFLOPs and 2.1 million parameters while achieving 92.9% mAP50 and 43.7%
mAP50−95. Our method delivers superior computational efficiency with substantially
reduced parameters compared to contemporary YOLO-based approaches. The computa-
tional analysis reveals that YOLOv5n, YOLOv8n, and YOLOv6n required 7.1 GFLOPs with
2.5 million parameters, 8.1 GFLOPs with 3.0 million parameters, and 11.8 GFLOPs with
4.2 million parameters, respectively, all exceeding the computational requirements of IRSD-
Net. Enhanced variants including YOLO-FIRI and Hyper-YOLO exhibited even higher
computational demands at 6.8 GFLOPs with 4.7 million parameters and 12.5 GFLOPs with
5.3 million parameters, respectively. In terms of CNN-based approaches, ALCNet required
13.2 GFLOPs and 6.0 million parameters, demonstrating that IRSD-Net achieves approxi-
mately half the computational cost. These results confirm that IRSD-Net achieves optimal
computational efficiency while preserving detection accuracy, making it well-suited for
practical maritime surveillance systems with limited computational resources.

5.2. Performance Comparison of Different Necks

For evaluating the effectiveness of the DCSFPN, we performed extensive benchmarking
studies with several advanced neck architectures, including YOLOv11-Neck, BIFPN, GFPN,
MAFPN, and HS-FPN. Consistent training procedures were applied across all models,
where only the neck architecture differed while other components remained uniform. The
experiments employed YOLO as the backbone network to ensure methodological rigor and
experimental fairness. Systematic performance assessment was carried out using the ISDD
and IRSDSS datasets. Table 2 displays the numerical outcomes from this comparative study.

Table 2. Overall comparison of experimental results for different necks.

Dataset Model Precision Recall mAP50 mAP50−95 APS@50 APM@50 GFLOPs Parameters
(%) (%) (%) (%) (%) (%) (M)

ISDD

YOLOv11-Neck [73] 91.3 85.3 91.2 45.6 90.4 94.2 6.3 2.5
BIFPN [53] 90.6 85.8 91.4 45.1 90.9 94.5 6.2 1.9
GFPN [78] 90.3 86.3 91.4 45.3 89.3 95.7 8.5 3.2

MAFPN [79] 91.3 86.8 91.8 45.1 90.6 96.0 7.0 2.6
HS-FPN [80] 91.9 85.5 91.6 45.6 90.2 95.9 5.5 1.8

DCSFPN 92.2 85.6 92.5 45.7 91.2 96.8 6.5 2.1

IRSDSS

YOLOv11-Neck [73] 91.7 88.6 92.6 43.7 94.5 96.3 6.3 2.5
BIFPN [53] 91.5 88.2 92.4 43.6 93.6 96.6 6.2 1.9
GFPN [78] 91.6 89.0 92.8 43.3 93.9 95.8 8.5 3.2

MAFPN [79] 92.0 88.6 92.3 43.6 94.3 97.2 7.0 2.6
HS-FPN [80] 91.4 88.4 92.3 43.5 92.8 97.7 5.5 1.8

DCSFPN 92.1 88.7 92.9 43.7 94.9 97.8 6.5 2.1

Note: The best results are displayed in bold, and the second-best results are underlined.
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On the ISDD dataset, the DCSFPN demonstrated superior performance across multi-
ple evaluation metrics, particularly excelling in precision, mAP50, and mAP50−95 compared
to other network architectures. Specifically, the DCSFPN achieved a precision of 92.2%, sur-
passing YOLOv11-Neck, BIFPN, GFPN, MAFPN, and HS-FPN by 0.9%, 1.6%, 1.9%, 0.9%,
and 0.3%, respectively. For the mAP50−95, the DCSFPN attained 45.7%, exhibiting notable
improvements over comparative models. For different target scales, the DCSFPN demon-
strated superior performance with 91.2% APS@50 for small targets and 96.8% APM@50 for
medium targets, outperforming all comparative neck architectures. Notably, the DCSFPN
surpassed the best-performing alternative, GFPN, by 1.9% in APS@50 and YOLOv11-Neck
by 2.6% in APM@50. These results indicate that the DCSFPN possesses significant advan-
tages in terms of precision and overall detection capability, particularly when processing
complex infrared ship detection tasks, providing more reliable detection outcomes.

On the IRSDSS dataset, the DCSFPN similarly exhibited superior performance charac-
teristics, achieving a precision of 92.1%. Regarding the mAP50 metric, the DCSFPN attained
92.9%, surpassing YOLOv11-Neck, BIFPN, GFPN, MAFPN, and HS-FPN by 0.3%, 0.5%,
0.1%, 0.6%, and 0.6%, respectively. In terms of target scale performance, the DCSFPN
attained 94.9% APS@50 for small targets and 97.8% APM@50 for medium targets, demon-
strating consistent superiority across all target scales with 0.4% and 0.6% improvements
over the second-best method, respectively. The comparative analysis indicates that the
DCSFPN establishes a more optimal equilibrium between precision and recall metrics
relative to alternative neck architectures, thus demonstrating its exceptional comprehensive
performance capabilities in complex detection scenarios.

In conclusion, the DCSFPN demonstrated statistically significant performance advan-
tages across both the ISDD and IRSDSS datasets. These experimental results validate the
efficacy of the DCSFPN in optimizing the neck structure and substantiate its superiority
and feasibility for practical infrared ship detection applications.

5.3. Performance Comparison of Different Loss Functions

To analyze the performance of different loss functions in object detection, we con-
ducted benchmarking analyses using CIoU, PIOU v2, Wise-IoU, MPDIoU, Inner-CIoU,
and Wise-PIOU. Consistent training protocols were employed across all models, differing
solely in the loss function implementation, using both the ISDD and IRSDSS datasets for
assessment. Table 3 presents the comprehensive results.

Table 3. Overall comparison of experimental results for different loss functions.

Dataset Loss Function Precision Recall mAP50 mAP50−95 APS@50 APM@50 GFLOPs Parameters
(%) (%) (%) (%) (%) (%) (M)

ISDD

CIoU [81] 91.2 85.5 91.1 45.1 90.0 95.1 6.5 2.1
PIOU v2 [63] 91.3 84.6 91.1 44.8 90.1 95.7 6.5 2.1
Wise-IoU [64] 91.1 84.7 90.7 44.6 89.5 96.3 6.5 2.1
MPDIoU [82] 88.2 85.9 90.6 44.9 90.0 95.7 6.5 2.1

Inner-CIoU [83] 90.6 84.2 90.4 44.8 89.2 93.5 6.5 2.1
Wise-PIoU 92.2 85.6 92.5 45.7 91.2 96.8 6.5 2.1

IRSDSS

CIoU [81] 91.5 87.2 92.8 42.3 93.2 95.8 6.5 2.1
PIOU v2 [63] 91.3 87.7 91.9 43.5 94.4 95.9 6.5 2.1
Wise-IoU [64] 91.0 87.8 92.0 43.6 94.1 96.2 6.5 2.1
MPDIoU [82] 92.0 87.3 91.5 43.0 93.7 97.9 6.5 2.1

Inner-CIoU [83] 91.9 88.1 92.3 43.1 92.9 96.6 6.5 2.1
Wise-PIoU 92.1 88.7 92.9 43.7 94.9 97.8 6.5 2.1

Note: The best results are displayed in bold, and the second-best results are underlined.

On the ISDD dataset, the Wise-PIoU loss function exhibited excellent performance
across various assessment metrics, especially precision and mAP50, achieving 92.2% and
45.7%, respectively. Compared to other loss functions, Wise-PIoU improved precision by
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1.0%, 0.9%, 1.1%, 4.0%, and 1.6% over CIoU, PIOU v2, Wise-IoU, MPDIoU, and Inner-CIoU,
respectively. When examining different target scales, Wise-PIoU achieved superior results
with 91.2% APS@50 for small targets and 96.8% APM@50 for medium targets. Notably,
Wise-PIoU outperformed all comparative loss functions in small-target detection, achieving
a 1.7% improvement over Wise-IoU and 2.0% improvement over Inner-CIoU in APS@50.
The findings indicate that the Wise-PIoU loss function enhances detection precision while
simultaneously improving overall detection capability, especially in complex infrared ship
detection tasks.

On the IRSDSS dataset, the Wise-PIoU loss function similarly demonstrated out-
standing performance, showing significant improvements in overall evaluation metrics
compared to other loss functions. In terms of the mAP50−95 metric, Wise-PIoU achieved
43.7%, representing an improvement of 1.4%, 0.2%, 0.1%, 0.7%, and 0.6% over the com-
parative loss functions, respectively. Regarding target scale metrics, Wise-PIoU attained
exceptional performance with 94.9% APS@50 for small targets and 97.8% APM@50 for
medium targets. For small-target detection, Wise-PIoU surpassed the second-best method
by 0.5%, while, for medium targets, it achieved comparable performance to MPDIoU
but with superior overall metrics. These results highlight its advantages in low-contrast
conditions and its detail extraction capabilities.

From a comprehensive perspective, the Wise-PIoU loss function significantly enhances
detection precision, training convergence rate, and stability in infrared ship detection
tasks through its optimization of target localization accuracy and improved small-object
detection capabilities.

5.4. Ablation Experiments
5.4.1. Ablation Experiments on the HMKConv Kernel Configuration

To validate the effectiveness of different kernel combinations in the HMKCNet module,
we conducted comprehensive ablation experiments with HMKConv on both the ISDD and
IRSDSS datasets. The experiments evaluated various kernel configurations to determine
the optimal hierarchical arrangement for infrared ship detection tasks, as shown in Table 4.

Table 4. Ablation experiment results for different kernel configurations in HMKConv.

Dataset Kernel Configuration mAP50 (%) APS@50 (%) APM@50 (%) GFLOPs Parameters (M)

ISDD

3 × 3 91.5 91.1 91.6 2.10 6.7
[1, 3] 90.6 91.1 95.3 2.09 6.7
[3, 5] 91.3 91.0 94.7 2.07 6.7
[5, 7] 89.5 88.3 96.2 2.09 6.6

[1, 3, 5] 90.2 90.8 92.1 2.07 6.6
[3, 5, 7] 90.7 89.6 95.9 2.09 6.5

[1, 3, 5, 9] 92.1 91.0 96.5 2.10 6.7
[3, 5, 7, 9] 91.5 90.2 97.8 2.12 6.8

[1, 3, 5, 7] (ours) 92.5 91.2 96.8 2.07 6.5

IRSDSS

3 × 3 89.4 90.8 89.1 2.10 6.7
[1, 3] 89.0 92.0 91.5 2.09 6.7
[3, 5] 90.7 91.4 92.3 2.07 6.7
[5, 7] 90.5 91.6 96.6 2.09 6.6

[1, 3, 5] 91.7 92.2 94.7 2.07 6.6
[3, 5, 7] 91.2 88.7 95.2 2.09 6.5

[1, 3, 5, 9] 91.5 91.8 96.9 2.10 6.7
[3, 5, 7, 9] 91.3 90.1 97.2 2.12 6.7

[1, 3, 5, 7] (ours) 92.9 92.1 97.8 2.07 6.5

Note: The best results are displayed in bold, and the second-best results are underlined.

The HMKConv module uses a hierarchical kernel arrangement [1, 3, 5, 7] to balance
detailed target extraction and contextual understanding in infrared ship detection. The
1 × 1 kernel preserves pixel-level thermal gradients for distant vessels, the 3 × 3 kernel
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captures spatial relationships for thermal boundaries, and the 5 × 5 and 7 × 7 kernels
handle extended thermal signatures from engine heat and wake patterns. This progressive
expansion provides necessary context while maintaining sensitivity to small targets.

The hierarchical integration uses channel splitting to distribute computational re-
sources across different scales, preventing feature dilution of small targets. The experimen-
tal results show that the [1, 3, 5, 7] configuration achieved the optimal performance, with
an mAP50 of 92.5% on the ISDD dataset and 92.9% on the IRSDSS dataset. Removing the
1 × 1 kernel degrades small-target detection, while kernels larger than 7 × 7 introduce
background noise, as shown by the performance drops in the [1, 3, 5, 9] and [3, 5, 7, 9] con-
figurations. The consistent performance across target scales confirms that the hierarchical
design effectively captures infrared ship characteristics.

5.4.2. Hyperparameter Sensitivity Analysis of Wise-PIoU

To address concerns about hyperparameter selection in the Wise-PIoU loss function
and demonstrate the robustness of our approach, we conducted a comprehensive sensitivity
analysis on the key parameters that control the geometric alignment and dynamic focusing
mechanisms. The Wise-PIoU loss function incorporates three critical hyperparameters:
λ, controlling the geometric alignment loss intensity from the PIoU, and α and δ, regulating
the dynamic non-monotonic focusing mechanism from the Wise-IoU.

As shown in Table 5, we systematically tested λ ∈ [1.1, 1.3, 1.5] based on the PIoU’s
established optimal range [63]. For the focusing mechanism, α ∈ [1.5, 1.7, 1.9] and
δ ∈ [2.5, 2.7, 3.0] were evaluated to cover conservative-to-aggressive focusing strategies,
including the Wise-IoU optimal configuration [64]. The sensitivity analysis reveals that
λ = 1.3, α = 1.7, and δ = 2.7 achieved superior performance with an mAP50 of 92.5%
on the ISDD dataset and 92.9% on the IRSDSS dataset. This configuration demonstrates
that moderate geometric alignment strength combined with balanced focusing parameters
effectively allocates attention between high-quality and medium-quality anchor boxes
without over-suppressing valuable training samples.

Table 5. Hyperparameter Sensitivity Analysis of Wise-PIoU.

Dataset λ α δ Precision (%) Recall (%) mAP50 (%) mAP50−95 (%)

ISDD

1.1 1.5 2.5 91.6 85.4 92.0 45.5
1.1 1.7 2.7 91.5 85.3 92.3 44.7
1.3 1.5 2.7 91.7 84.3 89.9 45.1
1.3 1.7 2.5 92.0 85.1 92.1 44.8
1.3 1.7 3.0 91.7 85.2 92.0 45.2
1.3 1.9 3.0 90.8 84.7 91.4 45.0
1.5 1.7 2.7 91.9 85.3 92.0 45.2
1.3 1.9 3.0 90.2 84.2 91.7 44.3

1.3 (ours) 1.7 (ours) 2.7 (ours) 92.2 85.6 92.5 45.7

IRSDSS

1.1 1.5 2.5 90.5 88.6 92.1 42.1
1.1 1.7 2.7 91.7 88.2 91.8 43.6
1.3 1.5 2.7 90.8 89.2 92.2 42.0
1.3 1.7 2.5 91.4 87.3 92.5 43.5
1.3 1.7 3.0 91.6 88.4 92.0 42.6
1.3 1.9 3.0 91.9 87.9 91.4 42.9
1.5 1.7 2.7 91.4 88.5 92.7 41.8
1.3 1.9 3.0 91.1 87.4 91.2 41.4

1.3 (ours) 1.7 (ours) 2.7 (ours) 92.1 88.7 92.9 43.7

Note: The best results are displayed in bold, and the second-best results are underlined.

5.4.3. Ablation Experiments on the Overall Model

To examine how the HMKCNet, DCSFPN components, and the Wise-PIoU loss func-
tion contribute to the enhancement of the baseline model, we performed comprehensive
ablation studies. These investigations measured the effect of individual components and
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their combinations across essential evaluation criteria, including precision, recall, mAP50,
mAP50−95, APS@50, APM@50, GFLOPs parameters, and FPS through progressive incorpo-
ration. Table 6 presents the findings from the ISDD dataset analysis.

Table 6. Overall ablation experiment results for the ISDD dataset.

Original HMKCNet DCSFPN Wise-PIoU Precision Recall mAP50 mAP50−95 APS@50 APM@50 GFLOPs Parameters FPS(%) (%) (%) (%) (%) (%) (M)

✓ 90.0 85.0 90.8 44.6 86.3 92.4 6.3 2.6 909.1
✓ ✓ 91.6 85.9 92.3 45.1 88.5 93.9 6.3 2.5 833.3
✓ ✓ 92.1 85.2 91.3 45.0 90.1 93.1 6.5 2.1 769.2
✓ ✓ 90.4 86.1 91.2 45.5 89.4 95.3 6.3 2.6 833.3
✓ ✓ ✓ 91.2 85.5 91.1 45.1 90.0 95.1 6.5 2.1 625.0
✓ ✓ ✓ 91.3 85.3 91.2 45.6 90.9 94.2 6.3 2.5 909.1
✓ ✓ ✓ 91.5 85.2 91.7 45.3 90.5 95.6 6.5 2.1 714.3
✓ ✓ ✓ ✓ 92.2 85.6 92.5 45.7 91.2 96.8 6.5 2.1 714.3

Note: The best results are displayed in bold, and the second-best results are underlined. Checkmarks (✓) indicate
which modules were enabled in each experiment.

Upon integration of the HMKCNet alone, the model exhibited substantial performance
improvements across multiple metrics. HMKCNet’s parallel multi-kernel architecture
effectively captures multi-scale features through diverse receptive fields, enhancing small-
target discrimination on complex backgrounds. Precision increased from 90.0% to 91.6%,
recall improved to 85.9%, and mAP50 reached 92.3%, representing a 1.5 percentage point
enhancement compared to the baseline, while mAP50−95 advanced to 45.1%. Concerning
target scale performance, the HMKCNet demonstrated significant improvements, with
APS@50 increasing from 86.3% to 88.5% for small targets and APM@50 improving from
92.4% to 93.9% for medium targets. These improvements demonstrate the HMKCNet’s
efficacy in enhancing identification precision, especially for small objects and complex
entities in challenging scenarios. The channel-splitting strategy optimizes computational
efficiency while preserving critical feature information. Computational overhead remained
modest, with GFLOPs maintained at 6.3, the parameter count slightly reduced to 2.5 M,
and inference speed decreased to 833.3 FPS, establishing a favorable trade-off between
computational cost and performance enhancement.

Isolated introduction of the DCSFPN further enhanced performance. Precision in-
creased to 92.1%, showing a 2.1 percentage point enhancement compared to the baseline,
while recall reached 85.2%, mAP50 reached 91.3%, and mAP50−95 remained at 45.0%. The
bidirectional fusion mechanism of the DCSFPN addresses traditional FPN limitations,
enabling superior cross-scale information integration that particularly excels in small-target
detection. Across target size categories, the DCSFPN achieved 90.1% APS@50 for small
targets while maintaining strong medium-target performance at 93.1% APM@50, which can
be attributed to its adaptive weighted fusion which automatically learns feature importance
for effective multi-scale aggregation. Although GFLOPs slightly increased to 6.5, inference
speed remained at 769.2 FPS, indicating real-time performance preservation.

Following Wise-PIoU integration, bounding box regression accuracy improved. Preci-
sion showed a slight enhancement, while recall increased to 86.1%, representing a 1.1 per-
centage point improvement compared to the baseline. Additionally, mAP50 reached 91.2%,
and mAP50−95 improved to 45.5%. When analyzing performance across different tar-
get scales, Wise-PIoU achieved 89.4% APS@50 for small targets and 95.3% APM@50 for
medium targets, demonstrating balanced improvements through its outlier degree weight-
ing mechanism that suppresses low-quality anchors while accelerating high-quality sam-
ple optimization.
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The experimental results demonstrate that combining the HMKCNet, DCSFPN, and
Wise-PIoU significantly enhances overall model performance. The integration of the
HMKCNet with the DCSFPN achieved 91.2% precision, 85.5% recall, and 91.1% mAP50,
and improved mAP50−95 from 44.6% to 45.1%. This improvement highlights how the
HMKCNet’s enhanced deep feature extraction, when combined with the DCSFPN’s multi-
scale feature fusion, substantially improves detection capabilities for small objects and
complex backgrounds. The combination of the HMKCNet and Wise-PIoU further opti-
mized performance, yielding 91.3% precision and 91.7% mAP50. When pairing the DCSFPN
with Wise-PIoU, the model achieved 91.5% precision, 85.2% recall, 91.7% mAP50, and 45.3%
mAP50−95. This configuration excels in small-object detection and complex background
processing. The complementary effects enhance detection capabilities across objects of
varying scales. Despite increased computational complexity with 6.5 GFLOPs and 2.1 M
parameters, the model maintained high FPS. This demonstrates its excellent real-time per-
formance alongside improved accuracy. These pairwise integrations achieved substantial
improvements in both small- and medium-target detection, with small-target performance
reaching 90.0%, 90.9%, and 90.5%, respectively, and medium-target performance reaching
95.1%, 94.2%, and 95.6%, respectively, demonstrating that each pairing exhibits distinct
strengths in addressing different aspects of infrared ship detection challenges.

When combining thr HMKCNet, DCSFPN, and Wise-PIoU, the model achieved op-
timal performance. Precision increased to 92.2%, recall reached 85.6%, mAP50 rose to
92.5%, and mAP50−95 reached 45.7%. The comprehensive integration achieved outstanding
scale-specific performance with 91.2% APS@50 for small targets and 96.8% APM@50 for
medium targets, representing the highest performance across all target scales. Despite a
slight increase in computational overhead with 6.5 GFLOPs, 2.1 M parameters, and an
FPS slightly decreasing to 714.3, the model maintained excellent real-time performance
while improving detection precision and recall. The synergistic effect of these components
enhances the model’s accuracy and adaptability across various detection tasks, validating
their crucial role in complex scenarios.

In Table 7, the results on the IRSDSS dataset demonstrate improvements. The HMKC-
Net optimizes deep feature extraction, delivering enhanced detection performance. The
model demonstrated strong capabilities, with precision and recall reaching 91.4% and
88.5%, respectively, while mAP50 and mAP50−95 reached 92.4% and 42.7%. Compared to
the baseline, this represents a notable 0.6% improvement in both recall and mAP50. For
small-target detection, the HMKCNet achieved 91.4% APS@50.

Table 7. Overall ablation experiment results for the IRSDSS dataset.

Original HMKCNet DCSFPN Wise-PIoU Precision Recall mAP50 mAP50−95 APS@50 APM@50 GFLOPs Parameters FPS(%) (%) (%) (%) (%) (%) (M)

✓ 91.3 87.9 91.8 42.6 91.3 94.5 6.3 2.6 1111.1
✓ ✓ 91.4 88.5 92.4 42.7 91.4 95.4 6.3 2.6 833.3
✓ ✓ 91.9 87.4 92.3 43.2 91.9 94.7 6.5 2.1 666.7
✓ ✓ 91.2 89.1 92.1 43.5 91.2 95.9 6.3 2.6 909.1
✓ ✓ ✓ 91.5 87.2 92.8 42.3 91.5 95.8 6.5 2.1 625.0
✓ ✓ ✓ 91.7 88.6 92.6 43.7 91.7 96.3 6.3 2.5 909.1
✓ ✓ ✓ 92.0 88.3 92.4 42.9 92.0 96.7 6.5 2.1 769.2
✓ ✓ ✓ ✓ 92.1 88.7 92.9 43.7 92.1 97.8 6.5 2.1 769.2

Note: The best results are displayed in bold, and the second-best results are underlined. Checkmarks (✓) indicate
which modules were enabled in each experiment.

The introduction of the DCSFPN brings further enhancements through multi-scale
feature fusion. Precision increased to 91.9% alongside an 87.4% recall, while mAP50 reached
92.3% and mAP50−95 rose to 43.2%. Medium-target performance demonstrated particular
strength with 94.7% APM@50, validating the DCSFPN in terms of its effectiveness in
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multi-scale feature processing. Despite the computational cost increasing to 6.5 GFLOPs,
the DCSFPN successfully enhanced both localization precision and detection accuracy.
Meanwhile, Wise-PIoU integration elevated model performance by optimizing bounding
box regression. This resulted in balanced metrics of 91.2% precision and 89.1% recall,
with mAP50 and mAP50−95 reaching 92.1% and 43.5%, respectively. Wise-PIoU attained
an APM@50 of 95.9% for medium objects, exceeding the baseline by 1.4% and thereby
demonstrating improved localization accuracy.

When combining the HMKCNet with the DCSFPN, precision reached 91.5% and recall
87.2%. The mAP50 increased to 92.8% while mAP50−95 rose to 42.3%. This combination
leverages advantages from both deep feature extraction and multi-scale information fusion,
performing exceptionally well for small objects and complex backgrounds. Despite a
computational cost of 6.5 GFLOPs and 2.1M parameters, real-time performance remained
excellent, with a frame rate of 625.0. By integrating the HMKCNet with Wise-PIoU, the
model achieved better performance in precision and recall, 91.7% and 88.6%, respectively.
The mAP50 improved from 91.8% to 92.6%, and mAP50−95 increased from 42.6% to 43.7%.
This pairing not only optimizes feature extraction but also enhances localization precision,
showing significant effectiveness in improving recall and handling complex targets. With
6.3 GFLOPs computational cost and 2.5M parameters, real-time performance remained at a
high level. After combining the DCSFPN with Wise-PIoU, the model exhibited a higher
precision of 92.0% and a recall of 88.3%, with an mAP50 at 92.4% and an mAP50−95 reaching
42.9%. These combinations consistently achieved superior performance compared to the
baseline across both small- and medium-target detection metrics.

When jointly using the three components, the model achieved the optimal com-
prehensive performance. Precision reached 92.1% and recall 88.7%, while mAP50 and
mAP50−95 reached 92.9% and 43.7%, respectively. The complete integration achieved the
highest performance, with APS@50 reaching 92.1% for small targets and APM@50 reaching
97.8% for medium targets across all target scales. Although the computational cost was
6.5 GFLOPs with 2.1 M parameters and the frame rate slightly decreased to 769.2, the model
demonstrated exceptional advantages in complex object detection tasks with significant
performance improvements.

5.5. Visual Presentation

To facilitate better assessment of the detection performance of the model, we performed
a comprehensive visual analysis of the target objects.

In Figure 6, the infrared ship detection performance across diverse maritime environ-
ments achieved using RT-DETR-l, YOLOv8n, YOLOv11n, YOLO-FIRI, DNA-Net, and our
proposed model is illustrated. Our approach exhibited excellent capabilities relative to all
other comparative methods, particularly excelling against complex maritime backgrounds.
The comparative analysis shows that existing models face challenges when operating un-
der adverse imaging. These models exhibit significantly reduced confidence scores and
inferior localization precision in complex or wave-dominated scenes, leading to incorrect
identifications and detection failures under high-interference conditions.

Conversely, our proposed model enhances detection performance by integrating the
HMKCNet and DCSFPN to optimize the receptive fields and multi-scale feature integration.
Incorporating Wise-PIoU further enhances target localization stability while strengthening
cross-scale information exchange. The visual comparison reveals that our model effectively
addresses diverse, challenging scenarios with enhanced feature extraction, resulting in
significantly improved ship localization precision. Our heterogeneous convolution kernel-
based approach mitigates interference effects and yields higher confidence detections. The
model achieves precise localization due to a reinforced feature hierarchy information flow
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and effective background interference suppression, thus enabling superior small-target
detection under adverse conditions.

RT-DETR-l YOLOv8n YOLOv11n YOLO-FIRI DNA-Net Proposed

(a)

(b)

(c)

(d)

(e)

(f)

Figure 6. Visual comparison of detection results across different models. (a) Ships with trails;
(b) inshore scene; (c) thin clouds scene; (d) thick clouds scene; (e) sea wave scene; and (f) berthing
scene. The blue boxes are magnified views of specific areas in the original image. False positives and
false negatives are marked with yellow and red circles, respectively.

Figure 7 illustrates performance differences among various models for small ship
target detection under different background conditions. The heatmap colors represent
model confidence levels. Warmer colors like red and yellow signify elevated confidence,
while cooler colors like blue and green correspond to reduced confidence or background
regions. As depicted in Figure 7, YOLOv11n exhibits limitations when processing complex
backgrounds, presenting scattered response regions and relatively low confidence scores
across diverse scenarios. These shortcomings are particularly evident in low-contrast areas,
resulting in inaccurate localization and target detection failures. To mitigate these issues,
the HMKCNet was incorporated. The HMKCNet generates expanded response regions
through enhanced feature extraction capabilities. Although the response areas become



Remote Sens. 2025, 17, 2643 27 of 34

broader, this modification improves the model’s sensitivity to ship targets, effectively
capturing more comprehensive target features despite the increased spatial coverage.
Subsequent integration with the DCSFPN leads to more compact and precise response
regions. This component facilitates cross-scale information transfer and refines the features
expanded by the HMKCNet, thereby optimizing detection accuracy across various scales.
As a result, background interference is effectively diminished in the heatmap, showcasing
the enhanced adaptability in complex environments. The proposed IRSD-Net demonstrates
clear superiority across all scenarios, characterized by highly concentrated response regions
and consistently elevated confidence scores. This integrated approach effectively manages
complex backgrounds, low-contrast conditions, and small targets, delivering superior
localization accuracy and diminished false detection rates.

5.6. Generalization Analysis
5.6.1. Cross-Model Validation

To validate the robustness and generalizability of our proposed approach across
different network architectures, we conducted comprehensive experiments by applying
IRSD-Net to larger YOLO variants, specifically, YOLOv11s. Significant architectural differ-
ences exist between YOLOv11n and YOLOv11s: YOLOv11n, as the Nano version, features
2.6 M parameters and 6.3 GFLOPs, with a focus on extreme lightweight design, whereas
YOLOv11s, as the Small version, scales up to 9.4 M parameters and 21.5 GFLOPs, in-
corporating deeper network structures and enhanced feature representation capabilities.
This cross-architectural migration experiment aimed to demonstrate that the performance
improvements achieved by IRSD-Net represent fundamental enhancements rather than
architecture-specific optimizations. The comprehensive results are presented in Table 8.

The experimental results demonstrate consistent performance improvements across
both backbone network variants. On the ISDD dataset, with the progressive integration
of the HMKCNet, DCSFPN, and Wise-PIoU modules, the YOLOv11s-based model perfor-
mance exhibited a clear incremental trend, advancing from the baseline mAP50 of 91.8%
to 92.3%, 92.7%, and, ultimately, 93.1%. Correspondingly, the parameter count stabilized
at 7.5 M from the baseline 7.9 M, while GFLOPs increased marginally from 22.0 to 22.3.
Similar improvement patterns were observed for the IRSDSS dataset, with mAP50 pro-
gressively advancing from the baseline of 92.9% to a final value of 93.7%. Although the
improvement margins were slightly reduced in larger network variants, attributable to the
diminishing returns phenomenon inherent in more complex baseline models, the persistent
positive improvements across all configurations substantiate that IRSD-Net addresses the
intrinsic challenges in maritime infrared target detection rather than merely compensating
for lightweight architecture limitations, thereby validating the robustness and practical
applicability of our approach.

Table 8. Generalization analysis of YOLOv11s.

Dataset Model Configuration Precision Recall mAP50 mAP50−95 APS@50 APM@50 GFLOPs Parameters
(%) (%) (%) (%) (%) (%) (M)

ISDD

Baseline 91.5 87.4 91.8 45.4 90.2 91.8 22.0 7.9
+ HMKCNet 92.1 88.2 92.3 45.3 90.9 92.8 22.0 7.9

+ HMKCNet + DCSFPN 92.7 88.1 92.7 45.8 91.4 93.9 22.3 7.5
+ HMKCNet + DCSFPN + Wise-PIoU 93.3 88.4 93.1 46.1 92.3 93.6 22.3 7.5

IRSDSS

Baseline 91.8 88.3 92.9 44.8 92.3 95.6 22.0 7.9
+ HMKCNet 92.0 88.9 93.2 45.7 92.5 97.3 22.0 7.9

+ HMKCNet + DCSFPN 92.6 89.2 93.4 44.9 92.7 97.6 22.3 7.5
+ HMKCNet + DCSFPN + Wise-PIoU 92.9 89.6 93.7 45.9 92.9 97.9 22.3 7.5

Note: The best results are displayed in bold, and the second-best results are underlined.
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Figure 7. Heatmap comparison of detection accuracy across four networks. (a) Ships with trails; (b) in-
shore scene; (c) thin clouds scene; (d) thick clouds scene; (e) sea wave scene; and (f) berthing scene.

5.6.2. Cross-Platform Performance Analysis

To assess the practical performance of IRSD-Net across diverse computational environ-
ments, we conducted comprehensive benchmarking experiments on three representative
computing platforms. The evaluation encompassed a high-performance RTX 4090 GPU
(NVIDIA Corporation, Santa Clara, CA, USA), mid-range RTX 3060 GPU (NVIDIA Corpo-
ration, Santa Clara, CA, USA), and Intel i7-12700K CPU (Intel Corporation, Santa Clara, CA,
USA), representing basic computational environments. All evaluations utilized a 640 × 640
input resolution, with memory consumption measured during actual inference operations.
The experimental outcomes demonstrate robust cross-platform adaptability, as detailed
in Table 9.

The experimental outcomes demonstrate robust cross-platform adaptability. On the
RTX 4090 GPU, IRSD-Net achieved 714.3 FPS and 769.2 FPS on the ISDD and IRSDSS
datasets, respectively, delivering accuracy improvements of 1.7 and 1.1 percentage points
over YOLOv11n. The RTX 3060 GPU testing maintained an efficient performance with
242.5 FPS and 238.2 FPS, preserving accuracy advantages despite modest speed decreases
compared to YOLOv11n’s 260.5 FPS and 270.3 FPS. The CPU evaluation using Intel i7-
12700K yielded 6.09 FPS and 5.93 FPS, meeting maritime surveillance real-time require-
ments of 1 to 5 FPS while maintaining consistent detection accuracy across all platforms.
Memory consumption ranged from 50.2 to 78.0 MB for the GPU and from 374 to 378 MB
for the CPU, demonstrating comparable resource efficiency to YOLOv11n. With 2.1 M
parameters versus 2.6 M for YOLOv11n, IRSD-Net achieves superior accuracy and pa-
rameter efficiency through strategic speed trade-offs, making it particularly suitable for
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Table 9. Performance comparison of IRSD-Net and YOLOv11n across different computing platforms.

Dataset Platform Model FPS Latency (ms) mAP50 (%) GFLOPs Parameters (M) Memory (MB)

ISDD

RTX4090 YOLOv11n 909.1 1.1 90.8 6.3 2.6 73.7
IRSD-Net 714.3 1.4 92.5 (+1.7) 6.5 2.1 78.0

RTX3060 YOLOv11n 260.5 3.8 90.5 6.3 2.6 50.2
IRSD-Net 242.5 4.1 91.6 (+1.1) 6.5 2.1 53.2

CPU YOLOv11n 13.07 76.5 90.5 6.3 2.6 378
IRSD-Net 6.09 164.3 92.1 (+1.6) 6.5 2.1 374

IRSDSS

RTX4090 YOLOv11n 1111.1 0.9 91.8 6.3 2.6 73.7
IRSD-Net 769.2 1.3 92.9 (+1.1) 6.5 2.1 78.0

RTX3060 YOLOv11n 270.3 3.7 91.7 6.3 2.6 50.2
IRSD-Net 238.2 4.2 92.8 (+1.1) 6.5 2.1 53.2

CPU YOLOv11n 12.85 77.8 91.4 6.3 2.6 378
IRSD-Net 5.93 168.6 91.5 (0.1) 6.5 2.1 374

accuracy-prioritized maritime surveillance applications. Although IRSD-Net slightly lags
behind YOLOv11n in FPS, this difference is primarily due to IRSD-Net’s adoption of a
more complex network structure and more meticulous inference strategies to ensure higher
detection accuracy across diverse maritime monitoring scenarios. Furthermore, IRSD-Net
focuses more on precision and reliability, ensuring effectiveness and robustness in critical
applications even at the expense of some processing speed. Nonetheless, IRSD-Net shows
excellent performance in terms of memory consumption and parameter efficiency, proving
its suitability for environments with limited resources.

Although technical constraints prevented actual deployment testing on NVIDIA Jet-
son series devices, IRSD-Net demonstrated exceptional edge deployment potential based
on computational complexity analysis. Our model requires only 6.5 GFLOPs and 2.1 M
parameters, representing a 19.2% parameter reduction compared to the YOLOv11n baseline.
Recent investigations have established strong correlations between theoretical computa-
tional metrics and actual edge device performance. The LEAF-YOLO-N model [84] with
5.6 GFLOPs and 1.2 M parameters achieved real-time inference exceeding 30 FPS on the
NVIDIA Jetson AGX Xavier (NVIDIA Corporation, Santa Clara, CA, USA), exhibiting com-
putational complexity highly similar to our IRSD-Net architecture. Studies have validated
that lightweight detection algorithms with computational loads below 10 G FLOPs and
under 5 M parameters demonstrate stable operation across various edge platforms [85,86].
The HMKCNet backbone employs grouped convolution and channel-partitioning mecha-
nisms, while the DCSFPN neck reduces information transfer overhead through bidirectional
feature fusion, adhering to resource-constrained design principles. Based on theoretical
analysis and comparable model cases, IRSD-Net is expected to achieve 45–55 FPS on the
Jetson Xavier NX and 40–50 FPS on the Jetson Orin Nano (NVIDIA Corporation, Santa
Clara, CA, USA), meeting real-time maritime target monitoring requirements. Future
research will focus on comprehensive deployment verification on actual edge hardware.

6. Discussion
To provide a comprehensive evaluation of IRSD-Net’s performance characteristics, we

selected several challenging scenarios where our model exhibited false positives and false
negatives to analyze the underlying causes and limitations.

Although IRSD-Net demonstrated robust performance across diverse scenarios, analy-
sis of the detection errors revealed several limitations, as shown in Figure 8. The method
experiences performance degradation under extreme weather conditions such as heavy
fog or severe storms, primarily when ships exhibit minimal thermal radiation differences
compared to surrounding seawater with a less than 3% contrast ratio, causing detection
accuracy to decrease by 10–25%. Another source of errors arises from sea surface reflections
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or cloud boundaries with ship-like thermal signatures being misidentified as targets, lead-
ing to an mAP50 reduction of approximately 8%. Additionally, complex port infrastructure
creates false detections, where docked vessels or maritime equipment are erroneously clas-
sified as active targets. Despite multi-scale optimization by the DCSFPN, occasional missed
detections occur for extremely small targets smaller than 10 × 10 pixels, and the HMKConv
module may lack effective adaptation when significant environmental differences exist
between testing and training scenarios.

ProposedHyper-YOLO ALCNet

Figure 8. Visual analysis of false positive and false negative cases across different models. The blue
boxes are magnified views of specific areas in the original image. False positives and false negatives
are marked with yellow and red circles, respectively.

7. Conclusions
This paper presents IRSD-Net, which addresses multiple challenges in infrared ship

target detection and achieves significant experimental results. The following are the three
main innovations and their analysis:

• In this work, we introduce the HMKCNet into the backbone architecture to en-
hance feature extraction capabilities. This novel component employs parallel con-
volutions with varying kernels and receptive field regulation, thereby optimizing
multi-scale target processing. As a result, the HMKCNet demonstrates particularly
significant performance improvements when detecting small targets and processing
low-contrast images.

• In terms of network architecture, we propose the DCSFPN. This innovation optimizes
the fusion and transmission mechanisms of multi-scale features, thus enhancing global
contextual perception capabilities. To achieve this, we incorporate two key compo-
nents: the MSCBlock and EUCBlock. The components enable efficient integration and
transmission of cross-scale semantic information.
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• We implement Wise-PIoU, combining geometric alignment penalties with dynamic
focusing. This addresses the performance degradation caused by numerous low-
quality examples in detection tasks. Unlike traditional IoU-based loss functions, Wise-
PIoU handles bounding box misalignments more accurately, enhancing regression
precision while preventing domination by extreme samples. This approach optimizes
small-ship detection in dynamic scenarios and complex environments, significantly
improving both precision and recall metrics.

Despite robust performance, our model’s computational complexity limits real-time
applications on resource-constrained devices. Future research directions include imple-
menting knowledge distillation and pruning techniques to reduce computational overhead
for maritime device deployment. Meanwhile, integrating infrared imaging with visible
light and radar data could enhance detection robustness under extreme weather condi-
tions. Beyond performance optimization, extending the framework to detect multiple
maritime objects such as floating debris and rescue equipment would enable comprehen-
sive surveillance capabilities.
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