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Abstract

With the rapid expansion of global maritime transportation, infrared ship detection has
become increasingly critical for ensuring navigational safety, enhancing maritime monitor-
ing, and supporting environmental protection. To address the limitations of conventional
methods in handling small-scale targets and complex background interference, in this
paper, we propose an improved approach by embedding the convolutional block attention
module (CBAM) into different components of the YOLOv5 architecture. Specifically, three
enhanced models are constructed: the YOLOv5n-H (CBAM embedded in the head), the
YOLOv5n-N (CBAM embedded in the neck), and the YOLOv5n-HN (CBAM embedded
in both the neck and head). The comprehensive experiments are conducted on a publicly
available infrared ship dataset to evaluate the impact of attention placement on detection
performance. The results demonstrate that the YOLOv5n-HN achieves the best overall
performance, attaining the mAP@0.5 of 86.83%, significantly improving the detection of
medium- and large-scale maritime targets. The YOLOv5n-N exhibits superior performance
for small-scale target detection. Furthermore, the incorporation of the attention mechanism
substantially enhances the model’s robustness against background clutter and its discrimi-
native capacity. This work offers practical guidance for the development of lightweight
and robust infrared ship detection models.

Keywords: YOLOv5; attention mechanism; ship detection; small object detection

1. Introduction
With the rapid expansion of global maritime transportation and the widespread de-

ployment of unmanned surface vehicles (USVs) and intelligent maritime systems, the
number and diversity of vessels operating at sea have grown substantially [1]. This surge
has introduced new challenges to maritime traffic management and safety monitoring.
Against this backdrop, achieving efficient and accurate ship detection has become a critical
technological imperative for ensuring navigational safety and enhancing management
effectiveness—particularly in complex littoral environments. Currently, the primary tech-
nological approaches for maritime ship detection can be broadly categorized into four
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classes: satellite remote sensing, navigational radar, visible-light imaging, and infrared
vision [1]. While satellite imagery offers wide-area coverage, large-scale data acquisition,
and rapid transmission, its limited spatial resolution and transmission latency impede
real-time, high-precision detection, restricting its effectiveness in fine-grained maritime
target recognition [2,3]. Navigational radar provides robust all-weather sensing capabilities
but typically yields sparse point or strip-based outputs, lacking the resolution needed to
determine target dimensions or categories accurately [4,5]. Visible-light imaging systems,
known for their high spatial resolution, are capable of capturing detailed visual features
of ships and have become a prominent modality for object detection [6,7]. Nevertheless,
their performance is highly susceptible to environmental interference such as sea surface
reflections, fog, and low illumination, leading to significant degradation under nighttime
or adverse weather conditions. In contrast, infrared imaging—although generally inferior
to visible-light systems in spatial resolution—operates on fundamentally different princi-
ples. By capturing thermal radiation emitted from objects, infrared systems enable passive
sensing based on temperature differentials. This allows effective detection of heat-emitting
targets, such as ship engines or human bodies [8]. Therefore, infrared vision exhibits strong
robustness under low-light or adverse environmental conditions, making it particularly
well-suited for ship detection tasks in complex coastal scenarios and offering considerable
potential for practical deployment.

Traditional infrared ship detection methods are primarily based on modeling im-
age characteristics, reflecting classical object detection paradigms in which the goal is to
achieve foreground–background separation through handcrafted modeling techniques.
These approaches are generally categorized into two types: spatial-domain filtering meth-
ods and transform-domain filtering methods [9,10]. Spatial-domain techniques, such as
median and mean filtering, operate by smoothing local pixel neighborhoods to suppress
background noise and enhance target saliency. In contrast, transform-domain methods
utilize frequency or multi-scale analysis to amplify target signals while preserving edge
information, thereby improving the signal-to-noise ratio (SNR) and enhancing detection
robustness. In practical implementations, Mo et al. proposed a nighttime infrared ship
detection method that integrates local gray-level dynamic range saliency mapping with
dual-channel image separation, effectively enhancing target contrast while suppressing
background clutter, which enables precise extraction of small-scale maritime targets [11].
Li et al. developed an approach that fuses temporal fluctuation features with spatial struc-
tural characteristics, exploiting the observation that infrared ship targets exhibit temporal
stability, while sunlight-induced reflections vary with ocean surface undulations [12]. By
incorporating target shape priors, this method achieves accurate detection even under
strong solar reflection conditions. Despite their interpretability and ease of engineering
deployment, traditional infrared detection methods generally suffer from limitations such
as low detection accuracy, slow processing speed, and poor model adaptability. These
methods often rely on handcrafted priors tailored to specific background conditions, which
hampers their generalization capabilities. As a result, their feature extraction and classifica-
tion performance tend to degrade in complex or highly dynamic infrared scenes, making
them inadequate for the demands of real-time and robust detection in high-variability
maritime environments.

In recent years, this rapid advancement of deep learning has spurred a growing
interest in its application to infrared ship detection, aiming to enhance both detection accu-
racy and robustness. Compared with traditional methods based on handcrafted features,
deep learning-based approaches offer superior capabilities in automatic feature represen-
tation, enabling effective adaptation to complex backgrounds and highly variable target
appearances. As a result, these methods have led to significant performance gains in chal-
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lenging infrared detection scenarios. Currently, deep learning-based infrared ship detection
methods can be broadly classified into two categories: two-stage detectors and one-stage
detectors. Representative two-stage frameworks include R-CNN [13], Fast R-CNN [14],
and Faster R-CNN [15], which adopt a two-step paradigm wherein region proposals are
first generated and subsequently refined through classification and bounding-box regres-
sion. While these methods generally achieve high detection accuracy, their relatively low
inference speed hinders real-time applicability in dynamic maritime environments. In
contrast, one-stage detectors such as SSD [16], RetinaNet [17], and the YOLO family [18,19]
adopt an end-to-end design that treats object detection as a unified regression problem,
jointly predicting class probabilities and bounding box coordinates. These models typ-
ically offer significantly faster inference speeds, making them well-suited for real-time
applications. Although their detection accuracy may fall slightly short of certain two-stage
methods, one-stage detectors have demonstrated strong overall performance across a range
of infrared detection tasks. With the continued integration of deep learning into infrared
imaging, recent studies have incorporated attention mechanisms into YOLO architecture to
improve the detection of small maritime targets. For instance, Indah Monisa et al. proposed
a one-stage infrared ship detection framework enhanced by a coordinate attention module,
effectively boosting the model’s ability to localize small targets in cluttered maritime envi-
ronments characterized by low resolution, low SNR, and high background complexity [20].
Their method demonstrated improved accuracy and robustness in detecting small infrared
targets. Building on YOLOv5, Jing Ye et al. introduced a detection framework that inte-
grates attention mechanisms and multi-scale feature enhancement [21]. By incorporating
high-resolution shallow feature extraction, noise suppression, and contextual information
fusion, the model significantly improves the representational capacity and resilience to
interference in small-target detection. Similarly, Lize Miao et al. proposed the convolutional
block attention module (CBAM)-YOLOv5, which embeds a convolutional attention module
and a scale-bias factor into the YOLOv5 architecture [22]. This design enhances the model’s
ability to extract salient features from small infrared targets and improves bounding box
regression precision. The proposed method effectively addresses the challenges of low con-
trast, poor resolution, and small object detectability inherent to infrared maritime imagery,
leading to notable improvements in detection performance. With the increasing complexity
of maritime environments and the demand for reliable detection, the YOLOv5 has proven
effective for infrared ship recognition due to its end-to-end design and efficient feature
extraction. Incorporating the attention mechanism further improves sensitivity to small
or low-texture targets, thereby enhancing overall performance under challenging infrared
imaging conditions.

Motivated by these considerations, this work examines the integration of the atten-
tion mechanism into the YOLOv5 for infrared maritime ship detection. Specifically, three
enhanced model variants are developed by embedding the CBAM into the neck, the detec-
tion head, and both modules simultaneously. Comparative experiments on the publicly
available infrared ship dataset are then conducted to systematically assess the influence of
attention placement on key performance metrics. The results demonstrate the respective
advantages and trade-offs of each deployment strategy, offering both theoretical insights
and practical guidance for designing lightweight yet robust infrared ship detection models.

The remainder of this paper is organized as follows: Section 2 presents a detailed
description of the proposed model’s system architecture, with a focus on the integration of
the attention mechanism into various modules of the YOLOv5. Section 3 is dedicated to
the presentation of experimental results and the comparative analysis of various attention
mechanism integration strategies applied to infrared ship detection. Section 4 concludes
this paper and discusses potential directions for future research.
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2. Proposed Improved YOLOv5
2.1. Overview of the YOLOv5 Architecture

The YOLOv5 is a representative one-stage object detection framework, comprising
four major components: the input module, the backbone network, the neck network, and
the prediction head [23,24]. The overall architecture of YOLOv5 (version 6.1) is illustrated
in Figure 1.
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Figure 1. The architecture of the YOLOv5 (version 6.1).

In the input module, the YOLOv5 performs data pre-processing and augmentation to
improve training robustness and generalization. Specifically, Mosaic data augmentation
is employed, which combines four images into one by scaling, arranging, and cropping,
thereby enriching the diversity of training samples. Subsequently, input images are resized
proportionally and padded with the minimum amount of black borders to standardize their
dimensions, ensuring consistent input to the model. In addition, the YOLOv5 adaptively
initializes anchor boxes during the early stages of training. The model computes the
intersection over union (IoU) between predicted boxes and ground-truth annotations
to evaluate localization error. This error is then minimized through backpropagation,
allowing the anchor box dimensions to be iteratively optimized, which in turn reduces the
loss function and enhances overall model performance.

The backbone network is primarily responsible for feature extraction and can be
viewed as an efficient convolutional architecture designed to capture multi-scale image
details. It consists of several key components [1,25], including the CBS blocks, CSP struc-
tures, and the SPPF module, as illustrated in the Figure 1. These input images are first
processed through a series of CBS blocks, comprising convolution layers, batch normaliza-
tion, and activation functions, to extract increasingly abstract and expressive feature maps.
The SPPF module aggregates multi-scale contextual information via parallel max-pooling
operations at varying spatial scales, followed by feature concatenation and convolution,
thereby enhancing spatial sensitivity and robustness to object scale variations.

The neck network is designed for feature fusion and primarily consists of the feature
pyramid network (FPN) and path aggregation network (PANet) [26,27]. This module em-
ploys both upsampling and downsampling operations to effectively integrate multi-level
features extracted from the backbone. By integrating channel-wise and spatial informa-
tion, the module builds a multi-scale feature pyramid, which substantially improves the
detection performance for objects of diverse sizes.

In the prediction head, the YOLOv5 performs object classification and localization
by generating bounding boxes at three different feature map scales. Each scale predicts
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multiple anchor boxes, with each box encoding class probabilities and spatial coordinates.
During inference, candidate bounding boxes are generated by regressing from anchor boxes
using the predicted offsets and scale ratios. A confidence threshold is then applied to filter
out low-confidence detections, followed by non-maximum suppression (NMS) to eliminate
redundant boxes and yield the final detection results.

In the context of infrared ship target detection, selecting an appropriate lightweight
detection architecture is essential to achieve a balance among detection accuracy, inference
speed, and model complexity. The YOLOv5 family offers multiple model variants—namely,
YOLOv5n, YOLOv5s, YOLOv5m, YOLOv5l, and YOLOv5x—to accommodate diverse
computational constraints and application requirements. Among them, the YOLOv5n is
the most lightweight configuration, featuring the smallest network depth and width [28]. It
significantly reduces model size and computational overhead while maintaining accept-
able detection performance, making it particularly suitable for deployment on resource-
constrained edge devices. In this paper, the YOLOv5n (version 6.1) is selected as the base-
line model, based on a comprehensive evaluation of its performance stability, widespread
adoption, and active community support. All subsequent improvements and experimental
investigations are conducted on top of this architecture. Although recent iterations of the
YOLO family, such as YOLOv8-YOLOv11, have demonstrated competitive performance
in diverse applications [29]. We adopt the YOLOv5n (version 6.1) in this study because it
offers a favorable trade-off among detection accuracy, computational efficiency, and ease
of deployment on resource-constrained maritime platforms. Its extensive adoption and
stable tooling ecosystem also facilitates reproducibility and comparison with prior work.
Importantly, our attention-placement investigation is architecture-agnostic in spirit: the
same design can be ported to newer YOLO model with minimal changes. We therefore
consider the integration and evaluation of the YOLOv8-YOLOv11 as a natural extension
for future work.

2.2. YOLOv5n Enhanced with Attention Mechanism

Given the strong performance of the YOLOv5n in small object detection tasks, we
explore the integration of the attention mechanism into different components of the model
to enhance infrared ship detection performance. As a key technique in deep learning,
the attention mechanism dynamically modulates the focus of feature representations,
guiding the model to concentrate on more discriminative target regions while suppressing
irrelevant background information. Considering that the YOLOv5n consists of three major
components—the backbone, neck, and prediction head—each contributing differently
to semantic abstraction and spatial detail representation, the placement of the attention
module plays a critical role in optimizing detection performance. Therefore, designing
effective attention mechanism integration strategies tailored to specific stages of the model
is essential for improving the detection performance of maritime infrared ships.

The attention mechanism can be categorized based on the dimension of focus into
channel attention mechanism, spatial attention mechanism, and the hybrid mechanism
that combines both. These mechanisms apply learnable weighting strategies to guide
the model toward more discriminative feature information, thereby enhancing feature
representation and improving object detection performance. For example, the channel
attention mechanism is designed to assess the relative importance of different feature
channels, while the spatial attention mechanism focuses on localizing critical regions
within the image. By leveraging these mechanisms, the model can adaptively refine its
feature maps, emphasizing content relevant to the target while suppressing irrelevant or
redundant background information.



Technologies 2025, 13, 391 6 of 22

The channel attention module (CAM) enhances the expressiveness of feature maps by
modeling inter-channel dependencies and assigning adaptive weights to each channel. This
enables the model to amplify informative feature channels while suppressing irrelevant
or redundant ones. The overall processing pipeline of the CAM is illustrated in Figure 2.
Given an input feature map F of size H × W × C, where H, W, and C denote the height,
width, and the number of channels, respectively. To generate channel-wise descriptors,
the global average pooling and global max pooling are independently applied along the
spatial dimensions. This yields two channel-wise descriptor vectors of size 1 × 1 × C,
denotes as Fc

avg and Fc
max, respectively. These two descriptors are then passed via a shared

multi-layer perceptron (MLP), which learns nonlinear channel relationships. The outputs of
the two branches are subsequently combined via element-wise addition to produce a one-
dimensional channel attention vector. This vector is normalized using a sigmoid activation
function to obtain the final attention weights for each channel. Finally, the attention weights
are applied to the original feature map via element-wise multiplication along the channel
dimension, resulting in a reweighted feature map Mc(F), where informative channels are
enhanced and redundant ones are suppressed. The detailed computation of the CAM can
be formulated as follows,

Mc(F) = δ(MLP(AvgPool(F)) + MLP(MaxPool(F)))

= δ(W1(W0Fc
avg) + W1(W0Fc

max))
, (1)

where the AvgPool(·) and MaxPool(·) represent global average pooling and global max
pooling operations, respectively. The δ(·) denotes the sigmoid activation function, and
Mc(F) represents the final channel attention map.

Input Features

Channel Attention  

Mechanism

Max Pooling

Avg Pooling
Shared MLP

Figure 2. The structure of CAM.

The spatial attention module (SAM) aims to capture the salient regions of a feature
map in the spatial dimension by analyzing the importance of different spatial locations.
This guides the network to focus more precisely on target areas, thereby improving detec-
tion accuracy. Structurally, the SAM is typically applied after the channel attention module,
taking as input the channel-refined feature map. Figure 3 illustrates the overall processing
pipeline of the SAM. Considering the input feature map F of size H ×W × C, the SAM first
performs global max pooling and global average pooling along the channel dimension,
producing spatial maps: Fs

max and Fs
avg, both of size H × W. These two maps are then

concatenated along the channel axis to form a feature map of size H × W × 2. This concate-
nated map is passed through a convolutional layer with a kernel size of 7 × 7, followed
by a sigmoid activation function, yielding the spatial attention map Ms(F). Finally, the
spatial attention map is applied to the input feature map via element-wise multiplication
(broadcast along the channel dimension), thereby enhancing the spatially salient regions of
the feature representation. The entire computation process of the SAM can be formulated
as follows,

Ms(F) = δ( f 7×7([AvgPool(F); MaxPool(F)]))

= δ( f 7×7([Fs
avg; Fs

max]))
, (2)
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where f 7×7(·) denotes the convolutional operation with the kernel size of 7 × 7. [·; ·]
represents channel-wise concatenation, and σ(·) is the sigmoid activation function.

Convolutional 

Layer

Avg Pooling

Max Pooling
Input Features

Spatial Attention  

Mechanism

Figure 3. The structure of SAM.

Among various hybrid attention mechanisms, the CBAM has emerged as a lightweight
and effective design and has been widely applied in object detection and related vision
tasks. As illustrated in Figure 4, the CBAM consists of a channel attention module followed
sequentially by a spatial attention module. Notably, the CBAM exhibits strong generality
and plug-and-play flexibility, making it suitable for multi-layer integration within diverse
deep neural network architectures. By jointly modeling both channel-wise and spatial
attention, the CBAM enables the network to better focus on informative features while sup-
pressing irrelevant information, thereby enhancing the discriminative capacity of feature
representations. Based on these advantages, we adopt the CBAM as the representative at-
tention module and integrate it into the YOLOv5n. We systematically investigate the effect
of attention placement on detection performance in the context of infrared ship detection.

Input Features

Channel Attention 

Module

Spatial Attention 

Module

Output Features

Figure 4. The structure of CBAM.

As shown in Figure 5, the CBAM is embedded into three different configurations: the
neck module (YOLOv5n-N), the prediction head (YOLOv5n-H), and both the neck and
head simultaneously (YOLOv5n-HN). Through comparative experiments, the impact of the
attention mechanism at the feature fusion stage and output prediction stage is evaluated,
providing insights into their respective contributions to detection accuracy and robustness.
It is worth noting that the motivation for systematically exploring the placement of the
attention mechanism is primarily based on the following considerations:

• Neck Position: Enhancing early-stage attention to small target features. In infrared
imagery, small maritime objects—such as the canoe and fishing boat—tend to ex-
hibit sparse texture and diminished saliency following deep downsampling, making
them susceptible to being overwhelmed by background clutter. This indicates that
embedding the CBAM into the neck network enhances the sensitivity of the model
to small target during the multi-scale feature fusion stage. Specifically, the spatial
attention mechanism emphasizes the spatial locations of potential targets, while the
channel attention mechanism strengthens semantic channels associated with thermal
emissions and structural contours of ships. This integration improves the effectiveness
of early feature perception and enhances the model’s ability to preserve discriminative
information relevant to small objects.
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• Head Position: Improving late-stage suppression of background noise. Infrared
maritime scenes often exhibit complex backgrounds, with interference from waves,
fog, and strong reflections, which can mislead the detection process. To address this
challenge, integrating the CBAM into the prediction head enables further refinement
of the candidate feature maps during the output stage. By selectively compressing and
reweighting features, the model effectively suppresses background noise and enhances
the response to target regions, thereby improving robustness and discriminative
capability in the final prediction phase.

• Neck+Head Joint Integration: Enabling multi-stage collaborative optimization. Incor-
porating attention mechanism into both the neck and prediction head is theoretically
advantageous, as it allows for the simultaneous enhancement of small target repre-
sentations in the early stages and suppression of background interference in the later
stages, potentially yielding a synergistic optimization effect. Nevertheless, the use of
dual attention modules may also introduce feature redundancy or interference, thereby
affecting inference efficiency and training stability. To evaluate the effectiveness of this
joint strategy, a variant model named YOLOv5n-HN is constructed. Extensive exper-
iments are conducted under various infrared maritime scenarios to assess whether
this configuration offers generalized performance gains or if its benefits are limited to
specific task settings.

Through the design of the three aforementioned model variants, this work not only
investigates the effectiveness of the attention mechanism itself but also emphasizes a
comparative analysis of its deployment at different stages of the network. The goal is to
provide deeper insight into the optimal placement strategy of the attention module for
infrared maritime ship detection.
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3. Experiment Results Analysis
3.1. Dataset Description and Analysis

In this section, we utilize the publicly available infrared maritime ship image dataset
provided by Yantai Raytron Technology Co., Ltd. (Yantai, China). The dataset presents
both unique advantages and potential challenges across multiple dimensions. It comprises
a total of 8403 images, offering sufficient scale to support the parameter optimization and
iterative training requirements of deep learning models. The dataset includes annotations
for seven ship categories, such as liner, bulk carrier, and others. While the category set is
relatively diverse, the distribution of samples is significantly imbalanced, as illustrated in
Figure 6 For instance, the number of fishing boat instances reaches 8146, whereas container
ships are represented by only 622 samples. Such an imbalance in data distribution may
impede the model from effectively learning discriminative features for minority classes,
thereby increasing the risk of missed detections or misclassifications during inference,
particularly for underrepresented categories.

Figure 6. Class distribution of annotated ship types in the infrared dataset.

In terms of scene coverage, the dataset leverages infrared imaging technology to
overcome the limitations of conventional optical sensors under challenging environmental
conditions. The collected images encompass a variety of representative maritime scenarios,
including open-sea navigation, port docking, and nearshore operations. Furthermore, the
dataset includes infrared imagery captured under varying times of day, sea states, and
illumination conditions, thereby enhancing its environmental diversity. The inclusion of
multi-resolution imagery, which ranges from 384× 288 to 1280× 1024, further enhances the
dataset, enabling models to learn discriminative ship features across varying spatial scales
and thereby improving generalization in complex maritime environments. Nonetheless,
infrared imaging is inherently constrained by low texture richness and reduced image
contrast, which significantly increases the difficulty of detecting small ships or targets
with weak thermal signatures. Additionally, due to the structural diversity of ships, the
annotated bounding boxes in the dataset exhibit a wide range of aspect ratios. Some targets
display extreme elongation along either the vertical or horizontal axis. The compatibility
between anchor boxes and ground-truth boxes is largely dependent on the distribution
of these aspect ratios. As shown in Figure 7, the normalized aspect ratio distribution is
concentrated in the upper-left and lower-left quadrants, which aligns with the geometric
characteristics commonly observed in maritime targets.
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Figure 7. Distribution of normalized bounding box width and height in the infrared ship dataset.

3.2. Training Strategy and Implementation Details

The experiments were conducted on a Linux-based system (Ubuntu 22.04.1 LTS)
using the PyTorch deep learning framework (version 1.13.1 with CUDA 11.7). The
model training was performed on the Autodl platform. The input image size for the
network was set to 640 × 640. The detailed hardware configuration used for all exper-
iments is summarized in Table 1. The YOLOv5n was adopted as the baseline detec-
tion model. The dataset (8402 images) was split into training, validation, and test sets.
First, 90% of the dataset was allocated for model development and 10% for testing. The
90% portion was then further divided into training and validation subsets at a 9:1 ra-
tio. Consequently, the final split consisted of 81% training (6804 images), 9% validation
(757 images), and 10% test (841 images).

Corresponding, Figure 8 illustrates the overall pipeline of the proposed model. During
the training stage, infrared images from the training set are first subjected to data augmen-
tation, followed by model selection and initialization. The model is then optimized via
forward propagation and error backpropagation until the performance metrics satisfy the
predefined criteria, yielding the final trained model. In the testing stage, infrared images
from the test set are processed using the trained model to perform ship detection, and the
resulting predictions are evaluated to assess detection performance.

Data augmentation

Training stage

Model selection

Model initialization

Forward propagation and 

error back propagation

The metrics meet 

the requirements?

Trained model

Yes

No

Read images from test set

Trained model

Ship detection

Evaluation of test results

Testing stage

Read images from 

training set

Figure 8. Overall pipeline of the proposed model, including the training stage and the testing stage.
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Table 1. Experimental environment configuration.

Component Specification

CPU 22vCPU AMD EPYC 7T83 64-Core Processor
GPU vGPU-32GB (32 GB)

Memory 90 GB
CUDA 11.7 (compatible with PyTorch 1.13.1)

Operation System Linux (Ubuntu 22.04.1 LTS, Chongqing, China)
Deep Learning Framework PyTorch (1.13.1)

3.2.1. Hyperparameter Setting

According to the configuration summarized in Table 2, stochastic gradient descent
(SGD) was employed as the optimizer for model parameter updates, with a momentum
coefficient set to 0.937, an initial learning rate of 0.01, and a weight decay factor of 0.0005.
Regarding hyperparameter settings, the batch size was configured to the maximum value
permitted by the available memory, which was 32. The learning rate ranged from a maxi-
mum of 0.01 to a minimum of 0.0001. All models were trained for a total of 300 epochs, and
performance was directly assessed on the designated test set. To address the class imbalance
issue, data augmentation techniques, including Mosaic and MixUp, were employed to
increase sample diversity. These strategies are particularly beneficial for improving the
generalization capability of the model with respect to minority classes. The probability of
applying Mosaic probability was set to 0.5, indicating a 50% chance of applying Mosaic
at each training step. The same probability setting was used for MixUp. Additionally, the
Special Auto Ratio was configured to 0.7, meaning that Mosaic augmentation was applied
only during the first 70% of the training epochs. During inference, a fixed confidence
threshold of 0.5 was applied to filter out low-confidence detections, following the default
configuration in YOLOv5n. This setting balances false positives and missed detections
under low contrast and complex backgrounds. And the anchor boxes were initialized using
YOLOv5n’s K-means–based adaptive anchor calculation, which was fitted to the infrared
ship dataset to match the target scale distribution.

Table 2. Training hyperparameter settings.

Hyperparameter Value

Batch Size 32
Epoch 300

Learning Rate 0.01
Mosaic Probability 0.5
MixUp Probability 0.5

Optimizer SGD
Momentum 0.937

Special Auto Ratio 0.7

3.2.2. Loss Function Analysis

Figure 9 presents the training and validation loss curves under four models: the
baseline YOLOv5n, YOLOv5n-N, YOLOv5n-H, and YOLOv5n-HN. It should be mentioned
that the loss values are presented on a logarithmic scale to highlight subtle differences. As
illustrated in the figure, all models exhibit high initial loss values in both training and vali-
dation sets due to the lack of convergence during the early training stages. This is attributed
to the models not yet having learned effective feature representations from the training
data. As training progresses, the loss values decrease rapidly. In the case of the original
YOLOv5n, the loss begins to stabilize after approximately 50 epochs, eventually converging
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to around 0.108. The three attention-enhanced variants follow similar convergence trends,
reaching stable loss values within a comparable number of epochs. Notably, throughout the
training process, the training and validation loss curves for all three attention-mechanism-
integrated models converge closely, with no significant divergence between them. It means
that all four models exhibit good generalization capability and maintain stable detection
performance on previously unseen data.

(a) YOLOv5n (b) YOLOv5n-H

(c) YOLOv5n-N (d) YOLOv5n-HN

Figure 9. Training curves of YOLOv5n model variants.

3.2.3. mAP Metric Analysis

Figure 10 shows the evolution of mean Average Precision (mAP) across training
epochs for all model variants. It should be noted that, to generate the performance curves
in Figure 10, the models were saved every 10 training epochs, and each saved version was
subsequently evaluated on the test set for mAP computation. In the early training stages,
the mAP values remain relatively low across all models, indicating that the networks
had not yet effectively learned discriminative target features due to parameter under-
convergence. As training progresses, the mAP increases rapidly—particularly between
epochs 0 and 100—demonstrating that this phase corresponds to the most active period
of feature learning, during which detection accuracy improves substantially. Between
epochs 100 and 150, the rate of mAP growth begins to decelerate, suggesting that the model
is gradually approaching convergence. By epoch 150, all three attention-based models
achieve the mAP of approximately 0.77, suggesting that the models have learned most of
the dominant target features, although room for further improvement remains. Beyond
this point, the mAP continues to rise but with diminishing gains. Near epoch 300, the
mAP curves stabilize and converge around 0.87, indicating that the models have reached
saturation in terms of detection capability and that training has effectively converged.
A comparison of the curves reveals that both the YOLOv5n-H and YOLOv5n-N, which
incorporate attention mechanisms, mostly outperform the original YOLOv5n in terms of
mAP throughout the training process. This suggests that the integration of the attention
mechanism contributes positively to the enhancement of detection accuracy.
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Figure 10. Comparison of mean Average Precision (mAP@0.5) across YOLOv5n with different
structural modifications.

3.3. Performance Evaluation and Comparative Analysis
3.3.1. Metric-Based Comparison

In this section, model performance is evaluated using five core metrics: mAP,
Average Precision (AP), F1 score, recall rate, and precision. All evaluations are conducted
under a fixed confidence threshold of 0.5. The models under comparison include the
original YOLOv5n and three attention-mechanism-enhanced model variants: YOLOv5n-N,
YOLOv5n-H, and YOLOv5n-HN. The evaluation focuses on various categories of ship
targets within the validation set. The subsequent analysis integrates both quantitative
results and visualized detection outputs to assess the performance improvements brought
by attention mechanisms in the context of infrared ship detection.

As shown in Table 3, in terms of the mAP@0.5 metric, the YOLOv5n-HN achieves the
best overall performance with a score of 86.83%, surpassing the other three models, whose
scores range from 85.95% to 86.37%. This result indicates that jointly embedding attention
mechanisms into both the neck and prediction head can more effectively enhance feature
representation, thereby significantly improving overall detection performance. For the
mAP@0.5:0.95 metric, the YOLOv5n-H achieves a slightly higher score of 51.04% compared
to 50.00% for the YOLOv5n-HN. This observation suggests that the combined attention
configuration may still require further refinement to achieve a more balanced precision
across varying IoU thresholds. Regarding precision, all three model variants exhibit notable
improvements over the original YOLOv5n. The YOLOv5n-N achieves the highest precision
at 93.49%, followed closely by the YOLOv5n-H at 93.41% and the YOLOv5n-HN at 93.13%.
These results demonstrate that the attention mechanism is highly effective in reducing false
positives and enhancing target discriminability. In contrast, the highest recall rate is ob-
tained by the original YOLOv5n at 80.24%, outperforming the attention-integrated variants.
This indicates that although the attention mechanism improves detection accuracy, it may
also suppress certain target responses, leading to increased missed detection. Therefore, a
better trade-off between precision and completeness is still needed to enhance the overall
robustness of the detection system.
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Table 3. Average performance of the YOLOv5n model variants on the test dataset.

Model Variant mAP@0.5 (%) mAP@0.5:0.95 (%) Precision (%) Recall (%)

YOLOv5n 86.20 50.33 91.62 80.24
YOLOv5n-H 86.37 51.04 93.41 76.50
YOLOv5n-N 85.95 50.43 93.49 75.39
YOLOv5n-HN 86.83 50.00 93.13 76.13

Table 4 provides a comparative analysis of the AP across different ship categories
under various model configurations. Taking the canoe class as a representative small-object
category, the YOLOv5n-N achieves the highest AP at 74.30%, outperforming YOLOv5n-H
(73.21%), YOLOv5n-HN (71.89%), and the original YOLOv5n (71.78%). This result high-
lights the advantage of embedding the attention mechanism in the neck, which enhances
small-object feature representation and consequently improves the localization and clas-
sification accuracy for small-scale targets. Although the YOLOv5n-HN shows slightly
weaker performance than the YOLOv5n-N in canoe detection, it excels in detecting large
targets such as warships, where it outperforms all other models. This suggests that joint
attention deployment in both the neck and head facilitates more effective capture of the
high-level semantic features associated with large objects. For medium-scale targets such
as liners and sailboats, the YOLOv5n-HN achieves AP values that fall between those of
the YOLOv5n-H and YOLOv5n-N, demonstrating its adaptability across multiple object
scales. These findings collectively indicate that joint attention integration offers a balanced
performance profile, which is particularly advantageous in scenarios involving diverse
target sizes.

Table 4. AP of the YOLOv5n model variants on different ship categories.

Model Variant Bulk
Carrier (%)

Canoe
(%)

Container Ship
(%)

Fishing Boat
(%)

Liner
(%)

Sailboat
(%)

Warship
(%)

YOLOv5n 95.18 71.78 95.95 80.51 86.75 85.46 98.79
YOLOv5n-H 95.19 73.21 94.36 79.10 86.93 85.31 98.84
YOLOv5n-N 94.71 74.30 91.68 78.52 85.22 86.98 98.63
YOLOv5n-HN 94.12 71.89 91.64 78.96 86.59 85.58 99.02

Note. AP values are reported to two decimal places (four significant digits) to highlight performance differences
among model variants. These results are probability-based estimates influenced by sample size and class
distribution, and should be interpreted as approximate rather than exact values.

As shown in Tables 5 and 6, the three model variants, i.e., YOLOv5n-H, YOLOv5n-N,
and YOLOv5n-HN, demonstrate distinct advantages in detecting ships across different
scales. Notable performance differences are observed across different object categories.
In terms of precision, all three enhanced models outperform the baseline YOLOv5n in
categories such as canoe and bulk carrier. For instance, the YOLOv5n-N achieves the
highest precision of 88.41% for the canoe class, which is attributed to the attention module
embedded in the neck, as it effectively enhances the capability of the model to capture
weak and fine-grained features during the process of multi-scale fusion. The YOLOv5n-HN
follows with a precision of 86.87%, reflecting the synergistic effect of attention applied
to both the neck and prediction head. Despite this improvement in precision, the recall
rates for the YOLOv5n-N (57.54%) and YOLOv5n-HN (55.60%) remain lower than 59.91%
achieved by the original YOLOv5n. This suggests that while the attention mechanism
improves discriminative ability, it may also suppress ambiguous features during compres-
sion, leading to missed detection. It also underlines the persistent challenge of balancing
precision and recall in small object detection.
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Table 5. Precision (%) of the YOLOv5n model variants on different ship categories.

Model Variant Bulk Carrier
(%)

Canoe
(%)

Container Ship
(%)

Fishing Boat
(%)

Liner
(%)

Sailboat
(%)

Warship
(%)

YOLOv5n 96.97 80.12 95.77 89.02 86.75 94.16 94.81
YOLOv5n-H 96.39 85.90 98.51 88.70 95.83 93.55 95.74
YOLOv5n-N 96.39 88.41 98.48 87.97 94.26 93.18 95.05
YOLOv5n-HN 96.23 86.87 98.48 88.19 94.35 92.32 95.47

Note. Precision values are reported to two decimal places (four significant digits) to allow meaningful comparison
across categories and models. Since these metrics depend on the finite test dataset, they are subject to statistical
variability and should be regarded as estimates rather than absolute measurements.

Table 6. Recall rate (%) of the YOLOv5n model variants on different ship categories.

Model Variant Bulk Carrier
(%)

Canoe
(%)

Container Ship
(%)

Fishing Boat
(%)

Liner
(%)

Sailboat
(%)

Warship
(%)

YOLOv5n 87.91 59.91 93.15 68.42 79.63 74.80 97.86
YOLOv5n-H 87.91 57.76 90.41 63.79 70.99 68.08 96.43
YOLOv5n-N 87.91 57.54 89.04 63.17 70.99 70.58 96.07
YOLOv5n-HN 84.07 55.60 89.04 64.51 78.22 69.64 97.86

Note. Recall rate values are presented to two decimal places (four significant digits) for consistency with other
metrics. As probability estimates derived from limited data samples, they inherently contain uncertainty and
should be interpreted as approximate indicators of detection performance.

For the medium-scale targets such as the fishing boats, the YOLOv5n-HN achieves
a recall rate of 64.51%, surpassing the 63.17% achieved by the YOLOv5n-N, and attains a
precision of 88.19%, which closely approximates the 88.70% yielded by the YOLOv5n-H.
These findings suggest that the joint integration of attention mechanisms in both the neck
and head modules facilitates a more effective trade-off between reducing false positives
and alleviating missed detections. This improvement stems from the synergistic effect of
attention mechanisms in the head and neck modules, where the former enhances classifica-
tion precision and the latter reinforces multi-scale feature integration, jointly improving
detection reliability for medium-scale maritime targets.

For large and thermally prominent targets such as the warships, the YOLOv5n-HN
performs exceptionally well, achieving a precision of 95.47% and a recall rate of 97.86%.
This high level of accuracy is attributed to the complementary functions of the attention
mechanisms integrated into both the neck and head modules. Specifically, the head-based
attention mechanism sharpens semantic discrimination during classification, while the
neck-based attention mechanism enhances multi-scale spatial feature fusion. Their synergy
enables precise localization and robust recognition, thereby supporting reliable detection
in complex infrared maritime environments.

As shown in Table 7, the F1 score further substantiates the impact of different attention
mechanism integration strategies on performance. For the warship category, representing
large-scale targets, the YOLOv5n-HN achieves the highest F1 score of 0.97, indicating
superior performance among all compared models. This result demonstrates that the
collaborative embedding of attention mechanisms in both the neck and head not only
improves classification accuracy but also enhances feature completeness. The synergy
between precision and recall thus leads to stable and high-quality detection for large
maritime objects. In detecting the fishing boats, the representative medium-scale targets,
the YOLOv5n-HN attains an F1 score of 0.75, slightly outperforming the YOLOv5n-N. This
indicates that the joint deployment of attention mechanisms also benefits the detection
of medium-scale targets, with head-applied attention enhancing semantic discrimination
during classification and neck-applied attention improving mid-level feature fusion. Their
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cooperation enables a balanced trade-off between precision and recall in complex maritime
scenes, thereby improving overall detection reliability.

Table 7. F1 score of the YOLOv5n model variants on different ship categories.

Model Variant Bulk Carrier Canoe Container
Ship Fishing Boat Liner Sailboat Warship

YOLOv5n 0.92 0.69 0.94 0.77 0.86 0.82 0.96
YOLOv5n-H 0.92 0.69 0.94 0.74 0.82 0.79 0.96
YOLOv5n-N 0.92 0.70 0.94 0.74 0.81 0.80 0.96
YOLOv5n-HN 0.90 0.68 0.94 0.75 0.82 0.79 0.97

However, for small-scale targets such as the canoes, the YOLOv5n-N achieves a higher
F1 score than the YOLOv5n-HN. This indicates that attention embedded solely in the neck
may be more effective in enhancing fine-grained feature representations for small-object
detection. The inferior performance of the joint strategy may be attributed to the low pixel
ratio, blurred boundaries, and high background interference commonly associated with
small infrared targets. Although the collaborative attention mechanism demonstrates clear
benefits for medium and large targets, its effectiveness in small-object detection remains
limited due to insufficient feature expressiveness.

3.3.2. Case-Level Analysis

To gain deeper insights into the practical performance of each model variant, the
case-level analysis is conducted using three representative infrared maritime scenarios,
as illustrated in Figures 11–13. These scenarios are carefully selected to reflect diverse
operational challenges, including the detection of small objects under low contrast, the
distribution of dense targets in narrow waterways, and the identification of large objects
under strong thermal reflections. By comparing the detection outcomes of the baseline
YOLOv5n and its three attention-enhanced counterparts. In this section, we provide
the qualitative complement to the quantitative evaluation in Section 3.3.1. The visual
results allow for a more nuanced understanding of how the attention mechanism influences
detection robustness, confidence, and boundary localization in complex infrared conditions.

(a) YOLOv5n (b) YOLOv5n-H

Figure 11. Cont.
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(c) YOLOv5n-N (d) YOLOv5n-HN

Figure 11. Detection results of the YOLOv5n model variants under Case 1. (The red box was manually
added by the authors to highlight the search region for readability and does not represent the raw
bounding box output of the detector).

Case 1: Small-Scale Target Detection
As illustrated in Figure 11, the YOLOv5n fails to detect the canoe target, which occu-

pies less than 5% of the image area. Due to insufficient confidence (namely, below the 0.5
threshold), no valid bounding box is generated, and the existing low-confidence outputs
indicate the limited sensitivity of the model to small-scale features in cluttered infrared
scenes. By introducing an attention mechanism into the detection head, the YOLOv5n-H
demonstrates improved localization accuracy for the canoe, with the confidence score
increasing to 0.62. Additionally, background interference, such as wave textures, is ef-
fectively suppressed, reducing false positives. Nevertheless, while target localization is
enhanced, some small targets remain undetected, and the predicted bounding boxes still
exhibit boundary overlap with the background. This indicates that the head-level attention
mechanism improves discrimination between foreground and background but remains
sub-optimal under severe noise or low-saliency conditions.

In contrast, the YOLOv5n-N, which incorporates the attention mechanism into the
neck module, exhibits superior performance in densely packed small-object scenarios.
It successfully detects two closely located canoe instances, demonstrating strong target
separation. This is primarily attributed to the spatial attention mechanism’s ability to
amplify inter-object differences, thereby avoiding the cross-object bounding box fusion issue
observed in YOLOv5n-H. Furthermore, the YOLOv5n-HN, with the attention mechanisms
jointly embedded in both neck and head modules, achieves higher confidence and more
precise localization in certain cases. This suggests that coordinated attention integration
holds promise for improving detection quality. Yet the accompanying increase in model
complexity and parameter count may introduce redundancy when handling extremely
small targets, potentially resulting in suppressed activation or unstable predictions. This
reveals a trade-off between expressive power and effective feature compression, which
could be mitigated by dynamic or learnable attention allocation strategies.

Future work may consider incorporating learnable attention weighting schemes to
dynamically regulate enhancement strength and timing based on contextual cues. Ar-
chitecturally, the neck module in the YOLOv5n serves as the core of multi-scale feature
aggregation. Therefore, embedding attention at this stage facilitates the coordinated re-
inforcement of both low-level spatial details and high-level semantic information, which
proves particularly advantageous for small-object detection. In contrast to the head-level at-
tention mechanism that refines outputs at the final prediction stage, the neck-level attention
mechanism improves feature quality earlier in the pipeline, supplying more discriminative
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inputs to downstream branches. This architectural characteristic underscores the unique
effectiveness of neck-based attention in enhancing subtle target representation.

(a) YOLOv5n (b) YOLOv5n-H

(c) YOLOv5n-N (d) YOLOv5n-HN

Figure 12. Detection results of the YOLOv5n model variants under Case 2.

Case 2: Dense Medium-Scale Target Detection
As illustrated in Figure 12, the detection results for densely distributed fishing boats

in a dockside scenario vary significantly across different YOLOv5n configurations. The
YOLOv5n achieves broad coverage, successfully identifying most visible targets and demon-
strating its fundamental detection capability. This strength is offset by dispersed confidence
scores, particularly for distant and smaller ships, and by bounding boxes with imprecise
boundaries, which indicate limited localization accuracy. This indicates that the absence of
the attention mechanism restricts the model’s effectiveness in discriminating small targets
from complex background interference, resulting in compromised precision and increased
misclassification risks.

In contrast, the YOLOv5n-H exhibits improved detection precision. Its confidence
scores are more concentrated, with most fishing boats assigned significantly higher values.
This suggests that the head-level attention mechanism effectively enhances classification
confidence and boundary discrimination. Nevertheless, as this mechanism is positioned at
the final stage of detection, it cannot compensate for information loss from earlier feature
extraction processes, resulting in reduced detection coverage and residual background-
induced false positives. Alternatively, the YOLOv5n-N enhances multi-scale feature fusion
at earlier stages, resulting in tighter bounding boxes and substantially improved suppres-
sion of background noise, thereby enabling more accurate localization of small vessels.
Although these improvements are evident, the model still struggles with extremely small
or distant vessels, and a certain level of missed detections persists.
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A detailed analysis of the detection results on the densely distributed fishing boats
in the lower-left corner of Figure 12 is presented below. The YOLOv5n produces a single
bounding box with a confidence of 0.57, failing to separate the overlapping hulls. The
YOLOv5n-H generates two bounding boxes with confidence scores of 0.59 and 0.63, indi-
cating improved boundary discrimination in the prediction head, though still with modest
reliability. The YOLOv5n-N successfully separates the overlapping ships into two bound-
ing boxes with higher confidence levels of 0.73 and 0.77, demonstrating greater resilience
to feature confusion due to enhanced multi-scale fusion in the neck. The YOLOv5n-HN
also detects two bounding boxes, with confidence scores of 0.76 and 0.73, yielding a perfor-
mance comparable to the YOLOv5n-N. These findings suggest that neck-level attention
is the primary driver of robust separation under dense and partially occluded conditions,
whereas joint neck–head integration achieves similar robustness at the expense of slightly
higher computational complexity.

Among the evaluated models, the YOLOv5n-HN, which integrates attention mecha-
nisms in both the neck and head, achieves a more balanced trade-off between confidence
consistency and detection coverage. The resulting bounding boxes exhibit high spatial
alignment with target boundaries and minimal background interference, reflecting superior
detection accuracy and robustness. Nonetheless, the use of dual attention modules intro-
duces additional parameters and computational overhead, potentially impacting inference
speed. Therefore, future research should explore the lightweight attention mechanisms to
maintain detection performance while simultaneously addressing computational efficiency
for practical, real-time applications.

(a) YOLOv5n (b) YOLOv5n-H

(c) YOLOv5n-N (d) YOLOv5n-HN

Figure 13. Detection results of the YOLOv5n model variants under Case 3.

Case 3: Large-Scale and High-Thermal Target Detection
As illustrated in Figure 13, significant performance differences emerge among the

evaluated models under complex maritime conditions. Specifically, the baseline YOLOv5n
detects only the warship and entirely fails to recognize the bulk carrier, highlighting
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its limitations in extracting discriminative features for small or low-texture targets in
conditions of intense sea-surface reflections. The YOLOv5n-H significantly enhances
detection performance by successfully identifying the bulk carrier with a high confidence
score of 0.85 and further raising the warship detection confidence to 0.91. This improvement
demonstrates the effectiveness of head-level attention in amplifying high-level semantic
representations, thereby increasing sensitivity to marginal or low-frequency targets.

In contrast, the YOLOv5n-N detects the bulk carrier at a lower confidence level of
0.72 while maintaining high confidence at 0.91 for the warship. While this model vari-
ant demonstrates stronger suppression of background noise and produces more compact
bounding boxes, its lack of semantic-level enhancement leads to sub-optimal representa-
tion of rare-class features, resulting in slightly lower confidence for small-sample targets
compared to the YOLOv5n-H. Combining attention mechanisms in both neck and head
modules, the YOLOv5n-HN achieves confidence scores of 0.81 for the bulk carrier and
0.87 for the warship, striking a balanced compromise between spatial refinement and
semantic enhancement. Nevertheless, the slightly reduced confidence in certain cases
suggests that stacked attention modules may disproportionately favor strong-signal targets,
inadvertently suppressing weaker signals from underrepresented categories.

In summary, the attention mechanism generally improves overall detection perfor-
mance but may introduce unintended class bias. The original YOLOv5n exhibits no such
bias but struggles with small-object recognition. The YOLOv5n-H better improves detec-
tion confidence for rare or marginal targets, whereas the YOLOv5n-N shows strength in
background noise suppression but offers limited semantic enhancement. Although the
YOLOv5n-HN combines the advantages of both head and neck modules, it still displays
residual attention bias toward dominant targets. Future research may explore dynamic
attention allocation schemes based on category-aware feature perception to achieve bal-
anced cross-class detection performance, particularly for small infrared targets prevalent in
maritime surveillance scenarios.

4. Conclusions
In this paper, we present a systematic investigation into the effect of the attention

mechanism at different locations within the YOLOv5n for infrared maritime ship detection.
The findings confirm that attention integration significantly enhances both the precision
and robustness of detection models. The main conclusions are summarized as follows:

• The YOLOv5n-HN, which integrates attention modules into both the neck and head,
delivers the most comprehensive performance, effectively fusing semantic and spatial
representations for improved detection of medium- and large-scale targets.

• The YOLOv5n-N demonstrates clear advantages in small-object detection, suggest-
ing that attention integration within the neck module is particularly beneficial for
capturing fine-grained features.

• The attention mechanism enhances background suppression and target saliency. How-
ever, the simultaneous deployment of multiple attention modules may lead to over-
fitting or feature redundancy.

While this study focuses on infrared-based ship detection, other spectral bands provide
complementary advantages: visible imagery delivers finer spatial detail under adequate
illumination, whereas ultraviolet sensing enhances the radiometric contrast between sea
and sky. Therefore, integrating ultraviolet–visible–infrared modalities offers a principled
approach to achieving robustness against illumination variability, background clutter, and
adverse weather. Incorporating such multimodal cues into deep learning–based detectors
has the potential to improve both detection accuracy and out-of-distribution generalization
in complex maritime scenes. Realizing these benefits will require the development of
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the adaptive and learnable attention mechanism, as well as the judicious placement of
the attention module to balance representational power with computational efficiency.
Collectively, these advances are expected to yield detectors that are not only precise but
also capable of real-time operation in practical maritime environments.

In addition, a further promising research direction lies in addressing dataset-related
limitations, particularly class imbalance. Designing strategies to mitigate skewed data
distributions could substantially enhance the detection of minority classes while reducing
the risk of missed detections or misclassifications in real-world maritime applications.
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