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Abstract
The establishment of a reliable benchmark for evaluating model performance is critical for advancing deep learning (DL), including its 
application in the recognition of the ship navigation environment. Despite the steady progress being made in object detection models across 
various tasks, maritime navigation presents unique challenges, such as long distances, miscellaneous objects, wide perception scales, and local 
conditions and features of water areas. Therefore, the improvement of DL approaches for this domain remains a significant challenge. Using a 
widely applicable offshore image dataset from the ship bridge, we evaluated the performance of the state-of-the-art object detection model from 
three perspectives: average precision, multiscale feature calculation, and intersection-over-union design, and explored the factors that may affect 
the model performance evaluation benchmark from the perspective of data quality, scale calculation, feature quantification, and object 
association. Our experiments have demonstrated that, in the context of object detection tasks within complex water surface traffic scenes, 
comprehensive model performance evaluation benchmarks are essential. Such benchmarks must incorporate multiple dimensions of the model.
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1  Introduction

The navigation environment of a ship is complex and 
dynamic, particularly regarding visual perception tasks, such 
as arrival and departure from ports and busy canal areas, 
which pose significant challenges. Autonomous navigation 
relies on vision as a crucial and valuable perception method. 
Artificial intelligence (AI) has garnered significant atten‐
tion within the autonomous shipping industry, where intel‐
ligent navigation equipped with advanced perception is a 
critical scientific topic. Specifically, computer vision is the 
most promising direction for autonomous ship navigation. 

However, the implementation of visual perception and the 
utilization of disparate maritime datasets present numerous 
obstacles that impede this objective (Er et al., 2023).

Over the last few decades, computer vision has undergone 
tremendous growth owing to the widespread adoption of 
deep learning (DL) techniques. Among the fundamental tasks 
in computer vision, object detection has seen significant 
applications (Kaur and Singh, 2023; Manakitsa et al., 2024). 
In the autonomous vehicle industry, visual perception is of 
paramount importance (Li et al., 2023; Karas et al., 2023; 
Liu et al., 2023), where it economically resolves the issue 
of surrounding environment perception. Moreover, com‐
puter vision has transformed medical image detection, con‐
siderably enhancing the efficiency of computed tomography 
scans and X-rays (Lenka and Tripathy, 2024; Hussain et al., 
2022; Khan et al., 2021). Computer vision is also increas‐
ingly utilized in precision agriculture, toy manufacturing, and 
textile quality inspection (Borkar et al., 2023; Islam et al., 
2024; Ismail and Malik, 2022).

Computer vision approaches have been instinctively 
employed in various directions in the maritime industry, such 
as obstacle classification, navigational aid object detection, 
and object tracking. However, the utilization of computer 
vision in actual nautical practice remains limited. The appli‐
cations of computer vision in the maritime industry can be 
categorized into surveillance for maritime managers and 
navigation for seafarers (Durlik et al., 2023). From the per‐
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spective of maritime surveillance, computer vision can sig‐
nificantly improve the efficiency of monitoring marine traf‐
fic and detecting transportation anomalies, illegal fishing, 
pollutants, and smuggling. From the perspective of autono‐
mous ship navigation, computer vision is a promising solu‐
tion for identifying abnormal behavior, avoiding collisions, 
and recognizing cross-encounter situations, despite the dif‐
ficulties involved in obtaining information regarding the 
location, size, course, speed, and other relevant parameters 
of a ship. Hence, we aim to identify the limiting factors for 
performance benchmarks.

Computer vision models are designed to address different 
problems, and state-of-the-art (SOTA) models typically focus 
on achieving high performance in mean average precision 
(mAP) and frames per second (FPS). In the maritime com‐
munity, numerous researchers have proposed different algo‐
rithms and assumptions for deployment in the maritime 
industry. For instance, Yan et al. (2021) presented a new 
tracking architecture that uses an encoder – decoder trans‐
former as the key component, casting object tracking as a 
direct bounding box prediction problem without using any 
proposals or predefined anchors. Bochkovskiy et al. (2020) 
and Han et al. (2021) proposed an improved YOLOv4 
detection model for ship detection, which introduces a new 
structure that can effectively improve the feature extrac‐
tion effect of the model for ships of different scales and 
reduce the number of model parameters, thereby improving 
the inference speed and detection accuracy of the model. In 
addition, other algorithms, such as the Andrew Howard 
NAS+NetAdapt algorithm and latency-aware architecture 
search, have been proposed (Howard et al., 2019; Chen 
et al., 2020). However, no consolidated evaluation standard 
or dataset benchmark to confirm the efficacy of these distinct 
algorithms and assumptions has been established.

The deployment of improved models in real navigation 
environments is challenging. Several researchers focus solely 
on improving object detection accuracy, validating their 
enhanced models using public datasets. However, evidence 
reveals that detection methods can only identify ship classes. 
For instance, Lin et al. (2014) proposed a new dataset aimed 
at advancing the SOTA in object recognition by placing 
the question of object recognition in the broader context 
of scene understanding. Similarly, Idrees et al. (2018) pro‐
posed the University of Central Florida-Quality Normalized 
and Region Fusion dataset (UCF-QNRF), a large-scale 
crowd-counting dataset, which is currently the largest datas‐
et available for training and evaluating large-scale dense 
crowd-counting models. Although these datasets are well-
known public datasets, they are not specific to ship navi‐
gation. As such, detecting only ship classes falls far 
short of satisfying actual navigation applications.

In addition, different scenarios require different perspec‐
tives, such as on-shore and on-board, and each perspective 
has its specific applications. For instance, Shao et al. (2018) 

developed a new large-scale dataset of ships called Sea‐
Ships, which is designed for training and evaluating ship 
object detection algorithms. However, the dataset only 
labels six major types of ships limited to the Yangtze River 
Basin. Alternatively, Zhou et al. (2021) introduced the Water 
Surface Object Detection Dataset (WSODD), a high-
quality annotated benchmark dataset for detecting differ‐
ent water surface objects. The dataset serves as a bench‐
mark for various water surface object detection algorithms. 
Nonetheless, the complexity of the marine environment 
poses a challenge to the real-time monitoring of marine 
navigation.

To summarize the research, we present an image dataset 
from the bridge perspective that covers various ship navi‐
gation scenarios, along with the corresponding object detec‐
tion benchmarks. We optimized the object classification 
and detection strategy for ship navigation environment rec‐
ognition and adapted a real navigation scene dataset to train 
and evaluate the performance benchmark of milestone detec‐
tion models. This paper is organized as follows: Section 2 
compares different benchmarks and describes the dataset 
production process. Section 3 outlines different evaluation 
indicators and presents our standard. Section 4 discusses 
the training results of each object detection model and ana‐
lyzes the reasons for these results. Finally, Section 5 pro‐
vides the conclusion and future perspectives.

2  Related work

The benchmark is a crucial aspect of evaluating the per‐
formance of a given method in various disciplines. Cavegn 
et al. (2014) proposed the International Society for Photo‐
grammetry and Remote Sensing and European Spatial 
Data Research (ISPRS-EuroSDR) benchmark for high-
density aerial image matching to evaluate dense matching 
methods for oblique aerial images. Hackel et al. (2017) 
introduced a new 3D point cloud classification benchmark 
dataset with over four billion manually labeled points to 
be used as input for data-hungry (deep) learning algo‐
rithms. These benchmarks are essential, with applications 
in robotics, augmented reality, and urban planning. 3D 
point cloud classification is a critical task that finds applica‐
tions in these fields. Recent advancements in machine learn‐
ing and computer vision demonstrate that large training data‐
sets are necessary for training classifiers to tackle complex 
real-world tasks.

2.1  Dataset design

The data quality sets the upper limit of the objective. 
For DL-based image-understanding tasks, standard config‐
urations require large-scale benchmark datasets with mil‐
lions of images. Deng et al. (2009) proposed the ImageNet 
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dataset, which has 12 subtrees with 5 247 synsets and a 
total of 3.2 million images. The ImageNet dataset has 
been a benchmark for evaluating the performance of image 
classification algorithms. Everingham et al. (2010) pro‐
posed the PASCAL Visual Object Classes (VOC) challenge 
as a benchmark in visual object category recognition and 
detection, providing standard datasets of images and anno‐
tations and standard evaluation procedures for the computer 
vision and machine learning communities. The PASCAL 
VOC challenge and its datasets have been the founda‐
tion for many excellent computer vision tasks, such as 
classification, localization, detection, segmentation, and 
action recognition.

Table 1 shows the commonly used open-source datasets 
and their evaluation metrics. The general norm is the basic 
evaluation index of computer vision, whereas the special 
norm gives special status to different datasets. Cityscapes 
is a benchmark suite that includes an evaluation server for 
developers to upload their research results and obtain rank‐
ings for different tasks, including pixel-level, instance-level, 
and panoptic semantic labeling, as well as 3D vehicle detec‐
tion (Cordts et al., 2016). Cityscapes has a special bench‐
mark, i. e., instance-level intersection-over-union (iIoU), and 
evaluates semantic labeling using an iIoU metric, with a 
detection score calculated for each label class. KITTI is an 
evaluation dataset for computer vision algorithms in auton‐
omous driving scenarios, focusing on the highly ill-posed 
problem of scene flow estimation from two temporally 
consecutive images to obtain 3D structure and 3D motion 
(Menze and Geiger, 2015). Places2 is a benchmark used 
for scene recognition, scene fix, and super-resolution recon‐
struction (Zhou et al., 2017). Finally, CelebA is used for 
face-related training, with special evaluation benchmarks 
for pose variations (Liu et al., 2018).

In the maritime domain, the limited availability of evalu‐
ation benchmarks and datasets has hindered research on 
ship navigation perception tasks. To address this issue, Iancu 
et al. (2021) compiled a dataset consisting of images of 
maritime vessels called ABOships, which provides a solu‐
tion to the inconsistencies in image annotation that arise 
from manual labeling. However, given the complex mari‐

time environment of ship navigation and the diversity of 
obstacles and aids to navigation, the existing open-source da‐
taset benchmarks are inadequate. With the increase in the 
application and development of intelligent transportation 
systems, such as autonomous ship navigation, maritime 
surveillance, and navigation facility deployment, a widely 
accepted and standardized large-scale marine object verifi‐
cation dataset is needed. This work presents a dataset that 
facilitates the deployment of vision models for ship navi‐
gation and monitoring.

Ship navigation perception is a complex issue influenced 
by various factors, such as equipment vibration, model 
dependency, and shore light interference (Cai et al., 2024). 
Although several DL-based marine object detection models 
have been proposed, the absence of common evaluation crite‐
ria makes it challenging to compare different improved 
models (Zhang et al., 2022). Navigation safety is impacted 
by multiple factors during a voyage, such as ship shaking, 
extreme weather conditions, different waterways, visibility, 
fog, and nighttime environment. Consequently, the dataset 
must include diverse navigation scenarios.

To address this issue, we propose a ship navigation bench‐
mark and dataset called “ShipNav” to assess the performance 
of vision scenarios and tasks. The ShipNav dataset is based 
on 12 ship bridge acquisition classes. This study classifies the 
ShipNav dataset into two types of objects that arise during 
practical ship navigation at sea: navigational aid and obsta‐
cle objects. Navigational aid objects comprise “work boat”, 
“cargo ship”, “own body”, “unidentified ship”, “unidenti‐
fied ship-N”, “packet”, “ship bow”, and “island”. Obstacle 
objects include “gantry crane”, “lighthouse”, “bridge”, and 
“ship lock”.

2.2  DL-based object detection model

Over the past decade, the progress of computer vision 
tasks has been closely linked to the growth of data and the 
application of convolutional neural networks (CNNs). CNNs 
have achieved remarkable success in computer vision appli‐
cations, including face recognition, object detection, vision in 
robotics, and self-driving cars (Voulodimos et al., 2018). DL, 
a dominant branch of AI, has extended with diversified net‐
work structures, which enables it to capture the features of 
big data automatically and efficiently (Chai et al., 2021).

Several classical networks will be introduced in this sub‐
section. For instance, Simonyan and Zisserman proposed the 
VGGNet that thoroughly evaluates networks with increasing 
depth using an architecture with small (3 × 3) convolution 
filters. The use of a smaller 3 × 3 convolution kernel and a 
deeper network can reduce the number of parameters while 
increasing the learning capability of CNN for features 
through more nonlinear transformations (Simonyan and 
Zisserman, 2014). Then, He et al. (2016) introduced ResNet, 
which contains a residual network with 152 layers, 8 times 
deeper than VGGNet, ResNet50, and ResNet101 with dif‐

Table 1　 Specific evaluation benchmarks required for measuring 
model performance in different scenarios and tasks

Name

Cityscapes

KITTI

Places2

CelebA

Field

Scene 
understanding

Autonomous 
driving

Scene 
recognition

Face 
attributes

Type

Video

Video

Image

Image

General norm

IoU/FPS/mAP

IoU/FPS/mAP

IoU/FPS/mAP

IoU/FPS/mAP

Special norm

iIoU/DS

Scene flow

Scene fix

Pose variations
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ferent depths. EfficientNet was introduced by Tan and Le 
(2019) to balance network depth, width, and resolution 
to achieve better performance.

Specifically, we verify that the use of a deeper architec‐
ture often involves employing smaller convolution filters 
(e.g., 3 × 3) in succession. Two consecutive 3 × 3 convolu‐
tional layers can achieve an effective receptive field equiv‐
alent to a single larger filter (e.g., 5 × 5 or 7 × 7) while requir‐
ing significantly fewer parameters (because 3 × 3 convolu‐
tions have only 9 parameters per filter versus 25 or 49 param‐
eters for larger kernels). In addition, deeper networks fre‐
quently utilize architectural techniques, such as bottleneck 
layers and residual connections, which help reduce the over‐
all parameter count by compressing the feature space and 
enabling efficient feature reuse. These strategies contribute 
to building deeper networks that are both computationally 
efficient and capable of learning complex representations.

Different object detection methods have been developed 
based on various backbone networks. The current main‐
stream approaches are divided into single-stage methods, 
such as SSD, RetinaNet, and YOLO (Liu et al., 2016; Lin 
et al., 2017; Redmon et al., 2016; Long et al., 2020), and 
two-stage methods, such as the R-CNN series (Girshick 
et al., 2014; He et al., 2015; Girshick, 2015; Ren et al., 
2015). YOLOv5 is a typical network architecture in the 
YOLO series and has achieved high detection accuracy 
and fast inference speed (Liu et al., 2020; Jocher, 2020). In 
addition, EfficientDet and CenterNet have exhibited good 
performance in object detection (Tan et al., 2020; Duan et al., 
2019). We have opted to utilize YOLOv5 in our research 
paper despite the availability of YOLOv11 for several 
reasons. YOLOv5 is a well-recognized and commonly 
employed object detection model in the research community. 
YOLOv5 has undergone rigorous testing and benchmarking 
on a diverse array of datasets, and its effectiveness is well-
documented in the literature.

To achieve outstanding performance in evaluating DL-
based object detection models, we provide an image dataset 
containing various ship navigation scenarios, along with the 
corresponding object detection benchmarks and optimized 
object classification strategies. This dataset effectively dem‐
onstrates the superior performance of SOTA object detection 
models in real-world scenarios and promotes the industrial 
deployment of visual perception for autonomous ships.

3  Methodology and experiment

3.1  Conventional evaluation benchmarks

The conventional and most important evaluation metric 
for computer vision tasks is mAP (Henderson and Ferrari, 
2016). mAP is widely used to analyze the performance of 
classification, object detection, and segmentation. Average 

precision (AP) measures how well the learned model per‐
forms in each category, whereas mAP measures the overall 
performance across all categories. After obtaining the AP 
for each category, the mAP can be calculated by taking the 
average value across all categories. Many object detection 
models, including Faster R-CNN, MobileNet, SSD, and 
YOLO, use mAP to evaluate model performance. Given 
that one image may have multiple labels, single-label clas‐
sification criteria cannot be used as the evaluation stan‐
dard. mAP is also used in several benchmarks, such as 
PASCAL VOC, COCO, and other open-source datasets.

We employ the standard performance evaluation met‐
rics, namely, precision, recall, accuracy, and mAP, to assess 
the performance of our detection model. In this context, TP 
denotes true positive, FN denotes false negative, FP denotes 
false positive, and TN denotes true negative. The formulas 
for these metrics are expressed in Eqs. (1), (2), (3), and (4):

Precision =
TP

TP + FP
(1)

Recall =
TP

TP + FN
(2)

Accuracy =
TP + TN

TP + FN + TN + FP
(3)

mAP =
∑
i = 1

K

APi

K
(4)

3.2  Multiscale feature learning

The process of multiscale feature learning involves trans‐
forming raw data into features that better express the essence 
of the problem. By applying these features to prediction 
models, the accuracy of the predictions of the model for 
unseen data can be improved (Yu et al., 2021). Alternatively, 
feature engineering involves identifying features that have 
a significant impact on the dependent variable Y, which is 
usually referred to as the independent variable X. The goal 
of feature engineering is to identify the most important fea‐
tures in the data that directly impact the predicted model and 
the results obtained. The predicted outcome depends on the 
available data, the prepared features, and the choice of the 
model.

Figure 1 illustrates a typical multiscale fusion network 
structure, which has a small feature receptive field suitable 
for processing small objects. In this network, the features 
of the last residual block layer of conv2, conv3, conv4, 
and conv5 are selected as the features of FPN. The C5 layer 
first undergoes a 1 × 1 convolution to obtain the M5 features, 
which are then upsampled. After the 1 × 1 convolution, the 
features of the C4 layer are added to obtain M4. This pro‐
cess is repeated two more times to obtain M3 and M2. 
Then, the features of the M layers are subjected to a 3 × 3 
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convolution to obtain the final P2, P3, P4, and P5 layer 
features. Multiscale feature learning is a promising approach 
for accurately extracting useful objects in complex back‐
grounds. In this study, we propose a powerful multiscale 
feature learning module, i.e., a hierarchical visual trans‐
former via a shifted window, as one of the backbones in 
the maritime object extraction network. This module helps 
address the problem of object omission.

The quality of detection in computer vision heavily relies 
on the labeling level of the dataset. Different dataset labels 
are classified in varying ways and may have inconsistent 
definitions because of varying interpretations by different 
people, which is particularly true in the maritime industry, 
where labeling inconsistencies arise because of several fac‐
tors, such as distance. For example, a boat may appear as a 
bright spot from far away but can be identified as a fishing 
boat when it comes closer. Furthermore, different application 
scenarios and classes have diverse classification standards, 
which currently lack a universal benchmark in the maritime 
research community. To address this issue, we propose a 
common evaluation benchmark for the maritime domain.

3.3  E-IoU with YOLOv5

Regression of bounding boxes is a crucial step in one-
stage object detection. In object detection, the IoU expressed 
in Eq. (5) is the most commonly used indicator that pos‐
sesses scale invariance, nonnegativity, identity, symmetry, 
and triangle inequality properties. IoU optimization does 
not exponentially increase the model complexity and is more 
conducive to training small models than adding convolu‐
tional layers. However, when the two boxes do not inter‐
sect, the distance between them cannot be determined. To 
address this issue, He et al. (2021) proposed a new power 
IoU loss function, called α− IoU, which unifies the expo‐
nentiation of existing losses based on IoU for accurate box 

regression and object detection. The choice of α (α > 1) 
can improve the loss and gradient adaptive weighted box 
regression accuracy for high IoU targets. This method is 
proven to improve the detection accuracy of small objects 
at long distances.

LIoU = 1 − IoU ⇒ Lα − IoU = 1 − IoUα (5)

Reducing this distance helps the predicted bounding 
box more rapidly converge to the ground truth box in 
terms of position. The GIoU (Eq. (6)) approach introduces 
a minimum bounding box to address the issue of zero loss 
when there is no overlap between the detection and actual 
boxes, leveraging the characteristics of IoU, where the 
squared Euclidean distance between the center points of 
the two boxes Bgt. However, GIoU reduces to IoU in cases 
where the ground truth and detection frames are inclusive, 
and convergence in the horizontal and vertical directions is 
slow when the two frames intersect, resulting in decreased 
accuracy in detection.

LGIoU = 1 − IoU +
||C ∖ ( )B ∪ Bgt

||C
⇒ L α − GIoU

= 1 − IoUα + ( )||C ∖ ( )B ∪ Bgt

|C|

α (6)

Based on the properties of IoU and given the limitations 
of GIoU, DIoU (Eq. (7)) calculates the Euclidean distance 
between the center points of two boxes directly to speed 
up convergence. Where C in LGIoU denotes the smallest 
convex shape enclosing B and Bgt; b and bgt in LDIoU denote 
central points of B and Bgt with ρ( )⋅  being the Euclidean 
distance and c being the diagonal length of the smallest 
enclosing box. However, the aspect ratio of the bounding 
box is not considered during the regression process, and 
there is still room for improving accuracy.

LDIoU = 1 − IoU +
ρ2( )b, bgt

c2
⇒ Lα − DIoU

= 1 − IoUα +
ρ2α( )b, bgt

c2α

(7) 

CIoU (Eq. (8)) is designed to improve the loss function 
of the detection frame scale by augmenting DIoU, which 
increases the loss of both length and width to align the pre‐
dicted frame with the ground truth frame. However, the 
aspect ratio of CIoU is described in relative terms, making 
it challenging to converge during the training process and 
to balance the difficulty of sample detection.

LCIoU = 1 − IoU +
ρ2( )b, bgt

c2
+ βv ⇒ Lα − CIoU

= 1 − IoUα +
ρ2α( )b, bgt

c2α
+ ( βv )α

(8)

Figure 1　An example of a multiscale feature engineering structure
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The IoU approach has continued to evolve, and a recent 
advancement is EIoU (Zhang et al., 2022). This metric cal‐
culates the difference between the width and height of the 
predicted bounding box based on CIoU instead of using 
the aspect ratio. In addition, EIoU introduces focal loss to 
address the issue of unbalanced difficult and easy samples. 
In our work, we integrate the EIoU module into the YOLOv5 
algorithm to improve performance. EIoU (Eq. (9)) is defined 
as follows:

LEIoU = LIoU + Ldis + Lasp

= 1 − IoU +
ρ2 (b, bgt )

(wc )2 + (hc )2
+
ρ2 (w, wgt )

(wc )2
+
ρ2 (h, hgt )

(hc )2

(9)

where hw and hc are the width and height of the smallest 
enclosing box covering the two boxes. Based on the afore‐
mentioned IoU design ideas, the approach that we present 
can considerably improve the detection effect of the night 
object.

We assessed the annotation quality of the ShipNav dataset 
using Tesla V100 × 4 graphics cards and trained it on the 
SOTA object detection model. We partitioned the dataset in 
a ratio of 8∶2 to create separate training and validation sets. 
To obtain the output results, we experimented with different 
image input sizes and backbone networks of various models.

4  Results and discussion

The results of our experiment are presented in Figure 2, 
which illustrates the relationship between the number of 
labeled classes and the detection accuracy in different ship 
navigation scenarios. Overall, we observe a positive corre‐
lation between the number of labels and the accuracy of the 
model. In cases where the labeled classes exhibit clear fea‐
tures and scales, the accuracy of the model can achieve the 
expected results even with a small number of labels. How‐
ever, because ship navigation relies heavily on precise visual 
perception, the training of computer vision models requires 
a significant amount of data. As illustrated in Figure 2, the 
accuracy of the model is influenced by the design and dis‐
tribution of the data labels.

As shown in Figure 2, the left vertical axis indicates the 
number of labels, the right vertical axis indicates the train‐
ing results of the model, and the horizontal axis indicates 
the label category. The histogram presents the number of 
labels, whereas the line graph presents the mAP values of 
different SOTA models. Despite having only a few labels, 
the “ship lock”, “bridge”, and “island” classes exhibit obvi‐
ous external features, enabling the detection accuracy to 
exceed 70%. Moreover, “ship lock” and “bridge” are mul‐
tiscale features in our dataset. Because of the difficulty in 
capturing recognizable features of objects detected at night, 

the accuracy of other SOTA models, except for “YOLOv5” 
and “CenterNet”, is significantly lower than the average, 
despite the “unidentified ship-N” class being tagged with 
280 labels. Based solely on mAP, the “YOLOv5” model 
has better detection performance than other SOTA models.

Table 2 shows the comparison between the original 
YOLOv5 and the improved version. YOLOv5-E is an 
enhanced method that incorporates EIoU and multiscale 
features, resulting in a 3.4% increase in mAP and a 1.5 FPS 
improvement. YOLOv5-E assigns a larger loss to the supe‐
rior regression object, which leads to an improvement in the 
regression accuracy. The subsequent comparative analysis 
of our YOLO model is based on YOLOv5-E.

4.1  Object detection speed performance criteria

The object detection speed is a critical aspect of real-time 
navigation applications. Hence, FPS serves as a key evalu‐
ation metric in environment perception models. Furthermore, 
the performance of the hardware device and the model itself, 
as well as the FPS, is influenced by the input size of the train‐
ing samples, as demonstrated in this study.

4.1.1 Comparison of different SOTA models and input size 
training results

Table 3 presents the detection accuracy and speed of dif‐
ferent models under various input sizes. We compared the 
results of training five detection models using different pre‐
trained weights, input sizes, and backbone networks (i. e., 
VGG16, ResNet50, and ResNet101). The YOLOv5m model 
with an input size of 544 × 544 achieved the best detection 
results, with a mAP of 66.8%. The detection accuracy of 

Figure 2　Relationship between the number of different labeling 
classes and the detection accuracy in different ship navigation scenarios

Table 2　Comparison of the improved YOLOv5 and the original 
version

Model

YOLOv5-E

YOLOv5

Input size

554 × 554

554 × 554

Precision

69.2

64.9

Recall

64.8

61.3

mAP50 (%)

66.8

63.4

FPS

53.6

52.1
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the RetinaNet series models was not positively correlated 
with the input size; however, RetinaNet(net50) achieved 
relatively good results. The EfficientDet, Faster R-CNN, 
and CenterNet models all exhibited improved detection 
accuracy with the increase in input size. Regarding FPS, the 
YOLOv5s model with an input size of 448 × 448 had the 
best performance, with a score of 62.8, whereas the Effi‐
cientDet model with an input size of 640 × 640 had the 
worst performance, with a score of 7.4. In selecting a ship 
navigation perception model, multiple dimensions need to 
be considered, and large-scale SOTA model tests can be con‐
ducted to screen appropriate models for further optimization.

Our training results demonstrate the effectiveness of our 
improved model in detecting long-distance and small objects. 
As presented in Table 3, the YOLOv5 model with our pro‐
posed modifications outperforms the other models across 
different input sizes, including 448 × 448, 544 × 544, and 
640 × 640 pixels. When using the EfficientDet and Faster 
R-CNN detectors with the VGG16 backbone network, 
increasing the input image size to 544 × 544 and 640 × 640 
pixels significantly improves the mAP performance. Thus, in 
addition to using an optimized IoU, increasing the input 
image size is also a viable strategy to enhance the detection 
accuracy of long-distance and small objects.

Additionally, as shown in Table 3, the mAP of Reti‐
naNet101 decreases as the input scale increases, and the 
mAP of YOLOv5-Em performs suboptimally at the largest 
input size. This is because when the input resolution increases 
significantly, the training complexity and GPU memory 
usage also increase, often leading to a smaller batch size that 
can make the training process less stable if hyperparameters 

(e.g., learning rate and batch size) are not tuned accordingly. 
In addition, the default anchor configurations and feature pyr‐
amid scales of RetinaNet may become suboptimal at higher 
resolutions, limiting the capability of the network to accu‐
rately regress bounding boxes and ultimately leading to 
reduced mAP. Moreover, beyond a certain resolution, the 
incremental gains in detection performance may plateau or 
even decline if the dataset does not provide sufficient high-
frequency details to justify such large images. At the same 
time, the use of larger input sizes can lead to a smaller 
batch size, negatively affecting gradient estimation. Coupled 
with the fact that different input scales often require care‐
fully adjusted hyperparameters (e. g., learning rate sched‐
ules and momentum), these factors can cause the perfor‐
mance of YOLOv5-Em to deteriorate rather than improve 
at the highest resolution.

4.1.2 FPS analysis
In video capture and playback, the number of consecu‐

tive images displayed each second is measured using FPS, 
which is a common unit and metric. FPS is also a common 
measure for evaluating model performance. Although Effi‐
cientDet achieves considerable effects using an end-to-end 
training method similar to Faster R-CNN in terms of model 
detection speed, its real-time performance improvement is not 
significant. In our experimental comparison, YOLOv5-Em 
outperforms other detectors in terms of detection speed after 
using the improved EIoU, with an FPS of 62.5. This finding 
is especially relevant for practical engineering applications, 
such as ship navigation environment perception, which 
require real-time detection.

4.2  Accuracy performance evaluation criteria of 
object detection

Our classification strategy aims to address the complexity 
of navigation waterways by dividing objects that may affect 
ship navigation into two classes: navigable and surrounding 
coastal areas. Instead of classifying ships based on tradi‐
tional ship classes, we classify objects in the navigable area 
into seven classes: “workboat”, “cargo ship”, “own body”, 
“unidentified ship”, “unidentified ship-N”, “packet”, “ship 
bow”, and “island”. The “unidentified ship-N” category 
represents ships that are difficult to distinguish at night, 
which poses a challenge for current DL models because of 
their large feature scale. For objects that may affect model 
recognition in the surrounding shore area, we classify them 
based on the following common main objects: “gantry 
crane”, “lighthouse”, “bridge”, and “ship lock”. These classes 
are easy to identify and can help the model distinguish 
between objects in navigable areas and objects on the shore.

4.2.1 Comparison of object detection mAP among different 
models

In this subsection, we investigate the impact of input size 

Table 3　Detection results on the ShipNav dataset

Model

YOLOv5-Es

YOLOv5-Es

YOLOv5-Es

YOLOv5-Em

YOLOv5-Em

YOLOv5-Em

RetinaNet(net101)

RetinaNet(net50)

RetinaNet(net101)

RetinaNet(net50)

EfficientDet

EfficientDet

Faster R(vgg)

Faster R(net50)

Faster R(vgg)

Faster R(net50)

CenterNet(net50)

CenterNet(net50)

Input size

448 × 448

544 × 544

640 × 640

448 × 448

544 × 544

640 × 640

544 × 544

640 × 640

640 × 640

544 × 544

512 × 512

640 × 640

544 × 544

640 × 640

640 × 640

544 × 544

544 × 544

640 × 640

mAP50 (%)

60.8

63.1

65.7

64.7

66.8

65.1

37.7

43.2

35.8

34.5

43.2

54.2

50.0

51.1

44.2

57.7

57.0

64.5

FPS

62.5

58.9

55.5

57.4

53.6

50.1

11.5

15.7

12.3

18.0

9.0

7.4

34.7

8.2

29.6

13.2

23.2

21.2
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on the detection accuracy of each class. Common sense 
dictates that long-distance and small objects require larger 
input images to achieve better detection results. Table 4 
compares the detection results of YOLOv5 using different 
training weights. The detection accuracy of three classes: 
“own body”, “bridge”, and “ship bow” (highlighted in bold), 
is generally better than that of the other classes. In our 
dataset, “lighthouse” has large variations in distance and 
scale, and its appearance characteristics in different naviga‐
tion areas considerably differ, leading to low detection 
accuracy. As “lighthouse” is an important navigational aid 
object in ship navigation, the volume of data for different 
navigation areas needs to be increased and more subdivi‐
sion classes of “lighthouse” need to be added to improve 
its detection accuracy.

In our classification strategy, “workboat” is another typi‐
cal object class. Most of the “workboats” are easily identi‐
fiable in the image data obtained from the bridge perspec‐
tive because the background of the object is mostly a pure 
color. By optimizing the model and increasing the number 
of convolutional layers, we can achieve higher detection 

accuracy. Alternatively, the “gantry crane” has obvious color 
characteristics and often appears in busy port areas. The 
detection of such objects is positively correlated with the 
size of the model and the number of labels used.

Table 5 compares the detection results of two SOTA 
models with ResNet as the backbone network, which is 
categorized into ResNet50 and ResNet101, and the SOTA 
models include RetinaNet and EfficientDet. Although the 
comprehensive mAP of our training results is lower than 
that of the YOLO series, the RetinaNet model outperforms 
YOLOv5 in the “gantry crane” class with 19.2% higher 
detection accuracy. However, the detection accuracy of the 
four classes “unidentified ship”, “unidentified ship-N”, 
“lighthouse”, and “ship lock” is significantly lower than 
that of the YOLOv5 series. This is due to the extremely 
imbalanced ratio of positive and negative samples labeled 
in this dataset, where complex samples dominate the vast 
majority, and the gradient is dominated by simple samples, 
causing the simplest samples to dominate the loss calcula‐
tion process. Understanding this reason, we can further 
optimize the YOLO series model.

Table 4　mAP comparison of various classes under the detector of YOLOv5 series

Type

Gantry crane

Work boat

Island

Cargo ship

Own body

Unidentified ship

Unidentified ship-N

Lighthouse

Bridge

Ship bow

Packet

Ship lock

YOLOv5-Es
(448 × 448)

45.2

49.0

72.7

62.1

99.5

38.6

51.1

24.8

82.2

99.5

39.6

65.2

YOLOv5-Es
(544 × 544)

47.6

54.2

69.7

61.2

99.5

39.4

49.1

49.5

81.8

99.5

44.1

61.4

YOLOv5-Es
(640 × 640)

49.4

56.3

73.0

62.4

99.3

39.3

60.7

49.5

79.7

99.5

38.6

79.5

YOLOv5-Em
(448 × 448)

50.6

60.5

69.1

67.2

99.5

37.8

63.5

24.8

80.4

99.5

44.3

79.5

YOLOv5-Em
(544 × 448)

51.1

61.6

73.5

67.6

98.3

42.6

61.2

49.5

74.1

99.5

47.2

79.5

YOLOv5-Em
(544 × 544)

48.7

60.3

70.3

67.0

98.6

43.2

66.6

24.8

78.7

99.5

44.0

79.5

Table 5　mAP comparison of various classes under the detectors of RetinaNet and EfficientDet

Type

Gantry crane

Work boat

Island

Cargo ship

Own body

Unidentified ship

Unidentified ship-N

Lighthouse

Bridge

Ship bow

Packet

Ship lock

YOLOv5-Es
(448 × 448)

64.4

18.0

43.7

49.4

100

3.3

9.2

3.1

41.8

100

11.6

8.3

YOLOv5-Es
(544 × 544)

60.8

20.2

51.9

45.8

99.9

5.3

7.7

10.9

47.1

100

17.5

50.8

YOLOv5-Es
(640 × 640)

60.2

17.4

51.3

38.1

100

3.2

6.6

4.1

40.0

100

8.0

1.3

YOLOv5-Em
(448 × 448)

53.4

15.5

42.3

40.5

99.5

0.7

5.5

1.0

41.5

99.5

9.3

1.9

YOLOv5-Em
(544 × 448)

64.4

20.8

64.6

56.5

98.5

3.6

6.0

2.0

75.5

100

23.7

1.0

YOLOv5-Em
(544 × 544)

65.8

30.3

69.6

67.6

100

15.3

14.5

28.1

75.4

100

33.2

50.0
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The difference between Fast R-CNN and Faster R-CNN 
lies in the use of a special region proposal method to create 
region proposals. Instead, Faster R-CNN trains a region pro‐
posal network that takes a feature map as the input and out‐
puts the region proposals. Table 6 presents the training results 
of Faster R-CNN. CenterNet, proposed in 2019, is an anchor-
free object detection network that has advantages in speed 
and accuracy compared with the anchor detection networks 
used in YOLO, SSD, and Faster R-CNN.

The detailed detection accuracies for each class are pre‐
sented in Table 6. The detection results of “ship lock”, 
“unidentified ship”, and “unidentified ship-N” are lower 
than those achieved by the YOLO series models, with the 
detection results of “ship lock” partially zero. These results 
confirm that an imbalance in the proportions of positive 
and negative samples can lead to abnormal detection accu‐
racy. Therefore, we need to consider the sample propor‐
tions more when designing datasets and selecting labeling 
strategies. Although the mAP of these two models is no 
longer dominant compared with the latest version of the 
YOLO model, their approach to addressing the slow speed 
of selecting search candidate boxes can provide us with 
further directions for optimization.

After comparing five SOTA models, several conclusions 
can be drawn. First, when comparing models, the dataset 
and labeling strategy need to be considered, as differences 
can affect performance evaluation beyond just the mAP 
score. Second, ship navigation environment perception has 
high demands for object detection, especially in certain tasks, 
such as autonomous navigation and intelligent perception. 
As a result, many challenges and bottlenecks still need to be 
overcome in this area.

The study presents three issues that affect object detec‐
tion in the subdivision field of ship navigation environment 
perception. First, as the object moves, changes in object scale 
and features can lead to object detection failures. Second, 
long-distance and small objects often have low resolution 

and blurry appearance, resulting in low learning efficiency 
or detection failure. Third, small objects are less tolerant to 
bounding box perturbations than large objects at close range, 
making it difficult to fit the training. This issue is particu‐
larly pronounced when detecting distant ambiguous objects 
in open seas or busy waterway areas with complex back‐
grounds. For more intuitive image comparisons, please refer 
to the next subsection. The use of clear language and short 
sentences improves readability, whereas a more straightfor‐
ward description of the three issues increases clarity.

4.2.2 Evaluation criteria for object detection performance 
by comparing scenarios and models

This subsection presents the detection results of typical 
scenarios in our ShipNav dataset. To enhance the robust‐
ness of the object detection model in complex environments, 
this study considers the challenges of situational percep‐
tion in various areas under different weather and sea condi‐
tions during ship navigation. Specifically, we propose per‐
formance criteria for object detection to guide the design 
of new architecture.

Most ship navigation involves international trade, and 
each country and region has its unique features and condi‐
tions, including various types of waterway maintenance facil‐
ities and objects. The ship situational awareness model must 
meet the high demands for robustness. Therefore, the dataset 
used in this study not only covers the main scenarios encoun‐
tered by various ships but also includes a significant amount 
of data from the major waterways of the world. The dataset 
is sourced from Mitsui O.S.K. Lines, Ltd., Japan, and the 
Internet to ensure wide coverage. To evaluate object detec‐
tion performance, we use the widely accepted SOTA models 
in recent years and analyze the detection results under vari‐
ous meteorological and sea conditions.

Figure 3 illustrates the visual detection performance of 
different models in port operation scenarios. The abscissa 
shows specific port situations, the ordinate shows different 
detection models, and the bottom row shows the original 

Table 6　mAP comparison of various classes under the detectors of Faster R-CNN and CenterNet

Type

Gantry crane

Work boat

Island

Cargo ship

Own body

Unidentified ship

Unidentified ship-N

Lighthouse

Bridge

Ship bow

Packet

Ship lock

Fast(vgg)
(544 × 544)

56.4

26.7

58.3

51.8

99.7

10.8

10.5

49.2

77.9

100

20.0

0

YOLOv5-Es
(640 × 640)

61.8

24.7

62.3

47.1

100

10.0

13.0

35.7

71.9

100

19.1

50.0

YOLOv5-Es
(640 × 640)

57.7

21.2

68.0

51.1

96.4

8.6

7.5

56.4

67.1

100

28.9

50.0

YOLOv5-Em
(544 × 544)

56.9

20.1

70.4

47.1

99.0

8.9

12.0

21.4

68.3

100

26.2

0

YOLOv5-Em
(544 × 448)

64.8

49.1

75.9

61.9

100

48.6

53.1

31.2

78.5

100

20.6

0

YOLOv5-Em
(640 × 640)

68.9

50.7

67.9

53.2

100

47.1

59.6

68.8

80.9

100

26.4

50.0
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image. Figure 3(a) depicts the state of the ship when enter‐
ing the port. Most of the port scenes encountered by ships 
on nonscheduled routes are dissimilar, necessitating the 
improvement of the low-density object detection capability 
of the model. Figure 3(b) exhibits object detection in com‐
plex port areas, where operating ship trajectories are unpre‐
dictable and high-density traffic flow is present, thus requir‐
ing a robust model. Figure 3(c) illustrates the identifica‐
tion of islands, reefs, and berthing areas during navigation. 
Figure 3(d) shows that the visibility of ship navigation poses 
a major challenge to visual perception, as poor visibility 
reduces recognition accuracy. Figure 3(e) shows that, dur‐
ing berth, visual monitoring of the surroundings of the ship 
is equally crucial, and camera deployment optimization can 
address this issue.

Regarding the detection model, in all subdivision scenar‐
ios, YOLOv5 and CenterNet exhibit better overall detection 
performance than the other models. The detail processing 
capability of the RetinaNet model is uncertain for long-dis‐
tance complex objects. Moreover, the EfficientDet and 
Faster R-CNN models cannot deal with low-light scenes. 
For partially occluded objects, innovative object associa‐
tion approaches are necessary.

Ships sailing across intercontinental oceans, through 
straits or long-distance canals, encounter various challenges. 
Figure 4 depicts the object detection results of different 
models in canal scenarios. Each column shows a different 
canal situation, and each row shows the detection outcomes 
for distinct models. Figure 4(a) illustrates the detection of 
breakwater obstacles, which require detection in a wide and 

large-scale range. Figure 4(b) describes the detection of 
bridges on canal waterways by the visual detection model. 
Objects appearing above the field of view can interfere with 
normal detection results, and special attention is required 
during navigation. Figure 4(c) presents the comparative 
analysis of tugboat detection, and different models have 
different sensitivities to long-distance and small objects, 
which can diminish because of line-of-sight occlusion. 
Figure 4(d) shows the detection results of five models for 
high-speed ships, and the inference speed of the model is 
critical for detecting high-speed moving objects. There‐
fore, the one-stage model is preferred as the backbone 
model. Figure 4(e) compares the detection results in twi‐
light scenes, where illumination changes pose a significant 
challenge to object detection algorithms. Intensity map‐
ping can be utilized to preprocess images and improve 
detection accuracy.

The dazzle phenomenon can compromise human vision 
and endanger their safety while driving or exercising out‐
doors. Similarly, vision-based object detection can face sim‐
ilar challenges. In backlight situations, such as the bow of 
a ship facing the sun or city lights on the shore, the object 
detection capability of the camera can be limited. Figure 5 
illustrates the object detection results in dazzle scenarios. 
Figure 5(a) illustrates that the water object appears dim 
because of strong sunlight during sunrise. Figure 5(b) shows 
that YOLOv5 can detect several small objects in the com‐
plicated coastal environment influenced by light, whereas 
Faster R-CNN repeatedly detects the “packet”. Figure 5(c) 
shows that EfficientDet fails to detect the “bridge” because 

Figure 3　Detection performance of different models in port operation scenarios
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of the strong light. Figure 5(d) indicates that Faster R-CNN 
outperforms other models at night by detecting more small 
objects. Figure 5(e) shows that YOLOv5 excels at detecting 
distant objects, whereas Faster R-CNN and CenterNet per‐

form better in detecting occluded objects, such as the 
“workboat”.

Figure 6 presents the results of object detection in five 
different night scenarios during ship navigation. Figure 6(a) 

Figure 5　Comparison of object detection results in dazzle conditions

Figure 4　Detection performance of different models in canal navigation scenarios
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illustrates the impact of light pollution from operating fish‐
ing boats, which emit strong lights and can make it chal‐
lenging for ships to rely on their navigation lights to con‐
firm their position. Figure 6(b) depicts the detection of 
objects in distorted images obtained when the sun sets, 
requiring a high-performance camera. The YOLOv5 and 
Faster R-CNN models with the VGG16 backbone exhibit 
better detection results. Figure 6(c) compares the recogni‐
tion results of each model in the presence of blurred images, 
and both the YOLOv5 and Faster R-CNN models with the 
VGG16 backbone perform better than the other detectors. 
Figure 6(d) shows the influence of land light sources, 
where high light spots from street lamps and vehicle lights 
on the shore cause fluctuations in illumination and decrease 
visual salience, leading to difficulty in distinguishing objects. 
Figure 6(e) further confirms this point.

Numerous studies have proposed different methods to 
improve the detection of small and long-distance objects. 
This study demonstrates that the improved IoU can enhance 
the detection performance of small objects. Figure 7 presents 
the results of detecting small and long-distance objects in 
five different environments. Figure 7(a) shows that YOLOv5 
significantly outperforms the other models in detecting 
objects in foggy weather. Figure 7(b) illustrates that only 
CenterNet can detect more objects because of the unclear 
features of the unknown ship; however, its overall accuracy 
is inferior to that of YOLOv5. Figure 7(c) shows the influ‐
ence of the complex environment of the shore and port on 

the detection effect of ships entering the port, with Reti‐
naNet exhibiting poor detection results for small objects. 
Figure 7(d) compares the detection performance of small 
objects at sea after the ship leaves the port, and YOLOv5 and 
CenterNet perform better than the other models. Figure 7(e) 
compares the detection performance of small objects under 
strong light interference, and Faster R-CNN outperforms 
the other detectors. Because of the influence of ship navi‐
gation, the scale of long-distance and small objects changes 
significantly, which proves the performance of different 
SOTA models in multiscale feature calculation.

Based on the results of our comparative experiments and 
case studies, we determined that no single SOTA model can 
handle all ship navigation scenarios effectively. In general, 
different models have their strengths in specific subdivision 
scenarios. However, our experiments have also demonstrated 
that the detection performance can decrease significantly in 
some special scenarios. Therefore, more detailed evaluation 
benchmarks for object detection models, including dataset 
preparation, appropriate labeling strategies, model optimi‐
zation, and evaluation of detection performance in subdi‐
vided scenes, need to be established. Widely accepted bench‐
marks are needed to facilitate the development of more 
effective detection models.

4.3  Visual perception performance benchmarks

After analyzing the mAP and interpreting the experimental 

Figure 6　Comparison of the detection results of navigation objects at night
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results, we conclude that data quality, scale calculation, fea‐
ture quantification, and object association are the bench‐
marks for visual perception performance in solving the chal‐
lenges faced by situational awareness in ship navigation.

Data quality. The quality of training data plays a crucial 
role in the performance of object detection models. To ensure 
sufficient dataset quantity and balanced classes, we evaluate 
data quality based on the label consistency and accuracy of 
annotated data.

“Label consistency” refers to the degree of agreement 
between different annotators when labeling the same dataset 
or when the same annotator labels the same class in differ‐
ent scenarios. The labeling results should be consistent to 
reduce the random noise in labeled data.

The term “accuracy” refers to the degree of proximity 
between the label and the ground truth. The ground truth data, 
which is a sample subset of the training data, are labeled by 
domain experts or data scientists to assess the accuracy of 
the annotators. The accuracy can be measured using widely 
recognized benchmarks, which enable data scientists to over‐
see the quality of their data. To gain insights into the accu‐
racy of the annotators’ work and to identify and resolve 
potential quality declines, the challenges and navigational 
aids encountered during ship navigation in various scenarios 
need to be examined.

Scale calculation. The significant variation in the scale 
of detected objects can result in reduced model accuracy. As 
ships move, the scales of objects encountered during naviga‐

tion also change, which can result in missed detections. As 
accurate object recognition is crucial for ensuring safe ship 
navigation, the achievement of precise object detection 
and tracking is a daunting challenge. Therefore, the scale 
calculation of objects within the same class needs to be 
considered.

The CNN-based backbone network for object detection 
utilizes multilayer convolution to extract in-depth informa‐
tion, generate multilayer feature maps, and process further 
for positioning and classification based on the deep feature 
maps. To solve the problem of different object scales, several 
methods, such as “feature image pyramid” and “data aug‐
mentation” can be utilized.

The feature image pyramid method creates a series of 
images with varying resolutions from the same image. As the 
level of the pyramid changes, the bounding boxes labeled 
in the image also produce multiple scales ranging from large 
to small. By inputting these pyramid images of different 
scales into various SOTA models, the object scale that the 
model is capable of processing can always be found in a 
certain layer of the pyramid, even if the model is only pro‐
ficient at recognizing objects within a specific scale.

Data augmentation is a technique that artificially expands 
the training dataset by generating additional equivalent data 
from limited data. Data augmentation effectively reduces 
overfitting of the model, particularly for small sample size 
datasets and the detection of low-density scene objects. How‐
ever, the generated data may introduce noise because of 

Figure 7　Comparison of the detection results of long-distance and small objects in different scenarios
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differences with real data. To evaluate model performance 
benchmarks in various low-density scene samples of ship 
navigation, different methods, including image processing, 
geometric and photometric conversion, and DL, need to 
be used.

Feature quantification. The use of DL for object detec‐
tion involves end-to-end training, which includes image 
input, adaptive object feature extraction, classification, and 
regression. Despite varying appearances of channel objects 
in different regions, seafarers can identify them based on 
navigation materials or experience. Thus, during the feature 
extraction stage, the features should be quantified to enhance 
the robustness of the model. To ensure reproducibility, 
researchers should provide a detailed description of the 
internal structure of their model, including its network struc‐
ture, loss function, and activation function.

Object association. In ship navigation, object detection 
is a fundamental task. Other essential requirements include 
object tracking, object state estimation, and more. However, 
object association is a prerequisite for object tracking, which 
requires detecting all objects of interest in each video frame 
and correlating them with the objects detected in the previ‐
ous frame for tracking. The object association benchmarks 
are evaluated and measured by calculating the degree of 
association between objects. This association calculation 
is based on object similarity, texture similarity, and local 
color similarity, and matching is performed based on differ‐
ent dimensions: overall and local features, regional features, 
and long-term features.

5  Discussion

5.1  Detailed introduction and comparison of the 
datasets

Our ShipNav dataset is designed specifically for visual 
perception tasks in ship navigation, capturing diverse sce‐
narios, such as different waterways, weather conditions, day/
night illumination, and a variety of vessel types. This focus 
on real-world complexity sets it apart from many existing 
maritime datasets, which may concentrate on single perspec‐
tives (e. g., aerial or port-centric) or narrower geographic 
regions.

Nonetheless, a comprehensive comparison with other open-
source maritime datasets (e. g., SeaShips, ABOships, and 
WSODD) would indeed be valuable. These datasets often 
differ in their labeling standards, object categories, image 
resolutions, and domain coverage. For instance, SeaShips 
labels only a handful of vessel categories, whereas Ship‐
Nav covers a broader set of classes, including navigational 
aids and shore-based infrastructure relevant to ship maneu‐
vers. A direct, quantitative comparison is challenging because 
of inconsistent annotation guidelines and class definitions; 

however, future work could attempt to unify labeling 
schemes and performance metrics to enable a more rigor‐
ous benchmark across multiple datasets.

5.2  Combining ShipNav with other related 
datasets

Another related question is whether combining ShipNav 
with external datasets could further improve algorithm per‐
formance. In principle, the aggregation of multiple datas‐
ets can diversify training samples, improve generalization, 
and bolster the robustness of DL models. For example, incor‐
porating images from other regions or featuring different 
vessel types can help address domain shift problems that 
arise when deploying a model in new environments.

However, practical challenges remain. Label inconsis‐
tency, class definition mismatches, and variance in annota‐
tion quality may necessitate extensive relabeling or domain 
adaptation techniques to ensure that the merged data are 
truly beneficial. Moreover, differences in resolution, sensor 
characteristics, and viewpoint can introduce further com‐
plexity when harmonizing datasets. Addressing these issues 
will require careful data curation and possibly advanced 
domain adaptation methods.

Despite these challenges, we believe that ShipNav pro‐
vides an essential foundation for analyzing complex ship 
navigation scenarios, particularly from the bridge perspec‐
tive. In future work, we plan to explore semiautomatic 
relabeling strategies and domain adaptation techniques to 
combine ShipNav more seamlessly with other maritime 
datasets, thereby expanding the coverage of diverse condi‐
tions and vessel types. This approach has the potential to 
create a unified, large-scale dataset that can serve as a more 
comprehensive benchmark for maritime visual perception 
research.

6  Conslusions

In this study, we present a dataset for visual object detec‐
tion in ship navigation, which includes images of important 
navigational waters worldwide. We propose evaluation 
benchmarks for various subdivision scenarios and tasks 
related to ship navigation. We evaluated the performance of 
four widely used object detection algorithms with different 
backbones (i.e., YOLOv5, Faster R-CNN, CenterNet, and 
EfficientDet) and improved YOLOv5. Our experiments 
showed that YOLOv5-E with enhanced EIoU outperforms 
the other models in terms of comprehensive performance. 
However, different improvement methods may compro‐
mise other performance metrics in specific subdivision sce‐
narios. The results showed that the SOTA object detection 
models exhibit uneven performance in specific real-world 
scenarios. Therefore, we explore factors that may affect 
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model performance evaluation benchmarks from the per‐
spective of data quality, scale calculation, feature quantifi‐
cation, and object association. These factors should be con‐
sidered in the formulation of performance evaluation 
benchmarks with depth and breadth in actual autonomous 
ship navigation practice.
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