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Abstract 

With the rapid development of intelligent ships, deep learning-based automatic identification of maritime buoys has emerged as 

a critical research direction for maritime intelligence. To address the challenge of balancing real-time performance and detection 

accuracy in complex inland waterway environments, this paper proposes an automatic identification method based on the 

YOLOv11 object detection algorithm. Specifically, by integrating advanced C3K2 and C2PSA modules, the model's capability 

for feature extraction and global information perception in cluttered backgrounds is significantly enhanced. To mitigate the 

scarcity of data samples, data augmentation techniques-including rotation and Gaussian noise elimination-were applied to 

construct buoy dataset, which consists of 913 high-quality annotated images. Furthermore, an incremental learning strategy with 

multi-stage iterative training was introduced to improve the model's generalization across diverse scenarios. Experimental results 

demonstrate that while maintaining high-efficiency real-time response, the proposed model achieves a mAP of 93%. This 

performance outperforms traditional algorithms such as Cascade-RCNN and SSD, as well as previous versions like YOLOv8, 

providing robust technical support for safe collision avoidance and waterway situational awareness in intelligent shipping. 

Keywords 

Intelligent Ships, Buoy Identification, YOLOv11, Deep Learning, Artificial Intelligence 

 

1. Introduction 

1.1. Background and Motivation 

With the rapid advancement of intelligent and autonomous 

ships, perception capability has become a fundamental re-

quirement for automatic collision avoidance and navigational 

decision-making. Accurate detection and recognition of navi-

gational aids are essential for maritime situational awareness 

and safety; however, complex sea states, variable illumination, 

and the diverse visual characteristics of navigational marks 

make robust and high-precision recognition challenging in 

real-world environments. Although deep learning–based com-

puter vision methods have demonstrated strong real-time de-

tection performance and have been increasingly applied to 

maritime perception, existing studies mainly focus on generic 

targets such as vessels and obstacles. Navigational buoys, as 

critical infrastructure for waterway safety, possess unique vis-

ual signatures that are often obscured by waves or distorted by 
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light reflection. Therefore, developing a specialized detection 

framework that can maintain high precision under dynamic 

and resource-constrained maritime conditions is of paramount 

importance for the next generation of intelligent maritime 

transportation systems. This study aims to bridge this gap by 

leveraging the latest YOLOv11 architecture to achieve a more 

reliable and efficient buoy recognition system. 

1.2. Literature Review 

Current deep learning–based object detection models can 

generally be classified into two categories: single-stage and 

two-stage detectors. Single-stage detection algorithms, such 

as SSD [1], RetinaNet [2], and the YOLO series [3], directly 

perform object localization and classification in a unified 

framework, offering superior inference speed. In contrast, 

two-stage algorithms, including Fast R-CNN [4], Faster R-

CNN [5], and Mask R-CNN [6], first generate region pro-

posals and then conduct refined classification, which often 

limits their real-time applicability on moving vessels. In the 

maritime domain, existing target recognition studies have pre-

dominantly focused on ship detection in inland waterways, 

employing methods such as LiDAR-based recognition [7] and 

YOLO-based visual frameworks [8]. For example, Sun Haitao 

optimized the anchor generation of YOLOv4 using K-Means 

and introduced a BiFPN module to enhance feature extraction 

[9]. Xiao Zheng and Wang Jiye improved unmanned surface 

vessel recognition by incorporating multi-scale attention 

mechanisms into YOLOv5 [10]. Similarly, Yang Zhiyuan and 

Luo Liang et al. enhanced performance by introducing light-

weight asymmetric detection heads and a Slim-FPN structure 

into YOLOv8 [11]. 

Despite these advancements, research specifically targeting 

navigational mark recognition remains limited. Wang Ning 

and Zhi Min pointed out that while the YOLO series offers 

notable advantages in computational efficiency and deploy-

ment, models still face challenges on resource-constrained de-

vices. In comparison, SSD demonstrates strong generalization 

but its shallow layers limit deep semantic feature extraction, 

while RetinaNet suffers from high complexity [12]. Although 

Ni Hanjie and Chu Xiumin et al. attempted to apply improved 

Faster R-CNN models for navigational mark detection [13, 

14], current research still exhibits significant gaps, particu-

larly in addressing the influence of flashing characteristics and 

precise recognition under long-distance observation. Conse-

quently, this study adopts the YOLO framework, specifically 

focusing on the systematic investigation of distinct buoy cat-

egories to provide a more comprehensive solution for mari-

time navigation. 

2. Research Method 

 
Figure 1. Research method. 

2.1. Introduction of YOLOv11 

In terms of model architecture, YOLOv11 introduces sev-

eral key optimizations to enhance its feature representation 

and processing efficiency. Specifically, the backbone incorpo-

rates C3K2 modules, which utilize specialized kernel struc-

tures to boost feature extraction depth. To improve the priori-

tization of critical spatial information, a C2PSA module is 

strategically positioned following the SPPF block; this inte-

gration of the PSA mechanism allows the network to suppress 

background clutter and focus on salient targets, such as mari-

time buoys. Additionally, the detection head leverages depth-

wise separable convolutions, effectively minimizing compu-

tational redundancy while maintaining high inference speed. 

These advancements make YOLOv11 highly suitable for de-

manding real-time maritime perception tasks. The compre-

hensive structure of the network is depicted in Figure 2 [15]. 
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Figure 2. The overall architecture of YOLOv11. 

2.2. Automatic Navigational Mark Recognition 

2.2.1. Dataset Preparation and Preprocessing 

After data collection, the dataset undergoes data cleaning 

and preprocessing. The primary objective of data cleaning is 

to remove noisy samples, including low-quality images and 

incorrectly annotated data. Image processing techniques [16], 

such as edge detection and morphological operations [17], are 

employed to ensure that navigational marks can be clearly dis-

tinguished in the images. To further improve dataset quality, 

image standardization is applied by adjusting parameters such as 

image size and brightness, which contributes to enhancing the 

model’s recognition performance under varying environmental 

conditions. 

Dataset preprocessing also includes data augmentation, 

which is a key strategy for improving model robustness. Com-

mon augmentation techniques, including rotation, cropping, 

and color transformation, are used to increase sample diversity 

and enable the model to better adapt to variations in viewpoint, 

illumination, and environmental conditions. For instance, ran-

dom rotation and scaling allow the model to learn features of 

navigational marks at different orientations and distances, 

while color transformations improve adaptability to diverse 

lighting conditions. These augmentation strategies enhance 

the model’s generalization capability and effectively reduce 

the risk of overfitting. Figure 3 illustrates examples of naviga-

tional mark images after data augmentation. 

 
Figure 3. Navigational mark images after data augmentation. 

The dataset construction involves collecting navigational 

mark images under diverse conditions to ensure comprehen-

sive coverage of different illumination, weather, and sea states, 

including daytime and nighttime scenes as well as clear, foggy, 

and rainy weather and varying wave conditions. Images are 

precisely annotated using a labeling tool to define the category 

and location of each navigational mark, and the annotations 

are exported in COCO or YOLO formats to support subse-

quent training. Data augmentation is applied to expand the da-

taset and improve model generalization, while preprocessing 

steps such as normalization and resizing standardize the input 

data and enhance training efficiency. Figure 4 shows the an-

notation interface of the makesense ai platform. 
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Figure 4. Annotation interface. 

2.2.2. Training the Initial Model 

Table 1 lists the training environment. 

Table 1. Training environment. 

Operating System Windows11 

Graphics Card NVIDIA RTX 4070 

CPU INTEL i5-12800HX 

Memory 16GB 

Visual Studio Code 1.96.4 

Python 3.9.21 

Pytorch 2.5.1+cu124 

Ultralytics 8.3.43 

YOLOv11 was selected as the baseline model due to its bal-

anced performance in accuracy and real-time inference, mak-

ing it suitable for automatic navigational mark recognition. 

Data augmentation techniques, including rotation, translation, 

scaling, cropping, and color transformation, were applied to 

enhance model generalization under varying environmental 

and illumination conditions. Model performance and training 

efficiency were regulated through appropriate hyper-parame-

ter settings, including epochs, batch size, patience, number of 

workers, optimizer, momentum, and learning rate. The de-

tailed hyper-parameter configurations are listed in Table 2. 

Table 2. Hyper-parameter configurations. 

Hyper-parameter Parameter value 

epoch 50 

batch size -1（auto） 

patience 10 

Hyper-parameter Parameter value 

workers 6 

optimizer SGD 

momentum 0.9 

lr 0.001 

2.2.3. Iterative Model Training 

Incremental learning is adopted during model training to ef-

ficiently handle environmental variations and the introduction 

of new navigational mark categories. Unlike conventional 

deep learning approaches that require retraining the entire net-

work, incremental learning enables YOLOv11 to incorporate 

new samples and classes with low computational cost while 

preserving performance on previously learned categories. 

Given the diversity of navigational marks, this strategy allows 

progressive category expansion and improves model general-

ization. 

Experimental results show that mini-batch incremental 

training with a small number of newly added samples per it-

eration enables the YOLOv11 model to rapidly adapt to 

changing marine environments, achieving a recognition accu-

racy exceeding 90%. In addition, incremental learning signif-

icantly reduces computational overhead by selectively updat-

ing model parameters, which is particularly beneficial in re-

source-constrained scenarios. Model optimization is further 

achieved through iterative fine-tuning guided by validation 

performance, including early stopping and targeted data aug-

mentation for underperforming classes. During the training 

phase, to bridge the performance gap between initial results 

and the final model, a multi-stage incremental learning strat-

egy was applied. The model was initially trained with a batch 

size of 16 for 100 epochs, achieving a baseline accuracy of 

90%. Subsequently, by increasing the batch size to 32 and re-

ducing the learning rate for fine-tuning, the model refined its 

detection of small-scale buoy targets, ultimately elevating the 

accuracy to 93%. The hyper-parameter settings for incremen-

tal learning are listed in Table 3. 

Table 3. Incremental hyper-parameter configurations. 

Hyper-parameter Parameter value 

epoch 50 

batch size -1（auto） 

patience 20 

workers 6 

optimizer SGD 

momentum 0.9 
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Hyper-parameter Parameter value 

lr 0.001 

3. Results 

In studies on YOLOv11-based automatic navigational mark 

recognition, evaluating model performance is a critical factor 

in determining its practical applicability. Accordingly, various 

loss functions and evaluation metrics are analyzed. The 

box_loss reflects the positional discrepancy between predicted 

and ground-truth bounding boxes and is used to optimize 

bounding box regression accuracy. Lower values indicate 

smaller localization errors and more accurate target position-

ing. 

The cls_loss measures the model’s accuracy in target cate-

gory classification, with lower values indicating reduced clas-

sification errors and improved classification performance. The 

dfl_loss, an enhanced form of classification loss, focuses on 

improving the recognition of hard samples and rare categories; 

lower values suggest superior performance in these challeng-

ing detection tasks. 

Precision reflects the proportion of correctly predicted pos-

itive samples among all positive predictions, indicating the re-

liability of the model’s detection. Higher precision corre-

sponds to fewer false positives. Recall measures the propor-

tion of actual targets correctly detected by the model, repre-

senting detection coverage; higher recall indicates fewer 

missed detection. The mAP provides a comprehensive evalu-

ation of localization and classification performance across dif-

ferent IoU thresholds and is widely used in object detection 

tasks. Higher mAP values indicate better overall detection 

performance. Figure 5 presents the performance curves ob-

tained after 50 training epochs. 

 
Figure 5. Data analysis chart. 

The main evaluation metrics rely on precision, recall and 

the mAP curve. In the following formulas, (1) is the calcula-

tion formula for precision, (2) is the calculation formula for 

recall, and (3) and (4) are the calculation formulas for mAP, 

(5) (6) (7) The three formulas respectively introduce box_loss, 

cls_loss and dfl_loss. 

precision
TP

TP FP



               (1) 

In the formula, TP represents the number of samples cor-

rectly predicted as positive, while FP represents the number 

of samples wrongly predicted as positive. 
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recall
TP

TP FN



                 (2) 

In the formula, FN represents the number of positive sam-

ples wrongly predicted as negative. 

1

1
AP Precision( )

N

i

i
N



               (3) 

In the formula, N is the number of categories, and Preci-

sion(i) is the precision rate of the i-th category. 

1

1
mAP AP

K

k

k
K



                  (4) 

In the formula, K is the number of categories, and APk is the 

average precision of category k. 

𝐿𝑏𝑜𝑥 = 1 − 𝐼𝑜𝑈 +
𝜌2(𝑏,𝑏𝑔𝑡)

𝑐2
+ 𝛼𝑣         (5) 

In the formula, IoU represents Intersection over Union, the 

ratio of the overlap area between the predicted box and the 

ground truth box.ρ2represents the square of the Euclidean dis-

tance between the centers of the predicted box and the ground 

truth box. c represents the diagonal length of the smallest 

closed rectangle that can cover both the predicted box and the 

ground truth box.v measures the consistency of the aspect ra-

tio. α represents weight parameter. 

Lcls=-∑ [
n
i=1 yi log ( ŷi)+(1-yi) log ( 1-ŷi)]

       (6) 

In the formula, 𝑦𝑖  represents the true label (either 0 or 1). 

𝑦̂𝑖 represents the probability predicted by the model for this 

category (after applying the Sigmoid activation function). 

LDFL(Pi,Pi+1)=-[(yi+1-y) log ( Pi)+(y-yi) log ( Pi+1)]   (7) 

In the formula, y represents the actual coordinate offset. yi 

and yi+1 represent two discrete integer coordinates immedi-

ately adjacent to the actual value y. Pi and Pi+1 represent the 

probability values predicted by the model at the points yi and 

yi+1. 

The final recognition performance of the model is strongly 

influenced by the training dataset. In current navigational 

mark recognition tasks, training samples are often dominated 

by common mark types, while certain categories, such as spe-

cial marks, have relatively few examples. This imbalance can 

lead to poor learning and increased misclassification for un-

derrepresented classes. To improve model generalization, it is 

essential to expand the dataset to include navigational marks 

captured under diverse marine conditions. In this study, a da-

taset of 913 images covering all navigational mark categories 

was constructed, including variations in illumination, weather, 

and sea states, as well as augmented images. The model was 

trained for 50 epochs, and the experimental data are summa-

rized in Table 4, with comparative results shown in Table 5 

[17]. 

Table 4. Experimental data table. 

No. Beacon Name Number of Images Successfully Identified Identification Accuracy Rate 

1 Port Hand Mark 89 83 93.2% 

2 Starboard Hand Mark 72 66 91.7% 

3 
Preferred Channel Port Hand 

Mark 
98 92 93.9% 

4 
Preferred Channel Starboard 

Hand Mark 
78 72 92.3% 

5 North Cardinal Mark 82 75 91.5% 

6 South Cardinal Mark 105 98 93.3% 

7 East Cardinal Mark 93 86 92.5% 

8 West Cardinal Mark 79 73 92.4% 

9 Isolated Danger Mark 65 59 90.8% 

10 Safe Water Mark 82 79 96.3% 

11 Special Mark 70 67 95.7% 

12 recall 91% 
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No. Beacon Name Number of Images Successfully Identified Identification Accuracy Rate 

13 mAP 93% 

 

Table 5. Comparative results. 

Algorithm mAP/% 

Cascade-RCNN 92.11 

Faster-RCNN 91.36 

SSD 89.02 

YOLOv11 93 

The results show that YOLOv11 achieves over 90% accu-

racy for all navigational mark categories. Safe water marks 

and special marks exhibit the highest accuracies of 96.3% and 

95.7%, respectively, due to their distinctive appearances. In 

contrast, isolated danger marks have fewer samples and a rel-

atively lower accuracy of 90.8%. The accuracies of lateral 

marks and cardinal marks are similar. The overall mAP 

reaches 93%, outperforming other algorithms. Additionally, 

YOLOv11’s fast inference capability provides reliable sup-

port for real-time navigational mark monitoring at sea. 

4. Discussion 

Existing automatic navigational mark recognition systems 

are primarily based on the YOLOv11 model. Although prom-

ising recognition results have been achieved, there remain 

several aspects that require further improvement and optimi-

zation. A detailed analysis of the model architecture and data 

processing pipeline can help identify potential enhancement 

strategies, thereby improving the effectiveness and applicabil-

ity of the system in real-world deployments. 

In YOLOv11-based navigational mark recognition, the se-

lection of training strategies and the implementation of learn-

ing rate scheduling have a direct impact on model perfor-

mance and accuracy. An appropriately configured learning 

rate determines both convergence speed and final generaliza-

tion capability. An excessively high learning rate may cause 

training instability or divergence, whereas an overly low 

learning rate can lead to prolonged training time and conver-

gence to local optima. Therefore, adopting dynamic learning 

rate adjustment strategies during training is essential for 

achieving stable and efficient optimization. 

Incorporating multi-scale feature fusion can further en-

hance the model’s ability to recognize navigational marks of 

varying sizes. The YOLOv11 framework employs a feature 

pyramid network to adaptively weight feature channels, ena-

bling better handling of scale variations and improved under-

standing of complex background scenes. This capability pro-

vides more reliable decision support for navigational mark 

recognition in diverse maritime environments. 

In practical applications, navigational marks are often ob-

served under complex and dynamic environmental conditions. 

Sensor fusion techniques, such as integrating radar or LiDAR 

with visual camera data, can significantly improve recognition 

accuracy and robustness. By combining high-precision rang-

ing information with visual perception, the system can not 

only enhance target localization accuracy but also estimate the 

distance between vessels and navigational marks, thereby im-

proving navigational safety. Such multimodal fusion ap-

proaches strengthen interference resistance and ensure stable 

detection and tracking performance under varying weather 

and illumination conditions. 

5. Conclusions 

This study demonstrates that YOLOv11-based automatic 

navigational mark recognition can effectively address the lim-

itations of traditional manual methods in complex maritime 

environments. By classifying navigational marks and analyz-

ing their visual features, the proposed approach achieves over 

90% accuracy, with particularly strong performance on dis-

tinct mark types such as safe water and special marks. Data 

augmentation further improves robustness under varying 

weather and lighting conditions, while adaptive learning rate 

strategies enhance training stability and convergence. How-

ever, real-world deployment may still be affected by dynamic 

sea conditions and image noise, necessitating scenario-adap-

tive testing and parameter optimization to ensure reliable per-

formance in practical navigation systems. 

Future work will optimize the YOLOv11 architecture and 

feature extraction, expand datasets, and explore diversified 

data augmentation to improve recognition accuracy and ro-

bustness in complex marine environments. For practical de-

ployment, edge computing should be adopted to reduce la-

tency and enable real-time processing on floating marks or 

vessels. Night-time recognition remains a key challenge due 

to low visibility and indistinct appearance, requiring targeted 

enhancement. Additionally, integrating stereo vision or Li-

DAR ranging can improve distance measurement and overall 

system performance, supporting maritime safety management 

and ocean monitoring. 
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Abbreviations 

YOLO You Only Look Once 

SSD Single Shot MultiBox Detector 

Fast R-CNN Fast Region-based Convolutional 

Network 

Faster R-CNN Faster Region-based Convolutional 

Network 

Mask R-CNN Mask Region-based Convolutional 

Network 

PSA Point-wise Spatial Attention 

box_loss Bounding Box Loss 

cls_loss Classification Loss 

dfl_loss Distribution Focal Loss 

mAP Mean Average Precision 

IoU Intersection over Union 

TP True Positive 

FP False Positive 

FN False Negative 
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