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Abstract. Detecting and recognizing ships at sea presents unique challenges 

due to their irregular shapes, complex features, and varying sizes. This study 

explores the capabilities of differentYOLO(YouOnlyLookOnce) architec-

tures—specifically versions V5, V6, V7, and V8—for maritime applications. 

Each version introduces improvements in model design, detection accuracy, and 

efficiency, with V8 serving as the benchmark for comparison. Through detailed 

experimentation, the findings show that while all YOLO models exhibit strong 

detection capabilities, the advancements from V5 to V8 lead to significant im-

provements in accuracy and adaptability to diverse ship characteristics. 

 This progression highlights the strengths and limitations ofeach version and 

demonstrates how the evolution of YOLO architectures enhances maritime vi-

sion systems. The insights gained from this research pave the way for more ef-

fective solutions in ship detection, recognition, and tracking, showcasing the 

potential of deep learning to address real-world challenges at sea. 

Keywords: Ship detection, YOLO, Maritime applications, Deep learning, 

Object recognition, Vision systems, Adaptability, YOLO architectures 

1 Introduction 

Advances in computer and machine vision have opened up exciting possibilities for 

maritime applications, especially in detecting and recognizing ships. Yet, the unpre-

dictable nature of the sea, the irregular shapes of vessels, and their varying sizes make 

traditional approaches less effective, highlighting the need for more sophisticated 

solutions. This study focuses on the progression of YOLO (You Only Look Once) 

models—versions V5, V6, V7, and V8—as tools 

 to tackle these challenges. Known for their single-pass detection and real-time per-

formance, YOLO models are particularly suited to the dynamic and complex mari-

time environment. 

 By examining the incremental improvements across versions, the research showcases 

how these advancements contribute to Identify applicable funding agency here. If 

none, delete this 

© The Author(s) 2025
J. K. Katiyar et al. (eds.), Proceedings of International Conference on Computer Science and Communication
Engineering (ICCSCE 2025), Advances in Computer Science Research 124,
https://doi.org/10.2991/978-94-6463-858-5_91

mailto:priyankareddy21394@gmail.com
https://doi.org/10.2991/978-94-6463-858-5_91
http://crossmark.crossref.org/dialog/?doi=10.2991/978-94-6463-858-5_91&domain=pdf


 

 

 

 

 
1098             R. Priyanka et al.

 greater accuracy, efficiency, and adaptability in ship detection and recognition under 

challenging conditions. The results underscore the impressive progress achieved with 

each YOLO iteration, leading to more precise and reliable detection capabilities. This 

study highlights the critical role 

 of YOLO models in addressing maritime challenges, offering valuable insights into 

how deep learning can drive innovation in ship detection, recognition, and tracking. 

2 Architecture 

The proposed system leverages advanced machine learning to integrate YOLO V5, 

V6, V7, and V8 models for detecting and recognizing ships on the sea. This approach 

is carefully designed to tackle challenges like the irregular shapes, varying sizes, and 

complex features of vessels. 

The framework is built on extensive, high-quality datasets that have been meticu-

lously curated to ensure reliable training and evaluation. These datasets include de-

tailed annotations with bounding boxes and class labels, capturing the intricate fea-

tures and diverse orientations of ships. 

By combining the strengths of each YOLO version, the system is highly adaptable 

to real-world maritime scenarios. This enables precise ship identification while im-

proving the efficiency and reliability of detection, paving the way for more effective 

applications in maritime operations. 

 

 
 

Fig. 1.Architecture  
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3 Existing System 

Current ship detection systems frequently rely on YOLO V5 due to its lightweight 

efficiency and real-time performance. However, the diverse conditions at sea and the 

irregular features of ships can pose significant challenges, often resulting in detection 

inaccuracies, particularly for smaller or partially obscured vessels. 

To address these limitations, enhancements like GhostbottleNet have been introduced. 

This approach incorporates stacked GhostNet layers to improve feature extraction, 

allowing the system to capture more complex spatial patterns. While these enhance-

ments lead to better detection accuracy and a reduction in GIoU loss, they also come 

with certain drawbacks: 

3.1 Disadvantages: 

• High Computational Complexity: Increased processing burden affects real-

time performance. 

• Integration Challenges: Advanced layers like GhostbottleNet are complex 

to implement. 

• Limited Robustness: Struggles in extreme weather conditions (fog, rain). 

• Resource Demands: Requires more computational resources, unsuitable for 

constrained systems. 

• False Positives: Complex features increase false-positive rates, reducing re-

liability. 

4 Proposed System 

The proposed system analyzes YOLO V5, V6, V7, and V8 to enhance ship detection 

and recognition, tackling challenges such as varying ship sizes, complex feature dis-

tributions, and the need for real-time performance. This study emphasizes the ad-

vancements introduced in each YOLO version, showcasing how they address the 

limitations of current systems and achieve cutting-edge results in maritime applica-

tions. 

4.1 Key enhancements across YOLO versions 

• YOLO V5: Lightweight and efficient but struggles with small-object detec-

tion and feature disparities. 

• YOLO V6: Improved small-object detection and feature extraction; limited 

in extreme weather. 

• YOLO V7: Advanced feature fusion and multi-scale detection ensure high 

accuracy for varied ship sizes. 

• YOLO V8: Combines detection and segmentation, excelling in accuracy, re-

al-time performance, and adaptability. 



 

 

 

 

 

o YOLO V8: Best accuracy, including for segmentation tasks 
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4.2 Advantages of the Proposed System 

• Enhanced Accuracy: YOLO V6–V8 improve detection across varied ship 

sizes and orientations. 

• Real-Time Performance: YOLO V8 ensures superior inference speed 

• Robust Extraction: V7 and V8 handle irregular features in complex scenarios 

effectively. 

• Environmental Adaptability: Multi-scale detection and feature fusion en-

sure reliability under fog, rain, and occlusion. 

• Comparative Insights: Offers guidance on model selection for specific mar-

itime needs 

4.3 Comparative Framework for YOLO V5–V8 

The proposed system evaluates the YOLO models based on three key dimensions: 

• Detection Accuracy 
o YOLO V5: Moderate for larger ships; struggles with smaller 

ones. 
o YOLO V6: Improved for small objects; limited in extreme con-

ditions. 
o YOLO V7: Improved for small objects; limited in extreme con-

ditions. 

• Efficiency 
o YOLO V5: Lightweight and fast but less precise. 
o YOLO V6: Efficient with moderate computational demands. 
o YOLO V7: Balances speed and accuracy. 
o YOLO V8: Most efficient with superior FPS. 

• Robustness 
o YOLO V5: Limited under adverse conditions. 
o YOLO V6: Improved but sensitive to extremes. 
o YOLO V7: Robust with advanced multi-scale detection. 
o YOLO V8: Excels in challenging environments. 

5 Materials and Methods 

The methodology evaluates YOLO models (V5–V8) for ship detection under diverse 

maritime conditions, structured into dataset preparation, preprocessing, model train-

ing, and a comparative framework. 



• Training (70%): For model learning. 

• Normalization: Scaled pixel values to [0, 1]. 

o Optimizer: SGD for stability with large datasets. 
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5.1 Dataset 

The dataset has been carefully curated to represent a wide range of maritime scenari-

os, including satellite images, aerial photos, and on-the-water captures. Each image is 

annotated with bounding boxes and ship class labels, such as cargo ships and tankers. 

The dataset reflects environmental diversity, covering conditions like clear skies, fog, 

and rain, as well as temporal variations between day and night. It also accounts for 

different ship characteristics, including size and type, ensuring a comprehensive 

foundation for robust detection and recognition. 

• Validation (20%): For tuning and monitoring. 

• Testing (10%): For final evaluation. 

5.2 Preprocessing 

Key preprocessing steps enhance data quality and model performance: 

• Resizing: Standardized images to 640x640 pixels. 

• Augmentation: Techniques like rotation, brightness adjustment, noise addi-

tion, and cropping improved diversity and robustness. 

5.3 Model Training and Evaluation 

• Training Configuration 
o Learning Rate: 0.01 with cosine annealing. 
o Batch Size: 16 for memory balance. 
o Epochs: 100 to ensure convergence. 

• Evaluation Metrics: 
o Precision: Correctly identified ships. 
o Recall: Detected relevant ships. 
o Mean Average Precision (mAP): Overall detection accuracy. 
o Inference Time: Processing time per image. 

5.4 Comparative Framework 

Evaluation across detection accuracy, efficiency, and robustness: 

• Detection Accuracy: Performance across large (cargo ships), medium 
(fishing boats), and small ships (lifeboats). 

• Efficiency: Frame-per-second (FPS) performance for real-time applica-
tions. 

• Robustness: Model resilience under weather variations, lighting changes, 
and occlusion. 

This structured methodology ensures a fair and comprehensive comparison of 

YOLO models for maritime applications. 



 

• Dataset exploration: Read, plot, and analyze images. 

arrays. 

• Model loading: Load pre-trained YOLO networks and extract output layers. 

create masks. 

• YOLOv5 setup: Install necessary packages for YOLOv5 training in Colab. 

• Data processing for YOLOv5: Format data for model specifications. 

prediction and classification. 

curacy, and efficiency. 

• YOLO V7: Advanced feature-rich architecture for robust object detection. 
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6 Implementation 

6.1 Modules 

• Importing packages: Load libraries for image processing and machine 

learning. 

 

• Image processing: Convert to blob, define class, bounding box, and numpy 

• Data preparation: Append image annotations, convert BGR to RGB, and 

• Data augmentation: Randomize, rotate, and transform images for diversity. 

• Model building and training: Train YOLOv5, V6, V7, and V8 models. 

• User interaction: Implement user registration, login, input, and prediction 

modules. 

6.2 Algorithms 

• YOLO V5: Lightweight, PyTorch-based model combining bounding box 

• YOLO V6: Optimized for detecting small objects with enhanced speed, ac-

• YOLO V8: Excels in object detection, classification, and segmentation with 

cutting-edge performance.  

7 Output 

 

Fig. 2: Output 1 
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8 Graphs 

 

Fig. 3. Output2 

 

Fig. 4: F1 Curve 
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Fig. 5. Recall Score 

 

Fig. 6. Precision Score 
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Fig. 7. mAP 50 

 

 
 

Fig. 8. Confusion Matrix 
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9 Conclusion 

In conclusion, the comparative analysis of YOLO V5, V6, V7, and V8 reveals notable 

advancements in ship detection and recognition. YOLO V5 is highly efficient but 

faces challenges with small objects and complex environments. YOLO V6 improves 

feature extraction for smaller ships, though its robustness in extreme conditions re-

mains limited. YOLO V7 introduces advanced feature fusion and multi-scale detec-

tion, resulting in enhanced accuracy. Meanwhile, YOLO V8 emerges as the most 

versatile, excelling in both accuracy and real-time performance. 

This progression highlights how YOLO models have become increasingly suited to 

addressing maritime challenges and offers valuable guidance for selecting the most 

appropriate model based on specific requirements. 
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