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Introduction
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• Underwater pipeline detection and segmentation are important for infrastructure safety
and environmental protection, but traditional detection methods struggle in noisy and
low-visibility conditions.

Figure: Detection vs Segmentation



Objectives

• The primary objective of this study is to detect and segment underwater pipelines and
features with YOLOv8 and Mask R-CNN models and analyse their applicability
qualitatively and quantitatively for underwater environments.
• This study evaluates the influence of data augmentation methods on model

performance for enhanced accuracy to mitigate class imbalance as a sub-objective.
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• Data Set consists of 5 
different classes

1. Pipe

2. Concrete Mat

3. Concrete Weight

4. Pipe Coupling

5. Leakage
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Figure: Data set (Gašparović et al., 2022)

Dataset Description
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Dataset Description and Data Augmentation

TestingValidationTrainingVersion

105212739V4

113227791V5

Instances(V5)Instances(V4)Class Name

379364Concrete Mat

803763Concrete Weight

148117Leakage

12811085Pipe 

12488Pipe Coupling 

Table: Data Set Description 

Table: Class – Wise Instances Description 

• The dataset is divided into subsets.  70% of the data is used for training, 20% is used for validation, and 
10% is used for testing. 
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Design and Implementation

Figure: Workflow
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Training Parameters

ValueParameter

8Batch size

0.001Learning Rate

30Number of Epochs

• Batch size, learning rate and number of epochs are defined for all models with the same
values to provide an equivalent environment for the training.

Table: Training Parameters



Results and Analysis
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• The training and validation loss curves represent how well a model learns over time in the training and validation
datasets.

• It is crucial for detecting overfitting and underfitting and to ensure the model fits well in real-world scenarios.

Figure: Training and validation loss curve



Evaluation Matrix
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Figure: P-R curve of YOLOv8-seg small model @ 50

Equation: Average Precision

Equation: Precision and Recall 

𝑚𝐴𝑃ହ଴ିଽହ ൌ
1

10 ෍ 𝐴𝑃ሺ𝑡ሻ
଴.ଽହ

௧ୀ଴.ହ଴

𝐴𝑃 @ 50 ൌ  න 𝑃ሺ𝑅ሻ𝑑𝑅
ଵ

଴

Equation: Mean Average Precision

Figure: IoU >=  50

Figure: Confusion Matrix



Comparison
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mAP(50-95)
Model Pipe CouplingPipeLeakageConcrete WeightConcrete Mat

segmbboxsegmbboxsegmbboxsegmbboxsegmbbox
0.7150.7360.9690.9660.6270.6770.6270.6980.7970.806YOLO V8 seg -small
0.7470.7370.9730.9760.5440.6320.6090.6860.7920.810YOLO V8 seg -large
0.5870.6020.9090.8990.4890.5090.6150.6190.7410.758Mask RCNN Resnet 50
0.5520.6230.9180.9250.5070.5750.6120.6020.7360.728Mask RCNN Resnet 101

Table: Class-wise model precision comparison 

Table: Model precision comparison 

• YOLO models outperform Mask R-CNN.
• The pre-trained models show improved precision compared to the base models.

• Pipe class achieves the highest mAP
score

• Underrepresented classes achieve 
lower mAPs.

AP(50)mAP(50-95)mAP(50-95) Base ModelModel
segmbboxsegmbboxsegmbbox

0.9650.9620.7470.7770.3680.446YOLO V8 seg -small

0.9590.9610.7240.7740.4260.523YOLO V8 seg -large

0.9220.9040.6680.6770.3360.340Mask RCNN Resnet 50

0.9340.9370.6650.6910.3540.382Mask RCNN Resnet 101
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Influence of Data Augmentation

mAP(50-95)
VersionModel Pipe CouplingPipeLeakageConcrete WeightConcrete Mat

segmbboxsegmbboxsegmbboxsegmbboxsegmbbox
0.7150.7360.9690.9660.6270.6770.6270.6980.7970.806V4

YOLO V8 seg -small
0.7470.7370.9580.9510.6050.6460.6090.6960.7930.806V5
0.7470.7370.9730.9760.5440.6320.6090.6860.7920.810V4

YOLO V8 seg -large
0.7230.7830.9570.9650.5900.6090.6130.6880.7980.815V5

0.5870.6020.9090.8990.4890.5090.6150.6190.7410.758V4
Mask RCNN Resnet 50

0.6830.6540.8840.8960.5630.5420.5890.6210.7410.738V5
0.5520.6230.9180.9250.5070.5750.6120.6020.7360.728V4

Mask RCNN Resnet 101
0.6810.6530.9020.9070.5770.5550.6000.6190.7040.705V5

mAP(50-95)
VersionModel

segmbbox

0.7470.777V4
YOLO V8 seg -small

0.7420.767V5
0.7240.774V4

YOLO V8 seg -large
0.7360.772V5
0.6680.677V4

Mask RCNN Resnet 50
0.6920.690V5
0.6650.691V4

Mask RCNN Resnet 101
0.6930.689V5

Table: Comparison of impact of the data augmentation class-wise 

Table: Comparison of impact of the data augmentation 

• Data augmentation did not significantly enhance the
model's performance on this dataset.

• However, segmentation mAP @ 50-95 has increased in
underrepresented classes significantly.



Visualisation Results
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Figure: Concrete Mat detection and segmentation



Visualisation Results
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Figure: Leakage detection and segmentation
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Practical Deployment

Inference Time on GPU A100 
(ms)Model

1.2YOLO V8 seg small

3.1YOLO V8 seg large

43Mask RCNN Resnet 50

65.5Mask RCNN Resnet 101

• Inference speed defines the speed of predicting the results on unseen data.

Table: Inference time and number of parameters
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Conclusion and Outlook

• YOLOv8, both small and large models, achieved higher precision values compared to
Mask R-CNN.

• The study demonstrates that YOLOv8-Seg Small is a highly efficient and practical model
for real-time detection and segmentation.

• Mask R-CNN models need to be fine-tuned to improve the precision for
underrepresented classes.
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Loss Function

Mask R-CNNYOLOv8 Seg Aspect

BCE LossBCE + Dice LossSegmentation Loss

Smooth L1_LossCIoU + SIoUBounding Box Loss

Cross Entropy LossCross Entropy + Focal 

Loss

Classification Loss

-Cross Entropy LossDistribution Focal Loss

• Mask R-CNN and YOLOv8 use different loss functions to help the model learn how to
detect and segment objects accurately.

Table: Losses of YOLOv8 and Mask R-CNN


