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Abstract

This study explores the use of laser and Magnetic Flux Leakage (MFL) pipeline
data to develop a deep learning model for accurate detection and segmentation of
pipeline defects. Unlike conventional datasets with pixel-perfect ground truth, our
labels are derived from a different sensor modality, leading to misalignment and
feature discrepancies between the laser and MFL data. These discrepancies intro-
duce label noise and domain shifts, presenting significant challenges for training
models that generalize effectively. Our primary contribution lies in identifying
and analyzing these challenges, and demonstrating their impact on state-of-the-art
models. Through this exploratory analysis, we underscore the need for robust
models and methodologies to address these fundamental issues, while outlining
potential directions for future research in model design and domain adaptation
strategies.

1 Introduction

Pipelines are essential for transporting oil and gas, and their integrity is critical to preventing failures
and ensuring safety [[1]]. Magnetic Flux Leakage (MFL) and laser profilometry are widely used non-
destructive evaluation (NDE) techniques for identifying pipeline defects, such as cracks, corrosion,
and deformation. MFL detects anomalies by analyzing disruptions in magnetic fields, making it ideal
for large-scale inspections. In contrast, laser profilometry provides high-resolution geometric profiles
of the external surface, capturing precise measurements of defect shapes and sizes. Integrating these
complementary modalities enhances the accuracy and reliability of defect detection, contributing to
safer and more efficient pipeline operations [2].

Meanwhile, the detection accuracy of pipeline defects is significantly improved through the devel-
opment of CNN networks [3], integrating MFL and laser data with CNNs still presents significant
challenges. The heterogeneity of these modalities introduces alignment errors, as MFL signals
and laser measurements differ in resolution, sensing principles, and spatial representation. These
inconsistencies result in noisy labels and mismatches between input features and ground-truth out-
puts, complicating model training and reducing accuracy. Additionally, the uneven distribution of
defect types and the complexity of correlating features from both modalities further intensify these
challenges [2], [4].

Figure 1: Labeling results: (a) Original laser signal, (b) MFL axial signal, (¢) MFL radial signal, (d)
MFL circumferential signal, (¢) MFL 3-channel input, and (f) Defect masks bounding boxes.
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Table 2: Segmentation Performance Metrics
on Validation Dataset.?

Table 1: Detection Results for Validation Method Metrics (%)
Dataset

Dice 56.5

Confidence UNet Jaccard 41.0

Score Accuracy 77.7

i Dice 65.0

Method Metrics(%) 0.2 0.6 0.8 Attention-UNet  Jaceard A3

AP 50 90 100 Accuracy 86.4
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(ResNet-18) AR e B A& Dice 643

Mask R-CNN  TJaccard 499

Mask R-CNN AP 57 67 175 Accuracy 93.1

AR 53 47 45

(ResNet-18-FPN) - Ei'geore 55 55 56

“ Accuracy measures the percentage of correctly
predicted pixels but may overestimate performance
in imbalanced datasets.

In this project, we analyze the use of the Laser and MFL Pipeline Defect dataset for training deep
learning models that accurately identify and segment defects in MFL images. While Laser data
provides precise defect labels, the MFL images are utilized as input features for the models. However,
integrating these data sources proves challenging due to feature discrepancies between these two
modalities, as deep learning models typically assume pixel-perfect labels. Through this paper, we
delve into the analysis of these fundamental challenges, offering insights into their implications and
proposing potential directions for developing more effective models and methodologies in the future.

2 Related Work

Pipeline defect detection using MFL data has advanced with deep learning methods. Feng et al.
introduced a CNN for classifying defects as injurious or noninjurious [3]], Jiang et al. proposed
THMS-Net to enhance defect discrimination using heterogeneous MFL signals [6]], and Yang et
al. developed a multiscale SSD network with dilated convolution and attention mechanisms for
small defect detection [[7]. For defect size estimation, Zhang et al. introduced the VDTL network,
combining radial and axial MFL signals for accurate size and profile prediction [8]], while Lu et
al. employed a visual transformation CNN for precise size estimation [9]]. In segmentation, Wang
et al. proposed Fusion PCAM R-CNN for small defect segmentation [[10]], and Behbahanian et al.
developed PIPENet to delineate defect boundaries and reduce manual annotation [[11]. Despite these
advancements, existing methods struggle with label noise, boundary inconsistencies, and reliance on
single-modality approaches, overlooking complementary modalities like laser profilometry. In this
work, we highlight these challenges by integrating MFL images with laser data.

3 Methodology

3.1 Dataset and Labeling

In this research, we used the Laser and MFL Pipeline Defect dataset, which contains 33,000 defect
samples. Each defect sample includes four signals: laser signal, MFL axial signal, MFL radial signal,
and MFL circumferential signal.

The laser signal serves as the ground truth, representing the eroded percentage of the pipeline wall
at each location. The input to our model is a 3-channel MFL signal image, where each channel
corresponds to the axial, radial, and circumferential signals. Otsu’s thresholding [12] is applied to
segment the laser image into background and foreground regions, with the foreground used as the
defect mask and a bounding box drawn around it. To improve generalization, we augment the data
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Figure 3: Training and validation losses of Mask-RCNN with ResNet-18 backbone.

using translation, zoom, and horizontal flip. Fig.[I]illustrates the defect mask and bounding box
extracted from the laser image.

3.2 Detection and Segmentation Model

We employ Mask R-CNN [[13] to predict defect bounding boxes and masks from 128x128 images.
The model operates in two stages: first, a fully convolutional network proposes regions of interest
(Rols); then, a detection and mask head generates the bounding boxes and masks. The backbone is a
ResNet-18 [14] network.

Mask R-CNN optimizes performance using multiple loss components: an objectness loss (LRN) and

cls
a bounding box regression loss (LﬁZN) for the Region Proposal Network (RPN); a classification loss
(LPready 2 bounding box regression loss (L

e, read), and a binary cross-entropy mask loss (L2} ) for the
prediction heads.

The total loss is the sum of these components:

Total Loss = LRFN + LRPN 4 phead | phead | phead (1)

cls reg cls reg

4 Results and Discussions

4.1 Defect Detection Results

We trained Mask R-CNN on our dataset. For comparison, we also trained YOLOVS [15]] and Mask
R-CNN with a ResNet18-FPN backbone on our dataset.

Table E] compares the Average Precision (AP), Average Recall (AR), and F1 score for detection
models at various confidence score thresholds. The results indicate that YOLO achieves its highest
AP and Recall at a very low confidence score of 0.2, demonstrating that this single-stage detector
has limited confidence in its predictions. In contrast, the Mask R-CNN-based detectors exhibit
higher confidence scores; however, there is little difference in performance by changing backbones,
suggesting that adding a Feature Pyramid Network (FPN) [[16] did not significantly enhance the
results. Further details on confidence scores and the confusion matrix for these models can be found
in Appendix A.

The loss curves and predictions in Fig. 3] and Fig. ] show that the model struggles with accurate
defect classification. As correct predictions that didn’t align with laser-based ground truth labels
were penalized, the model overfitted to noise rather than learning generalizable patterns. Additionally,
as shown in Fig. [2} reducing the Intersection over Union (IoU) threshold for classifying defects
improved performance, suggesting that the defect regions identified in MFL images do not always
align with laser-derived ground truth.
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Figure 4: Defect detection results. Figure 5: Segmentation results across models for vari-

(Left): Laser images with ground ous defect samples. The rows represent: (1) input MFL
truth bounding boxes.  (Right): images, (2) laser images overlaid with the ground truth
MFL images with ground truth mask extracted using Otsu thresholding, (3) predicted
bounding boxes (green) and pre- masks by Swin-UNETR overlaid on the input MFL im-
dicted bounding boxes (red). ages, and (4) predicted masks by Mask R-CNN overlaid

on the input MFL images.

4.2 Defect Segmentation Results

The segmentation experiments in Table [2] and Fig. [5|evaluate the performance of Mask R-CNN,
UNet [17], Attention-UNet [18]], and Swin-UNETR [19]. The results demonstrate that Mask R-
CNN struggles to significantly improve Dice and Jaccard scores compared to other architectures,
underscoring its limitations in accurately segmenting defects within noisy datasets. For a more
detailed analysis, refer to Appendix B.

These results demonstrate interconnected challenges that impact model performance across architec-
tures. A major issue lies in the noisy ground truth annotations derived from laser images, which often
misalign with the defect features represented in the MFL images. This misalignment introduces noise
into the training labels, causing the models to focus on the noise rather than capturing meaningful
patterns. Furthermore, the inherent differences between laser and MFL signals create a domain
gap, as MFL features lack direct point-to-point alignment with the spatial structures in laser-based
ground truth masks. This issue is particularly evident in the qualitative results, where the predicted
masks fail to accurately capture and align with the ground truth regions, leading to incomplete defect
segmentation and lower Dice and Jaccard scores. Additionally, the shape mismatch between the
ground truth masks and the actual defect regions further adds to these challenges, causing models to
struggle to identify defect boundaries accurately. Despite employing different model architectures,
the results indicate minimal performance differences, suggesting that the choice of model architecture
is not the critical factor in improving segmentation outcomes while having cross-domain labels.

5 Conclusion

This study highlights the challenges in multi-modal pipeline defect detection, particularly the impact
of noisy labels and domain shifts arising from the misalignment between laser and MFL data. By
evaluating state-of-the-art models, we identify key limitations in current approaches. While this work
does not propose solutions, it provides valuable insights for future research, emphasizing the need for
robust models that can effectively address these challenges. Our future efforts focus on modifying
loss functions, applying domain adaptation techniques, and exploring noise-robust architectures to
mitigate the impact of these challenges and improve performance in detecting and segmenting defects
in pipelines.
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A Extended Analysis of Defect Detection Results

The validation set detection results using Mask R-CNN are analyzed in detail in this section. Fig.
illustrates the trends in precision, recall, and F1-score across varying confidence thresholds, showing
that precision increases with higher thresholds due to reduced false positives, while recall decreases
as fewer true positives are captured, reflecting the tradeoff between these metrics. Notably, recall
remains below 100%, likely due to noisy supervision during evaluation, which hinders the model’s
ability to detect all defects accurately. Fig.[7]provides a confusion matrix, offering a breakdown of
true positives, false positives, false negatives, and true negatives. The confusion matrix highlights a
significant number of false positives and false negatives, indicating that label noise and domain shifts
in the dataset significantly impact the model’s performance, emphasizing the need for more robust
detection approaches.
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Figure 6: Precision, recall, and F1-score Figure 7: Confusion matrix for the validation
trends across varying confidence thresholds. set.

B Extended Analysis of Defect Segmentation Results

The analysis of the segmentation results provides critical insights into the impact of label noise on
the model’s performance. The distribution of Dice scores for the validation set, shown in Fig.
highlights significant variability across the dataset. While a subset of samples achieves high scores,
reflecting effective segmentation, the majority fall into intermediate ranges, where predictions are
uncertain or inconsistent. This middle range suggests the model struggles to align predictions with
ground truth due to challenges such as label noise and misalignment. Moreover, a notable portion
of samples exhibits low Dice scores, underscoring the difficulty of reliably capturing defect regions
under noisy supervision.
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validation set. for the low-scoring group with Dice scores below
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above 0.7.

To further examine the low-scoring samples based on Dice scores, Fig. [9] analyzes false positive and
false negative rates for both low- and high-scoring groups. Low-scoring samples are dominated by a



high false positive rate, indicating the model’s tendency to over-segment ambiguous regions, and a
moderately high false negative rate, reflecting difficulties in identifying all defect regions. In contrast,
high-scoring samples demonstrate both low false positive and false negative rates, showcasing the
model’s ability to generalize effectively when provided with clean and well-aligned ground truth
labels.

Fig. [I0] complements this analysis by exploring the relationship between the defect area of each
sample in the ground truth and the corresponding predicted defect area for low-scoring samples. The
scatter plot reveals substantial overpredictions for smaller defects, with predicted areas frequently
exceeding the ground truth. This highlights the model’s challenge in dealing with noisy labels,
particularly for small defect regions, which disrupts the accuracy of its predictions.

Together, these findings underscore the profound impact of label noise on model performance,
manifesting as inconsistent Dice scores, a tradeoff between false positives and false negatives, and
significant discrepancies in defect area predictions.
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* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: The work respects data usage agreements, ensures proper citation and acknowl-
edgment of external resources.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: This research focuses on improving pipeline defect detection. The potential
positive societal impacts include enhanced pipeline safety, reduced environmental risks, and
improved operational efficiency in the oil and gas industry.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:

Justification: This paper does not release any new models, datasets, or assets that pose a
high risk of misuse.

Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The dataset used in this research is a proprietary resource provided with proper
consent and acknowledgment from the data provider.

Guidelines:
* The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.
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15.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]

Justification: This paper does not introduce new assets. The research utilizes a proprietary
dataset provided with appropriate consent. No new datasets, models, or code assets are
released as part of this work; instead, the focus is on analysis.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing or research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing or research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.
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* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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