
The brains and the 
brawn
Dane Burden, T.D. Williamson, USA, explores the impact of machine learning on inline 
inspections undertaken by intelligent pigs. 

If you have ever received a credit card fraud warning, it was 
not because some kind soul at the bank was looking out 
for you and could not imagine you would pay US$1000 for 
an Uber ride in Budapest, Hungary.
Instead, a statistical model trained to recognise typical 

spending patterns saw the expense as inconsistent (the card 
holder typically uses his card to pick up dry cleaning and get 
gas, he cannot possibly be taking a shared car ride through 
Hungary) and triggered the alert, shutting down the thief and 
saving the card holder stress and money.

That is how machine learning (ML) works. Its algorithms 
parse, analyse, and learn from data so software or an App can 
make educated decisions. A branch of artificial intelligence, 
ML is a scientific way to get computers to recognise patterns 
and learn from data, and it is big business. In 2017, the global 
ML market was valued at approximately US$1.58 billion. By 
2024, it is expected to be nearly 10 times that figure. 

In addition to banking, ML has been successfully deployed 
for financial portfolios, healthcare monitoring, and supply 
chain management. The pipeline industry has also been quick 
to participate in the modern ML era, using its tools to increase 
efficiency, control costs, and support integrity management. 
Applying ML techniques to inline inspections (ILI) performed 
by intelligent pigs is improving the actionable data that 
pipeline operators need to keep their systems running safely.
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Expanding ML use 
Given the current fervour for ML, it might be surprising to 
discover that ILI providers have been applying ML since the 
1980s, although at first it was not explicitly referred to as 
such. Early models were constructed using a combination of 
finite element modelling, statistical modelling, and predictive 
functions, to address such challenges as predicting metal loss 
geometric dimensions.1,2,3

The application of formal ML techniques began in the early 
2000s with neural networks – that is, connected layers of 
non-linear functions – being used to classify pipeline features 
and identify mechanical damage. Since then, the application 
of ML has improved metal loss sizing, fitting classification, and 
the identification of interactive threats.4 The development 
of advanced ILI techniques such as electromagnetic acoustic 
transducer (EMAT) and ultrasonic (UT) technology have 
generated even more interest in ML as a way to analyse 
complex data sets.

Given its success, it is tempting to think of ML as a silver 
bullet that can solve any problem. But the fact is, even when 
the goal seems outwardly simple – to alert people about 
possible credit card fraud – there is no single model that can 
be employed with certainty, and often the goal has more 
complexities than initially considered. The best solutions begin 
with well-thought out, well-defined objectives; they often 
apply a combination of multiple models that either feed into 
one another or are ensembled together to produce a final 

prediction; and they rely on good data, which is not always 
easy to assemble. 

Fine-tuning data
Data curation – the process that includes collecting, analysing 
and labelling the data used to train the mathematical model – 
is a critical and time-consuming process. The quantity, quality, 
and representation of the data directly influence the 
performance of predictions made by the model. For example, 
if you want to predict housing prices in Tulsa, Oklahoma, but 
use a model trained on data from Los Angeles, California, then 
the resultant predictions will be grossly incorrect. Even slight 
nuances can manifest as misleading results. However, it is 
possible to formulate the model to reduce the risk of error.

In many ways, implementing a ML model to accurately 
identify possible integrity threats mimics the experience-based 
approach of ILI data analysts who detect, identify, and report 
signals recorded by ILI tools. Experience can be subdivided 
into two categories, examples and outcomes, each of which 
allows the data analyst to identify patterns and make future 
predictions. 

The same goes for supervised learning models. They make 
predictions from examples and outcomes, and get better the 
more ‘experience’ they have. 

Supervised models use a one-to-one mapped set of 
inputs (examples) and outputs (outcomes) to develop a 
mathematical function that can be applied to new examples. 
The input parameters are a vector of engineered features (that 
is, important characteristics) that map to a desired outcome. 
A model’s training data will include numerous examples: each 
example will have a list of features, and each example will 
have a desired outcome. The model uses this data arrangement 
to learn rules that can be applied to future examples.  

The beauty of these models is that they can be trained 
using multiple features. At T.D. Williamson (TDW), for example, 
the multiple data set (MDS) platform allows subject matter 
experts to develop relevant, focused, and valuable input 
features that can be used to train models, make integrity 
predictions, and provide unmatched comprehensive threat 
assessment.

Predicting model performance 
Assigning performance to these models can be difficult at 
times. They require lots of training examples, which can leave 
few remaining examples for testing. Incidentally, this is one of 
the pitfalls of using a small number of features from a single 
inspection to predict integrity threats. 

To illustrate this issue, TDW trained an ML model to 
predict metal loss depth using a few simple features – 
signal amplitude, length, width and wall thickness (t) – and 
applying a more advanced learning technique called gradient 
boosting regression. The training data set included more 
than 100 samples of high-quality field investigations from 
pipeline A. 

Figure 1 shows the distribution of metal loss depths and 
a unity plot of the residual errors against depths measured 
in the field for pipeline A. The prediction performance is 
quite good, which is expected because the model is making 

Figure 1. Model prediction performance is closely aligned with 
field results.

Figure 2. Looking closely at the data sets shows how the outliers 
came about. Top right: magnetic flux leakage (MFL) indicated two 
independent metal loss signatures. Bottom right: spiral magnetic 
flux leakage (SMFL) indicated on long, connected feature 
consistent with selective seam weld corrosion (SSWC).
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predictions on the data it was trained with. However, there are 
some interesting outliers, circled in red and orange in Figure 2. 

Taking a closer look at the associated ILI data sets can provide 
insight into how they came about.

In the case of the red outlier in Figure 2, axial magnetic 
flux leakage (MFL) (top right) indicated two independent metal 
loss signatures. However, spiral magnetic flux leakage (SMFL) 
(bottom right) revealed they are actually one long, connected 
feature. The high amplitude response on a single sensor in 
the SMFL data set and association with the long seam were 
consistent with selective seam weld corrosion (SSWC), which 
poses a serious integrity concern compared to general metal 
loss crossing the long seam. This feature was verified in the 
field as SSWC. Similarly, field results for the orange outliers 
found gouging associated with dents. Since the vast majority 
of the training data was not SSWC or gouges associated 
with dents, and the model input features were inadequate 
to accurately characterise them, it is not surprising that the 
model did not perform well here.

Despite these few outliers, the performance of the model 
is still very promising. However, knowing how the model will 
perform on the next inspection requires testing it on a blind 
data set, in this case, pipeline B, which was similar in sample 
size to pipeline A. 

Figure 3 shows the distribution of metal loss depths 
for pipelines A and B, and a unity plot of the prediction 
performance against field depths for pipeline B. The 
performance is nowhere near what TDW had observed 
on pipeline A. Instead, metal loss depths are generally 
overestimated. Comparing the metal loss depth distribution 
for both pipelines shows that pipeline A contains generally 
deeper metal loss samples, above 0.40 t, while pipeline B 
contains shallower samples, below 0.40 t. Even though there 
are some overlaps in the metal loss depths, it is likely that the 
model learned the input features for deeper depth metal loss 
and poorly extrapolated them to shallower depths. 

Of course, no two pipelines are alike. The differences 
between pipelines A and B also contributed to the poor 
prediction performance on pipeline B. But the fact is, 
collecting enough data to represent all the geometries, at 
all the depths, across all the material types and all the other 
permutations, is an arduous task. Dimensionality reduction 
techniques, laser profilometry, and finite element modelling 
(FEM) all help to reduce the complexity, but large-scale 
challenges still remain. 

Solving tough integrity challenges
The issues are hardly insurmountable. However, the ILI industry 
is successfully applying learning models to solve challenging 
problems every day. 

For example, when there was no general sizing model to 
apply to SSWC, and dents with gouges from coincidental 
corrosion – specific pipeline threats with small populations 
and unique characteristics – TDW developed two separate 
learning models to classify them.5,6 The models were based 
on strategically engineered features only available in the MDS 
data sets; when applied to the outliers in pipeline A, they 
predicted a 99% probability of SSWC and correctly classified 
both dents as having associated gouging. By focusing the 
model’s objective on specific anomalies, it was possible to Figure 5. SMFL data taken for joints with different seam welds.

Figure 4. Top: the measured magnetism of a joint of pipe 
using high field axial magnetisation. Centre: using low field 
magnetisation. Bottom: high resolution measurements of the 
radial distance to the inner surface of the pipes.

Figure 3. When the model was tested on a blind data set, 
it overestimated metal loss depths, probably due to poor 
extrapolation from the input features it had learned.
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create adequate input features, which shrunk the prediction 
space, improved predictions and ultimately gave operators a 
more comprehensive way to prioritise mitigation plans and 
manage pipeline integrity.

ML is also being applied to help pipeline operators comply 
with current regulations that require the material properties of 
joints of pipes to be traceable, verifiable and complete. 

Pipelines with incomplete documentation are a perfect 
problem for unsupervised ML – that is, where the model 
receives input for each example and attempts to discover 
the structured patterns within the data set on its own. MDS 
ILI using high field MFL, axial low field magnetic flux leakage 
(LFM), and high-resolution profilometry deformation (DEF), 
can match joints of pipe by using the signals from patterns 
in permeability and bore variations created during the 
manufacturing process. 

As Figure 4 illustrates, each data set has distinctive 
markings and patterns consistent with other joints made 
from the same material and manufacturing process. SMFL, 
which is sensitive to axial features such as long seam welds, 
can also be used to match joints of pipe. Seams made from 
the same manufacturing process will generate similar signals 
while features for the seams will be different than for the pipe 
body (Figure 5). The variability in the seam welding process 
compared to steel rolling and forming often means the criteria 
for similarity must be adjusted. Knowledge of the real-world 
factors, in this case, knowledge about seam welded pipe 
manufacturing, is essential to developing a good ML model. 

Protecting pipelines
Protecting consumers against fraud and pipelines from 
integrity issues may seem lightyears apart, at least in terms 
of how severe a lapse might be. After all, the problems 
associated with a stolen credit card tend to be more annoying 
than anything, which is a far cry from the risk of a pipeline 
leak or other failure.

But just as the banking industry and many others are 
benefitting from the strengths of ML applications, so is ILI. The 
ability to focus models on specific threats, use subject matter 
experts to tailor input features and leverage multiple data sets 
will help keep pipelines the safest transportation method. The 
continued advancement and practical utility of future ILI ML 
will depend largely on the availability of more high-quality 
data sets coupled with close collaboration between data 
scientists and highly skilled pipeline engineers. 
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