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Abstract
In the wake of today’s industrial revolution, many advanced technologies and techniques are developed
to address the complex challenges in well integrity evaluation. One of the most prominent innovations is
the integration of physics-based data science for robust downhole measurements. This paper introduces a
promising breakthrough in electromagnetism-based corrosion imaging using physics informed machine
learning (PIML), tested and validated on the cross-sections of real metal casings/tubing with defects of
various sizes, locations, and spacing.
Unlike existing electromagnetism-based inspection tools, where only circumferential average metal
thickness is measured, this research investigates the artificial intelligence (AI)-assisted interpretation of a
unique arrangement of electromagnetic (EM) sensors. This facilitates the development of a novel solution
for through-tubing corrosion imaging that enhances defect detection with pixel-level accuracy. The
developed framework incorporates a finite-difference time-domain (FDTD)-based EM forward solver and
an artificial neural network (ANN), namely the long short-term memory recurrent neural network (LSTMRNN). The ANN is trained using the results generated from the FDTD solver, which simulates sensor
readings for different scenarios of defects.
The integration of the array EM-sensor responses and an ANN enabled generalizable and accurate
measurements of metal loss percentage across various experimental defects. It also enabled the precise
predictions of the defects’ aperture sizes, numbers, and locations in 360-degree coverage. Results were
plotted in customized 2D heat-maps for any desired cross-section of the test casings. Further analysis of
different techniques demonstrated that the LSTM-RNN could show higher precision and robustness
compared to regular dense NNs, especially in the case of multiple defects. The LSTM-RNN is validated
using additional data from simulated and experimental data. The results show reliable predictions even
with limited training data. The model accurately predicted defects of larger and smaller sizes that were
intentionally excluded from the training data to demonstrate generalizability. This highlights a major
advance toward corrosion imaging behind tubing.
This novel technique paves the way for the use of similar concepts on other sensors in multiple barriers
imaging. Furthur work includes improvement to the sensor package and ANNs by adding a third
dimension to the imaging capabilities to produce 3D images of defects on casings.
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Introduction
There has been a natural transition in technology development for corrosion inspection using
electromagnetic (EM) sensors. The early tools used relatively straightforward hardware and software
algorithms to infer total cumulative metal thickness at a given depth. The latest time-domain (Larbi
Zeghlache et al. 2020) and frequency-domain tools (Larbi Zeghlache et al. 2021) use advanced techniques
to discriminate response and estimate individual metal thickness from each barrier at a given depth.
However, these new technologies still produce a circumferential average of metal thickness from each
barrier. In the literature, there are multiple publications highlighting the benefits of technology upgrade
from total cumulative thickness to individual thicknesses of each concentric pipe. This major improvement
has enabled a more proactive well integrity management system (WIMS), by providing defect locations
in terms of which pipe is affected. In addition, it enabled profiling of metal loss along different barriers,
especially for the case of external electrochemical corrosion at shallow depths.
To continue the natural progression of EM technology in corrosion evaluation, from a single data point
measurement per depth (Z-axis), to a multiple data points along the depth of investigation (X-axis), to the
current work on adding the third component along the azimuth (Y axis) in order to produce an image of
the corrosion profile in a concentric pipe configuration. Figure 1 illustrates the transition from simplified
multiple casing corrosion measurement with (a) Total thickness for all pipes within the depth of
investigation (b) Individual thicknesses for each pipe size (c) Thickness imaging in concentric pipes.
(a) Total Thickness
of all casings

(b) Total Thickness
per casing size

(c) Thickness
Image per casing
size
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Figure 1: Evolution of downhole multiple casing corrosion evaluation

For the inner pipe corrosion evaluation, multiple technologies can be used depending on the objective
and downhole conditions. Mechanical multi-finger calipers, for example, provide high definition inner
wall image for scale buildup and inner wall corrosion imaging. For outer surface imaging of the inner
barrier, ultrasonic technology is used to provide azimuthal image of thickness, hence, outer surface
corrosion imaging is derived. For Figure-1c, the most challenging task is to provide thickness image of
the casing(s) behind the inner barrier. In this publication, multiple barriers imaging refers to wall thickness
imaging. The wall surface imaging is an additional challenge that will require a much more advanced
sensors and algorithms.
The eddy current method is a widespread method for multiple-casing thickness inspection (Yanxiang
et al. 2018, Donderici et al. 2021, Rourke et al. 2014, Yu et al. 2019). Common practices include the
induction of eddy currents in casings with EM fields generated by transmitters, and the resulting decay
curves are recorded and analyzed (Yanxiang et al. 2018). By the nature of their vertical arrangements of
transmitters and receivers, such methods emphasize on average thickness (Martin et al. 2017a). Hence,
the presence of collars creates a large impact on the voltages induced on the receivers (Jawed et al. 2020),
and much work has been done for the automated removal of such signals (Fouda et al. 2020) to alleviate
the need for human inspections.
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Another major limitation of current EM solutions for multiple casing corrosion is the fact that metal
loss is averaged over the circumference of the casing(s). Based on experimental data and field experience,
a metal loss of 20% is the threshold for a potential major well integrity defect; however, it can be
misleading if this 20% corrosion is related to a generalized corrosion with minimal penetration. In this
case, well integrity is not jeopardized compared to the case where the 20% corrosion is concentrated in
one or more spots, leading to a potential leak. To illustrate this case, Figure-2 shows how current EM
technologies can give the same value for different scenarios.
The examples in Figure 2 demonstrate the need for multiple casings corrosion imaging in order to
differentiate between such cases. Defects mapping and orientation can be critical in well integrity
evaluation. In fact, through tubing corrosion imaging is the missing piece of the puzzle to complement
cement evaluation and leak detection solutions. There are ongoing research and development efforts to
address the same challenge from the cement evaluation side (Li et al. 2021).
20% metal loss

20% metal loss

20% metal loss

Casing
Tubin
g

Figure 2: Examples of 20% corrosion occurrence in double casing

A variety of cost functions are developed to calculate average pipe thickness from the received signals.
However, such functions do not extract the inherent semantics represented by the relative positions of the
receivers. Additionally, a consistent method to transform the output of these cost functions to casing On
the other hand, (Zhang 2018a) shows a means to estimate the azimuthal location of defects using a
circumferential arrangement of receivers. Each receiver signal is analyzed and thickness is estimated for
their individual quadrants.
An intelligent method to localize and measure defects is therefore required to provide detailed
information on casing cross sections. In this study, metal loss detection is viewed as a task of information
extraction from receiver readings and its mapping to cross section images. The voltages induced on the
receivers are affected by the shapes, sizes, locations, and number of defects, as well as the electromagnetic
properties of the wellbore casing (San Martin et al. 2017). Other factors include thermal and environmental
noise, apparatus orientation, vibrations, etc. (Yu et al. 2019). The presence of such factors, which are often
difficult to measure and quantify, highlights the difficulty in the interpretation of sensor readings. The
inner diameters of casings and minimum well restrictions prove to be another limit on the number of
sensors that can be integrated in the design of inspection tools. Therefore, a suitable way to extract the
inherent semantics represented by the arrangement of receiver readings is required to accurately predict
the properties of concentric casings and potential defects.
Generative adversarial networks (GANs) (Goodfellow et al. 2014) aim to create artificial images that
are indistinguishable from real ones. With the success of such neural networks, the synthesis of images
from text has received increasing attention and work. In a typical GAN, there exists two separate models:
the generator and the discriminator. Using random noise, the generator synthesizes fake images, and the
discriminator attempts to differentiate the fake images from real ones. The goal of the training process is
to achieve a successful differentiation rate of 0.5, i.e. making the fake images indistinguishable from real
ones. In text-to-image synthesis (Reed et al. 2016), description text embedding is compressed into vectors
with a fully connected layer and concatenated with random noise. The generator in this case then uses the
resulting vector to generate fake images. The discriminator views the [image, text] pairs and learns to
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differentiate between such matching and mismatching pairs. Hence, the correct extraction of the semantics
represented by the test embedding is essential in the successful generation of realistic images. In
Attentional Generative Adversarial Network (AttnGAN), an attention mechanism is proposed to
emphasize on the relationship between different words and individual regions in the image (Xu et al.
2018). A Siamese mechanism and visual-semantic embedding strategy (Yin et al. 2019) is developed to
address the challenge of extracting consistent semantics from the diverse linguistic expressions. Despite
the aforementioned advances, this field of study still faces significant challenges such as the generation of
high-resolution images and the inclusion of multiple objects (Frolov et al. 2021).
In the case of wellbore casings, the correct, systematic assessment of defects is paramount in ensuring
the continued operation and safety of a well. As compared to conventional image generation where the
interpretation of linguistic semantics and the similarity of the generated objects to reality are given priority,
the defects require detailed rendering in terms of shape, size, and depth. Another important dissimilarity
between the two categories is that well logging data contains noise and other disturbances that are often
difficult to identify and remove (Rourke et al. 2014). In this paper, the values of the pixels of each cross
section image are used to represent their likelihood of being casing or air elements. The semantics
extracted from receiver values are mapped to each pixel value through the neural network models
investigated. A series of fully connected neural networks as well as a long short-term memory recurrent
neural network (LSTM-RNN) (Schmidhuber and Hochreiter 1997, Hertz 2018) are tested. The use of
LSTM-RNN enables successful extraction of the sequential relation of receiver data in addition to their
individual values. The deployment of neural networks in casing defect detection creates an automated and
more reliable inspection algorithm as compared to human interpretation or hard-coded rules and formulae.
It also provides a faster and more dynamic approach than inversion from measurements and pre-loaded
look-up libraries (Assous et al. 2021).

Methodology
The workflow developed, which incorporates a finite-difference time-domain (FDTD) forward solver
(Kunz and Luebbers 1993), a series of LSTM-RNN, and a physical experiment setup, is described in the
following sections. Due to the limited availability of measurement data, the forward model is developed
to simulate scenarios of metal loss and the corresponding voltages on the receivers. Scenarios of metal
losses of various numbers, sizes, shapes, and azimuthal locations are simulated using the forward model
in order to create a complete and diverse dataset for the training of the neural networks. In this study, the
input to the neural networks is the receiver readings, and the output is in the form of cross sectional profiles
with 100 x 100 pixels. The validity of the simulations is verified with data from physical experiments.
The neural networks, trained on only simulated data, are able to perform accurate predictions on casing
metal loss properties using receiver data from both simulated and experimental scenarios. As a proof of
concept, this study focuses on a single pipe configuration.

Forward Model
Electromagnetic wellbore integrity tools operate in the low-frequency range (Martin et al. 2017b,
Castaneda et al. 2014, Brill et al. 2011). In this case, Maxwell’s equation-based forward solvers can be
used to simulate possible defect scenarios. To this end, the finite-difference time-domain (FDTD) method
is used since it is one of the most popular and extensively studied methods in EM problems (Taflove and
Hagness 2005). Especially in the case of low-frequency electromagnetic induction problems, the quasistatic finite-difference time-domain (QS-FDTD) method is more suitable for this purpose (Özakın and
Aksoy 2016). Fundamentally, the QS-FDTD method is based on the upscaling of the dielectric
permittivity 𝜀, which directly increases the numerical time step as ∆𝑡 𝑄𝑆 = √𝛼∆𝑡, which significantly
decreases the total computational time. In this work, a Maxwell equation-based, three-dimensional QSFDTD method is used to generate training data for machine learning.
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Figure 3: (a) Cross section of problem space with wellbore integrity inspection tool (yellow and blue cells referred to metallic
pipe and background, respectively). (b) Discretized 3D problem space (red and green cells referred to metallic pipe and
rectangular hole regions, respectively).

The wellbore integrity inspection tool in this study uses a design different configuration from
conventional logging devices (Yanxiang et al. 2018, Fouda et al. 2020, Zhao et al. 2020). The tool consists
of a transmitter and several receivers arranged perpendicularly to each other. The transmitter is located at
the center of the tool and all receivers are located equidistant from the transmitter, as illustrated in Figure
3 (a).
The investigated problem space includes the inspection tool and a metallic cylindrical pipe with metal
losses on the pipe at various azimuthal locations. The length of the metallic pipe is set to 0.5 m, and its
inner and outer diameter are equal to 61.025 𝑚𝑚 and 73.025 𝑚𝑚, respectively. In the FDTD method,
non-uniform discrete grids are used for the numerical modeling of the problem in three-dimensional
Cartesian coordinates as shown in Figure 3 (b). The 3-D grid size is selected as 1.0 𝑚𝑚 × 1.0 𝑚𝑚 ×
5.0 𝑚𝑚. Therefore, a total of 100 × 100 × 100 grid points are used in the numerical problem space. Also,
the first-order absorbing boundary condition is used at the outer boundaries (Taflove and Hagness 2005).
The operating frequency of the transmitter is chosen as 100 𝑘𝐻𝑧 because a single barrier inner loss
scenario is investigated. Additionally, the electrical conductivity of the materials in the problem space are
selected as 0.1 𝑆/𝑚 and 5.7 × 106 𝑆/𝑚 for the background and metal pipe, respectively. The
amplitudes of the induced voltages on the receivers are obtained by the maximum value of the frequencydomain response of the time-domain signal calculated from the forward solver. Instead of solving
separately for each scenario of the metal loss position at different angles on the pipe, circular observation
points have been defined on the same cross-section of receivers with the purpose of decreasing the total
number of the forward solver simulations for the training of the NNs.

Data Generation, Preprocessing, and Representation
This section details the dataset generation scheme using the proposed FDTD forward solver. In this work,
the metal losses simulated are configured to be either complete losses (holes), inner partial losses, or
combinations of both. For any simulated scenario, a random number of individual metal losses are formed
on the casing, with the first metal loss having 100% chance of appearance, the second 75%, the third 50%,
and so on. In addition, random values of width and length in the range of [1 𝑚𝑚, 60 𝑚𝑚], and penetration
in the range of [1 𝑚𝑚, 6 𝑚𝑚] are assigned for each defect. The losses are also assigned random azimuthal
locations around the circumference of the casing cross section. The overlapping of multiple losses is also
allowed in order to form more complex defects with varying depths. To ensure suitable discretization and
ease of calculation, the thickness of the casings is set to 6 𝑚𝑚, and the resolutions of the x- and y-meshes
are set to 6 𝑚𝑚.
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A batch of 700 simulations are run in parallel using a cluster of Skylake, Cascadelake, and AMD CPUs
with 2.6 GHz, 2.5 GHz, and 2.0 GHz clock speeds respectively, assigning 1 GB of memory for each
simulation. The average completion time for one such batch is approximately eight hours. A total of 80000
different scenarios are simulated and compiled into our dataset, 60% of which are used to train the neural
network, 20% for validation, and 20% for testing. Some examples of the cross sections simulated are
shown in Figure 4.

Figure 4: Cross sectional profiles of simulated metal loss cases. Four values of 𝑺𝒅 of the layer are shown.

The method through which data is acquired is visualized in Figure 5. The values of the voltages induced
on receivers affixed on a plate are recorded as 𝑆 = 𝑠1 , 𝑠2 , … , 𝑠𝑁 , where N is the number of sensors on the
palte. A set of reference values 𝑆 𝑟 is taken at a known section of the casing where no metal loss occurs.
For each layer of measurements, 𝑆, the differences between the reference values and 𝑆 are taken as in
(1) to generate the difference matrix 𝑆 𝑑 .
𝑆𝑑 = 𝑆𝑟 − 𝑆

(1)

Each 𝑆 𝑑 is used for the prediction of the casing cross section at the level measured. Here, 𝑆 𝑑 is used
instead of 𝑆 because the presence of defects are reflected in the change of induced voltages, and the base
values of the sensors are redundant as long as the power supplied to the transmitter is kept constant and
no changes to acquisition parameters such as electromagnetic properties of the pipe, pipe nominal
thickness and eccentricity.
The training dataset is augmented by artificial data created by injecting zero-mean Gaussian noise to
duplicates of receiver values calculated by the forward solver. The addition of such data not only provides
robustness for the neural network models (Huang et al. 2019, Schlüter and Grill 2015), but also prevents
overfitting and memorization (Feng et al. 2019). To further enrich the training data, the simulated sensor
array is rotated about the longitudinal axis in steps of one degree and the corresponding readings are
recorded and used in the training process. The revolution of sensors in this way ensures better resolution
for each scenario. After verification with the experimental setup, experimental data is also incorporated
and is found to enhance the performance of the neural networks. In addition, several models are trained
using datasets with various levels of noise. The injection of noise results in models of different parameters,
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Figure 5: Data acquisition and input to LSTM-RNN.

and the overall results obtained by averaging the predictions made by such models are found to be more
consistent and robust when tested with perturbed receiver values.

Neural Network
The LSTM network (Hochreiter and Schmidhuber 1997) consists of N individual cells in parallel as shown
in Figure 5. The memorial nature of such cells is represented by the input memory 𝑐 𝑡−1 and output
memory 𝑐 𝑡 . Each cell in the network is able to throttle the amount of memory to retain using a single layer
neural network into which the memory state 𝑐 𝑡−1 and the output ℎ𝑡−1 from the previous cell, as well as
the current input 𝑥 𝑡 , are fed.
There exists three gates in the LSTM cell: the forget gate, the update gate, and the output gate, as shown
in Figure 6 (Olah 2015).

Figure 6: The components of a single LSTM cell unit

The forget gate can be formulated as in (2).
Γ𝑓 𝑡 = 𝜎(𝑊𝑓 [ℎ<𝑡−1> , 𝑥 <𝑡> ] + 𝑏𝑓 )

(2)

where 𝜎 is a sigmoid activation function, 𝑊𝑓 and 𝑏𝑓 are the weight matrix and bias vector of the forget
gate respectively, and [𝑎<𝑡−1> , 𝑥 <𝑡> ] represents the concatenation of the output from the previous cell and
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the current input. This concatenated matrix undergoes element-wise multiplication with 𝑊𝑓 . Similarly, the
update and output gates can be formulated as in (3) and (4) respectively.
Γ𝑜 𝑡 = 𝜎(𝑊𝑜 [ℎ<𝑡−1> , 𝑥 <𝑡> ] + 𝑏𝑜 )

(3)

Γ𝑢 𝑡 = 𝜎(𝑊𝑢 [ℎ<𝑡−1> , 𝑥 <𝑡> ] + 𝑏𝑢 )

(4)

Additionally, a candidate value 𝑐̃ 𝑡 is computed as in (5).
𝑐̃ 𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 [ℎ<𝑡−1> , 𝑥 <𝑡> ] + 𝑏𝑐 )

(5)

Finally, the memory and output of the cell is calculated as (6) and (7).
𝑐 𝑡 = Γ𝑢 𝑡 ∗ 𝑐̃ 𝑡 + Γ𝑓 𝑡 ∗ 𝑐 𝑡−1

(6)

ℎ𝑡 = Γ𝑜 𝑡 ∗ 𝑐 𝑡

(7)

At the final cell of the neural network, a softmax layer is used to predict the values 𝑦 𝑇 of the pixels in
the cross sectional profile, where the values of each pixel represent its likelihood to being a casing or
empty space element. When connected in series, as shown in Figure 5, it is easy to see that information
from any individual sensor can be memorized by simply setting its forget gate coefficient to one. For every
pixel in the prediction task, the LSTM-RNN corrects its weight matrices and biases such that the best fit
for the training dataset is found. Such values are updated in the backpropagation step of the training
process and optimized using the adaptive moment (ADAM) algorithm (Zhang 2018b).

Experimental Setup
An experiment setup as shown in Figure 7 has been developed to validate simulated results and provide
additional data for the training and testing of the neural networks. Transmitter coils, surrounded by
receivers in coaxial and equidistant arrangements, are used to generate the required magnetic flux and
measure the induced voltages. To ensure uniformity, the transmitters and receivers are affixed on a
container such that the normal distances between the inner surface of the casing and the receivers are
equivalent. The setup is axially aligned with the casing and deployed for testing. During measurements,
the transmitter emits an alternating electromagnetic signal with a specific frequency through a
compensation circuit. The receivers are located close to the inner surface of the casing to maximize the
detected signals. With tuning circuits, voltages induced on the receiver coils are detected. The recorded
voltages are then processed and used as input to the neural networks. In this work, air-cored coils have
been chosen as receivers instead of ferrite-cored coils due to their linear behavior and ease of adjustment.
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(a)

(b)

Figure 7: Transmitter and receiver placements of the proposed setup. (a) 3D view. (b) Top view.

Evaluation and Results
In this section, the performances of the neural networks are compared and evaluated. The outputs of the
neural networks are arranged in images of 100 x 100 pixels, as shown in Figure 8 (a). The white and pale
blue pixels represent casing elements that are predicted with high confidence, while the faded pixels in
proximity to the suspected metal loss location are indications of less certainty. A threshold can be applied
where all pixels above an arbitrary value are regarded as casings while the rest are classified as air/empty,
as shown in Figure 8 (b).

Figure 8: Cross section images predicted by the LSTM-RNN using receiver values from a 25 mm-wide complete metal loss
at 135⁰. (a) Original values. (b) Filtered values.

By the pictorial nature of the outputs, three kinds of metrics are used to evaluate the accuracy of each
prediction: angle error 𝛿𝜃 , size error 𝛿𝜎 , and mean absolute error (MAE). The azimuthal angle of a metal
loss θ on the cross section image is calculated as in (8);
𝜃 = tan−1

𝑦
𝑥

(8)

where x and y represent the coordinates of the center of the metal loss. The size of a predicted metal loss is
found as in (9);
𝜎 = ∑ 𝑝ℎ

(9)
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where 𝑝ℎ is the value of pixels that are predicted as metal loss elements. Hence, the angle error and size
error can be calculated as in (10) and (11);
𝜃̃ − 𝜃
𝑛

(10)

𝜎̃ − 𝜎
∗ 100 %
𝜎

(11)

𝛿𝜃 =
𝛿𝜎 =

where 𝜃̃ is the sum of the predicted metal loss angles, 𝜃 is the label metal loss angles, 𝑛 is the number of
holes, 𝜎̃ is the sum of the predicted metal loss sizes, and 𝜎 is the sum of the label metal loss sizes. Finally,
the mean absolute error is calculated as in (12);
𝑛

1
𝑀𝐴𝐸 = ∑|𝑦̃𝑖 − 𝑦𝑖 |
𝑛

(12)

1

where 𝑛 is the total number of casing pixels, 𝑦̃𝑖 is the calculated output for each pixel, and 𝑦𝑖 is the labeled
value of each pixel. 𝛿𝜃 and 𝛿𝜎 provide a measure of the accuracy of the azimuthal angle and size of the
metal loss, while the MAE represents the overall performance of the neural networks, and is a better way
of measuring the overall performance of a neural network. A good prediction is expected to have low
values for all three metrics. For example, the neural networks may perfectly predict the size of a metal
loss, but at an incorrect position.
The performances of the neural networks tested are shown in Table 1. The dense neural networks, while
showing general improvement as the number of layers increased from one to four, began to exhibit an
inability to improve further as more layers are added. This behavior is due to the vanishing gradient
problem, where information extracted is lost in deep neural networks as their impact on layer weights
decreases to infinitesimal values. The LSTM-RNN, on the other hand, effectively solves the vanishing
gradient problem by deciding the amount of memory to keep as an intrinsic feature within each of its cells.
Each LSTM cell is able to completely pass memory on to the next cell by setting the forget gate value to
one, thus maintaining the significance of information.
Table 1: Performances of tested neural networks
Neural Network
Dense 1 Layer
Dense 2 Layer
Dense 3 Layer
Dense 4 Layer
Dense 5 Layer
Dense 6 Layer
Dense 7 Layer
Dense 8 Layer
Dense 9 Layer
Dense 10 Layer
LSTM
LSTM-5

𝜹𝜽 (°)
1.8144
1.5184
1.6190
1.4284
1.4541
1.4670
1.5184
3.1521
3.3144
3.6157
1.2482
1.1637

𝜹𝝈 (%)
8.2635
6.9155
4.2926
4.2166
6.6225
4.3306
6.9155
5.1663
5.4322
9.1426
3.6848
3.2635

MAE
0.0141
0.0118
0.0113
0.0111
0.0113
0.0114
0.0118
0.0136
0.0143
0.0156
0.0097
0.0091
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Figure 9 and Figure 10 show the predictions made by the four-layer dense NN (which performed the
best out of the ten tested dense neural networks) and the LSTM-RNN, respectively. To ensure fairness of
comparison, both models are trained with the same dataset with Gaussian noise 𝛿~(0,0.032) and the
outputs of a single neural network are used instead of the averages of five. We observe that while both
models predicted the metal loss locations accurately, the dense NN made some errors with sizes in the 45⁰
and 270⁰ cases. On the other hand, the LSTM-RNN predicted such cases without error.

Figure 9: Predictions made by the four-layer dense neural network for 25 mm holes located at 30⁰, 45⁰, 135⁰, and 270⁰ from left
to right. (a) Prediction of the neural network. (b) Ground truth. (c) Error pixels.

Figure 10: The predictions made by the LSTM-RNN for 25 mm holes located at 30⁰, 45⁰, 135⁰, and 270⁰ from left to right. (a)
Prediction of the neural network. (b) Ground truth. (c) Error pixels.
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Figure 11 and Figure 12 show the generalization perform ances of the two models. In these tests, the
scenarios of 10 𝑚𝑚, 20 𝑚𝑚, and 30 𝑚𝑚 holes are omitted deliberately from the training dataset, while
only 15 𝑚𝑚 and 25 𝑚𝑚 holes are used in training. The results show that the LSTM-RNN is able to better
generalize its predictions on previously un-encountered data.

Figure 11: Performances of the four-layer dense neural network on hole size estimation. (a) Prediction of the neural network. (b)
Ground truth. (c) Error pixels. From left to right: 10 mm, 15 mm, 20 mm, 25 mm, 30 mm.

Figure 12: Performances of the LSTM-RNN on hole size estimation. (a) Prediction of the neural network. (b) Ground truth. (c) Error
pixels. From left to right: 10 mm, 15 mm, 20 mm, 25 mm, 30 mm.
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Figure 13, Figure 14 and Figure 15 show the predictions made by the LSTM-RNN on three categories
of randomly chosen scenarios where multiple holes occur. The error pixels in these cases are more
prominent than the easier single-hole cases due to the increased number of defects and the inclusion of
inner partial losses. Note that the above scenarios are excluded from the training dataset in order to verify
the validity of the model. From Figure 13 and Figure 14, we observe that the predictions made for inner
losses are more accurate than those for complete losses in general. However, when both kinds of defects
are present, the overall performance is reduced. A particularly severe case is found in the fifth scenario of
Figure 15, where the inner loss in the bottom left corner of the casing is predicted with an altered shape.

Figure 13: Predictions made by the LSTM-RNN on multiple-hole scenarios 1, 2, 3, 4, and 5 from the left

Figure 14: Predictions made by the LSTM-RNN on multiple-inner loss scenarios 1, 2, 3, 4, and 5 from the left

Figure 15: Predictions made by the LSTM-RNN on complex metal loss cases 1, 2, 3, 4, and 5 from the left
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Figure 16 shows the predictions made by the LSTM-RNN with a 25 mm on a carbon steel casing at
various azimuthal locations. The resulting performances on both location and size predictions are shown.

Figure 16: Output and performances of the LSTM-RNN on experiment input data obtained with a 25 mm hole located at 0⁰, 45⁰, 90⁰,
135⁰, 180⁰, 225⁰, 270⁰, and 315⁰, respectively.

Conclusion
A machine learning approach is investigated in this study to detect defects present on wellbore casings.
The outcomes of this work are summarized as follows:
1. The incorporation of LSTM-RNNs enabled accurate predictions of defects on a wellbore casing
by extracting information not only from individual sensors, but also from their sequential and
positional relations.
2. Defect simulation data is augmented by the injection of Gaussian noise. With various levels of
noise, different models can be trained and used at the same time in order to provide more consistent
predictions on experimental data.
3. The resolution and robustness of detection are improved by learning the mappings from available
receivers on an inspection tool to individual pixels on the output images.
The future work of this project is to combine convolutional and recurrent neural networks to extract
spatio-temporal information from acquired data. An automated physical experiment setup is also required
to produce real data to augment the training of the neural networks.
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