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Abstract

In geoscience, it is necessary to study the lithography of the Earth’s
subsurface, which consists of different stratified layers called geolog-
ical formations. This study performs well correlation task to model
and characterize reservoirs. This operation links the beginning
of specific geological formations called tops using measurements
from drilled wells. Although data are abundant, the traditional al-
gorithms used for well correlation are semi-automated, requiring
significant time and high computational cost. This paper introduces
GeoTS, a Python library to apply cutting-edge time series classifica-
tion models to perform well correlation in a completely automated
setting. As input, take the drilling trajectory depth and gamma-ray
well logs, which measure the natural radioactivity across the well
depth trajectory. The top depths of the formations are predicted as
an output. The gamma-ray signatures are extracted around the top
depths assigned by geologists. Preprocessing is performed to clean
and cluster these signatures using the Dynamic Time Wrapping
(DTW) distance and HDBSCAN. Implementation of existing deep
learning architectures (FCN, InceptionTime, XceptionTime, XCM,
LSTM-FCN) and new architecture (LSTM-2dCNN, LSTM-XCM) are
performed. Our experiments demonstrate faster computation with
an increase in accuracy. GradCAM has also been implemented for
model explainability. Experiments were performed using Colorado
oil fields and deployed on Wyoming oil fields. The deployment
has provided us with critical insights regarding the improvements
needed.
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1 Introduction

Energy is crucial for industrial and economic growth [6, 45], but
this has led to rising fossil fuel consumption, increasing carbon
dioxide (CO3) emissions, and contributing to global warming [23].
From the 1960s to 2023, CO; emissions from fossil fuels surged from
about 11 billion tons to approximately 36.6 billion tons [29]. Re-
search is focused on reducing carbon emissions through renewable
energy sources and carbon capture and storage (CCS) [13, 30]. CCS
is particularly important for power and industrial plants, capturing
CO; through various methods, such as post-combustion [12]. The
captured CO; is then transported to storage sites, often deep geo-
logical formations, where it is injected as a high-pressurized liquid,
creating a closed-loop system [19, 39].

The CCS storage sites must be monitored to prevent leakage and
potential long-term stewardship [9, 34]. The first step is to under-
stand the geological characteristics of the storage reservoir [50].
One of the most widely used methods for studying geological for-
mations is drilling a well and obtaining logging data. Well logging is
a method for collecting and analyzing measurement data regarding
the rocks’ electrical, radioactive, and acoustic properties [15]. The
well logs identify the formations depending on the rock’s nature
in a depth interval. As a result, it becomes possible to estimate the
structure and composition of the subsurface and model the storage
reservoir by correlating the formations of relatively closely located
wells. This process is called well correlation [5, 12].

Problem The main problem is that most of the information re-
lated to geological formation is currently estimated by geologists
using mud logs and the rocks extracted during borehole drilling
to study their characteristics. This process is tedious and time-
consuming [44]. A marker top refers to the beginning of the inter-
section between the well and the formation. According to domain
experts, a pattern is observed at the change of the formations,
known as marker signature. The marker signatures are expected
to be similar across the wells, at least within a region [33]. Ma-
chine learning (ML) and DTW algorithms [35] have been used to
semi-automate the process of identifying these formations using
wireline logs [10, 28]. Wireline logs are records of formation proper-
ties across the well depth measured using a variety of sensors. The
nearest neighboring wells are selected through clustering. Observ-
ing these well logs, experts select the marker signature manually.
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DTW is used to search for the best match in the new wells. How-
ever, this method still has a high time complexity and is subject to
human bias [2]. Using deep learning to extract information from
wireline logs efficiently would save time and resources.

Proposed Solution To completely automate the process, we
first cluster the wells according to their geological location. We then
extract a sequence of formation that follows an order of occurrence.
The marker signature are clustering using the DTW distance to be
able to group and identify a distinct marker pattern in the region.
We approach the problem as pattern identification using time series
classification(TSC) [40, 47].

The paper documents a comprehensive framework encompass-
ing everything from cleaning well log data to estimating the marker
depth for geological formations. GeoTS allows to compare state of
the art time series classification models such as FCN [31], LSTM [18],
Inception Time [22], LSTM-FCN [24], and new models for well-
correlation tasks. We have used the DTW-based algorithm as our
baseline. We have implemented GradCAM [43] for time series,
which allows us to understand the feature importance and selection
for the classification task. Our framework has achieved a higher
score than the industrial baseline process.

The contributions of this paper are summarized as follows:

e Provides a new streamlined framework called GeoTS for
reservoir modeling, allowing its utilization by geologists to
understand the lithography of the earth’s subsurface.

e Introduces new hybrid TSC algorithms and provides model
explainability with GradCAM implementation for time se-
ries.

e Deployment on real-world dataset to compare the results of
GeoTS framework.

Section 2, describes the dataset used and defines evaluation met-
rics, and in Section 3, discusses the state of the art in the domain.
Section 5 illustrates the clustering algorithms and the data cleaning
process. Section 6 explains the methodology and compares our
models with the baseline model. We discuss the results of the ex-
periments conducted and the model explainability in Section 7. The
deployment of the framework is discussed in Section 8 and end
with a conclusion in Section 9.

2 Dataset and evaluation metrics

This section introduces the well log dataset used in the experiments
and definitions of evaluation metrics used to evaluate and compare
model performances.

2.1 Dataset

Well logging has two main types: (i) geological well logs, made
from mud logs and rock samples, and (ii) geophysical well logs,
which record physical measurements collected by instruments low-
ered into the drilled hole. These geophysical well logs are analyzed
to identify lithologies, to differentiate between porous and non-
porous rock, and to get reservoir characteristics from subsurface
formations [3, 26]. This paper focuses on geophysical well logs,
which we will henceforth refer to simply as well logs.

Well logs record the magnitude of a specific formation prop-
erty, such as resistivity, gamma radiation, density, neutron porosity,
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Figure 1: Example of gamma ray, resistivity, and neutron
porosity well logs [3]

and sonic properties, measured by the tool as it traverses an inter-
val defined by depth. Well logs present a concise, detailed plot of
formation parameters vs depth, as shown in Figure 1. Our study
uses gamma rays (GR) because they are present across many wells.
The GR device measures naturally occurring radioactivity from the
formation due to the presence of radioactive elements, primarily
potassium, uranium, and thorium [8, 17].

Colorado dataset Data were sourced from the Colorado state
government website [1], where we obtained two files for each well:
one with well log measurements at various depths (including GR,
density, and resistivity) and another is well report containing geo-
logical formations with their marker depths. We have used a subset
of three markers in 800 wells, with log depths ranging from ap-
proximately 300 ft to 7200 ft. The markers of interest are Niobrara,
Fort Hays, and Codell. Of the 800 wells, 150 are testing wells with
manually verified marker depths by geophysicists due to the in-
herent noise in log data. The noise can be from the measuring
instruments or an error in picking the top marker depth. Figure 2
displays the GR logs for select wells, showing overall variability and
highlighting a section near the bottom that contains the formations
to identify. The marker signature of these formations is also ex-
tracted and displayed. The green and red dotted lines in the middle
subplot of Figure 2 indicate the correct depths of the marker for
the marker originally assigned incorrectly. The black dotted line in-
dicates the midpoint of the formation marker signature, considered
as the marker depth.

2.2 Evaluation Metrics

Marker propagation is to be able to predict the marker depth using
the GR well log data and the well location. We use accuracy, mean
absolute error (MAE) and recall to compare model performance.
All these terms are explained in this subsection.

Accuracy is computed as the proportion of labels that are cor-
rectly predicted over all of the labels for the classification model.

MAE The mean absolute error (MAE) is the absolute difference
between predicted and actual depth for each marker top. MAE is
then averaged over all the wells.

Recall The recall is calculated after applying a threshold T. If
the absolute difference between the predicted depth d and actual
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Figure 2: Gamma ray logs for different wells within a region

depth d is less than the threshold T, we consider it as a correct
prediction and assign it as a true positive else false negative. The
recall is then calculated per class and macro averaged. It measures
how many of the labels for a class are correctly predicted as:

IF(|d—d| <T)=TP

3 Related Work

The DTW algorithm computes the optimal correlation between
two logs by minimizing the cumulative distance along a correlation
path [35]. It is used for well correlation as it accommodates the
time variations and has better non-linear behavior than other cor-
relation techniques [16]. In a case study conducted on 22 wells of
the Karatube Oilfield in Kazakhstan, a minimum spanning tree al-
gorithm was used to find well-pairs, and later DTW was performed
to see the correlation between them [52].

Active research is being conducted to use machine learning to
automate well correlation. One hundred wells from Kansas state oil
and gas fields, USA, were used to train and test a 1D CNN Autoen-
coder [? ]. Nearest wells are computed based on proximity. During
training, the autoencoder tries to recognize a series of matching
points from the nearest wells to match geological well tops. These
methods strongly depend on the reference wells, with respect to
which the other wells are correlated.

3.1 Time series classification

Intensive research has been done on time series classification for
industrial applications [42, 49]. The traditional methodology uses a
nearest-neighbor classifier coupled with distance functions. DTW
is the most popular distance function and is considered as a base-
line for many applications [21]. We explore various deep learning
models for classification used in the study.

LSTM network [18] - Effective for tasks like time forecast-
ing and anomaly detection, it can learn long-term dependencies
through its memory structure [36]. The Bi-LSTM processes se-
quences in both forward and backward directions.

FCN network [7, 31] - Utilizes 1D CNN blocks for time series,
featuring layers that upsample and downsample data. Average pool-
ing reduces output dimensions before feeding into a linear layer to
obtain class probabilities as output.

Resnet Network [14] - Resnet blocks are used to build the
network. The main concept introduced is residual connections
in the block, which helps in convergence and stabilization of the
network. These blocks are used to up-sample the input data and
then apply average adaptive pooling followed by a linear layer.

InceptionTime [22, 51] - It is an ensemble of six Inception
modules [48] with different randomly initialized weight values.
The inception module is composed of CNN layers with varying
filter lengths. This allows the neural network to extract relevant
features from long and short-time series.

XceptionTime [41] - Its architecture integrates depthwise sepa-
rable CNN with different filter sizes, adaptive average pooling, and
a non-linear normalization technique. They are concatenated in
series to capture temporal and spatial information without manual
feature extraction.

XCM [11] - Designed for multivariate time series, it merges
2D and 1D CNNs in a parallel architecture with upsampling and
downsampling layers. Their output is concatenated in the first
dimension and passed through an upsampling CNN layer. A linear
layer at the end follows a pooling layer to get the output.

LSTM-FCN [24, 38] - Combines LSTM and FCN in parallel,
allowing for concatenation of results and the potential addition
of an attention mechanism to weigh the importance of sequence
components. The ALSTM-FCN adds an attention layer to the LSTM
layer.

4 GoeTS framework

This section presents a detailed explanation of the GeoTS frame-
work through a flowchart. Oil fields often extend hundreds of kilo-
meters, resulting in a wide spatial distribution of wells used for
extraction. Due to the potential variation in subsurface stratigraphy
over such large distances, it becomes essential to group wells based
on their geographic locations. From these clusters, a smaller subset
is selected for focused analysis. Within this subset, only a few wells
typically contain detailed, labeled information about the geological
formations they penetrate. These labeled wells serve as the founda-
tion for training a model that can infer similar information for the
remaining unlabeled wells in the cluster.

To ensure meaningful propagation, the framework only consid-
ers formation tops, referred to as markers, that appear in at least
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10% of tops. of the regional wells. This threshold helps to guarantee
that the formations are likely to occur in the unlabeled wells. For
each marker, a specific segment of the well log data surrounding
its depth is extracted. This segment, known as the marker signa-
ture, captures the characteristic pattern of the formation. These
signatures are then clustered using the DTW distance to identify
and remove outliers. Clusters that are too small or inconsistent are
excluded from the training process, as the goal is to retain only
those patterns that are reliably observed across neighboring wells.

Wells in Geological

cluster

Labeled wells Unlabeled wells

Random pattern
Selectryznc;}tr:;o Be which are not marker
propag signature
For each marker
Clustering marker
signatures using
DTW
Select clusters for Training set for
training set classification
Y e
Training FPropagate using
Classification model trained model
—

Figure 3: Flowchart of GeoTS framework

Once the marker signatures are cleaned and clustered, they form
the training dataset for a classification model. The model is then
applied to the unlabeled wells using a sliding window approach,
scanning through the well logs to identify the depth at which each
marker is most likely to occur. Since a large portion of the well log
data does not correspond to any known marker, a special ‘None’
class is introduced. This class is trained using data sampled from
random depths across various wells, enabling the model to distin-
guish between marker and non-marker regions effectively. Through
this process, the GeoTS framework enables robust and scalable in-
terpretation of geological formations across large and complex oil
fields.

5 Data cleaning

The well log data set is naturally noisy due to fluid turbulence,
subsurface conditions, and technical errors such as sensor noise or
hardware failure. This section outlines the data cleaning and prepro-
cessing pipeline in the GeoTS framework. Initially, missing values
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are addressed by imputation with averages or nearest neighbors,
ensuring uniform time stamps and units.

After the initial cleaning, the GR reading around the marker
depth is extracted as the marker signature with a specific window
size. Geologists assign marker depths, leading to subjective bias in
interpretation. In cases where the readings are wrong, the marker
depth assigned need to be corrected. Therefore, further cleaning is
necessary to identify wells with clear marker signatures. Clustering
with DTW distance is employed to filter wells for training the deep
learning model.

DTW [35] distance is used for measuring similarity between two
temporal sequences, which may vary in speed. The DTW distance
is computed after realigning (warping) two time series of equal
lengths. The marker signatures with a given window size are ex-
tracted and DTW distance matrix is calculated. The DTW distance
matrix contains the DTW distances between all pairs of extracted
signatures. The matrix size is [Ny, Ny, ], where Ny, is the number
of signatures for particular markers in the dataset. This matrix is
used to perform clustering.

5.1 Clustering marker signatures

The Hierarchical Density-Based Spatial Clustering of Applications
with Noise (HDBSCAN) [32] was used for clustering the signa-
tures [27]. It clusters based on the density distribution of data points,
identifying high-density regions as part of the cluster and others as
noise, thus creating a hierarchical tree of clusters for different levels
of granularityThere is no requirement to predefined the number of
clusters to be created and are robust to noise. The DTW distance
matrix is used for clustering. The outcome is regarded as favorable
when the patterns of the signature in the clusters are similar, and
are of substantial size.
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Figure 4: Results of the clustering algorithms on Niobrara
signatures

For HDBSCAN, the most impactful parameters are maximum
and minimum cluster size, and minimum samples. We set a small
minimum sample of 5, a larger minimum cluster size of 15, and
the maximum cluster size to one-fourth of the total sample size to
capture various patterns and maintain large clusters. The results of
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HDBSCAN on Niobrara marker signatures are shown in Figure 4.
The template of each cluster is the barycenter of the samples in the
cluster.

6 Classification operation

This section outlines the DTW baselin, the new hybrid DL architec-
tures and the classification section of the framework. It discusses
data preparation, DL model training mechanisms for optimal con-
vergence in GeoTS, and post-processing to obtain predicted marker
depths. Our objective is to determine the depth at which the for-
mation starts. Marker signatures are used to identify this depth as
discussed in Section 2.1.

6.1 Baseline

A marker signature template needs to be selected for the DTW
baseline approach. Then, compute the DTW distance between this
signature template and all the GR signals extracted from the well
using a sliding window approach. The template of the largest clus-
ter obtained after clustering 5 is selected as the marker signature
template. The smallest DTW distance refers to the depth of closest
similarity between the signature template and the observed GR well
log. This depth is returned as the predicted marker depth. The time
required for the Industrial baseline for multiple time sequences has
a complexity of O(n-m-s- W) where n is the number of wells, m is
the number of markers,s is the window size, and W is the average
well length. Thus, we can propagate only one marker signature at a
time. Figure 5 shows the DTW process where we see the signature
template on the left side and the query sequence in which we need
to find the best match on top. The similarity matrix indicates the
region of minimum distance. Figure 6 shows the result of propagat-
ing all three marker templates on Well A. The dark blue indicates a
low DTW distance, and the yellow indicates a high one. The dis-
advantage of DTW is that the method is based on pure statistics.
It is heavily dependent on the signature template, making it rigid.
This issue is overcome by using the DL models, which allows us
to include all variations of marker signatures to learn the template
pattern.

0 200 400 600 800 1000

Figure 5: DTW match process for NIOBRARA

6.2 Designed Hybrid models

It appears that hybrid models such as LSTM-FCN and XCM, which
incorporate parallel networks of CNNs and RNNs, tend to exhibit
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Figure 6: DTW result for propagation

improved performance compared to these models used individually
or structured within a series network architecture. Taking inspira-
tion from them, three new architectures were built using the LSTM,
FCN, and parts of the XCM model as building blocks. These models
are explained in this section.

LSTM-XCM is the augmentation of LSTM with XCM submod-
ules. We combine an LSTM parallel network with the existing 1D
and 2D parallel networks of the XCM. The results are concatenated
and the second part follows the XCM architecture.

LSTM H

CNN-2D

—>| | Block 2 \
N CNN-1D Linear

adcatam1( X s/ Block2 | || ¢ |l —output
Y/ layer

Input
(N, dim, len)

N
‘ n-classes ‘ CNN-1D CNN-1D /

Block 1 | —»| | Block 2

Figure 7: LSTM-XCN model architecture

LSTM-FCN-2dCNN consists of a parallel network of LSTM,
FCN, and 2DCNN layers. The output of the 2DCNN is reshaped to
allow for the concatenation. In this case, after the concatenation
of the outputs of the parallel network, the result is passed through
the dropout and linear layer.

d LST™M
shutte, >
- Add at dim 1
— g Linear|
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Figure 8: LSTM-FCN-2DCNN model architecture
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LSTM-2dCNN does not contain the FCN part of the LSTM-FCN-
2DCNN model. This experiment was performed to understand the
importance of the FCN part.

6.3 Data preparation for DL model

The results of the clustering operation helps create a set of wells
with valid marker signatures. We consider the largest cluster to
be the one that represents, at best, the marker signature. Cluster
having similar template to the largest one are also considered as part
of the learning dataset. From a dataset of 650 wells, 400 wells were
filtered and used for training the DL model. The well-log marker
signatures with their associated depths, latitude, and longitude
are extracted. This is the input to the classification model. The
classification model is trained to categorize sequences into four
classes: ‘None’, ‘Niobrara’, ‘Codell’, and ‘Fort Hays’. ‘None’ indicates
depths without markers. As seen in the well logs in Section 2.1, most
logs belong to the ‘None’ class, creating a class imbalance problem.
To address the problem, a subset of total samples is selected to
create the final ‘None’ category.

6.4 DL model training

Hyperparameter tuning enables DL models to achieve better con-
vergence. Selecting a correct learning rate (Lr) influences whether
the model’s optimization will reach global minima and the time
required for training the model. The Lr range test [46] is used to
select Lr. Two training policies have been introduced to minimize
fluctuations during regularization. The Lr is reduced if the valida-
tion loss increases over three epochs, enhancing the stability of
the convergence. The second one stops the training if there is no
significant improvement in validation loss for eight epochs. These
policies reduce training time and help avoid overfitting or underfit-
ting. This method brings more stability for the validation curve. The
hyperparameter tuning is performed using the Tsai [37] and fas-
tai [20] libraries. Cross-Entropy loss is applied for backpropagation
using an Adam optimizer [25].

6.5 Marker Prediction

The trained model is applied on the complete well-log data using
sliding window to generate probability curves to predict marker
depths. A moving average filter is applied to smooth the probability
curve. The predicted marker top depth is the one with the highest
probability. Figure 9 illustrates the probability curve for well A and
the extracted marker depth.

The time complexity of using the classification models after
training is O(n - s - W), where n is the number of wells, s is the
sliding window length, and W is the average well length. This
complexity is independent of the number of markers, as probability
curves for all markers are generated simultaneously. Additionally,
the approach does not depend on a single template like in Industrial
baseline, enhancing its robustness.

7 Experiments and Results

This section presents the results of various classification models
in GeoTS and discusses the experiments that identify key factors
influencing these results. It also addresses the impact of different
window sizes. The evaluation metrics from Section 2.2 were applied
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Figure 9: Propagation results for LSTM-XCM

for model comparisons. The experiments were carried out over ten
runs to account for randomness in the data selection and model
weights initialization. The training dataset consists of 3,500 signal
samples across four classes. When testing for prediction, the sample
size increases significantly; for a well log of 7,000 ft, there are 7,000
test samples, leading to about one million samples across 150 wells.

When applying the classification models to predict the marker
depth over the whole well, the recall varies over different models.
Figure 10 shows the recall with a threshold of 10ft for the DL mod-
els and DTW baseline. Models like LSTM, FCN, and Resnet have
a low recall, with FCN performing the worst, followed by Resnet.
LSTM-2dCNN and LSTM-XCM emerged as the best performers,
exhibiting a high accuracy of around 95% and low variation, indi-
cating robustness. The DTW baseline averages around 80% similar
to that of the recall of inception model.
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Figure 10: Recall score

The test has been performed to check for model convergence by
calculating the accuracy for a balanced testing dataset as discussed
in Section 6.3. We get an accuracy greater than 90% for all the deep
learning models in such a scenario. We conclude that since we
decimate the ‘None’ class, some models have difficulty classifying
the ‘None’.

Figure 11 compares training and prediction times, demonstrating
the advantages of the proposed GeoTS framework, as it reduces the
propagation time by more than 20 compared to the DTW approach
when used to detect three markers. The process is also faster due
to the use of GPU’s for the deep learning models. The experiments
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for LSTM-bidirectional, LSTM-FCN, and LSTM-XCM on well B are
presented in Figure 12. The probability curves computed are steep 50 200
and less dispersed for models with higher recall. The difference
in accuracy and recall helps us understand that the results for a
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Niobrara, Codell, and Fort Hays markers, while the LSTM-FCN

. . . ; . . —— NIOBRARA —— FORT_HAYS —— CODELL
only mispredicts Codell. This does not imply entirely incorrect ---- NIOBRARA pred ~ ---- FORT_HAYS_pred  ---- CODELL pred

predictions, as actual depths also show high probability values.
However, the result of the LSTM-XCM model show high probability
only close to actual depths, leading to correct predictions.

The MAE is analyzed to compare model performance. LSTM-
2dCNN, LSTM-XCM, and Xception have a low MAE as shown in
Figure 13. 70 |

Figure 12: Propagation result on Well B

7.2 Sliding Window size

The window size used to extract the signature should effectively
represent the geological event of the marker; thus, it is an important w
parameter. A large window size can lead to clipped results at the
well-log’s start and end, which is especially problematic when

. MAE . R
LSTM_XCM
LSTM_2dCNN
XceptionTime
XM
LSTM_FCNPIus
InceptionTime
LSTM_FCN_2dCNN
Industrial_DTW
LSTM_FCN
+— A
s+ Ao
—— T

markers are at these locations. Padding can mitigate this issue. 201
Conversely a short window size may not capture the geological . + i = ﬁ
event. - = == ﬁ
Table 1 illustrates the impact of various window sizes on the o
recall. The green cells highlight the optimal size. A window of 201ft
has yielded good recall in most cases, and we used this size for all Figure 13: Mean Absolute Error

experiments. Smaller or larger window sizes tend to decrease final
recall. For the deployment it is set as a changeable variable, but for
the Wyoming results shown, we have used the same window size.
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Table 1: Results for different methods and window sizes (WS)

Methods WS_201 | WS_301 | WS_101 | WS_51
LSTM_FCN 0.97 0.92 0.84 0.84
LSTM_XCM 0.97 0.95 0.73 0.65
LSTM_2dCNN 0.97 0.98 0.93 0.66
LSTM_FCNPlus 0.96 0.93 0.65 0.66
InceptionTime 0.95 0.84 0.91 0.66
XCM 0.93 0.79 0.95 0.66
LSTM_FCN_2dCNN 0.94 0.96 0.76 0.62
XceptionTime 0.90 0.92 0.95 0.64
LSTM_bidirectional 0.76 0.83 0.72 0.59
LSTM 0.56 0.68 0.68 0.64
ResNet 0.53 0.66 0.39 0.76
FCN 0.27 0.41 0.79 0.85

7.3 Model Interpretability

We implement GradCAM [43], which can be applied to all models
in the benchmark. GradCAM helps us with model interpretability
and understand the model decision making process at a deeper
level. It is crucial in complex architecture using a combination of
different models, to gain insight into the success and failure of each
part. Unreasonable predictions could have a reasonable explanation
or vice versa. It allows us to tune models to make them more robust.
It enables us to identify the distribution of feature importance in
relation to the different classes. We can determine if the model has
been able to pick the correct features to distinguish the classes.
We have adapted the gradCAM function for multivariate time
series and propose a novel visualization. We implemented three
variations, one for each RNN, 1dCNN, and 2dCNN layer, as they are
standard building blocks for time series classification models. This
would allow us to implement gradCAM on most time series models.
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To explain the functionality and effectiveness of the gradCAM func-
tion, we have performed a detailed analysis of the LSTM-2dCNN
model.

Figure 14a represents the results of grad-CAM for the 2dCNN
part of the network. Figure 14a has two subplots, which are heatmap,
with a darker shade of red indicating important regions for deci-
sion making. The left signal represents a marker class, with higher
importance on GR values, while the right signal represents a ‘None’
class, with more weight on depth, latitude, and longitude values.
Figure 14b represents the results of grad-CAM for the LSTM part
of the network. The input to the LSTM is a multivariate time series
with a single time step. Thus, we aggregated the results on the input
variables of GR, depth, latitude, and longitude. The first subplot
illustrates the signal categories and the second the gradcam results.
The purple represents the ‘None’ class and blue, green and yellow
represent ‘Niobrara’, ‘Codell’, and ‘Fort Hays’ respectively. It can
be observed that the GR has a lower dependency for the ‘None’
class than for the marker classes. The marker ‘Codell’ is the least
represented and does not occur at all locations, thus it having a
higher dependence on latitude and longitude means it takes the
neighboring wells in the training set as a reference to propagate
this formation top.

The grad-CAM method helps us understand each parallel net-
work’s feature importance in such complicated hybrid models. It
can be concluded that the parallel sub-model specializes in differ-
ent input features with respect to the output classes, allowing the
hybrid model to outperform the sub-models trained individually.

8 Deployment

We have conducted deployment of GeoTS on the Wyoming oil fields
consisting of 5600 wells. Clustering according to the well location
is performed using OPTICS [4]. For each geo-cluster, we select the
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Figure 14: Grad Cam implementation for the LSTM-2dCNN model
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most represented formations to be used for marker propagation
using GeoTS. The process is conducted using a pre-existing Kube-
flow pipeline. The GeoTS pipeline, newly integrated into Kubeflow,
is performed for wells within a region. The steps followed are as
stated in the flowchart shown in Figure 3. As long as we have a
set of wells within a region with labeled and unlabeled formation
data, we can apply the GeoTS pipeline to find marker depths for
the wells and use it to create reservoir models.

To test the propagation results, we have selected a few sequences
for which geologists performed manual verification of the data.
Table 2 presents the recall for the propagation of four formation
sequences from the four different geo-clusters previously obtained.
The sequences are Bg-W(Big George and Werner formations ), Bgc-
Bc-Fe(Big George coal, Badger coal and Felix coal formations), Fh-
La-Al (Fox Hill, Lance and Almond formations), and Ls-Lm-LlI (
Lance shale, Lance middle and Lance lower formations). We used a
200 ft window size for the processing.

Table 2: Deployment results for Wyoming (Recall)

Sequence | DTW | LSTM-FCN | LSTM-XCM | LSTM-2dCNN
Bg-W 0.21 0.71 0.73 0.74
Bgc-Be-Fe | 0.31 0.85 0.84 0.85
Fh-La-Al 0.25 0.45 0.55 0.48
LS-LM-LL | 0.33 0.46 0.48 0.47
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Figure 15: Wyoming propagation results: Bgc-Bc-Fc

We can clearly see that LSTM-XCM and LSTM-2dCNN perform
better than the DTW algorithm. However, it can also be observed
that the recall for the Fh-La-Al and Ls-Lm-LI sequences is lower
overall and closer to the recall of DTW. We have realized that the
signatures of these markers do not follow a distinctive pattern in
the GR well log. With no pattern being followed, even manually,
we are unable to position the marker correctly using just the GR
well log. This indicates the need for additional logs such as density,
resistivity, and sonics, but these logs were not available in most of
the use cases. Some of the formations may have also been identified
using seismic data. Another observation is that these markers have
a larger depth distribution of occurrence of three to five thousand
feet, which makes the depth information redundant. As for the
formation sequences of Bg-W and Bgc-Bc-Fe, we have been able to
increase recall by more than 50%. The incorrect predictions were
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cases in which the GR log at the depth being similar to the marker
signature. Figure 15 represents the case in which Big George coal
has been inaccurately picked due to a similar pattern present at
incorrect depth. With this study, we can conclude that we need to
consider not only the local features of the marker signature but
also the global features of the well log between the markers.

9 Conclusion and future work

In this paper, we analyze well log data and we demonstrate the
deep learning model’s efficiency, ease, and accuracy in pattern iden-
tification task. We present GeoTS a framework which implements
the workflow for the complete process: the preprocessing data, the
model implementation, and the post processing. The implemented
grad-CAM can be applied to many deep-learning models. It will
help understand the logic behind the decision-making of neural
networks better for time series. The benchmark evaluation sec-
tion clearly shows the grad-CAM’s ability to recognize the input
feature’s importance.

GeoTS framework can be applied across diverse well log datasets
obtained from different companies without following a standard
uniformity. Data cleaning ensures uniformity across well logs for
the study. The primary feature in the paper is set to GR as it is the
most available well-log. Additional well-log information, such as
resistivity, density, and compressional slowness, if available, will
be automatically integrated during the data preparation process.
We expect the model performance to improve with additional logs.

The main advantage of using GeoTS is that it is a completely
autonomous process. We achieve an increase in recall and faster
computational time when compared with the DTW baseline. Most
of the existing frameworks used for marker propagation in wells
are dependent on the neighboring wells log. As the model is trained
on hundreds of wells, it is not dependent on a particular well, thus
allowing the results to be resilient to the noise in the well logs. Our
new models the LSTM-2dCNN and the LSTM-XCM outperform the
state of art and baseline models.

The approach has been validated with the Colorado and Wyoming
datasets, and additional tests for new datasets are scheduled by the
company. To solve the issues we encountered during the deploy-
ment for Wyoming for the future, we will be trying sequence to
sequence transformer models. The whole well-log can be given
as an input, allowing the model to understand the relative depth
dependencies between the markers.
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