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Decision support system

During drilling, to maximize future expected production of hydrocarbon resources, the experts commonly adjust
the trajectory (geosteer) in response to new insights obtained through real-time measurements. Geosteering
workflows are increasingly based on the quantification of subsurface uncertainties during real-time operations.
As a consequence, operational decision-making is becoming both better informed and more complex. This paper
presents an experimental web-based decision support system, which can be used to both teach expert decisions
under uncertainty or further develop decision optimization algorithms in a controlled environment. A user of the
system (either human or AI) controls the decisions to steer the well or stop drilling. Whenever a user drills ahead,
the system produces simulated measurements along the selected well trajectory which are used to update the
uncertainty represented by model realizations using the ensemble Kalman filter. To enable informed decisions
the system is equipped with functionality to evaluate the value of the selected trajectory under uncertainty with
respect to the objectives of the current experiment.

To illustrate the utility of the system as a benchmark, we present the initial experiment, in which we compare
the decision skills of geoscientists with those of a recently published automatic decision support algorithm. The
experiment and the survey after it showed that most participants were able to use the interface and complete the
three test rounds. At the same time, the automated algorithm outperformed 28 out of 29 human participants.

Such an experiment is not sufficient to draw conclusions about practical geosteering but is nevertheless useful
for geoscience. First, this communication-by-doing made 76% of respondents more curious about and/or
confident in the presented technologies. Second, the system can be further used as a benchmark for sequential
decisions under uncertainty. This can accelerate development of algorithms and improve the training for decision
making.

1. Introduction

Geosteering is the intentional control of a well trajectory based on
the results of down-hole real-time geophysical measurements (Shen
et al., 2018). Traditionally, research in geosteering has been focused on
the interpretation of log measurements. As a result, during the last
decade, there has been a steady growth of automated methods for
measurement inversion and interpretation which yield steadily growing
amounts of data that need to be handled by the decision-makers. This
data opens the possibility to target the oil-bearing zones which were not
economically viable previously (Larsen et al., 2016). At the same time,
this also makes the decision-making more complex by adding more

relevant information to consider and evaluate in real-time (Hermanrud
et al., 2019). Complex uncertainties that can impact decisions on one
hand and contradicting objectives on the other (see e.g. Halset et al.
(2020)), pose difficulty for decision-makers and requires new workflows
and/or training.

The literature review in Kullawan et al. (2016) showed that there was
hardly any prior publication that considered a consistent framework for
geosteering decision-making with several objectives. The authors prepared
an alternative decision-focused approach addressing geosteering as a
sequential decision problem. Specific to optimization of sequential de-
cisions under uncertainty is that the acquired data, and hence the uncer-
tainty for subsequent decisions, will depend on the previous decisions.

* Link to the code: https://github.com/NORCE-Energy/geosteering-game-gui, see Section 8 for description.
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During the last seven years, more publications were addressing the
optimization of geosteering decisions. Chen et al. (2015); Luo et al.
(2015) considered an ensemble-based method for optimization of
reactive steering under uncertainty. Kullawan et al. (2018) demon-
strated the application of dynamic programming for finding optimal
long-term decision strategies for a certain set of geosteering problems. In
Alyaev et al. (2019), a simplified dynamic programming algorithm was
used in a context of a more general geosteering problem with several
targets. Veettil and Clark (2020) developed a Bayesian estimator of
stratigraphy that can be further extended with forward well planing.
Kristoffersen et al. (2020) proposed a reinforcement-learning-based
approach to steering based on the initial field planning.

To test the developed methodologies, the papers reviewed above
relied either on a static benchmark sacrificing uncertainty updates
(Kristoffersen et al. (2020) used Olympus (Fonseca et al., 2018)) or
needed to develop a testing platform alongside the decision methodol-
ogy (Chen et al., 2015; Luo et al., 2015; Kullawan et al., 2018; Alyaev
et al., 2019). On one hand, the descriptive optimization benchmarks
either contain static pre-defined environment which is not influenced by
decisions (e.g. Olympus, see Fonseca et al. (2018)) or are ambiguous due
to the open choice of both model-updating and decision strategies (e.g.
Brugge, see Peters et al. (2013)). On the other, the benchmark tool-kits
for developing and comparing sequential decision agents, such as
OpenAl Gym (Brockman et al., 2016), are primarily targeting rein-
forcement learning for games and simple physical simulators.

While the individual benchmarks have been derived for the newly
developed algorithms, the publications addressing the expert decisions
are still limited to summaries of current best practices, see e.g. Przybylo
(2019). The experience from other branches of geosciences shows that
decision-making can be significantly improved and de-biased when
supported by information technologies and artificial intelligence (Wil-
son et al., 2019). Thus, there is a need for benchmark systems providing
an uncertain geological environment where the uncertainty changes
consistently in response to taken decisions.

For this study, we have developed a web-based platform that can
update a multi-realization 2D geological model in response to decisions
and share the current state of the system via an Application Program-
ming Interface (API) and a Graphical User Interface (GUI). The GUI uses
a newly-developed visualization that shows how the geometric uncer-
tainty relates to the expected value of the planned well. Thus, the
platform serves as a benchmark for decision-agent development and as a
tool that can compare algorithms’ to experts’ decisions.

We also present the first experimental use of the web-based platform,
in which formation evaluation and geosteering experts competed
alongside the fully automated system from Alyaev et al. (2019) to get the
highest well-value in synthetic drilling operations with several possible
target layers. Unlike a more typical task of following a layer, the
multi-target geosteering cannot be solved optimally by experts through
a visual analysis of the average image. Neither can it be solved by a
convex optimization algorithm. The purpose of the experiment was to
compare the decisions of the experts with the fully automated algorithm
in controlled conditions. The web platform handled the complex updates
of the uncertainty and only left the decision-making process to the
experts/algorithms.

This paper is organized as follows: First, we describe the experi-
mental setup which is currently used for the platform. After that, Section
3 explains the discretization and the automatic updates performed by
the system during the experiment. Section 4 presents the GUI and the
API available to the users of the platform (the corresponding code is
linked in Section 8). In Section 5 we present the first experiment run on
the platform, including the results of the experts and the feedback that
we have received. Finally, the findings of the paper and further per-
spectives for the platform usage are summarized in Section 6.
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Fig. 1. An example of synthetic truth and a possible steering trajectory in the X-
Z coordinates. The dashed part of the trajectory is within a sand layer (white
with thick dashed boundary) and gives a positive score. h is the thickness of the
sand layer.

2. Description of the experiment

In this section, we describe the setup of the geosteering decision-
making experiment that runs in our sandbox environment.

An experiment is split into rounds. The objective for the decision-
making task in each round is to make landing and steering decisions
in a multi-layer geological setting. Each round consists of several (at
most 12) decisions for changing direction or stopping which can be
made in sequence. After every decision, the system drills a virtual drill
stand and updates the uncertainty according to the simulated data. Thus,
every next decision would be influenced and informed by the choices
from the previous decisions. The decision locations are evenly spaced
along the X-axis.

2.1. Objective

The pre-drill model (as well as the synthetic truth) contains five
alternating layers: shale-sand-shale-sand-shale. The goal is to maximize
an approximate Net Present Value (NPV) of the well. This is done by
landing and staying near the roof of a sand layer with considerations of
layer thickness and drilling costs. More specifically, the objective score
is calculated by the following rules: the participant gets:

@ h points for every meter in sand layer (along X-axis), where h is the
layer thickness

@ 2*h points when they drill in the sweet-spot near the roof (0.5 m-1.5
m from the top boundary of sand)

@ negative ¢ points is the cost of drilling every meter, where ¢ = 0.086.

This objective can be written in the form of an equation:

2
NPV =" / Jy(x)dx @
i=1

zin/r () >y(x) > botom (x)

Fig. 2. The GUI running on a mobile phone during the experiment.
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* We represent uncertainty as an
ensemble of realizations
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Fig. 3. A part of the GUI showing geological uncertainty, controls for steering, and steering limits. The uncertainty is represented by an ensemble of realizations and
visualized as an overprint of all ensemble members. The ellipses represent decision points and their size indicates the look around of the EM tool. The dashed blue line
represents the steering potential of the well after the current decision; the steering is limited by dog-leg severity and the 90-degree inclination. The orange part of the
trajectory is already drilled; the red part is the next decision to commit to; the blue part is the plan ahead. The yellow ellipse shows the selected point at which the
steerer can adjust the dip. The selection can be moved by the buttons. (For interpretation of the references to color in this figure legend, the reader is referred to the

Web version of this article.)

+ hy(x)dx ()

z:oP (x)+0.5>y(x)>min(1:nn (0)+1.5,2etom (x))

+0.086 / A1+ (¢ (x)d, 3)

where y(x) is the well trajectory, ¥’ (x) is its derivative, z* /bottom - e the

positions of the boundaries for sand layers indexed by i, and x° and x" are
the start and the end of the trajectory. We use y(x) for the depth value of
the trajectory to distinguish it from the layer geometry. An example of
synthetic truth and a possible steering trajectory is shown in Fig. 1.

3. Uncertainty and automatic updates

Like any decision, geosteering decisions are made under uncertainty.
The main uncertainty during geosteering is the lack of complete
knowledge of geology through which the well will be drilled. We
represent uncertainty using an ensemble of 120 realizations of the
layered geology in 2D.

The original ensemble is based on a prior distribution which is also
used to generate the synthetic truth in the experiment. The layer
boundaries are discretized along the X-direction. Y-positions for every
boundary are generated using a variogram model with kriging as
described in Alyaev et al. (2019).

The ensemble of realizations (each parametrized as Y-positions of the
boundaries) is updated automatically following each decision using the
Ensemble Kalman Filter (EnKF) algorithm described in Luo et al. (2015).
! For the update, we use measurements produced from a synthetic EM
tool which is located at the drill-bit and has a look-around capability of
4.8 m up, down, and sideways. The model for the tool is described in
Chen et al. (2015). The resistivity is assumed constant within each layer
for all models. It equals 10 Qm in shales and 150 Qm in sands. The

1 The EnKF is a Monte-Carlo (discrete) approximation of the Kalman Filter. It
gives an approximation of a Bayesian update with Gaussian priors and
likelihoods.

system performs one update between decision points which uses mea-
surements in three equally distributed locations.

4. Description of the web-based platform

One of the main purposes of the developed web-based platform is to
enable comparison between experts and algorithms when it comes to
decision-making for geosteering. The developed web-based platform
includes both a GUI for experts and an API for Al bots. In this section, we
first describe the capabilities of the platform through its GUI and then
explain how corresponding API can be used by a bot. We finish the
section with a summary of the implementation of the Decision Support
System optimization algorithm (DSS-1) from Alyaev et al. (2019).

4.1. The GUI

To evaluate the decision-making strategies of the experts, we
developed a simple online decision-support GUI. The online mobile
application gives the contestants the same information that a geo-
steering decision algorithm would get, wrapped into a user-friendly GUI,
see Fig. 2.

4.1.1. Uncertainty visualization

One of the primary sources of information for the system users is the
graphical display of the uncertain earth model. The users can view an
overprint of the ensemble which provides a display of the (white) sand
layers’ location uncertainties (Fig. 3).

While the overprint gives an intuitive representation of the mean
positions of layers and the uncertainty magnitude, this information is
insufficient to take quantitative decisions in scenarios with several tar-
gets. This is somewhat similar to interpretation difficulties observed
when interpreting a seismic image without context (Bond et al., 2007).

4.1.2. Planning and committing to a decision

The discrete locations of the geosteering decisions to be made in this
round are shown in Fig. 3.

Until the well is finalized, the steerer can plan the entire well (ahead
of the current point) by changing the dip of the well in the decision
points (ellipses in Fig. 3). Alternatively, the contestant can decide to stop
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Fig. 4. A score distribution diagram shown to a user based on the current set of
realizations representing the uncertainty. Each thin column shows a value
based on one realization, which is sorted from small to large. The columns are
grouped for convenience to approximate P10, P20, etc from the ensemble. Since
percentiles are not exact, but ensemble estimates the right column is denoted as
‘max’ and shows the maximum value observed in the ensemble.

P10 P20

2 27 0 2060

drilling at any of the points. The latter might be optimal if, for example,
the well entered the under-burden.

At each decision point the participant must commit to a decision:
choose whether to adjust the dip for the next drill-stand or stop drilling.
After every decision to drill ahead, the web server updates the uncertain
realizations using the data along the chosen segment of the trajectory
(see Section 3). Stopping decisions implies that the well is finalized, and
no further drilling steps can be taken.

4.1.3. Tools to make informed decisions
To aid in their decision-making, the contestants are presented with a
visual decision support tool in the GUI. The GUI dynamically updates

Applied Computing and Geosciences 12 (2021) 100072

uncertainty as the well is drilled and helps to estimate the well-value.

Once a well-trajectory is planned, it can be evaluated using the
scoring function with respect to the current understanding of uncer-
tainty (the ensemble). The results of this evaluation are summarized in a
bar diagram as shown in Fig. 4. The diagram shows a cumulative density
diagram based on the 120 ensemble members (light blue). The results
are grouped into percentiles of value (P10 — P90) shown in dark blue.
Note that the highest value based on the ensemble approximation is not
equivalent to P100; that is why it is denoted by ‘max’. The GUI also
shows the percentile values for the previous evaluation as gray bars in
the background. Fig. 5 shows the evaluation before and after the tra-
jectory update. The gray bars appearing on the right figure are scaled
comparatively to the new values in the diagram.

The percentile - cumulative density diagram is interactive. The user
can select a percentile to see the subset of realizations that give the
selected value range, e.g. between P70 and P80 (Fig. 6).

4.2. The API

In this section, we describe the API, which is used by the GUI of the
system and can also be used for developing decision agents/Al bots.

4.2.1. Uncertainty communication

The uncertainty is communicated to the system using the native
format of the ensemble-based earth model. The system transmits an
array of 120 realizations, each containing the grid of X-positions in an
ascending order together with four boundaries represented as a

Plan stop O Plan ahead (&

& Previous

& Previous Plan stop Plan ahead (@

mmﬂﬂﬂﬂﬂﬂﬂ

,mﬂﬂﬂﬂﬂﬂﬂ

P10 P20 P30 P40 P50 P80 P70 P80 P90 max
303 514 656 848 1012 1158 1354 1717 2332 4306

P10 P20 P30 P40 P50 P80 P70 P80 PS0 max
248 581 905 1250 1597 1782 2042 2280 3014 5188

Fig. 5. An example of change in the score distribution diagram after changing the trajectory and recalculating the score. The left panel shows a trajectory and a
distribution before an update. The right pane shows the updated score distribution overlayed on top of the gray bars which correspond to the score distribution before

the update, scaled to the new distribution.
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Fig. 6. An example of selecting a subset of realizations using the interactive score distribution diagram explained in Fig. 4. The left panel shows the full uncertainty
distribution in the geology overprint from 120 realizations. The right panel shows the overprint of 12 realizations, which give a score between P70 and P80 (selected
in the distribution diagram by yellow). In the selected optimistic scenario the trajectory enters a thick bottom sand layer. (For interpretation of the references to color

in this figure legend, the reader is referred to the Web version of this article.)

sequence of corresponding Y-positions. The first two boundaries are the
roof and the floor of the top sand layer, and the second two correspond
to the bottom layer.

4.2.2. Committing a decision

For each sequential decision point, the API gives the trajectory that
has already been drilled. A bot needs to commit to a decision of either
continuing or stopping.

The continuing decision should be represented by the coordinates of
the committed point (x, y), where x is fixed for a decision step and y
should be within the limit on the dog-leg-severity angle ( +-2°). After the
decision to continue, the API will return the updated realizations based
on the acquired data along the drilled segment.

After stopping, the system receives the score obtained within the
synthetic truth as well as the rating relative to other participants of the
round. The actual score can be used for the training of data-based
algorithms.

4.2.3. Making informed decisions

Similar to human participants, a bot can request the evaluation of a
score for a given trajectory. Given a sequence of (x, y) pairs, the API
returns an evaluation of the given trajectory represented by a sequence
of points for each member in the ensemble of realizations. The response
is an array of pairs, each consisting of the score and the index of reali-
zation for which that score was observed.

4.3. Implementation of the DSS-1 bot

The web-based platform was developed from the functionalities that
have been used by DSS-1 described in Alyaev et al. (2019). The update
part of the DSS-1 workflow is used by the web platform directly and was
described in Section 3. Here we summarize the optimization algorithm
of DSS-1.

At every decision point, the optimization is divided into two steps:
global deterministic optimization for each realization and robust opti-
mization for the immediate decision.

On the first step DSS-1 considers all discrete trajectories until the end
of the operation. The discretization is made so that for the decision step
Xo the system uses a finite number of depth possibilities (y;) distributed
on a selected regular grid. For every one of these trajectories, the system
stores the score of the well for each of the realizations. In this paper, we
use a version with a discount factor for future decisions. That is, every
next segment’s value is multiplied by 0.9 and thus has an influence on
the score of the well, which compensates for the uncertainty of the
future learning. The details about the efficient implementation of DSS-1
are presented in Alyaev et al. (2019).

On the second step DSS-1 considers all discrete alternatives for the
next (immediate) decision, i.e. all (xj, y;) within the geometric con-

opt_next

straints and stopping and chooses y; , which gives best decision on

average:
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where n = 120 is the number of realizations, O(l[/|1\/[j) is the objective
function computed for trajectory y against realization M;, [(xo, o), (x1,
] is a segment from current point to the next decision point ending in
¥i» O([Cx1, ¥, -..1|Mj)) is the optimal value for trajectory starting in (xy,
¥ in the realization M; computed in the first step, and y is the discount
factor. Here we use y = 0.9.

Based on the description above, we can summarize the following
properties of the DSS-1 decisions:

@ The DSS-1 optimization algorithm described above is a deterministic
function of the discretization, realizations, and the objective
function.

@ The DSS-1 only uses the evaluation of the objective function and not
the representation of the earth model. This makes it flexible with
respect to earth model implementation and the objective function. At
the same time, it does not use all the information available in the
experiment.

@ The global optimization used by DSS-1 requires up to 100 000
evaluations in 40 s (Intel XEON 8168 2.7 GHz single core?) of the
objective function for every decision which is impossible for a
human. We note that the required number of evaluations is
controlled by discretization and can be reduced if the objective
functions are more costly. For practical applications, fast proxy
models of NPV would be required for real-time performance.

5. Results and discussion

The web-based platform has been developed to compare the DSS-1 to
human experts, and through this comparison, to communicate the
concepts related to real-time decision making under uncertainty. In this
section, we first present the result of the first experiment which was held
as a plenary session of the Formation Evaluation and Geosteering
Workshop 2019 by NFES and NORCE held in Stavanger Norway
(NORCE, 2019). We evaluate the decision quality of experts and DSS-1
based on the collected data. After that, we show the results of the sur-
vey among the participants of the experiment which addresses the
usefulness of such an experiment in the communication of the research.
Finally, we summarize feedback about the web-based platform in the
context of ease of use and application to training for geosteering.

5.1. The first experiment

The rounds of the experiment were organized as follows. After the
presentation of the rules (Section 2) and the GUI (Section 4.1), the
contestants had a practice period of 15 min to familiarize themselves
with the competition set-up. During this period an expert of the system
was showing the usage of the features of the GUI and a possible strategy
for geosteering on a big screen.

Following the demonstration, there were three scoring rounds of
approximately 6 min each. All rounds had an identical ensemble of
starting realizations but a different synthetic truth unknown to the
participants. To evaluate the consistency of decisions, the truths were
chosen as:

@ Round 1) The bottom sand layer was optimal
@ Round 2) The top sand layer was optimal

2 The optimization can run all realization in parallel, but single-core set-up is
chosen to prioritise server responsiveness to human participants.
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Fig. 7. The well-trajectories drilled by participants in each of the three rounds
and corresponding synthetic-truth boundaries as dotted lines. The highlighted
trajectories show the top participant result; the median participant result; DSS-1
result; and the solution obtained by optimization assuming perfect information
(Possible maximum). Note, that since rounds 2 and 3 had identical setups, the
trajectories are summarized from both rounds.

@ Round 3) Identical to Round 2, to allow comparison of the consis-
tency of contestants’ decisions under the same conditions.

Note that the sub-optimal layer was also giving a positive score as
described by the objective function in Section 2. The synthetic truths and
the optimal solution computed by deterministic optimization on the
synthetic truth, are shown in Fig. 7.

Out of the 75 workshop participants, 55 participated in all three
rounds. The wells drilled by all the participants are compared with the
optimal trajectory in Fig. 7. A fraction of the 55 participants were
affected by software issues (22 participants) or did not reach any of the
sand layers in one or more rounds (3 participants). For fairness, we
disregard them from the results and consider the remaining 30 partici-
pants, whom we call qualified participants. Among the qualified par-
ticipants was DSS-1 described in Section 4.3. Since the majority of
participants not affected by the software issues managed to drill
meaningful wells for in all three rounds, we consider that the basics of
the user interface were understood from the original demonstration.

Clearly, in a real-world drilling operation with full complexity, the
geosteering experts would outperform an automated system if they
possess geological knowledge and operational experience beyond what
is built into an automated system. In this controlled experiment, we put
the decision-makers and the system in equal conditions in terms of in-
formation availability.
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5.1.1. Discussion of decision strategies

Decision analysis defines a good decision as the one that is logically
consistent with the alternatives (steering choices), information (repre-
sentation of geological uncertainty), and values (objectives) brought to
the decision (Bratvold and Begg, 2010; Abbas and Howard, 2015). In the
decision analysis process, the outcome of a single decision does not
imply the quality of that decision. That is, given the uncertainty, a good
decision may lead to a bad outcome and vice versa. The decision analysis
framework allows the identification of good decisions before knowing
their outcome by recording the principal inputs of the decision-making
process and the corresponding decision strategies.

The decision strategy of DSS-1 (see Section 4.3) derived and analyzed
in detail in Alyaev et al. (2019) is designed on the principles of robust
optimization, which are known to lead to better decisions under un-
certainty. The decision strategies of human participants, however, are
not so easy to deduce and analyze. One possible approach is to survey
participants about their strategies (Welsh et al., 2005; Alyaev et al.,
2021a). Conversely, the ambition of the experiment presented here is to
assess the quality of decision strategies of the participants based on the
decision-outcome data recorded in a sand-box environment.

Nevertheless, before describing the ranking let us hypothesize some
possible strategy elements that can be employed by the participants.
Simplistically the decision-making during the experiment can be divided
into three sub-tasks selecting ‘the best’ layer and landing it and
following the roof of the layer. The tasks of landing a well and following
the top boundary are typical for geosteering training (Alyaev et al.,
2021a). Selecting a layer based on the prior uncertainty was a task that
should have been new to most of the participants.

For selecting the layer, there are three main possible strategies.

1. Randomly pick one of the layers for every round. Then steer
aggressively dismissing the other sand layer and using the data to
land the well in the optimal spot in the selected layer.

2. Select the layer by analyzing the prior and try to optimally land into
this same layer in all three rounds.

3. Repeatedly evaluate uncertainty in the objective, and allow for
landing in either layer using the information about steering poten-
tial. Once the tool reaches the top sand layer, use the reduced un-
certainty to decide on the landing target. The decision about the
target can be possibly made until the end of the operation, but due to
steerability limitations, the target layer would have been selected by
the inclination around 150 m along X-axis.

Prior information indicated that either layer gives a positive score,
and in practice, all three strategies yielded positive gain. However, only
strategies 2 and 3 will result in consistent decisions. Strategy 1 is
partially inconsistent due to the random selection of the layer, but
possibly a consistent landing strategy in the selected layer. In the pre-
sented experiment the optimization used by DSS-1 used Strategy 3.
According to the interview (Alyaev et al., 2021a), the top-scoring
participant used the inconsistent strategy 1.

The outcome of every decision is a result of both skill and chance.
Therefore, achieving good results over a short experiment with a
partially inconsistent strategy is quite possible. We admit, however, that
the results might not objectively reflect the decision strategies for real
geosteering because the controlled environment was not familiar to the
experts and since the competition format might influence the partici-
pants’ behavior.

5.1.2. Ranking

There is no unique method to assess the results of the competition
over several distinct rounds as it requires scaling the results by a chosen
metric. As a primary simple metric (selected prior to the experiment), we
used the percentage of maximal possible results for each round which
was averaged to give the final ranking. The results are scaled by the
100% result obtained by discrete optimization on the synthetic truth for

Applied Computing and Geosciences 12 (2021) 100072

11 . __--® b DSS-1
21 =" 2 F HP-01
34 N Je L HP-03
~ ~ 7 I
44 \\ \;,\/ e b HP-04
51 NS L HP-05
2 25
6 CYLec] e t HP-06
.
71 ://7’ \V/ ® L HP-07
8 1 / PANAS I HP-08
X~ 7/
5 97 LY. L HP-09
17
10 e /, ’)‘,’:o F HP-10
11 A - ’,’/,J"/ ° b HP-14
>
121 .V
a
!
13 ,I II/ //
i
14 A / ,/, //
15 4
% III ///
L
17 1 /
round 1 round 2* round 3* mean rank

Fig. 8. The comparative ranking of the top participants over three rounds of
the experiment. Rounds 2 and 3 followed the identical setup and rank for these
rounds includes participants’ results from both rounds (60 results). The rank* is
derived by scaling this rank to 30 participants, resulting in fractional values.
The mean rank is the rank (1-30) based on the mean of the three rounds. For
convenience, this figure uses the same color-coding as Fig. 9. (For interpretation
of the references to color in this figure legend, the reader is referred to the Web
version of this article.)

100 B DSS bot user
Correct layer guessed randomly
90 1 B Consistent users
B Relatively consistent users

80 1 B Other users
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40
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Fig. 9. The average performance of the participants over three rounds compare
to theoretically maximum value, %. The colors show levels of consistency of
decisions when geosteering in the same environment for all the participants:
DSS and Human Participants (HPs). Consistent decisions result in the trajec-
tories that are the same (DSS), almost the same (Consistent), or the same layer
(Relatively consistent), see Fig. 10. The gray area indicates the number of
participants who would have guessed the correct layer if they were guessing at
random. (For interpretation of the references to color in this figure legend, the
reader is referred to the Web version of this article.)

each round, thus representing a close approximation to the theoretically
possible maximum. The data from the experiment, including scoring, is
available in the linked repository, see Section 8. The human participants
are identified as HP-n, where n is the rank (1-30) according to this
metric. The fully automated decision system performed better than 93%
of the participants placing 2nd among the 30 qualified participants.
Another possibility to compare the results of different rounds is to
consider the ranking within the population. The rank in the population is
the position of the participant in the round among the other participants
relative to the total size of the population. In the case of our experiment,
we take advantage of two identical rounds and arrive at rank*, common
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Wells drilled by HP-06
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Fig. 10. Examples of trajectories drilled by partici-

pants over the three rounds. Rounds 2 and 3 have the
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for rounds 2 and 3. This type of ranking of the top 11 participants is
shown in Fig. 8.

While DSS-1 was second in the simple ranking discussed previously,
it gets the top position in this alternative ranking. The simple ranking is
highly influenced by results in a single round. HP-01 got a near-perfect
score (92%) in round 1, making him the top simple-ranked participant.
At the same time, neither HP-01, nor any other participant has beaten
DSS-1 in more than one round, bringing DSS-1 to the top of the
comparative ranking.

As we see, comparative ranking is more objective as it reduces the
influence of chance from a single round. Therefore, we are planning to
adopt comparative ranking as primary for future experiments.

5.1.3. Consistency of decision strategies

The automated DSS is built to ensure consistency. That is, the system
is guaranteed to make the same decisions given the same input param-
eters. This means repeatability, and hence, predictability of automated
decisions. The same perfect consistency would be impossible for human
participants due to various factors, including the GUI limitations.
Nevertheless, a good geosteerer should make his decisions based on a
process consistent with their objectives, alternatives, and information.
As uncertainty is an element of every decision, being consistent in the
decision making itself does not guarantee a good outcome for every
decision (sequence). A consistent decision making process will ensure
good outcomes in the long run (on average). The experiment allowed us
to test the extent to which humans were consistent in their decision-
making by comparing their decisions in identical rounds 2 and 3.
Fig. 10 shows the trajectories drilled by several participants with
different levels of consistency:

@ DSS-1, which produces identical trajectories for identical set-ups.

@ Consistent users, for whom the distance between trajectories for the
same set-up was less than 0.5 m on average.

@ Relatively consistent users, for whom the consistency was worse than
for consistent users, but the trajectories were in the same layer for the
same round. More formally, the distance between the trajectories in
the same test was at least 2std lower than between different cases.
Note that std here is the standard deviation of the average distance
between the pairs of trajectories based on all combinations of tests
1-3.

@ Other users for whom the consistency for the same set-ups was not
observed.

All the results arranged by the level of consistency are shown in
Fig. 9. For comparison, the figure shows a gray area of selecting the
optimal layer purely by chance. 3 Thus, if all the participants did not use
any relevant knowledge and tried to land and drill in a layer chosen
randomly, about four of them should have selected the correct layer in
all three rounds. From Fig. 9 the number of consistent users is lower than
the probability of random guessing. The consistent and relatively
consistent users together are still within possible error given the rela-
tively small number of total participants.

Another important observation from Fig. 9 is that the consistent
users ended up with a relatively low total score. Conversely, the top-
scoring participants (expected to be better geosteerers) should consis-
tently maintain their good decision strategies, while the low-scoring
participants should learn and improve (in this particular setup the
consistent strategies translate to similar outcomes). We observe that for
HPs, the strategy, which scored highest, involved chance (early betting
on which layer to land). This is confirmed by the interview of the top-
scoring participants (Alyaev et al., 2021a). The interviews also reveal
that the competition setting of the experiment made some of the par-
ticipants alter their strategies towards more risk-taking compared to
realistic geosteering (e.g. randomly selecting the sand layer and trying to
guess the layer’s top to get to the sweet spot for double score). Therefore,
the observed results do not necessarily reflect what experts would have
done in a real operation.

5.2. An interactive experiment as means of communication

After the experiment, we asked the workshop participants to respond
to an anonymous survey. The results in this section are based on re-
sponses from 21 participants. The respondents rated the experiment as
part of the workshop above 4 out of 5 on average. The other questions
were designed to evaluate the web-based experiment platform itself as
well as its applicability for training and communication of research.

3 By guessing, one has a 50% chance to guess and aim for the optimal layer in
each round. Given three rounds, a participant has a 1/8th chance to aim for the
optimal layer all three times.
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Did you change your attitude towards ensemble-based methods for

uncertainty quantification?
21 responses

@ No. | am still skeptical

@ No. | have been excited already
D Yes. Became more curious

@ Yes. Saw their advantages

@ Don't know

Did you change your attitude towards the automated DSS Bot developed
by NORCE?

21 responses

@ No. Still skeptical

@ No. Have been excited already
2 Yes. Became more curious

@ Yes. Saw their advantages

@ Don't know

Did you change your attitude towards decision-driven uncertainty
estimation?
21 responses

@ No. Still skeptical

@ No. Have been excited already
28.6% Yes. Became more curious

@ Yes. Saw their advantages

@ Don't know

Fig. 11. The value of the experiment in terms of communication of the research
based on the survey.

In this subsection, we present the feedback about the usefulness of
such an experiment for communication of the research. Connected to the
experiment, we presented the ensemble-based geosteering workflow
which was used behind the scenes in the web-based platform as well as
the optimization behind the DSS-1.

In the survey, we tried to see if the interactive experiment allowed us
to make people more interested in the related research. Fig. 11 shows
whether and how the respondents changed their attitude towards the
presented research concepts. The groups who were ‘engaged’ include
those who became more curious and those who saw the advantages of
the presented research. We see that 47.6% of respondents were engaged
by automated decision-making and decision-driven uncertainty evalu-
ation. The lower 42.9% engagement for the ensemble-based uncertainty
quantification can be related to the much higher percentage (52.4%) of
the respondents who were already excited about these technologies.
While we lack comparative data for standard workshop presentations,
the communication-by-participation seems very powerful based on the
results of the survey.
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Fig. 12. The relative importance of the features of the web-based platform
according to the conducted survey. 100% corresponds to all respondents
considering a feature “Very useful”. The diagram also shows the percentage of
respondents who did not understand a feature.

Number of participants who had goesteering
training that agree (multiple possible) with the
statements about applicability of the web
platform for training

A competition like this cannot be _
adopted for training.

The interactive component was

better compared to my earlier _
training.
The experience during competition
was similar to my earlier

geosteering training.

Fig. 13. Value of the web-based platform for geosteering training. This was an
optional question to those who had prior training in goesteering.

5.3. User feedback to the web-based platform

It is known that uncertainty visualization influences decision-making
(Viard et al., 2011). Therefore, in the second part of the questionnaire,
we asked the participants to evaluate the usefulness of different ele-
ments of the platform to allow its further improvement. This included
the elements of the GUI, but also the ability to use the platform from any
browser-equipped device.

The respondents evaluated every feature of the platform on the
following scale:

@ [ did not understand it
0 Not useful

1 Somewhat useful

2 Quite useful

3 Very useful

Fig. 12 shows the relative importance of each feature as the sum of
the scores by the rules above in percent. I.e. 100% correspond to all
participants answering “Very useful”. It also shows the fraction of the
participants who did not understand a feature.

The ability to run the GUI without installation has the highest rela-
tive importance. This supports our design decision to develop the web-
based GUI for the experimental platform as a paradigm for user-based
experiments.

Looking at the rest of the distribution in Fig. 12, we observe that most
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features of the GUI have a rating of around 70%. This indicates that
overall communication of the GUI during the experiment was successful
despite its relatively short format. The lowest scores correspond to
probability distribution and the overprint display. These two features of
the GUI were designed to communicate the uncertainty, which is not
straightforward. Further experimental studies are required to improve
uncertainty communication.

We also asked how such an experiment would stand against the
current training practices in geosteering (for the participants with prior
training). Fig. 13 shows that only three respondents think that the
experiment cannot be adopted for training in geosteering. Most of the
respondents, however, think that the interactive component is similar
(two participants) or better (six participants) compared to standard
training practices. We anticipate that the data from the presented survey
can be used for further improvement of the platform towards a useful
educational tool.

6. Conclusions

In this paper, we have presented a web-based platform that provides
users with the opportunity to perform assisted decision-making under
uncertainty in a benchmark environment. While there have been pre-
vious benchmark environments made for development and training Al
agents, to our knowledge, the presented platform is novel in the geo-
science/geosteering context. Moreover, it provides the possibility to
compare the results of decision-making by human experts with auto-
mated algorithms providing similar information to both.

In this paper, we present the first experiment, which put 29 geo-
scientists against the DSS algorithm from Alyaev et al. (2019). The re-
sults show that DSS-1 outperformed all but one qualified participant
considering relative wells’ value; and every one based on comparative
rating. The experiment shows that even decisions of the highest-scoring
participants are influenced by random chance, confirming more general
work (Kahneman, 2011) in the context of geosteering under uncertainty.
However, according to an interview (Alyaev et al., 2021a), the strategies
of participants could have been affected by the artificial setting of the
experiment and thus cannot directly yield conclusions about operational
decision making.

The feedback collected from the participants indicates that the
experiment provided both entertaining and educational value. As a
result, 76% of respondents became more curious and/or saw the ad-
vantages of the technologies related to the experiment. These include
ensemble-based representation and updating of uncertainty, decision-
driven uncertainty estimation, and technologies behind DSS-1. Thus,
we can conclude that the platform is valuable as a medium for research
communication. Future series of experiments can provide more detailed
experts’ reactions to the technology of updating and visualization of
uncertainty in geosteering operations.

Based on the feedback, future work should include improvement of
visualization and/or communication of uncertainty. This includes also
more complex scenarios, such as 3D uncertainty and complex sedi-
mentary environments. The updating and static visualization for these
scenarios were demonstrated in Fossum et al. (2021) and Alyaev et al.
(2021b) respectively.
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the first experiment described in Section 5.1 and a script for their
playback.

For any questions related to the repository, please, contact the cor-
responding author: saly@norceresearch.no, +47 518 75 610.
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