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Abstract

The business processes and decisions of oil and gas operations generate large amounts of data, which causes surveillance engineers to
spend more time gathering, and analyzing them. To do this manually is inefficient. Hence, this study is proposed to leverage on data
driven surveillance by adopting the principle of management by exception (MBE). The study aims to minimize the manual interaction
between data and engineers; hence will focus on monitoring well production performance through pre-determined parameters with set of
rules. The outcome of this study is a model that can identify any deviations from the pre-set rules and the model will alert user for devia-
tions that occur. The model will also be able to predict on when the well be offline if the problem keeps on persisting without immediate
action from user. The objective of this paper is to present a literature review on the prediction and management by exception for the
above mentioned well management. The results presented in this paper will help in the development of the proposed prediction and man-
agement model. The literature review was conducted based on structured literature review methodology, and a comparative study among

the collected works is analyzed and presented in this paper.

Keywords: Anomaly detection; management by exception; prediction; well surveillance.

1. Introduction

Surveillance has been has become one of the main operational
activities in oil and gas industry. Surveillance includes important
activities such as monitoring of behavior, activities or other chang-
ing information. Not only that, from business point of view, sur-
veillance is considered as an aggregation of multiple business
practices configured for a particular asset. This coordination of
practices intends to support and facilitate user decisions in ensur-
ing that assets are managed to its potential in a safe and controlled
manners. Meanwhile, from point of view of tools and processes,
surveillance involves activities of observation, visualization, ana-
lytics, expert systems and process automation. These activities
provide users with the insights of oil and gas asset performance,
hence further actions can be taken for performance improvement
2).

In general, companies use production report containing production
target, downtime and operating expenses; to be used for asset
surveillance. All of these data are normally gathered manually.
Unneland and Hauser argued that professionals could not put their
focus on improving the quality of decisions because 60-80% of
their time is spent on searching for and preparing data (2). Fur-
thermore, in normal practice, wells are reviewed sequentially
throughout the field on a calendar basis. This practice consumes a
lot of time, with a potential of time lag between problem occur-
rence and diagnosis. On top of that, surveillance engineers nor-
mally in-charge a field comprising more than hundreds of wells;
which requires monitoring on both of wells’ surface and subsur-
face points. This scenario of huge amount of data handled by sur-

veillance engineers supports the argument saying that engineers
occupy more of their time manually for monitoring the data in-
stead of focusing on the highest value tasks. Consequently, oppor-
tunities for improved performance and risk reduction maybe
missed (3).

Advancements in oil and gas surveillance has been in place, with
the aims to solve the problems discussed above. Some companies
have deployed monitoring centers that have the ability to provide
real-time data visualization; enabling operation personnel to moni-
tor key measurements on a real-time basis. Moreover, an integrat-
ed workflow automation model has been used to enable operation-
al excellence in surveillance (4). These advancements have im-
proved the way surveillance is conducted because they eliminate
the passive and time consuming characteristics of the information
delivery system. Through the real-time information as described
above, surveillance has been able to leverage on analytics, expert
systems, and process automation. As a result, a combined module
of business or operational intelligence with automated technical
calculations is generated. This means that, a new generation of
hybrid solution in well surveillance is invented and utilized; which
comprises data-driven methods such as management by exception
(MBE), business intelligence (BI), and situational awareness (SA)
2).

In this study, we propose the adoption of MBE for monitoring
well condition status. The main significance of this adoption is to
provide engineers with best information before it is too late for
remedial action. MBE is chosen due to the fact that it is the most
fundamental and commonly used control and optimization tech-
nique. In its execution, MBE determines the occurrence of signifi-
cant events, normally known as anomaly. An anomaly is an event
or a value that deviates from a standard. In a normal practice, a
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comparison between a set of target values (performance) that are
anticipated a priori, and the actual measurements or values provid-
ed by surveillance is carried out. This comparison will identify a
list of events that do not fall within the accepted set-point bounda-
ries. This practice benefits the surveillance operation activities in a
way that it reduce time consumption by removing the needs of
manual data gathering and values comparisons (5). Overall, MBE
carries out the monitoring duty upon oil wells by using data-
driven well rate estimates (6). Despite this benefit, MBE, howev-
er, does not have the capability of explaining why a problem has
occurred or the significance of the problem. Due to this fact, tech-
nical judgment by engineers is still required for them to act to-
wards resolving the problem. Generally, a production well has a
certain production trend; such as an oil well will have a certain
production, water production and gas rates. Normally, this trend
will not deviate significantly from these rates for another 1-3
months except that an anomalous event occurs at downhole or at
reservoir level. For example, sudden increase in water or gas pro-
duction will deter the production of oil. Significant deviation may
cause a well to be closed (shut-in). During this shut-in period, an
investigation and remedial action can be done to make the well be
on-line again.

In nature, engineers need to deal with multiple workloads and
handle large surveillance data, hence the above mentioned produc-
tion anomalies of the wells are usually overlooked. In the existing
technology, anomalies of well behavior are not detected earlier
until the problem occurs. This causes the well to be shut-in, hence
resulting in production loss. This will add up the time needed by
engineers to manage the overall surveillance operations because
they need to understand the problem and come out with remedial
plan. By adopting MBE, any anomalies can be detected earlier,
hence it allows for timely preventive and corrective actions. This
will reduce the production lost, protect the hydrocarbon reserves
and eventually increase the potential cost saving to the company.
Currently, our study is still at its infancy phase, which requires a
comprehensive review on the literature. There are two research
questions of this review; 1) What are the existing models of
anomaly detection for well surveillance?, and 2) How do the iden-
tified existing models carry out the well surveillance tasks? Hence,
the objective of this paper is to review the previous works related
to MBE (anomaly detection) in well surveillance, specifically
through unsupervised machine learning methods. The discussion
on why unsupervised machine learning methods have become our
attention is presented in section 1.1 of this paper. The focuses of
this literature review are to identify existing unsupervised machine
learning methods implementation in oil and gas well surveillance,
and to discover how those methods carry out the surveillance
tasks. This paper is organized as follows; section 2 contains the
methodology to conduct this review, section 3 presents and dis-
cusses the results of the review, and section 4 concludes the find-
ings and outlines the future works.

1.1 Anomaly Detection

As discussed above, MBE operates based anomaly detection pro-
cedure. Lazarevic et al. categorized anomaly detection methods
into two approaches, namely supervised and unsupervised ap-
proaches (7). Supervised approach carries out anomaly detection
based on labeled data set. For example, each instance of the data
set must be labeled as either “normal’ or “anomaly”. In supervised
approach, this labeled data set is required to train a learning algo-
rithm. An advantage of supervised approach is that it is capable of
detecting known anomalies with high accuracy. This is because
the approach can simply detect any anomalies that have been
known and learned through its labeled data set. A drawback of
supervised approach is that it is unable to detect new types of
anomalies that have not been learned before. On the other hand,
unsupervised approach detects anomalies without having to have
labeled data set. It carries out anomaly detection based on devia-
tions from the normal model in data. An advantage of unsuper-

vised approach is it has the capability of detecting new anomalies
that have not been learned before. This is done by detecting values
that deviate from normal conditions. However, unsupervised ap-
proach suffers from a high degree of false alarm, hence unseen
legitimate signatures may be treated as anomalies.

Chandola et al. (8) emphasized that data label is the most im-
portant information required for determining whether or not a
single data point is anomalous. However, they argued that the job
of data labeling is a daunting task, where in normal circumstances,
getting anomalous labeled data points that cover all types of
anomalous behavior is more difficult than getting labels for nor-
mal behaviors. Furthermore, anomalous behaviors are generally
dynamic; new and unknown types of anomalies may arise so they
do not have any specific label assigned to them (9). Labeling re-
quires a lot of efforts and is done by human experts, normally. A
number of previous works categorized anomaly detection ap-
proach into three, namely supervised, semi-supervised and unsu-
pervised (8-10). As discussed above, the performance of super-
vised approach is greatly affected by the availability of normal and
anomaly training data sets. In normal circumstances, the availabil-
ity of anomalous data is much less than that of normal data in the
training data set. This drawback will lead to a state of deceived
high prediction accuracy, or generally known as imbalanced class
distribution. Apart from that, the work also emphasized that ob-
taining accurate and representative labels, particularly for anomaly
class is difficult, hence becomes another drawback for supervised
anomaly detection approach (8, 10). They introduced another cat-
egory of anomaly detection approach; semi-supervised. This ap-
proach comprises labeled data points only for normal class.
Hence, semi-supervised approach is more applicable than super-
vised approach as it eliminate the difficult part of collecting
anomalous data. Finally, the third approach, unsupervised, re-
quires no labeled training data. Due to this characteristic, it is most
widely applicable among the three approaches. To overcome the
unsupervised approach’s drawback of producing false alarm, it
was proposed that the unlabeled data set is used in optimized
learning algorithm so that the ability to detect anomalies can be
made more robust.

Each of the three approaches discussed above can be implemented
using some techniques. A number of previous studies categorized
the techniques into three categories; statistical-based, data mining
based and machine learning-based techniques (11, 12). The ad-
vantage of statistical technique is it can detect unknown anomalies
because it does not require prior knowledge of anomalies. Statisti-
cal technique is however, prone to be manipulated by skilled at-
tackers (prone to be hacked in the case of intrusion detection sys-
tem). It is also difficult to identify the threshold of false positive
and negative by using statistical technique, and it also requires
accurate distribution in modelling the methods. In actual, accurate
modeling cannot be done upon all behaviors; resulting perfor-
mance reduction (11, 12). Meanwhile, machine learning based
technique works based on learning from previous results. This
means that it constructs a model with improved performance as a
result of its learning process. This characteristic distinguishes
machine learning technique with statistical technique that focuses
more on understanding the data generation process. Machine
learning technique also has high flexibility and adaptability (11).
However, machine learning technique is resource expensive; it
requires enormous amount of computational resources in order to
produce good performance in anomaly detection. Furthermore,
machine learning-based technique also depends highly on the
assumption of the systems’ behaviors. As for knowledge-based
technique, its model is generally robust, flexible and scalable.
Some methods of knowledge-based technique can keep the num-
ber of false positive at low level. This is because the models are
trained by human experts rather than basing on previous results.
However, getting and acquiring high quality knowledge is normal-
ly time consuming.

By practical, generating labeled data for oil well surveillance as in
supervised approach is a challenging task. Engineers may not have
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the knowledge of an anomalous state since it has never occurred
before as the well is still in operation. On top of that, as discussed
above, our study aims at helping engineers to reduce time spent on
monitoring well production by the means of MBE. Data labeling
such as required by supervised and semi-supervised approaches
may require some amount of time. Hence, in this study, we will
only be focusing on unsupervised approaches in detecting anoma-
lies in surveillance data. As for the technique, we will be focusing
on machine learning-based technique. This is because our aim is
to develop predictive model for oil well surveillance by learning
from previous data. Our study will not consider statistical tech-
nique because it requires accurate distribution model in order to
generate effective performance. Our study will also not cover
knowledge-based technique as our focus is to produce a model
that detects anomalies through data-driven approach.

2. Methodology

To conduct this review, we applied a structure literature review
method. It consisted of five phases of activities described as fol-
lows:

1. Framing questions for a review

The main objective of this phase is to firm up the problems to be
addressed in this research. The activity involved is defining prob-
lems into set of questions in the form of clear, unambiguous and
structured. The results of this phase have been presented in section
1 of this paper, which can be summarized as follows:

Problem — Well surveillance operation/management involves big
data management, hence time-consuming. Also, the manual way
of analyzing the data for discovering/predicting well problems
based on anomaly detection is inefficient and not effective (may
result in inconsistency of decisions, repeating doing similar tasks
and poor knowledge management).

Research question (RQ) — the research questions of this review are
as follows:

RQ1: What are the existing models of anomaly detection for well
surveillance?

RQ2: How do the existing models identified in RQ1 carry out the
well surveillance tasks?

Objectives and scope — as stated in the previous section, our re-
view focuses on unsupervised machine learning technique in
anomaly detection of well surveillance. Our scope is to review the
three main unsupervised machine learning techniques, namely K-
means, C-means and Self-organizing maps (SOM). The objectives
of this review are; 1) to identify existing unsupervised machine
learning methods implementation in oil and gas well surveillance,
and 2) to discover how those methods carry out the surveillance
tasks.

2. ldentifying relevant works

This phase involved extensive work on searching for relevant
works. The search criteria were relaxed, for example the relevant
works were searched among multiple resources and no language
restrictions. The search was based on the questions identified in
previous phase. Any reasons for inclusion/exclusion of works was
recorded. In this review, we searched for relevant works from the
two main indexing databases, namely SCOPUS and ISI Web of
Science. The keywords (KW) used for the searches are:

KW!1: oil production AND c-means

KW?2: oil production AND k-means

KWa3: oil production AND self-organizing maps

KWa4: well surveillance AND c-means

KWS5: well surveillance AND k-means

KW&6: well surveillance AND self-organizing maps

KW?7: oil well surveillance AND self-organizing maps

KW8: oil well surveillance AND c-means

KWQ9: oil well surveillance AND k-means

The search was carried out for “all years”, and it collected a total
of 156 manuscripts. Figure 1 shows the number of manuscripts
collected per each of the used keywords.

Keyword Search Results

24

Tn
20

0 5 15 20 25 30 35

Number of manuscripts

38

Fig. 1: Number of collected manuscripts from search

3. Assessing the quality of studies

The output of the second phase was a huge amount of information
containing 156 manuscripts of relevant works. In this phase, those
works were further refined and filtered based on stricter search
criteria. This phase began with defining these new level of filter-
ing criteria so that it can be used to determine whether or not any
of the works will be reviewed. Firstly, the manuscripts were fil-
tered to remove redundancy. Searches done in the previous phase
were carried out using a number of keywords and taken from two
different sources. Some of the manuscripts appeared in the search
results of different keywords. This means that, redundancy oc-
curred where a single manuscript may come out in the search re-
sults list of two or more keywords. Hence, these redundant manu-
scripts were remove from the list of collected manuscripts. Next,
the manuscripts were filtered according to their title. Only relevant
titles remained in the list. As a result, the number of manuscripts
was further reduced to 37. Then, these manuscripts were filtered
based on their abstract. The remaining number of manuscripts is
15.

4. Summarizing the evidence

The collected manuscripts of the related works were reviewed,
synthesized and analyzed. The results of this activities are present-
ed in this paper.

5. Interpreting the findings

In this phase all issues highlighted in the previous four phases will
be consolidated and solved. The results of synthesis and analysis
from previous phase will be converted into a guideline for effec-
tive implementation of well surveillance using unsupervised ma-

chine learning-based methods.

3. Literature Review

Bao and Guan proposed a model to predict crude oil output and
main factors that affect those output (13). The model carried out
the prediction task through classifying of output data according to
related factors. A hybrid of data mining algorithms, namely Rough
Set and C4.5 decision trees were applied to the model. This hybrid
implementation is critical to add value to the traditional C4.5 deci-
sion tree algorithm. The addition of rough set into the model
helped in attribute reduction; reducing the needed number of data
by the model to generate a decision tree. This was where K-Means
clustering algorithm came into the picture. K-Means was used for
a data discretization, which was required to be performed before
attribute reduction took place. K-Means involved in this data pre-
processing stage by reducing the large number of data, and catego-
rizing them into clusters.

Foroud et al. studied on production optimization under the state of
geological uncertainty (14). The geological model was identified
as the main source of uncertainty that diminished the viability of
simulation results. In their study, Kernel K-Means (KKM) cluster-
ing method was used to select a representative subset of geological
models. The clustering process was proposed due to the huge
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computation time required to evaluate all geological realizations
for oil production optimization. The clustering selected a number
of representative reservoir models with distinct flow characteristic,
from a very large set of models. The result produced by the KKM
clustering was a set of clusters; each cluster containing similar
realizations in terms of flow response characteristics. Their exper-
imental results showed that KKM had successfully made the pro-
duction optimization more efficient due to smaller number of sim-
ulation executions during evaluation. Their testing on Brugge field
with 40 geological realizations had resulted in 9 realizations only
by using KKM, with the representation of the whole set was still
preserved.

Awoleke and Lane proposed a data analysis of Barnett Shale water
production using conventional statistical techniques and neural
networks (15). A data set of around 11,000 completions was used
in their study, which firstly being clustered using SOM and K-
Means algorithms. Then a feed-forward neural network was used
to predict wells” water production. In their experiments, SOM and
K-Means had resulted in the data set being clustered into two main
clusters. SOM was used to see how data were clustered, while K-
Means’s purpose was to determine the number of clusters for the
learning algorithm to carry out its tasks.

Hu et al. reported on their work to predict crude oil production
(16). In their work, a new method applying transaction Boolean
matrix and support count matrix (TB-SCM) was proposed. The
method produced association rules of crude oil production based
on minimum support threshold and minimum confidence thresh-
old. In their proposed method, K-Means was also utilized in the
data pre-processing part. This involved discretization process,
which huge amount of data were categorized into clusters.

Jonge et al. reported on the need of an automation task to support
automated data processing, event detection and user notification
for reservoir surveillance (17). By applying data mining methods,
this proposed expert system was able to analyze real-time data as
well as optimize field production. Their work was mainly a con-
ceptual work, where they discussed the elements required to be
included in the expert system. Among the modules proposed were
predictive functionalities using machine learning algorithms and
also outlier detection using data mining algorithms. Another work
reported in (18) also argued that conventional reservoir surveil-
lance tools do not have the capability of providing high frequency
real-time data to engineers. With gigantic amount of data at hand
to handle, engineers and knowledge workers could not spend ef-
fective time for a higher level work to discover the great potential
of those data. Hence, in this work, they proposed another concep-
tual approach, incorporating neural networks and simplified reser-
voir models to convert the data at hand into useful information.
Mota et al. emphasized that automatic surveillance system is criti-
cally important due to manual capturing of data from huge number
of gas fields are challenging in nature (19). In the work, they in-
troduced a new workflow for this surveillance management. The
workflow comprises three modules; early detection of liquid load-
ing in gas wells module, estimation and reconciliation of produc-
tion rate module, and update of well decline curve module.

Popa et al. proposed a well data logs-based clustering method for
optimal design perforation (20). The work proposed the use of
fuzzy clustering methods to identify optimal perforation strategy.
They used C-Means algorithm to cluster log data of wells from
different areas of a reservoir. The clustering classified the perfora-
tion jobs as either “good” or “bad” regions. The experimental
results showed that the proposed method of using log data for the
wells, and applying C-Means clustering analysis can effectively
identify rock intervals with similar properties.

Grieser et al. presented their investigation on Barnet completion
strategy based on wells’ completion (21), reservoir and production
data sets. One of their investigations was to identify reservoir and
stimulation characteristics of well productivity. For this purpose,
they utilized a data set of 393 wells comprising information on
perforation, frac, log and production. To carry out the identifica-
tion task, they implemented data clustering with the aim to associ-

ate those data with similar behaviors. They implemented this task
by using SOM algorithm. The results showed that the arrangement
of data generated by SOM were consistent with that of generated
by reservoir-engineering principles.

Cremaschi et al. and Shin and Cremaschi argued that estimating
flow velocity in oil and gas pipelines is complex in nature (22,
23). This could be seen from the various outcomes from different
prediction models though they were supplied with the same in-
puts. Their works proposed an approach to overcome this issue
through data clustering, model selection and cluster identification
techniques. The approach started with partitioning data into clus-
ters based on similar transport characteristics. This was done by
K-Means algorithms. The clustering results were then validated
using clustering validation method, namely Bayesian Information
Criterion (BIC). This validation was required to ensure that the
clustering was performed in optimal way. The experiment results
showed that the proposed approach performed significantly well
by reducing the errors of the threshold velocity prediction by cer-
tain magnitudes.

Ding et al. proposed a collection of methods to determine the level
and characteristics of high-permeability zones in water flooding
reservoirs [24]. The obtained data of high-permeability zones is
huge in size as there were many variables involved during the
evaluation and data gathering activities. In the work, they divided
the data into three types; 1) absence of high-permeability zone, 2)
presence of light high-permeability zone and 3) presence of large
high permeability zone. This clustering into three categories were
done by using C-Means method.

Cui et al. proposed a method for improving oil recovery for high
water-cut multilayered reservoirs (25). They applied layer re-
grouping which did the layering into several sets of production
based on physical properties and percent of layer’s recovery at
high water-cut stage. This work proposed pseudo flow resistance
contrast as an index to regroup the subjects. They applied K-
Means clustering method to deliver this layer regrouping jobs.

Liu et al. studied on the measurement of water content in crude oil
production (26). Water content is an important parameter, and
measuring it accurately its level in crude oil can optimize produc-
tion parameters and improve oil recovery rate. The work proposed
General Regression Neural Network because it has advantages
such as in approximation ability, capacity of classifying and speed
of learning. They measured some parameters that affect the water
content in crude oil by using a sensor-based technology. The gath-
ered measurements were then processed using K-Means, before it
was used for prediction procedure.

Singh et al. proposed uncertainty quantification measure for fore-
casted oil recovery (27). This was done using dynamic model
ranking. The work aimed at quantifying uncertainty in the distri-
bution of reservoir parameters governing reservoir connectivity.
The work also aimed at predicting production under the state of
uncertainty. One of the methods involved in their proposed model
was K-Means clustering algorithm. K-Means was used to identify
key reservoir models. K-Means managed to reduce the number of
history-matched reservoir model from 40 to five models.

3.1 Discussion

As stated in section 1 and 2, this review focuses on anomaly de-
tection as one type of MBE method in detecting the likelihood of
well problems based on the behavior of production data. The pro-
duction data that we are focusing on are oil rate, water rate and
water cut, gas rate and gas-oil-ratio (GOR). Based on the summary
of the reviewed manuscripts in Table 1, none of them presented on
the surveillance production data as mentioned above. Hence, it is
concluded that there is a gap in this area of research, which can
provide significant contributions especially in overcoming the
problems that we mentioned in section 1 and 2 of this paper.

Another two objectives of this paper are to identify existing unsu-
pervised machine learning method deployed in well surveillance,
and to discover how these methods perform their surveillance
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tasks. The summary of this literature review regarding these two
objectives is shown in Table 1. Only two of the manuscripts, i.e.
Jonge and Stunder, and Jonge et al. had proposed the used of ma-
chine learning methods for surveillance (17, 18). They proposed
neural networks for learning from historical data and the use of
data mining algorithms for outlier detection. However, both of the
manuscripts only present conceptual model of what automated
reservoir surveillance must possess to ensure effective and effi-
cient management.

Apart from that, the utilization of the three machine learning
methods that we are proposing, namely K-Means, C-Means, and
SOM, in the reviewed works is also presented in Table 1. It can be

seen that C-Means was specifically applied for data clustering.
The outcomes of C-Means are clusters of data with fuzzy catego-
rization using linguistic values such as “Good” and “Bad”. Mean-
while, SOM was also utilized in data clustering and seeing how
data are clustered. K-Means was applied in majority of the col-
lected manuscripts. The main purposes of applying K-Means were
for data clustering and data discretion. The latter was mainly used
with the intention to improve the time taken for each model to
carry out their respective tasks by reducing the number of data
through clustering.

Table 1: Summary of the reviewed manuscripts

Source Investigate ~ well | Purpose Use of machine learning method
production data?
(Bao & Guan, 2016) No Oil production prediction K-Means — data discretion
(Foroud, et al., 2016) No Optimize production by looking at geological K-Means — data discretion
models
(Awoleke & Lane, 2011) No Well water production prediction SOM - see how data are clustered
K-Means — determine number of clusters
Neural Network — prediction
(Hu, et al., 2015) No Oil production prediction K-Means — data discretion
(G. d. Jonge, et al., 2003) No Conceptual model for reservoir surveillance Data mining - Outlier detection
(G.J.d. Jonge & No Conceptual model for reservoir surveillance Neural network - learning
Stundner, 2002)
(Mota, et al., 2007) No Workflow for surveillance management None
(Popa, et al., 2015) No Perforation strategy optimization C-Means — cluster log data
(Grieser, et al., 2008) No Overall well investigation SOM - data clustering
(Cremaschi, et al., 2015) No Flow velocity estimation in pipelines K-Means — data clustering
(Shin & Cremaschi, No Flow velocity estimation in pipelines K-Means — data clustering
2014)
(Ding, et al., 2015) No Investigate high-permeability zone C-Means — data clustering
(Cui, et al., 2016) No Oil recovery improvement for high water-cut K-Means — cluster/group the subjects
reservoirs
(Liu, etal., 2009) No Measurement of water content in crude oil K-Means — data preprocessing for prediction
(Singh, et al., 2014) No Measurement for forecasted oil recovery K-Means — data discretion

4. Conclusion

The conducted review has shown that our problem statements
actually support the previous findings, hence the solutions to it, as
proposed by our research will provide potential significant contri-
bution to the field. The problems are well surveillance is time-
consuming to be done manually, and manual analysis of surveil-
lance production data degrades its efficiency and effectiveness.
There is a gap exist in this area of research; applying machine
learning methods for analyzing surveillance production data, as
well as predicting the health of the wells based on the analysis.
From the conducted review, we also can formulate a conceptual-
ization that a comparative study among our three proposed meth-
ods; K-Means, C-Means and SOM, in detecting anomaly in sur-
veillance production data is significant to be conducted. The study
will imply a proactive measure, faster response time for well in-
tervention, minimize well downtime, safeguard the production as
well as contribute to cost saving. The study will also imply effi-
cient surveillance operations through ensuring the engineers to
focus on analysis rather than identification, eliminating of repeti-
tive data gathering and reformatting tasks, ensuring consistency
and repeatability of evaluation and better knowledge management.
Our next direction is to conduct this comparative study, hence will
produce the analysis and prediction model of surveillance produc-
tion data as specified in the objectives of our study.
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