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Abstract
The fatal hazards associated with pipeline incidents as well as their frequent occurrence motivate pipeline analysts to learn
from historical events and to use that information to prevent future ones by taking proper action. However, the incredible wealth
of information contained in pipeline incidents data sets makes it considerably challenging to explore such data. Our solution
comprises a visual exploration prototype that aims to help pipeline analysts overcome these difficulties. In this sense, it applies
different visual analytical and exploration techniques over the raw pipeline incident data to uncover hidden patterns, unknown
correlations, tendencies, and other meaningful information. In that regard, we implemented a prototype which consists of four
different views that user can with: a map view that provides spatial information, a chart view that highlights tendencies, a
Parallel Coordinates view that discloses hidden patterns and a decision tree view that extracts crucial rules and relations in
data.

Categories and Subject Descriptors (according to ACM CCS): I.3.3 [Human-centered computing]: Visualization/Visualization
Application domain/Visual Analytics—

1 Introduction
Major pipelines across the world transport large quantities of

crude oil, natural gas and petroleum products. They play a signif-
icant role in modern societies and are crucial in providing needed
fuels for sustaining vital functions such as power generation, heat-
ing, and transportation. In light of hazardous properties of the prod-
ucts being transmitted through these pipelines, a ruptured pipeline
has the potential to do severe environmental damage. This research
concerns analysis and visualization of pipeline failures with the
aim to help domain experts to learn from past failures for future
pipeline maintenance and establishments. Therefore, learning from
past pipeline failures could help prevent future failures.

Pipeline and Hazardous Materials Safety Administration
(PHMSA) [PHM] recently released information about reported
hazardous liquid pipeline accidents from 2010 to present. This re-
port revealed details about more than 1,800 accidents that have hap-
pened across the United States. Each pipeline incident is reported
in an accident report form. This form gathers information regarding
different aspects of a pipeline incident including spilled material
specification, environmental impact, leak detection information and
obvious causes of the incident. Each of these aspects contains a lot
of attributes which makes extracting meaningful information from
accident reports complicated. In that regard, our proposed visual
exploration prototype (PipeVis) utilizes data in accident reports and
visually analyses them to extract critical information such as root
incident causes and significant trends. In summary, the contribu-
tions of this research are as follows:

• Extract domain expert research and requirement questions and
map them to visual exploration tasks.

• Design and develop an interactive visual exploration prototype
for pipeline incident data.

• Customize popular visual exploration and analytics techniques
like map, line chart, PC, and clustering to leverage the domain
expert requirements.

• Design and develop a user-friendly visual representation of de-
cision tree that is used for prediction based on history data.

2 Related works
The related work is represented in two reviews: first, current vi-

sualization, data mining and statistical approaches for analyzing in-
cidents and more specifically pipeline incidents. Second, we review
application of visual exploration techniques for analyzing spatio-
temporal data.

2.1 Analysis of incident related data
There are quite a number of studies conducted mainly by

pipeline domain experts and researchers on analysis of historical
pipeline incidents to identify the risk of pipeline failures. Most of
these studies utilize statistical analysis like regression techniques
to perform their analysis [ANA12] [Ikp98] [Ndi98]. Researchers
also used more complicated methods to investigate pipeline inci-
dent data. In a recent study [KST16], a safety assessment model
of oil and gas pipeline failure has been provided by incorporat-
ing fuzzy logic [SST12] into Bayesian belief network. Using this
model, they could identify that construction defect, overload, me-
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chanical damage, bad installation and quality of worker are the
most significant causes in the oil and gas pipeline failures. The neu-
ral network is also another method used by pipeline researchers to
predict pipeline failures [SEE∗14].

2.2 Visual exploration methods for spatio-temporal data
Studies mentioned above are all among computational or statisti-

cal techniques. However, visual exploration techniques can ease the
analyzing, representing and understanding of the results. Various
visualization approaches have been applied to help analysts explore
different data types. Researchers explored visualization techniques
on time series data [AMST11] and spatiotemporal data [AA06]
[WFR∗06]. Andrienko et.al. [AAG03] study provides guidelines
for selection of proper exploratory geo-visualization techniques.
Chae et al. [CTB∗12] propose a spatio-temporal design using vi-
sual analysis techniques using social media data. Their approach
allows users extract abnormal topic and events using multiple so-
cial media resources. AIVis [PBB12] enhances situation awareness
by allowing users to explore live and historic videos on a spatio-
temporal basis. Some studies combine simulation techniques with
visual analysis techniques to help users predict the possible out-
comes and make informed decisions [WFR∗10]. There are also
some studies that use visualization and visual analysis techniques
for investigating pipeline related data in emergency situations. For
instance, [KKY∗06] [MKKS∗08] proposes visual analysis frame-
works that can visualize and analyze multivariate time-series ac-
quired by pipeline inline inspection instruments. Visualizing deci-
sion trees has also been suggested to help make better decisions
[TM03] [KWS∗14].

Additionally, in this research we deal with the typical concepts
for interactive visualization and computational analysis techniques
including multiple coordinated views [Rob07], and (semi) auto-
mated data analysis approaches [BL10]. The ones that are often
combined with InfoVis techniques [NSB04] include: data reduction
via sampling or algorithmic feature extraction, clustering [NH06]
where data items groups according to their similarity and dimen-
sionality reduction that aims to reduce the data dimensionality.
Moreover, Ma et al. [VDEvW11] suggests going a step beyond vi-
sual data mining by integrating machine learning into the visual
process. Such methods could learn from historical data (or scenar-
ios) and perform prediction for the new data (or scenarios).

3 Objectives
Our main objective in this study is to help analysts to better

understand a large set of high dimensional pipeline incident data.
More specifically we are following four main goals as explained in
the following subsections.

3.1 Interactive visualizations
One of the preliminary objectives of pipeline analysts is to be

able to explore, filter and analyze incident related datasets and get
more details on demand. According to our regular and iterative dis-
cussions with domain experts, the following research questions are
elaborated in that regard:

RQ1) which spatial regions have a higher occurrence of inci-
dents?

RQ2) how to have a better understanding of incident proper-

ties? - e.g., which properties are more correlated with the incident
causes?

RQ3) what are the total costs associated with the incidents?

RQ4) how the spatial disposition of the accidents changes over
the years?

3.2 Showing trends
The other fundamental user requirement in pipeline industry is to

understand how different aspects of data changes over time. Sim-
ilar to the previous section, the following research questions are
elaborated according to our discussions with domain experts:

RQ5) which substances caused the greatest number of accidents
over time?

RQ6) what is the trend of critical parameters over time, and how
the trends of different parameters can be compared - e.g., are fail-
ure rates going up, going down, or staying about the same? Or how
to compare the trends of different failure causes?

3.3 Extracting patterns
Due to the large volume of high-dimensional incident records,

gaining insight over characteristics of the dataset is challeng-
ing. Analysts need to find similarities and differences of incident
records. That′s why one of the primary goals of this study is to
help analysts extract patterns and correlations between different
attributes. To achieve that, the following research questions have
been reached out with the aid of domain experts:

RQ7) how the incident properties are correlated with each other
- e.g., are there more failures in larger pipe diameters?

RQ8) what are the common phenomena or hidden information in
the pipeline incident datasets?- e.g., what are the common features
in all the incidents?

3.4 Find root cause
The last major requirement for pipeline analysts is to be able to

discover the root cause of an incident. Therefore, the ultimate goal
would be to help analysts analyze history data to predict root cause
of future incidents. For this aim, the following research question is
specified:

RQ9) how the current incidents data (history data) can help
to prevent future incidents? (i.e. how to determine parameters af-
fecting the incident causes and use them to predict future incident
causes.)

4 Design rationales and Results
In order to visually answer the research questions in the previous

section, a number of design goals is identified to be achieved in our
proposed prototype. Our web based visual exploration prototype
includes four important views: map view, line chart view, parallel
coordinates view, and decision tree view. It also has a control panel
that handles the content of views (Figure 1).

4.1 Map visualization
One of the major themes within our research questions is the

need for spatiotemporal exploration of incidents (RQ1 to RQ4).
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Figure 1: An overview of PipeVis prototype.

The interactive map is a common method for representing the spa-
tiotemporal information. It helps analysts gain a geospatial aware-
ness of the incident data. Latitude and longitude are the key ele-
ments for showing an incident location on the map. However, dif-
ferent visual channels such as color, shape or size can be used to
represent different attributes. PipeVis is designed to use color for
representing nominal attributes. For example, various commodity
types are shown in different colors. Furthermore, for comparison
of two attributes, circle color intensity and size are mapped to a
pair of attributes simultaneously (Figure 2). For example, user can
compare the cost of an incident (mapped to circle color intensity)
along with the amount of spilled commodity (mapped to circle size)
for each incident location on the map.

Figure 2: Visualize pipeline incidents using two attributes.
4.2 Line chart

In order to get an insight on the trends in the dataset (RQ5, RQ6),
an appropriate chart would help analysts to see significant trends in
the dataset. Line chart is a useful diagram to visualize trends in time
series data. This chart is designed in PipeVis to represent the trend
of different attributes over time. Visualized incident points on the
map view are designed to be synchronized with the ones used in
the line chart view (Figure 3). It means that a region of interest can
be selected on the map and a trend for that specific selected region
is shown in the line chart view subsequently. Reversely, an area of
interest can be selected on the line chart, and then the correspond-
ing incidents are visualized on the map. Among all the available
attributes, and based on our discussions with domain experts, the
four following different trends are considered in PipeVis:

• Costs: costs of incidents over time.
• Volume: estimated commodity volume released for an incident

over time.
• Failure Cause: number of incidents with a specific failure cause

over time (Incidents have different failure causes).

• Part of pipe involved: number of incidents corresponding to a
specific part of pipe over time (in each incident, there is a differ-
ent part of pipe which is involved).

Figure 3: Synchronization between map and line chart view.

4.3 Parallel coordinates and clustering
The other major goal of this study is to enable analysts to ex-

tract correlation between different attributes (RQ7). In that regard,
Parallel Coordinates and clustering have been considered as visual
analytics techniques. PC is a promising approach for representing
high dimensional data. PC represents each attribute as a vertical
line. A record in a dataset is displayed as a series of connected
points along the vertical lines (data attributes). Moreover, PC helps
analysts determine outliers [MKO∗08]. An outlier is a piece of data
that is located in an abnormal distance from other points. Further-
more, to enable analysts to extract hidden information (patterns)
from data and have a better understanding of the relationship be-
tween different attributes, PC is designed to be augmented with
clustering algorithm results.

In our developed prototype, clustering can group incidents based
on the similarity between their attributes. The incidents in each
cluster are shown with the same color on PC. This approach then
helps similar incidents recognized among others. The incidents in
one cluster are similar in attribute values and therefore have a com-
mon behavior known as a pattern. For instance, two main patterns
can be seen in Figure 4. High pipe diameter and high pipe wall
thickness are related to high released amount (top). However, the
average size pipe diameter and pipe wall thickness are related to
low release amounts (bottom).

Figure 4: Visualization of two different clusters on PC.
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4.4 Decision tree
The last but not least benefit of our designed prototype is to uti-

lize historical pipeline incident data for predicting future incidents
and more importantly to be able to prevent them (RQ9). For in-
stance, knowing the specification of a pipe and its incident causes
in the past, analysts can predict possible causes of failure for a pipe
with the similar specification in the future. In this study, we take
advantage of the decision tree to do the prediction using historical
data. Our decision tree is trained using existent incident data.

Decision tree [Qui86] is a model which predicts the value of one
attribute (failure cause in our case) based on the other attributes
(pipe diameter, pipe wall thickness, etc.). Each interior node of the
tree corresponds to one of the input attributes. Leaf nodes are the
possible values of the attribute to be predicted (for example differ-
ent types of failure cause). Each branch in the tree represents one of
the possible alternatives or courses of action available at that node.
The tree branches are weighted, where the weights represent the
confidence level of an action in that branch. The confidence level
is proportional to the number of records satisfying the condition
of that branch. For instance, the tree in Figure 5 is generated us-
ing the following properties “pipe diameter”, “pipe wall thickness”,
“unintentional released barrels”, “depth of cover” and “cause”. The
important highlighted rule in Figure 5 is:

if ( pipe diameter > 0.5 and

pipe wall thickness > 0.148 and

depth of cover <= 284 and

depth of cover <= 155)

then by the confidence level of 70% (calculated from the history
incident records), the cause is corrosion failure.

This type of rules could help in the prediction of future causes.
For instance, when a new pipe with new specifications (wall thick-
ness and depth of cover) is developed, analysts would use this tree
to predict what types of incident causes can occur for that type of
pipe. In addition to that, knowing the facts about pipelines with cer-
tain specifications, they can maintain existent pipelines with similar
specifications before occurring any future incidents.

Figure 5: A representation of decision tree. A sample prediction
rule is also highlighted on the tree.
5 Discussion

Our access to the domain experts was limited, which was not
suitable for a complete formal validation. However, we had itera-
tive sessions with a domain expert from a leading industry partner.
Since we designed and developed the prototype in an agile process,
it allowed for continuous and coherent feedback and also a refine-
ment of the prototype. For example, in the data preparation phase,
there were some outliers in the data, some data that were missed,

or wrongly measured. Based on their context, the domain expert
suggested us to remove missing values by putting a negative value
for numerical values and “NONE” for polynomial values. We also
received lots of valuable feedback during the development process
regarding different views of the system which formed our current
design. Finally, we conducted an informal evaluation by demoing
the prototype to the same domain expert.

The domain expert provided positive feedback for many of our
features. The map visual encodings and interactions were expres-
sive enough so that it is straightforward and understandable without
any further explanation. In regards to the trends and line chart view,
he didn′t want to observe the trends for all combination of proper-
ties. For instance, he said “Leak vs. Rupture is one of the important
ones that users are usually looking for”. Regarding line chart, he
also suggested that we connect the line chart with the map using
the brushing features to allow seeing trends of the selected spatial
points. Initially, PC was not familiar to our domain expert. After
introducing PC to him, he found it somewhat useful. He suggested
that clustering should be performed on a selective set of attributes
instead of all of them. After a set of discussions, we extracted a
limited set of attributes for clustering which makes the results more
meaningful. The decision tree was less challenging than PC and
was much easier for him to understand it.

We also presented our prototype in the IBM Advanced Energy
Analytics Competition † in which our prototype won the first prize.
The judges in the competition were already familiar with PC and
decision tree and found them much more interesting and useful than
the map view and the line chart. As a comment, they suggested to
add the trajectory of the pipeline to the map view, which we do not
have access to such data currently.

6 Conclusion
In this paper, we presented PipeVis a visual exploration proto-

type for analysis of historical pipeline incident data. Our prototype
consists of four main views: map view for showing incident loca-
tions on the map, line chart which shows incident trends based on
different attributes, parallel coordinates view which represents the
correlation between properties and clustering results. Finally, we
used decision tree to predict future events using the history data. A
demo of PipeVis ‡ is prepared which helps to understand our frame-
work functionalities better. Our prototype was iteratively evaluated
by pipeline domain experts. Most of the designed tasks are found
to be very useful and informative.
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