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Cause-Effect Modeling and Spatial-Temporal
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Abstract—Modeling and simulation are important tools in the
study of power distribution faults due to the limited amount of ac-
tual data and the high cost of experimentation. Although a number
of software packages are available to simulate the electrical signals,
approaches for simulating fault events in different environments
have not been well developed. In this paper, we propose a frame-
work for modeling and simulating fault events in power distribu-
tion systems based on environmental factors and the cause-effect
relationships among them. The spatial and temporal aspects of sig-
nificant environmental factors leading to various faults are mod-
eled as raster maps and probability functions, respectively. The
cause-effect relationships are expressed as fuzzy rules and a hi-
erarchical fuzzy inference system is built to infer the probability
of faults in the simulated environments. A test case simulating a
part of a typical city’s power distribution systems demonstrates the
effectiveness of the framework in generating realistic distribution
faults. This work is helpful in fault diagnosis for different local sys-
tems and provides a configurable data source to other researchers
and engineers in similar areas as well.

Index Terms—Discrete event simulation, fault diagnosis, fuzzy
systems, power distribution faults, power system simulation,
system modeling.

I. INTRODUCTION

D ISTRIBUTION faults are the major source of customer
reliability problems in power systems and have been

drawing more and more attention in recent decades [1]. In
addition to studying the electrical characteristics of faults, such
as fault location based on monitored voltages and currents [2],
[3] and the experimental characterization of electrical signals
generated during tree contact [4] and lightning strikes [5], many
researchers have treated distribution faults as discrete events
and established relationships between environments and the
root cause of the faults. To mention some, Xu et al. [6] and
Sahai and Pahwa [7] characterized and modeled environmental
factors related to tree-caused and animal-caused faults by
logistic regression and Bayesian networks; Xu and Chow et
al. [8], [9] used biologically inspired algorithms, including
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artificial neural networks (ANN), fuzzy systems, and artificial
immune recognition systems (AIRS), to identify the fault’s root
cause based on environmental properties.

Due to the limited amount of actual data and the high cost of
experimentation, modeling and simulation are essential tools in
studying power distribution faults. Although a number of soft-
ware packages are available to simulate the electrical signals,
the study of faults as discrete events is still limited by the lack
of modeling and simulation approaches. The stochastic nature
of faults, spatial heterogeneity of distribution systems, and mea-
surement noises make it difficult for one single dataset to repre-
sent all systems. Thus, researchers often find that an algorithm
performing well on one set of fault records may not achieve the
same performance on another fault dataset. With limited access
to the same fault dataset, comparing work done by different re-
search groups can be similar to comparing apples and oranges.

In this paper, we propose a framework for modeling and sim-
ulating fault events in power distribution systems based on en-
vironmental factors and the cause-effect relationships among
them. This framework provides a configurable data source ca-
pable of representing different local systems in various environ-
ments. This data source would help in developing and evaluating
distribution fault diagnosis algorithms. Moreover, repeated sim-
ulations under different conditions may help engineers to iden-
tify regions and time periods with an unusually high probability
of faults so that investments can be prioritized and crew deploy-
ments can be planned.

Cause-effect relationships have been investigated to help di-
agnose faults in distribution systems. Deterministic cause-effect
relationships are used to locate the fault section. By discovering
the causal relationship between the fault section and the corre-
sponding sequence of protective actions, the actual fault section
can be identified based on the recorded protective actions. To
cope with the complex scenarios of a large distribution system
and the inherent noises and uncertainties in the recorded pro-
tective actions, Chen et al. [10] used a cause-effect network
and fuzzy sets, while Zhang et al. [11] and Hor et al. [12] pro-
posed using Rough Set theory to discover the actual relation-
ships. Reliability-based modeling of equipment failure is also
well studied. The residual life of a device before its next failure
is modeled as various probability distributions. Techniques to
calibrate and validate the model parameters are developed as
well [1], [13]. In this type of model, faults are more likely to
occur as time advances. Taking the environment into considera-
tion, Kuntz et al. [14] and Radmer et al. [15] included yearly av-
erage temperature and tree growth status in the reliability model
via regression and ANN.

These techniques provide good tools for fault analysis and
serve their purpose quite well. However, they are not adequate

0885-8950/$26.00 © 2010 IEEE



CAI AND CHOW: CAUSE-EFFECT MODELING AND SPATIAL-TEMPORAL SIMULATION 795

for the cause-effect simulation of fault events. First, distribu-
tion system faults are essentially stochastic events without any
deterministic causal relationships. The cause-effect model can
only represent the approximate trend of faults with large un-
certainties. Second, the fault characteristics are location-depen-
dent and vary over time. Faults in a new metropolitan distri-
bution system should behave quite differently from those in a
40-year-old single-phase long feeder in a rural area. Thus, both
spatial and temporal information need to be considered in the
model. Last but not least, environmental factors, most impor-
tantly weather conditions, need to be modeled and simulated
with a time resolution of minutes or hours instead of a monthly
or yearly average.

All these requirements make the cause-effect modeling and
spatial-temporal simulation of distribution fault events a chal-
lenging task. In the following sections, we lay out our solution.
We first identify significant environmental factors leading to dis-
tribution faults, find appropriate models describing these natural
phenomena, and simulate the environments at different times
and locations. Then the causal relationships between these fac-
tors and various fault types are investigated. Knowledge gained
from field experience and the analysis of historical data is rep-
resented as rules and modeled using fuzzy inference systems
(FIS) [16]. As the causal relationships apply to all systems and
environmental factors vary across space and time, the generated
fault events can represent realistic characteristics under a wide
range of conditions.

II. ENVIRONMENTAL MODELING AND SIMULATION

The fundamental information needed for the cause-effect
modeling and spatial-temporal simulation of distribution faults
is about the power system itself, such as its power line topolo-
gies and switchgear configurations. Some of these properties
affect the fault characteristics (e.g., whether the power line
is overhead or underground). Others are kept for post-fault
analysis.

The first step in environmental modeling is to model the sig-
nificant environmental factors that lead to various faults. The
selection of significant factors and the modeling of the spatial
and temporal aspects of these factors are discussed in this sec-
tion.

A. Significant Environmental Factors

Field experience and the knowledge gained analyzing histor-
ical fault data are used to select the significant environmental
factors. For example, it is easy to understand that when strong
winds blow the tree branches harder, we are more likely to have
tree-caused faults. Meanwhile, strong winds reduce animal ac-
tivities, and historical data tells us that fewer animal-caused
faults occur on windy days (as shown in Fig. 1). Therefore, wind
speed is chosen as a significant factor. As recommended by ex-
perienced distribution engineers, factors identified as significant
for fault diagnosis [17], such as season and rainfall intensity, are
considered important for environmental modeling in this paper.
As environmental characteristics change, more factors may be
required to model a particular local system.

Fig. 1. Likelihood of tree-caused and animal-caused faults under different
wind speeds. (Data source: distribution faults in the Garner operation center of
Progress Energy Carolinas between 2005 and 2006)

Fig. 2. Example of raster maps showing land use types.

B. Modeling Spatial Information

The spatial properties of environments describe the locations
of those geographic features of interest, such as the layout of
highways and vegetation. Maps are the everyday tool for repre-
senting spatial information and are used in our model. Although
power lines are usually represented in vector format in power
system software, raster maps are preferred in our model due to
their flexibility for modeling various features and their ease of
manipulation [18]. A raster map consists of grids of a fixed size,
where every grid is given a particular number to represent the
value, category, or presence of a certain factor. For example,
with other layers containing additional spatial information, land
use types are represented as the different integer values of the
cells, shown as different colors in Fig. 2.

Spatial information is assumed to be static during the simula-
tion period. Although some of the factors do change over time
(e.g., the distribution system may expand, urban development
may change roads or land use), these changes usually take a
long time to complete. Then, they can be treated as new envi-
ronments, modeled in updated maps, and simulated in a new
study period.

C. Modeling Temporal Information

Theoretically, every aspect of the environment is constantly
changing at a different rate. For example, utility companies
manage the trees along power lines and carry out equipment
maintenance and upgrades every few years; the starting and
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Fig. 3. Three-year hourly average temperature. (Data source: CLAY weather
station in Clayton, NC, between 2004 and 2006)

ending dates of a season drift slowly from year to year; precipi-
tation patterns change throughout the year; wind speed changes
every instant.

Weather conditions are the most significant temporal infor-
mation affecting the cause-effect model. Assume the region
under simulation is small enough that the weather conditions
within it can be regarded as the same. A large region can be
divided into smaller areas, modeled, and simulated separately.
Three major weather measures, temperature, wind speed, and
rainfall intensity, are considered in this paper.

Temperature is widely known to have yearly and daily cyclic
patterns, which are modeled as

(1)

where is the yearly average temperature, is the day
of the year is the hour of the day

, and are parameters reflecting
the amplitude and phase of the sinusoidal waves in (1). One
example of the observed hourly average temperature during a
three-year period is shown in Fig. 3. Note that even though this
model does not provide the exact temperature patterns, it gives
an extraction of features that is good enough for the simulation.

In the literature, wind speed is usually modeled by a Weibull
distribution [19], described as

(2)

where is the shape parameter and is the scale
parameter. One example of the actual one-year hourly average
wind speed is shown in Fig. 4.

As shown in Fig. 4, the probability of the wind speed being 0
is much greater than that described in the Weibull model. Thus,
we first add the constraint that the probability that the wind
speeds are greater than 0 and then use a Weibull distribution

Fig. 4. One-year hourly average wind speed. (Data source: LAKE weather sta-
tion in Raleigh, NC, in 2003)

to model the speed. Another practical constraint on wind speed
is that it cannot be arbitrarily high. Although very large values
appear with a tiny probability in the model (2), the upper limit
is set to prevent unrealistic wind speeds from being generated.
The final wind speed model used in the simulation is as follows:

(3)

where is the wind speed, is the maximum wind
speed that is allowed, is the shape parameter, is
the scale parameter, and is the probability of the wind
speed being greater than 0. Based on our observations, often
takes a value close to 1. Note that is not the average wind
speed. However, with and fixed, can be used to represent
the average strength of the wind.

Similarly, the intensity of rainfall is modeled as an exponen-
tial distribution constrained by the probability of rainfall, as fol-
lows:

(4)

where is the rainfall intensity, is the maximum
rainfall intensity allowed, is the scale parameter, and

is the probability of rainfall. Unlike wind, rainfall is a
relatively rare weather event, so the value of in (4) is usually
set close to 0. One example of the actual one-year hourly rainfall
data is shown in Fig. 5. Note that hours with exactly zero rainfall
are excluded from the plot.

III. CAUSE-EFFECT MODELING OF FAULT EVENTS

Cause-effect relationships summarize the typical correlation
between environmental factors and faults, disregarding the time



CAI AND CHOW: CAUSE-EFFECT MODELING AND SPATIAL-TEMPORAL SIMULATION 797

Fig. 5. One-year hourly rainfall intensity excluding the hours without any rain-
fall. (Data source: RDU weather station in Morrisville, NC, in 2005)

and the location. For example, flourishing trees around power
lines during a thunderstorm are very likely to lead to tree-caused
faults. In our model, these causal relationships are represented
by fuzzy rules and are used to infer the probability of various
faults given the environmental conditions.

A. Fuzzy Environmental Factors

To apply the fuzzy rule-based inference, significant environ-
mental factors are first converted to fuzzy sets. Membership
functions are defined to map the values generated by the envi-
ronmental models into linguistic descriptions.

For categorical values, the linguistic categories are already
defined. Fuzzy sets mainly represent the uncertainty of the input
value. The number of fuzzy sets used to represent different cat-
egories is the same as the number of levels in the input vari-
able. The membership function for these categorical variables
has multiple peaks where the location and peak value can be
specified. The uncertainty of the input being one category is de-
scribed by varying the height of the peaks. For each fuzzy set,
the highest peak represents the corresponding input level, while
the lower peaks at other values represent the uncertainty. One
example uses nine fuzzy sets to represent the nine land use types
defined by the USGS Land Cover Institute [20]. Fig. 6 shows
the fuzzy membership function used to describe land use type
forest. For categories that are clearly separable from forest, such
as water, the height of the lower peak is close to 0. For categories
that are not so easy to differentiate, such as non-natural woods,
the lower peak could be of a height similar to the highest one.

Continuous values are more conventional as input to fuzzy
systems. Therefore, a large collection of standard membership
functions, including triangular, trapezoid, and Gaussian, is
readily available in the Matlab Fuzzy Logic Toolbox [21].
Based on the nature of the input variables, fuzzy sets with
corresponding membership functions are defined. For example,
the distance to the nearest trees and to the nearest roads can be
represented by three fuzzy sets, near, med, and far. Intuitively,
a tree or a road is near a power line if it is within a couple

Fig. 6. Example of membership functions for categorical variables.

Fig. 7. Example of membership functions for continuous variables.

of meters. Considering that the common spatial resolution of
raster maps is 30 meters, distances within 30 to 60 meters are
defined as near, those of more than 100 meters are considered
as far, and distances in-between are regarded as med. As an
example, we used the standard trapezoid membership function,
as shown in Fig. 7.

Fuzzy sets and membership functions are defined to reflect
most of the common situations under study. We may need to
change a membership function or use a different number of
fuzzy sets when modeling different environments. For example,
two fuzzy membership functions describing the dry and wet sea-
sons in southern California may better reflect reality than the
four fuzzy sets of spring, summer, fall, and winter, which are
more suitable in eastern North Carolina.

B. Hierarchical Rule Base

If we use input variables and each variable has fuzzy
sets, the total number of rules needed in a single FIS is .
This number grows exponentially with . This so-called curse
of dimensionality makes it very difficult to design and imple-
ment a complex FIS. This problem has been addressed exten-
sively in fuzzy system literature, and one widely used solution
is the hierarchical fuzzy system (HFS) [22], [23]. Breaking the
system down into several subsystems can substantially reduce
the number of rules needed while the HFS retains the properties
of the original FIS [24]. The HFS shown in Fig. 8 (which is used
in the illustrative example in Section IV) has 122 rules, which
is less than 0.1% of the number required by a single-layer FIS.

As an example, the knowledge regarding underground or
overhead lines in the first subsystem is that underground sys-
tems are less prone to external interference, thus being less
likely to have tree-caused or animal-caused faults. In the form
of rules, this is stated as “if the system is underground, then
the probability of tree-caused faults is low and the probability
of animal-caused faults is low.” The following subsystem takes
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Fig. 8. Structure of a hierarchical fuzzy system (HFS).

Fig. 9. Sample response surfaces of the input wind speed.

the outputs of the probability of tree-caused or animal-caused
faults from the previous subsystem and an additional environ-
mental factor as inputs, and infers new probabilities. Sample
response surfaces of the last subsystem regarding wind speed
are shown in Fig. 9. As we can see, when the wind speed grows
higher, the probability of tree-caused faults increases and the
probability of animal-caused faults decreases, reflecting the
trends we showed in Fig. 1.

C. Fault Event Generation

All the available environmental factors are evaluated at every
map cell where there are valid distribution system components.
For each cell, the probability of faults comes from the HFS;
fault events are generated according to these probabilities; and
generated events with the corresponding properties are returned
and stored in a file.

IV. ILLUSTRATIVE EXAMPLE

A. Simulator Structure and GUI

To demonstrate the cause-effect modeling and spatial-tem-
poral simulation framework, we have developed a power dis-
tribution fault simulator with Matlab [25]. The fault simulator
consists of three major parts: input module, fault generator, and
graphic user interface (GUI), as shown in Fig. 10.

The input module takes user settings in the form of parame-
ters and maps and converts them to environmental factors. These
settings describe the layout and properties of the distribution
system under study, the major geographical features, such as
land use, vegetation, and roads, and local weather characteris-
tics. The fault generator converts the environmental factors into
fuzzy representations, infers the probability of tree-caused and

Fig. 10. Overall structure of the fault simulator.

Fig. 11. Sample GUI for the fault simulator.

animal-caused faults using the hierarchical fuzzy rules, and gen-
erates and records fault events. Users interact with the simulator
through the GUI (Fig. 11).

B. Environmental Factors

Four maps regarding circuits, vegetation, roads, and land use
types are required for this simulator. The circuit map describes
the distribution system layout with properties encoded in three
layers, including the number of phases, the devices protecting
the section, and whether it is overhead or underground. The veg-
etation map records where the tall trees, low bushes, and grasses
are. Each category is encoded by different integer values in one
layer. The road map represents the layout of major roads in
the area under simulation. The land use map encodes the land
use type by different integer values in one layer. Fig. 12 shows
the spatial information loaded from a set of sample maps. With
dense distribution lines, scattered trees, and most land in devel-
oped status, this is a typical distribution system for a city region.

By fitting the model (1) to the actual data shown in Fig. 3, the
following temperature model is used in our simulation:

(5)

In the wind speed model (3), is set to be 1.7.
and are estimated from the data shown in Fig. 4.
Similarly, equals to 0.48 and equals to 0.11 in the rainfall
model (4), as estimated from the data shown in Fig. 5. These
models are then used to generate weather conditions during a
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Fig. 12. Example of spatial information loaded from maps.

two-year period. The histogram of generated wind speed can be
found in the bottom-left corner of Fig. 11.

C. Fuzzy Rules

Nine environmental factors are considered to be significant in
the simulation, including overhead or underground power lines,
land use, distance to trees, distance to major roads, season, time
of day, temperature, wind speed, and rainfall intensity. They are
organized as an HFS, as shown in Fig. 8.

The two categorical factors, underground or overhead and
land use, are fuzzified based on the membership functions
shown in Fig. 6. Fuzzy sets for the distance to trees and major
roads are as shown in Fig. 7.

The definition of season and time of day is inherently fuzzy.
Although spring begins generally in March in North America,
the exact date varies in different locations and from year to year.
Similarly, in different places, different seasons, and for different
purposes, morning could start as early as 5:00 am, or as late as
8:00 am. Considering the cyclic property of the hours of the
day and the days of the year, a multi-modal trapezoid member-
ship function is used for evening, night, and winter, as shown in
Fig. 13.

Weather factors are fuzzified based on our daily description
of the weather. Temperature is represented by five fuzzy sets, ex-
trecold, cold, normal, hot, and extrehot. The normal temperature
ranges from about 55 F to 85 F. Temperatures above 100 F are
extremely hot and those below 20 F are extremely cold. The
intensity of rainfall is usually described in six levels [26]. We
adopt the scale and simplify it to norain, light, med, and heavy.
Similarly, wind speed is represented by nowind, light, med, and
strong, according to the commonly used Beaufort scale [27]. All
these fuzzy sets use the standard trapezoid membership func-
tions similar to those in Fig. 7.

As shown in Fig. 14, the same trapezoid membership func-
tions are used for the probability of tree-caused and animal-

Fig. 13. Membership functions for the season and time of day.

Fig. 14. Membership functions for the probability of tree-caused and animal-
caused faults.

caused faults, both in the final output and all the intermediate re-
sults. The probability of animal-caused faults at med, high, and
veryhigh level is slightly lower than those of tree-caused faults,
as observed in the actual data.

D. Test Case

The simulation settings for the test case are summarized in
Table I. It is to simulate a part of the actual distribution systems
in the town of Garner, North Carolina.

The actual fault data are the power outage records in the dis-
tribution system of Progress Energy Carolinas within Garner
operation center between 2005 and 2006. We have integrated
real-time weather measurements and other geographical infor-
mation with the outage records using spatial and spatial-tem-
poral relationships [28], so the actual measurements of the en-
vironmental factors while the outages occurred are available.
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TABLE I
SIMULATION SETTINGS FOR THE TEST CASE

Fig. 15. Likelihood measures of selected environmental factors.

The simulation ran for around 270 min on a laptop with a
2.0-GHz dual-core processor and 2 GB of RAM, and generated
131 tree-caused and 137 animal-caused fault events. As a tool
to represent fault characteristics, the likelihood of tree-caused
and animal-caused faults under selected environmental factors
is shown in Fig. 15.

As we can see in Fig. 15, the trend of simulated fault likeli-
hood matches the actual situation in general. Note that we have a
relatively small sample of faults with both the simulated and the
actual data. This leads to large variations when estimating the
fault likelihood, so an exact match of fault likelihood is hardly
achievable.

V. CONCLUSION

In this paper, a framework of cause-effect modeling and spa-
tial-temporal simulation of power distribution fault events is
proposed to cope with the data availability problem faced by
many researchers in the field of distribution fault diagnosis.

Significant environmental factors leading to distribution
faults are first identified based on the understanding of distribu-
tion faults and the analysis of historical fault data. The spatial
information of these factors is modeled as raster maps. The
temporal information of weather conditions is modeled as prob-
ability functions. The causal relationships among these factors
and various types of faults are investigated and expressed in the
form of fuzzy rules. A hierarchical fuzzy inference system is
built to infer the probability of tree-caused and animal-caused
faults in the simulated environments. Fault events are generated
and recorded accordingly. The test case demonstrates the ef-
fectiveness of the simulation in generating realistic distribution
faults.

By changing the environmental settings, we are able to gen-
erate fault events for different local systems during different
time periods. This framework would help develop and evaluate
fault diagnosis algorithms and predict regions with high prob-
ability of faults during a certain time period. It also provides a
configurable data source as a useful tool for other researchers
and engineers in similar areas.
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