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High imbalances occur in real-world situations when a detection system needs to identify the rare but important event of a traffic
incident. Traffic incident detection can be treated as a task of learning classifiers from imbalanced or skewed datasets. Using
principal component analysis (PCA), a one-class classifier for incident detection is constructed from themajor andminor principal
components of normal instances. Experiments are conducted with a real traffic dataset collected from the A12 highway in The
Netherlands.The parameters setting, including the significance level, the percentage of the total variation explained, and the upper
bound of the eigenvalues for the minor components, is discussed. The test results demonstrate that this method achieves better
performance than partial least squares regression. The method is shown to be promising for traffic incident detection.

1. Introduction

Early detection of traffic incidents can minimize the delay
experienced by drivers, wasted fuel, emissions, and lost
productivity, while also reducing the likelihood of secondary
collisions [1]. Traffic incident detection is thus a critical issue
and it is important to develop mechanisms to detect traffic
incidents as early as possible.The incident detection problem
has received great interest from researchers and many inci-
dent detection techniques have been developed. Black and
Sreedevi [2] have extensively reviewed many approaches to
incident detection. Existing incident detection methods fall
into the followingmajor categories: pattern recognition, time
series analysis, Kalman filters, partial least squares regression
[3, 4], and data mining technologies, which include neural
networks, fuzzy logic, support vector machines (SVM) [5, 6],
rough set [7], ensemble learning [8, 9], and decision tree
learning [10]. Data mining technologies have been shown to
be the most promising techniques of the incident detection
methods.

The typical classifiers in data mining, such as decision
tree inductive systems or neural networks, are designed to
optimize overall accuracy without accounting for the relative

distribution of each class. As a result, these classifiers tend
to neglect small classes while focusing on classifying the
large classes accurately [11]. Unfortunately, these classifiers
perform poorly in incident detection because the real-world
trafficdata suffers fromclass imbalances that typically contain
much fewer incident cases than incident-free cases. Such situ-
ations pose challenges for these classifiers. Many solutions to
the class imbalance problem have been previously proposed
both at the data and algorithmic levels. At the data level,
resampling methods are commonly used to address the class
imbalance problem [12, 13]. Although such approaches can
be very simple to implement, tuning resampling methods to
be effective in an application is not an easy task. At the algo-
rithmic level, cost-sensitive learning [14], one-class classifiers
[15], and ensemble-based classifiers, such as Boosting and
Adaboost [16, 17], are verywell-known approaches for solving
dataset imbalance problems.

Typically, in a conventionalmulticlass classification prob-
lem, data from two (or more) classes are available and the
decision boundary is supported by the presence of examples
from each class. However, a one-class classifier completely
neglects one of the classes and learning is accomplished using
examples from a single class only at the learning stage.
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Different researchers have used other terms to present similar
concepts, such as outlier detection, novelty detection or
concept learning [18]. One-class approaches to solving clas-
sification problems may be superior to discriminative (two-
class) approaches, such as decision trees or neural networks
[19]. Raskutti and Kowalczyk [15] demonstrated that one-
class learning with positive-class examples can be a very
robust classification technique when dealing with extremely
unbalanced datasets composed of a high-dimensional noisy
feature space.

When a traffic incident occurs, the associated traffic
data change dramatically, so that the incident observation is
different from most of the traffic data. Thus, we can detect
traffic incidents by recognizing that the traffic incident data
deviate significantly from normal traffic data. From this
point of view, one-class classifiers or outlier detection can
be employed to address the incident detection problem. A
one-class classifier can be built from normal data to detect
any deviation from the normal model in the observed data.
Given a set of normal data to train from, together with a
new piece of test data, the goal is to determine whether the
test data belong to “normal” or anomalous behavior. For
traffic incident detection, the task is to build an incident
detector from the traffic data, that is, a predictive model
capable of distinguishing between abnormal traffic states
(called incidents) and normal states.

Shyu et al. [20] proposed a novel outlier detection scheme,
based on principal components that was applied to intrusion
detection. The underlying assumption of such a method
is that intrusions appear as outliers in the normal data.
Similarly, traffic incident cases also appear as outliers in the
normal traffic data. In this paper, this principal component-
based approach was used to detect traffic incidents. We
used this approach for incident detection mainly due to the
advantages of the principal component approach over many
anomaly detection methods. First, the principal component
approach does not make any distributional assumption. Sec-
ond, this approach is typically used with high-dimensional
datasets. Another benefit of this scheme is that the statistics
can be computed in a shorter time during the detection stage
so that the scheme can be used in real time. Last but not least,
the detection model can be built using only normal cases,
thereby avoiding the class imbalance problem.

This paper is organized as follows. Section 2 provides
background on principal component analysis (PCA) and
outlier detection. Section 3 provides details of the datasets
used in the experiments, followed by an analysis of the
results; the results are discussed in Section 4. Finally, thework
concludes in the last section.

2. Anomaly Detection Scheme

2.1. Principal Component Analysis (PCA). Principal com-
ponent analysis (PCA) describes the variance-covariance
structure of a set of variables in terms of fewer new variables
that are linear combinations of the original variables.The new
variables are easily obtained from eigenanalysis of the covari-
ance matrix or the correlation matrix of the original data.

If the variables are measured on scales with widely different
ranges or if the units of measurement are not commensurate,
it is preferable to perform PCA on the sample correlation
matrix. In our study, we perform PCA on the correlation
matrix of the normal group because the features of the data,
such as time, volume, or speed, are measured on different
scales.

Let the original dataset𝑋 = [𝑋1 𝑋2 ⋅ ⋅ ⋅ 𝑋𝑝] be an 𝑛∗𝑝
data matrix of 𝑛 observations, each consisting of 𝑝 variables,
and let𝑅 = [𝑅1 𝑅2 ⋅ ⋅ ⋅ 𝑅𝑝] be the correlationmatrix of𝑋. If
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observations in the 𝑘th dimension of𝑋, respectively.

2.2. Outlier Detection. Most datasets often contain one or a
few samples that do not conform to the general behavior
of the dataset and which are called outliers. When an
observation is different frommost of the data or is sufficiently
unlikely under the assumed probability model for the data,
the observation is considered to be an outlier. With data on a
single feature, outliers are those that are either very large or
very small relative to the others. Many features correspond to
a complex situation. In high dimensions, all features need to
be considered together using a multivariate approach.

The procedure commonly used to detect multivariate
outliers is to measure the distance of each observation from
the center of the data using the Mahalanobis distance. Any
observation larger than a threshold value is considered to
be an outlier. The threshold is typically determined from the
empirical distribution of the distances.

PCA has long been used for multivariate outlier detec-
tion. Consider the sample principal components 𝑦

𝑖
(𝑖 =

1, 2, . . . , 𝑝) of an observation 𝑥, the sum of squares of the
standardized principal component scores is then given by
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which is equivalent to the Mahalanobis distance of the
observation 𝑥 from the sample mean [20]. It is customary
to examine the individual principal components or some
functions of the principal components for outliers. Hawkins
[21] obtained superior performance for a scheme that used
statistics derived from principal components to detect errors
in multivariate data.
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Because the sample principal components are uncorre-
lated, under the normal assumption and assuming the sample
size is large, the major components are given as follows:
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corresponding to a chi-square distribution with 𝑞 degrees of
freedom. For a given significance level 𝛼, an observation 𝑥 is
an outlier if the following criterion is satisfied:
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where 𝜒2
𝑞
(𝛼) is the upper 𝛼 percentage point of the chi-

square distribution with 𝑞 degrees of freedom. The value of
𝛼 indicates the error or false alarm probability in classifying
a normal observation as an outlier. The number of major
components, 𝑞, can be determined from the amount of the
variation in the training data that are described by these
components. Based on experiments, Shyu et al. suggested
using 𝑞major components that can explain approximately 50
percent of the total variation of the standardized features.

In addition to themajor components, Shyu et al. [20] pro-
posed that theminor components,∑𝑝
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used to detect observations that donot conform to the normal
correlation structure. The value of 𝑟 can be determined by
examining those components whose variance or eigenvalue
is less than 0.20.

An observation is an outlier with respect to the correla-
tion structure if
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where 𝜒2
𝑟
(𝛼) is the critical value for a chi-square distribution

with 𝑟 degrees of freedom testing at a given significance level
𝛼.

The anomaly detection scheme differs from other existing
approaches in the use of both the major and minor compo-
nents of the data. A clear advantage of this scheme over others
is that outliers can be detected based on being extreme values
or not having the same correlation structure as the normal
data.

2.3. Incident Detection Scheme. In this paper, the principal
component classifier (PCC) mentioned above is used to
detect traffic incidents. The procedure for traffic incident
detection is as follows.

Step 1. Divide the original dataset into a training set and
a testing set. Note that the outlier detection model is con-
structed from only the normal instances in the training set
that correspond to nonincident traffic data.

Step 2. Perform PCA on the correlation matrix of this
training set. Determine the number of major components
𝑞 and the number of minor components 𝑟 according to the
obtained eigenvalues.

Step 3. Determine the outlier thresholds, 𝑐
1
and 𝑐
2
, for a given

error probability in the distribution of the test statistics.
As previously mentioned, the collected data are assumed

to conform to a multivariate normal distribution, such that
the thresholds are the inverse of the chi-square cumulative
distribution function; that is,
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In practice, the normality assumption seldom holds true.
Therefore, we opt to set the outlier thresholds based on
empirical distributions of the test statistics rather than on the
chi-square distribution. The values of 𝛼

1
and 𝛼

2
are chosen

to reflect the relative importance of the types of outliers we
would like to detect. Without loss of generality, we choose
𝛼
1
= 𝛼
2
.

Step 4. Compute the principal component scores for the
major components and the minor components for each
observation 𝑥 in the testing dataset.

Step 5. Classify𝑥 in the testing set as an outlier corresponding
to an incident state if
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3. Data Description

In this study, we investigated PCC performance in incident
detection, as applied to real-life loop detector traffic data
collected from the A12 freeway in The Netherlands. The
distance between two adjacent detectors installed on A12 is
approximately equal to 500m. Individual vehicle data are
collected by the detectors. More specifically, the passing time,
the speed, the occupancy time, and the lane in which the
vehicle is being driven are recorded for every car passing the
detector.

To assess PCC performance in incident detection, two
different datasets were employed. The first dataset consisted
of loop detector data from many neighboring detectors
installed on the A12 Dutch freeways collected during Decem-
ber 2007. The second data source contained information on
all the registered incidents that occurred over the period
considered on the A12 freeway.

3.1. Loop Detector Data. The loop detector data, in the form
of lane-specific traffic volume and speed, were collected at
60-second intervals during normal conditions and incident
conditions. Because one incident occurred on the road rather
than in a lane, we computed the average volume and speed
over all the lanes.

We cannot expect all collected data to be of a high quality.
Suspicious or dirty data may be buried in a dataset. Upon
close examination of the data, cases where the traffic volume
and speed changed dramatically were easily found, but these
cases did not always correspond to an incident case registered
over that time period in the incident database. If no incident
occurred during the respective time period, dramatic changes
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in the traffic volume or speed may have been due to a faulty
detector or transmission distortion. For anomaly detection to
function effectively, such nonpertinent datamust be captured
and removed from the dataset to improve the veracity and
reliability of the traffic information. This procedure is called
data quality control or data cleaning. Various methods may
be used for this purpose. More details on these methods can
be found in the literature [22–24].

3.2. Incident Data. The database contained information on
the incidents that occurred during December 2007 as men-
tioned above; the database included the following informa-
tion for each incident:

(i) the location of the incident,
(ii) the “approximate” starting time and ending time of

the incident,
(iii) a short description of the incident (the lanes in which

the incident occurred, a qualitative description of the
incident, etc.).

Note, however, that the exact times (start times as well
as end times) of the incidents were unknown. The database
contained only the time at which the incident was reported
and the time at which the end of the incident was reported.
Thus, we must keep in mind that the actual starting time
would have been a little earlier than the reported starting
time.

We constructed the incident dataset using all the inci-
dents with duration between 20 and 180 minutes. We
obtained a total of 95 incidents that occurred on the A12
freeways duringDecember 2007.Therewere 6 columns in this
dataset, including the date, direction, location, start time, end
time, and duration of the traffic incident.

3.3. Construction of Training and Testing Sets. Incident
detection was based on section-related traffic data, which
means that the traffic data were collected from two adjacent
detectors: an upstream detector and a downstream detector.
Each incident instance included the following items:

(i) time (reported as hh + mm/60) of data collection,
(ii) traffic volume and speed from the upstream detector,
(iii) traffic volume and speed from the downstream detec-

tor,
(iv) traffic state,

where the item “traffic state” is a label with a value of −1 or 1,
which denotes that there was no incident or that an incident
occurred, respectively, as determined by the incident dataset.

Each instance in the dataset contained 5 feature val-
ues and was labeled as either a normal traffic state or
an incident state. The entire dataset was divided into two
parts, a training set and a testing set, which were used for
calibration and testing, respectively. The training set was
composed of 99961 nonincident instances and 2751 incident
instances (58 incident cases), collected from 1 to 14December;
the testing set was composed of 67791 samples, including

65957 nonincident instances and 1834 incident instances (33
incident cases), collected from 15–31, December.

The outlier thresholds are determined from the normal
instances in training data, and they were used to decide the
label of each instance in the testing set; thus the model’s
detection ability can be computed. The incident instances in
the training set were of no use in the PCC. However, the
incident instances were used to build other incident detection
models for comparison with PCC, such as the partial least
squares (PLS) model.

4. Case Studies

Incident detection results are typically evaluated using the
following criteria: the detection rate (DR), the false alarm
rate (FAR), and the mean time to detection (MTTD). The
classification rate (CR) is an additional performancemeasure
of interest. Detailed information on these criteria can be
found in references [3–10].

The experiments were conducted within the following
framework:

(i) only major components were used to detect outliers,
(ii) bothmajor components andminor components were

used,
(iii) PCC was compared with PLS.

Matlab subroutines were written for these procedures and
all the algorithms were run on a computer with a 1.50GHz
Intel Pentium processor and 1024MB of memory.

4.1. Use of Only Major Components. To determine the appro-
priate number of major components to be used in PCC, we
conducted a preliminary study by varying the percentage of
total variation explained by the major components. In the
distribution of the test statistics, themajor components scores
were closer to a log-normal distribution than to any other
distribution.

The major components were considered to account for
50% up to 100% of the total variation at 5% increments
and a 0.04 significance level; thus, we obtained 11 classifiers
with different numbers of major components, ranging from
2 to 5. All these classifiers were evaluated using the same
testing set. The results showed that as the percentage of the
variation explained increased, corresponding to increasing
the number of major components used, the values of the four
measurements, DR, FAR, MTTD, and CR, appeared to stay
the same until 90% of the variation was explained. It means
that the PCC method based on the major components that
can explain from 50% to 90% of the total variation has the
same ability for incident detection.

When more than 90% of the variation was explained,
corresponding to all the major components being included
in the classifiers, the measurement values changed: DR and
FAR increased, while MTTD and CR decreased. Thus, PCC
with more major components yielded a higher false alarm
rate and a lower classification rate, which is undesirable in
incident detection. Figure 1 illustrates the changes in DR,
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Figure 1: DR, FAR, MTTD, and CR versus the percentage of the
variation explained.

FAR, MTTD and CR, as a function of the percentage of the
variation explained for a significance level of 0.04.

The significance level was then increased from 0.01 to
0.10 in 0.01 increments and the process described above was
repeated. A total of 110 classifiers were obtained. Applying all
these classifiers to the same testing set, we observed that when
the significance level exceeded 0.06, the PCC models with
major components explaining 75% to 90% of total variation
performed poorly, as evidenced by a rapid decrease in the
detection rate. This result is illustrated in Figure 2 for a
significance level of 0.08.

The results suggest that a value of 𝑞 of 2 or 3 should be
used at lower significance levels, while a 𝑞 value of 2 should be
used at a significance level larger than 0.06, when the classifier
is only constructed using the major components.

4.2. Use of Both Major Components and Minor Components.
We next constructed outlier models using PCC with both
the major and minor components; the performance of these
models when applied to traffic incident detection was then
evaluated. First, the percentage of the variation explained was
set to 70% and the upper bound of the eigenvalues for the
minor components was set to 0.2 [20]; thus, the numbers
of the major and minor components were found to be 2
and 1, respectively. We constructed a series of outlier models
with significance levels ranging from 0.01 to 0.10 in 0.01
increments. We always used the same values for 𝛼

1
and 𝛼

2

in (7), as we did not know in advance which type of outliers
we should pay more attention to.
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Figure 2: DR, FAR, MTTD, and CR versus the percentage of the
variation explained.

In the distribution of the test statistics, the major com-
ponents scores followed a log-normal distribution with a
freedom degree of 2, while the minor components scores
followed a Weibull distribution with a freedom degree of 1:
these distributions fit the test statistics more closely than any
other distribution.

Figure 3 presents the testing results of these classifiers,
showing how the four measurements changed with the
significance level. Within increasing significance levels, DR
increased while the MTTD decreased, which is desirable for
an incident detection model. However, the FAR values were
too high to apply the classifiers at a high significance level.

Keeping the percentage of the variation explained the
same; the upper bound of the eigenvalues for the minor com-
ponents was increased to 0.3 and the number of the minor
components was increased from 1 to 2; we then constructed
another 10 classifiers and tested their performance.

Next, we let themajor components account for 90% of the
total variation and let the upper bound of the eigenvalues for
the minor components range from 0.2 to 0.3; we repeated the
experiments above again.

Table 1 shows the testing results obtained for 4 classifiers
that were built with different numbers of major components
andminor components due to different values of the parame-
ters setting.The significance level for all 4 classifiers was set to
0.08. The first column is the parameters setting; for example,
(70%, 0.2) indicated that the major components accounted
for 70% of the total variation and that the upper bound of the
eigenvalues for the minor components was 0.2. The column
“numbers” corresponds to the number of major and minor
components used.
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Table 1: Comparison of the performance of classifiers built with
different parameters.

Classifiers DR FAR MTTD CR
Parameters Numbers
(70%, 0.2) (2, 1) 81.82 12.48 15.63 85.59
(70%, 0.3) (2, 2) 72.73 12.04 12.21 85.97
(90%, 0.2) (3, 1) 72.73 12.10 16.29 85.93
(90%, 0.3) (3, 2) 63.64 11.65 11.76 86.32
Only major components 54.55 6.60 12.56 91.11

In this table, the best result in each column is shown
in bold (not including the last row). The classifiers with the
parameter pair (90%, 0.3) outperformed the other classifiers
in terms of the FAR, MTTD, and CR values. However, the
detection rate for the parameter pair (90%, 0.3) did not per-
form acceptably.The table shows that as the percentage of the
variation explained increased, DR tended to decrease, while
FAR and CR exhibited small fluctuations and performed at a
similar level. Another observation is that a classifier yielded
goodMTTDvalueswhenmoreminor componentswere used
by increasing the upper bound of the eigenvalues for the
minor components.

For comparison, we also list the testing results achieved
by a classifier that only used the major components in the
last line of Table 1. The significance level was also set to 0.08
and the major components accounted for 70% of the total
variation. Although this classifier achieved the best values

Table 2: Performance of PLSR built with a different proportion of
incident instances.

Proportion DR FAR MTTD CR
35 12.12 0.90 5.00 96.49
40 36.36 4.22 15.00 93.42
45 69.70 13.07 11.04 85.12
50 93.94 32.50 7.03 66.72
55 100.00 53.80 2.58 46.69

for FAR and CR, the DR values were too low to be used
in practice. A classifier using minor components can thus
dramatically improve the detection rate of models, as has
been proven by Shyu et al. [20].

4.3. Comparison with PLS. Wang et al. [3, 4] developed
automatic incident detection (AID) models based on partial
least squares regression, which were compared to the use
of support vector machines for freeway incident detection.
Here, we compare PCC and PLS for incident detection.

The training dataset had 102712 instances, with only 2751
incident instances compared to 99961 nonincident instances.
The class distribution was therefore highly skewed as the
frequency of the main class was more than 97%. The PLSR
model is sensitive to imbalanced training data; that is, the
proportion of incident samples in the training set strongly
influences the detection performance [3]. To address this
problem, we discarded random nonincident instances while
retaining all the incident instances to increase the proportion
of incident instances. In this way, we obtained a series of new
training datasets with the proportion of incident instances
ranging from 35% to 55% in 5% increments. Then, we built
a PLSR model for each new set. Next, we tested the detection
performance of the PLSR models with the testing dataset
mentioned above.

Table 2 shows the testing results obtained with the PLSR
model. Using the dataset containing 40% to 50% of incident
instances to build the PLSR resulted in relatively good model
performance. If there were too few incident instances, the
PLSRmodel would produceDR values that would be too low;
if there were too many incident instances, the PLSR model
would produce FAR values that would be too high. Taking
all these criteria into consideration, we chose the classifier
modeled on the training set with 45% incident instances for
further study. The testing results of this classifier are shown
in bold.

Twelve classifiers were then constructed by allowing the
significance level to range from 0.07 to 0.09, adjusting the
percentage of the variation explained from 0.7 to 0.9, and
increasing the upper bound of the eigenvalues for the minor
components from 0.2 to 0.3. The detection performances
of the 12 classifiers are presented in Table 3, along with the
average detection performance; the PLSR performance is
listed in the last row for comparison.

The results show the variation in classifier performance.
Table 3 shows that the upper bound of the eigenvalues for the
minor components strongly influenced the DR and MTTD
values. To increase its value, the MTTD values decreased,
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Table 3: Performance comparison between PCC and PLSR.

Classifiers DR FAR MTTD CR
Significance Explained Bound

0.7
70% 0.2 75.76 10.78 18.08 87.16

0.3 69.70 10.75 12.65 87.17

90% 0.2 69.70 10.40 18.57 87.53
0.3 63.64 10.31 12.29 87.58

0.8
70% 0.2 81.82 12.48 15.63 85.59

0.3 72.73 12.04 12.21 85.97

90% 0.2 72.73 12.10 16.29 85.93
0.3 63.64 11.65 11.76 86.32

0.9
70% 0.2 81.82 14.37 11.70 83.81

0.3 72.73 13.42 11.92 84.68

90% 0.2 75.76 13.93 11.64 84.22
0.3 66.67 13.01 11.18 85.05

Average of PCC 75.76 13.93 11.64 84.22
PLSR 69.70 13.07 11.04 85.12

which was a desirable result. Unfortunately, the DR values
also decreased as the MTTD values decreased. Comparing
the PCC and PLSR model results, PCC appeared to exhibit
poorer performance in terms of the FAR, MTTD, and CR
values, but yielded higher average DR values. However, we
should keep inmind that the highest performing PLSRmodel
was compared with the PCC model results. If the average
PLSRperformancewas compared toPCCperformance, PLSR
performancewould be observed to be slightly inferior to PCC
performance.

5. Conclusion

Thedetection of traffic incidents, congestion, and other traffic
operational problems is a very important component of
traffic system operation. The task of incident detection can
be regarded as constructing classifiers from imbalanced or
skewed datasets. In such problems, almost all the instances
are labeled as a nonincident class, while far fewer instances
are labeled as an incident class, which is usually the more
important class. The learned classifier determines whether
an incident occurs using traffic flow measurements, so that
classifying the traffic state is any efficient means of using
the class imbalance problem to solve the incident detection
problem.

In this study, we determined the applicability of principal
component analysis. PCA is often applied to reduce the
dimensionality of a problem, as well as to detect outliers.
In this paper, PCA was used to construct a simple classifier
to detect incidents. This classifier consisted of two simple
functions, themajor components and theminor components.
Only a few parameters, the significance level, the percentage
of the total variation explained by the major components,
and the upper bound of the eigenvalues for the minor
components, needed to be retained for future detection. The
influence of these parameters on detection performance was
discussed in our experiments.

PCA performance was tested on a real dataset collected
from the A12 freeway in The Netherlands. The PCC results
were compared to the results of the standard linear PLSR
method. The experimental results showed that PCC outper-
formed the PLSR model for AID.

Although the test results showed that PCC can achieve
good incident detection performance, there is still room
for improvement; the FAR values were too high and the
MTTD values were too high with PCC. These results may be
attributed to the poor quality of real traffic data. Real traffic
data are always easily contaminated by a high noise level
in the dataset, due to missing values, transcription errors,
incomplete information, and the absence of standard formats.
Learning from noisy data is a challenging and practical
issue for real-world data mining applications. Common
practices include data cleaning, error detection, and classifier
ensembles [25, 26].

Refinements in data quality show promise in terms
of improving incident detection performance. Note that
common data cleaning methods are not suitable for AID
data because these methods recognize incident instances as
noise and consequently delete the incidents based on their
rarity.Therefore, further research should focus on developing
suitable algorithms for data cleaning.
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