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ARTICLE INFO ABSTRACT

One of the proactive approaches in reducing traffic crashes is to identify hazardous traffic conditions that may
lead to a traffic crash, known as real-time crash prediction. Threshold selection is one of the essential steps of
real-time crash prediction. And it provides the cut-off point for the posterior probability which is used to se-
parate potential crash warnings against normal traffic conditions, after the outcome of the probability of a crash
occurring given a specific traffic condition on the basis of crash risk evaluation models. There is however a
dearth of research that focuses on how to effectively determine an optimal threshold. And only when discussing
the predictive performance of the models, a few studies utilized subjective methods to choose the threshold. The
subjective methods cannot automatically identify the optimal thresholds in different traffic and weather con-
ditions in real application. Thus, a theoretical method to select the threshold value is necessary for the sake of
avoiding subjective judgments. The purpose of this study is to provide a theoretical method for automatically
identifying the optimal threshold. Considering the random effects of variable factors across all roadway seg-
ments, the mixed logit model was utilized to develop the crash risk evaluation model and further evaluate the
crash risk. Cross-entropy, between-class variance and other theories were employed and investigated to em-
pirically identify the optimal threshold. And K-fold cross-validation was used to validate the performance of
proposed threshold selection methods with the help of several evaluation criteria. The results indicate that (i) the
mixed logit model can obtain a good performance; (ii) the classification performance of the threshold selected by
the minimum cross-entropy method outperforms the other methods according to the criteria. This method can be
well-behaved to automatically identify thresholds in crash prediction, by minimizing the cross entropy between
the original dataset with continuous probability of a crash occurring and the binarized dataset after using the
thresholds to separate potential crash warnings against normal traffic conditions.
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1. Introduction probability < 1, also known as crash risk), which is used for separating

potential crash warnings from normal traffic conditions, and further

Given the technological progress over the last decade in traffic data
detection, storage and mining, real-time crash prediction has become a
popular research topic within the safety community. Crash risk eva-
luation and threshold selection are the two essential steps of real-time
crash prediction. Crash risk evaluation is related to the investigation of
a relationship between the crash occurrence and geometric character-
istics, real-time traffic flow parameters, weather conditions. The re-
lationship is used to evaluate the probability of a crash occurring given
a specific traffic condition and identify hazardous traffic conditions.
The threshold selection is to investigate the algorithm to select the
optimal cut-off point of the posterior probability (0 < posterior

triggering Active Traffic Management (ATM) control strategies (Abdel-
Aty et al., 2006). Previous studies mostly focused on crash risk eva-
luation, with the purpose of identifying impact factors on crash oc-
currence in order to further understand the crash mechanisms (e.g.
Abdel-Aty et al., 2005; Yu and Abdel-Aty, 2013a), modeling technique
aimed at better classification accuracy (e.g. Abdel-Aty and Pande, 2005;
Yu and Abdel-Aty, 2013b; Xu et al., 2013a). However, there is a dearth
of study focused on how to determine a reliable threshold for real-time
crash prediction.

In real-time crash prediction and its application in ATM, an ap-
propriate threshold should be used to compare with the estimated
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probability which is the output of the crash risk evaluation model on
the basis of real-time traffic data. If the probability exceeds the pre-
determined threshold, the case is predicted as a potential crash scenario,
and then a crash warning is alerted, and further control strategies are
triggered (Abdel-Aty et al., 2010). In addition, there is a dilemma in
selecting the correct threshold (which is a metric ranging from O to 1)
because a high threshold normally fails to identify many potential crash
conditions whereas a low threshold falsely identifies normal traffic
conditions as ‘hazardous’. False alarms may affect the driver’s com-
pliance and raise the cost of ATM operations.

Only a few existing studies on real-time crash prediction models
involved identifying a threshold when discussing the predictive per-
formance of the models, and their methods are subjective. Moreover,
the subjective approach cannot automatically identify the optimal
thresholds in different traffic and weather conditions, aimed at cap-
turing the temporal-spatial heterogeneity of crashes which has been
proved to exist by researchers (e.g. Xu et al., 2013b; Yu et al., 2016).
Additionally, in order to avoid subjective judgments, a theoretical
method to select the threshold value is necessary (Li and Tzeng, 2009).
In other fields of pattern recognition (e.g. image segmentation, medical
field), different methods of the threshold selection have been in-
vestigated for more than half a century (Zhang, 2014). Their methods
promoted the progress of technology in studies and applications.

This study aims to explore available threshold selection methods so
as to automatically identify the optimal threshold for real-time crash
prediction. Cross-entropy, between-class variance and other theories
were utilized and their performances were compared on the basis of
several evaluation criteria. Traffic data and historical crash data from
Shanghai Urban Expressway System were used in this analysis.
Considering the random effects of variable factors across all roadway
segments, mixed logit model was employed to develop the crash risk
evaluation model and further evaluate the crash risk. Different
thresholds were selected by five threshold selection methods, and their
predictive performances were further evaluated through different eva-
luation criteria. Besides, 5-fold cross-validation was used to test the
thresholds for deriving a more accurate estimate of prediction perfor-
mance.

The rest of this paper is divided into six sections. First, previous
studies on threshold selection in the real-time crash prediction and
other fields are summarized. The second section describes the study
area. The third section describes the data preparation procedures.
Afterwards, the modeling techniques, threshold selection methods and
several evaluation criteria are introduced. The fifth section presents the
modelling and comparison results of different threshold selection
methods. Finally, discussion and conclusions of this work are provided.

2. Literature review
2.1. Threshold selection involved in crash risk evaluation

In existing studies on real-time crash prediction, there is a dearth of
research that focuses on threshold selection method. And only when
discussing the prediction performance of the models, a few studies tried
to choose the threshold subjectively.

When a matched case-control logistic regression model was used to
develop a crash risk evaluation model, the average values of the ex-
planatory variables associated with all non-crash cases within each
matched stratum were calculated as the “normal traffic conditions”,
and the odds ratio of each case relative to “normal traffic conditions”
within each stratum was used as the crash risk index. Thus, the odds
ratio with a value equal to one was selected as the threshold (e.g. Abdel-
Aty et al., 2005; Ahmed and Abdel-Aty, 2012), which is known as fixed
threshold based on the odds ratio. Similar to posterior probability, the
odds ratio is an index indicating the crash risk level relative to non-
crashes, and thus a value greater than one is regarded subjectively as
“more hazardous” than “normal traffic conditions” by fixed threshold
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based on the odds ratio. Moreover, the method will not work if the
modeling technique is not a matched case-control logistic regression
model. Therefore, fixed threshold based on the odds ratio has the un-
iqueness of crash risk evaluation model development technique and the
fixed threshold, which creates its limitations in range of application.
And it has been not accepted by all researchers.

Due to the imbalance of the proportions of crash and non-crash
cases in the sample, overall classification accuracy over validation da-
taset would not be a good measure for model performance evaluation.
Therefore, the top 30 percentile of posterior probability (i.e. first three
deciles) was decided as the threshold (Pande and Abdel-Aty, 2006a,
2006b). Similarly, Pande et al. (2011) chose the top 20 percentile of
posterior probability as the threshold. Since the threshold is mainly
affected by the proportion of crashes in samples, different samples with
the same proportion of crashes but different characteristic distributions
cannot select obviously different thresholds.

Aimed at balancing the predictive accuracy of crash and non-crash,
the cut-off point where the predictive accuracy of crashes was equal to
that of non-crashes (i.e. the intersection of cumulative proportion
curves of crash and non-crash cases), was chosen as the threshold by the
intersection point method (e.g. Xu et al., 2013b). But the predictive
accuracies of crashes and non-crashes among different models or stra-
tegies lack some comparability because of different weighting scores.

Totally, existing three types of threshold selection methods have no
specific mathematical optimization functions. And it creates a certain
amount of subjectivity and the limitations in application. Moreover,
they are sensitive to a fraction of specific sample and cannot absorb all
distribution information of the dataset. Thus, a theoretical method to
select the threshold value is necessary so as to avoid subjective judg-
ments.

2.2. Threshold selection in other fields

Threshold selection techniques are fundamental for image seg-
mentation. Different techniques, ranging from a bilevel threshold se-
lection with a single threshold to a multilevel threshold selection with
multiple thresholds dividing pixels into categories, have been proposed
(Yin, 2007).

The first category, known as histogram shape-based method, con-
tains the approaches which determine the optimal threshold by ana-
lyzing the profile characteristics of the gray-level histogram of pixel in
image, which is the basic information for image thresholding. With
decades of experiments and applications, bimodal histogram threshold
method (Weszka et al., 1974) and P-tile method (Doyle, 1962; Samopa
and Asano, 2009) could achieve better binarized image, and became the
two widely used shape-based methods. Bimodal histogram threshold
selects the cut-off point of gray-level of pixel at valleys between two
peaks as the threshold, while P-tile method requires the proportion of
the object after being binarized will not be less than that in the original
dataset.

The second category, known as optimization method, belongs to the
techniques which determine the optimal threshold by optimizing a
certain objective function or theory, which use some extra information
such as spatial information or binarized images:

(i) Entropy-based methods: Maximum entropy method (Pun, 1980;
Kapur et al., 1985) and minimum cross-entropy method (Yin, 2007;
Li and Lee, 1993) can achieve better binarized image, and became
the two widely used methods. Maximum entropy method max-
imizes the entropy of foreground and background regions, while
the minimum cross-entropy method minimizes the cross-entropy
between the original and binarized image.

(ii) Variance-based methods: the maximum between-class variance
method (Otsu, 1979) selects an optimal threshold by maximizing
the separability of the resultant classes in gray levels for image
segmentation. And it is one of the best threshold selection methods



Download English Version:

https://daneshyari.com/en/article/6965118

Download Persian Version:

https://daneshyari.com/article/6965118

Daneshyari.com


https://daneshyari.com/en/article/6965118
https://daneshyari.com/article/6965118
https://daneshyari.com

