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Summary
Real-time crash risk prediction models using loop detector data for dynamic safety
management system applications
There is a growing trend in development and application of real-time crash risk prediction models
within dynamic safety management systems. These real-time crash risk prediction models are
constructed by associating crash data with the real-time traffic surveillance data, collected by double
loop detectors. The objective of this paper is to develop a real-time prediction model that will
potentially be utilized within safety management systems. This model aims to predict the traffic safety
condition of a motorway where potential prediction variables are confined to traffic related
characteristics. Given that the dependent variable (i.e. traffic safety condition) is considered
dichotomous (i.e. “no-crash” or “crash”), the binary logistic regression technique is selected for model
development. The crash and traffic data used in this study were collected between June 2009 and
December 2011 on a part of the European route E313 in Belgium between Geel-East and AntwerpEast exits, on the direction towards Antwerp. The results of analysis show that several traffic flow
characteristics such as standard deviation of speed and occupancy at the upstream loop detector, and
the difference in average speed on upstream and downstream loop detectors are significantly
contributing to the crash occurrence prediction. The final chosen model is able to predict more than
60% of crash occasions while it predicts more than 90% of no-crash instances correctly. The findings
of this study can be used to predict the likelihood of crashes on motorways within dynamic safety
management systems.
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Samenvatting
Real-time risicomodellen op basis van inductieve lusdetectordata voor
toepassingen in dynamische verkeersmanagementsystemen
Dynamisch verkeersmanagement wordt reeds wereldwijd toegepast met als doel het verbeteren van
mobiliteit en de verkeersveiligheid. In de aansturing van deze systemen wordt meer en meer gebruik
gemaakt van
risicomodellen. Deze risicomodellen trachten door middel van geobserveerde
verkeersdata, vaak verzameld door middel van dubbele inductieve lussen in het wegdek, de
verkeers(on)veiligheid op een bepaalde locatie te voorspellen. Het doel van dit onderzoek is de
ontwikkeling van een risicomodel dat kan gebruikt worden binnen het Vlaamse
verkeersveiligheidsbeheer op autosnelwegen. Dit model tracht op basis van geobserveerde data op
een bepaalde autosnelweglocatie te voorspellen of de situatie al of niet veilig is. Gegeven het feit dat
de afhankelijke variabele (de verkeersveiligheidssituatie) dichotoom is, wordt de binaire logistische
regressie techniek gehanteerd voor de ontwikkeling van het model. De onderzoekslocatie betrof de
E313 tussen Geel-Oost en Antwerpen-Oost, in de richting van Antwerpen. Hier werden alle data,
ongevallen enerzijds en verkeersdata anderzijds, verzameld tussen juni 2009 en december 2011. Het
model resulteerde in drie significante variabelen die de (on)veiligheid op een bepaalde locatie konden
voorspellen, namelijk (1) de standaard deviatie van snelheid stroomopwaarts, (2) de bezetting van de
lussen stroomopwaarts en (3) het verschil in de gemiddelde snelheid tussen de lussen stroomafwaarts
en stroomopwaarts. Het finale model kan meer dan 60% van de gevaarlijke situaties en 90% van de
veilige situaties correct voorspellen. De resultaten van deze studie kunnen gebruikt worden om door
middel van dynamisch verkeersmanagement systemen gevaarlijke situaties op autosnelwegen te
voorspellen en bijgevolg de nodige maatregelen te treffen om ongevallen te voorkomen.
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1

Introduction

In the recent years, proactive traffic management systems have increasingly attracted researchers and
policy makers’ attention. These systems, which are mainly implemented on motorways, are meant to
improve traffic safety by smoothening the traffic flow. In such dynamic safety management systems,
real-time crash risk prediction models are major elements. These models estimate the likelihood of
crash occurrence by using real-time traffic flow characteristics that are collected by traffic surveillance
systems such as loop detectors. These models can dynamically evaluate the traffic safety condition of
motorways and identify crash conditions that would potentially lead to crash occurrence. When such
crash condition is identified, proactive safety countermeasures can be implemented to alleviate crash
occurrence risk. Among others, variable speed limits (Lee et al., 2004, 2006c; Abdel-Aty et al., 2006;
Jo et al., 2012), ramp metering (Abdel-Aty et al., n.d.; Lee et al., 2006b) and intelligent speed
adaptation (Chen et al., 2002; Carsten and Tate, 2005; Servin et al., 2008; Lai et al., 2012) are
effective measures that are known to improve the traffic safety. These measures are intended to
smoothen the traffic flow, increase average time headways, reduce speed variation and subsequently
improve the traffic safety. For instance, safety benefits will be gained by simultaneously lowering down
the speed upstream and increasing the speed downstream of the location where a crash condition is
identified by the real-time crash risk prediction models.
In recent years, several studies were conducted where real-time crash risk prediction models were
developed by associating real-time traffic flow data with crash data (Lee et al., 2002, 2003; Chang and
Chen, 2005; Oh et al., 2005; Abdel-Aty et al., 2006; Lee et al., 2006c; Oh et al., 2006; Pande and
Abdel-Aty, 2006a; Abdel-Aty et al., 2007; Zheng et al., 2010; Pande et al., 2011; Xu et al., 2012;
Abdel-Aty et al., 2012; Xu et al., 2013; Ahmed and Abdel-Aty, 2013).
The most commonly used modeling technique in developing real-time crash prediction model is
logistic regression. Lee et al. (Lee et al., 2002, 2003) investigated a number of traffic flow
characteristics that would be linked with crash occurrence on the Gardiner Expressway in Toronto.
They developed an aggregate log-linear model by associating the crash precursor variables with crash
data observed over a period of 13 months. The results of their analysis revealed that the variation of
speed, speed difference between upstream and downstream loop detectors and traffic density are
significant predictors of crash occurrence. In a study conducted by Abdel-Aty et al. (Abdel-Aty et al.,
2004) matched case-control logistic regression models were developed to associate real-time traffic
flow characteristics with crash likelihood. The results of this study showed that the likelihood of crash
occurrence would be predicted by speed variation on downstream loop detector station and the
average occupancy on the upstream loop detector station. Abdel-Aty et al. (Abdel-Aty et al., 2005)
further extended their study by developing crash prediction models under low speed and high speed
traffic regimes. Zheng et al. (Zheng et al., 2010) also used a matched case-control logistic regression
model to assess the impacts of speed variance on crash occurrence, whereas Ahmed and Abdel-Aty
(Ahmed and Abdel-Aty, 2012) used this technique to develop a real-time crash risk prediction model.
Hourdos et al. (Hourdos et al., 2006) developed a binary-response logistic model where crash-prone
conditions were identified by using real-time traffic characteristics. The results of analysis showed that
the crash likelihood increases when the difference in speed variability increases. In another study
conducted by Lee et al. (Lee et al., 2006a) the real-time traffic factors associated with sideswipe
crashes were investigated by means of logistic regression models. The results revealed that the
variation in speed and the variation in flow were among the most significant predictors of sideswipe
crashes. Golob et al. (Golob et al., 2008) investigated the level of safety on freeways, based on data
collected from single loop detectors and by means of multinomial logistic regression models. The
results showed significant relationships between traffic flow data and crash likelihood. Recently, Xu et
al. (Xu et al., 2013) utilized binary logistic models to predict crash likelihood and severity. In their
study, several traffic characteristics such as the upstream occupancy, the upstream speed variance,
the downstream speed variance and etc. were found as significant predictors of crash likelihood.
Besides application of logistic regression technique, other approaches were followed to associate
crash likelihood and real-time traffic flow characteristics. Oh et al. (Oh et al., 2005) developed a
Bayesian model in which the standard deviation of speed was found to be an appropriate predictor of
hazardous traffic conditions. Abdel-Aty and Pande (Abdel-Aty and Pande, 2005) applied the
probabilistic neural network model to predict crash occurrences on freeways. In another study
conducted by Chang et al. (Chang and Chen, 2005) classification and regression tree technique was
employed to analyze freeway accident frequency. The results of this study revealed that the average
7
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daily traffic and precipitation were the two major determinants of crash occurrence. Pande et al.
(Pande and Abdel-Aty, 2006b) also developed a crash risk prediction model based on the
classification tree and neural network while random forests technique was used by Pande et al.
(Pande et al., 2011). In the context of real-time crash prediction modeling, there are also other
employed techniques such as Bayesian semi-parametric Cox (Ahmed et al., 2012) and Stochastic
Gradient Boosting (Ahmed and Abdel-Aty, 2013).
As can be seen from the literature, there exist different traffic flow characteristics that are associated
with crash occurrence, such as speed, speed variation, traffic density, occupancy and etc. The primary
objective of this research is set to investigate the possibility of developing real-time crash prediction
models based on the traffic flow characteristics that are collected by double loop detector stations in
Flanders, Belgium. To this end, the binary logistic regression technique will be employed for model
development. This is considered as the first step in realization of a proactive highway safety
management system. When the developed models predict the crash condition appropriately, the
transportation authorities are enabled to implement crash prediction countermeasures within available
dynamic traffic management systems in order to improve the traffic safety conditions of motorways.

2
2.1

Data preparation
Study area

The study area in this research is a part of the European route E313 in Belgium between Geel-East
and Antwerp-East exits, on the direction towards Antwerp. The total length of the studied road
segment is about 42.5 km. However, because of problems with the loop detectors, a 10 km length
segment was excluded from the study (see Figure 1). From the starting point of the study area up to
10 km before the ending point, the E313 has two lanes (+ hard shoulder) and the speed limit is 120
km/h. In the last 10 km, the motorway has three lanes (+ hard shoulder/bus lane) and the speed limit
is 100 km/h.

Figure 1: Study area and crash locations.
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The primary crash dataset includes all crashes that occurred in the study area between June 2009 and
December 2011. Among others a total number of 78 crash records are selected to be considered in
model development. Due to the necessity of having precise crash occurrence time (in the order of 1
minute) and since the crash data (gathered by the police) were obtained from a different authority than
the one which provides traffic flow data (Ministry of Mobility and Public Works, Flemish Traffic Center),
the accuracy of crash occurrence time was double checked by matching these two datasets. To this
end, for each crash record the traffic flow data derived from adjacent loop detectors were collected for
a period of one hour around the crash occurrence time. Subsequently all crash records were verified
whether their corresponding traffic flow data show any speed-drop event or not. This was carried out
to ensure that each crash record perfectly matches with its linked traffic flow data. If a speed-drop
event is observed for a crash record, then this record is considered as a valid record and, therefore, is
added to the final dataset. An example of this matching task is shown in Figures 2, 3 and 4 where
changes in traffic flow characteristics such as average speed, traffic volume and occupancy (i.e.
percentage of time that a loop detector is occupied by a vehicle) are observed for a crash, which
occurred at 17:11. These figures are the outputs of the program “Mindat” which are provided by the
Flemish Traffic Center. This program enables users to derive different traffic flow characteristics for
any specific place and time. Traffic flow data were collected from four consecutive loop detectors
spaced at approximately 750 meters; one loop detector downstream (DS1) and three loop detectors
upstream (US1-3). The first upstream loop detector station is named US1; the subsequent stations in
the upstream direction were labeled US2 and US3.
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Figure 2: Mindat” program output: Speed (km/h)µ
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Figure 3: “Mindat” program output: Occupancy (percentage)
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Figure 4: “Mindat” program output: Traffic volume (veh/min)

2.2

Aggregation levels

The next step in data preparation is the data aggregation. The 1-minute raw data seemed to have
random noise and, therefore, the primary raw data should be combined into 5-min level (Abdel-Aty et
al., 2012). The extracted raw data were then aggregated to three different aggregation levels, namely
5-minute, 10-minute and 15-minute intervals prior to crash occurrence time. All these three
aggregation levels will be investigated to identify the best level that will result in better crash prediction.
In the next step and for preparing the complete dataset that will be used for the modeling task, four
non-crash cases were also taken from the same location, the same day of the week and the same
time given the condition that no crash had occurred within one hour time period around the targeted
time. To eliminate the seasonal effects and to avoid possible bias resulting from dissimilar traffic
patterns on different days of the week, non-crash cases were extracted from exactly one and two
weeks before and after the crash occurrence time. All non-crash cases matched the condition that no
crash had occurred within a one hour time period around the targeted time. This results in utilizing
traffic flow data for the following records and for each location:
-

Exactly two weeks before crash occurrence
Exactly one week before crash occurrence
Crash occurrence
Exactly one week after crash occurrence
Exactly two weeks after crash occurrence

To summarize, the final dataset consists of the traffic flow data corresponding to each crash record
and four matched non-crash records. This dataset includes 390 observations (i.e. 78 crashes and 312
non-crash records).

2.3

Traffic flow characteristics

Several traffic flow variables are collected by double loop detectors and might be relevant to this study.
However, in order to save time and effort in the model development stage, a pre-analysis is performed
to minimize the number of potential explanatory variables. To this end, firstly the non-parametric
Spearman’s correlation test was performed to investigate which variables do have a significant
correlation with the dependent variable (i.e. safety condition). After removing all uncorrelated variables
(e.g. occupancy and average speed on the first downstream loop detector station), due to the
existence of inter-relationship among remained variables, the variance inflation factor test needs to be
performed to ensure that the collinearity issue do not exist among explanatory variables (Kutner et al.,
2004). Final variables that will be considered for model development are listed in Tables 1-3 together
with their descriptive statistics. These variables are prepared for different time intervals before crash
occurrence time (i.e. 5-minute, 10-minute and 15-minute interval).
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Here is a short definition of each variable:
Variable

Definition

TV_US1:

Traffic volume on first upstream loop detector station

STDEV_SP_US1:

Standard deviation of speed on first upstream loop detector station

OC_US1:

Occupancy (% time that a loop detector is occupied) on first upstream
loop detector station

Diff_STDEV_SP_US1-DS1:

Difference between standard deviation of speed on first upstream and
downstream loop detector stations

Diff_SP_US1-DS1:

Difference between average speed on first upstream and downstream
loop detector stations

TV_DS1:

Traffic volume on first downstream loop detector station

STDEV_SP_DS1:

Standard deviation of speed on first downstream loop detector station

Diff_STDEV
Diff_SP_US1_SP_US1DS1
DS1
Traffic safety condition: Crash (dependent variable = 1)

Min

TV_US1

STDEV_
SP_US1

OC_US1

0.1

1

0.3

0.1

0.2

TV_DS1

STDEV
_SP_DS
1

0

0

Max

34.1

46.5

46.8

40.4

101

24.2

53.7

Mean

13.65

17.71

20.13

12.71

35.97

11.99

9.73

St. Deviation

6.66

11.97

11.47

10.99

28.21

6.087

9.31

Traffic safety condition: No-crash (dependent variable = 0)
Min

1

1

0.3

0

0

0.8

0.9

Max

33.9

57.5

48.3

52.3

120.5

33.9

36.2

Mean

18.27

7.72

10.45

4.65

17.82

16.53

8.06

St. Deviation

6.35

7.38

7.83

6.53

27.42

6.99

6.85

TV_DS1

STDEV_
SP_DS1

Table 1: Descriptive statistics of final variables for 5-minute interval

Diff_STDE
Diff_SP_US1V_SP_US1
DS1
-DS1
Traffic safety condition: Crash (dependent variable = 1)

TV_US
1

STDEV_
SP_US1

OC_US1

Min

0.1

0.8

0.2

0.2

0

1.2

3

Max

34.5

46.3

37.1

42.4

83.2

27.3

49.6

Mean

15.76

22.74

16.43

11.85

27.99

13.91

15.51

St. Deviation

6.72

11.03

8.88

9.97

24.43

6.44

10.71

1.2

1.5

Traffic safety condition: No-crash (dependent variable = 0)
Min

1.2

1.2

0.4

0

0

Max

33.6

38.7

43.4

30.4

119.9

33.2

38.8

Mean

18.27

9.19

10.26

3.91

16.39

16.52

9.64

St. Deviation

6.15

7.55

7.08

5.21

26.87

6.81

7.58

Table 2: Descriptive statistics of final variables for 10-minute interval
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Diff_STDEV
Diff_SP_US1_SP_US1DS1
DS1
Traffic safety condition: Crash (dependent variable = 1)

Min

TV_US
1

STDEV_
SP_US1

OC_US1

1.2

8.9

0.6

0.1

0

TV_DS1

STDEV
_SP_D
S1

0

0

Max

33.7

52.5

30.5

42.2

88.7

29

47.7

Mean

16.73

26.04

14.85

11.92

21.46

14.88

17.05

St. Deviation

6.01

10.02

7.25

10.23

20.08

6.62

10.57

Min

0

0

0

0

0

1.3

1.7

Max

33

35.6

36

90.7

118.4

31.4

90.7

Mean

18.15

10.16

10.19

4.61

16.45

16.58

11.48

St. Deviation

5.94

7.96

6.74

10.52

28.06

6.68

11.70

Traffic safety condition: No-crash (dependent variable = 0)

Table 3: Descriptive statistics of final variables for 15-minute interval

3
3.1

Model development
Model structure

This study aims to predict the traffic safety condition of motorways by associating crash data with
traffic flow characteristics that are collected by traffic loop detectors. Due to the dichotomous nature of
the dependent variable Y (i.e. dependent variable can only take two values; Y=1 for crash condition
and Y=0 for no-crash condition), application of binary logistic regression technique is appropriate. This
type of model facilitates the probability estimate of being involved in a crash or no-crash condition
based on the independent variables incorporated into the regression model. These independent
variables can be categorical or continuous. The binary logistic regression model assumes a binomial
distribution for the dependent variable. The probability of experiencing a crash or no-crash condition is
modeled as the following:
𝜋(𝑥) =

𝑒 𝑔(𝑥)

(1)

1+𝑒 𝑔(𝑥)

The Logit transformation of the 𝜋(𝑥) logistic function is shown in Eq. 2:
𝑔(𝑥) = 𝑙𝑛 [

𝜋(𝑥)

] = 𝛽0 + 𝛽1 𝑥1 + 𝛽2 𝑥2 + ⋯ + 𝛽𝑛 𝑥𝑛

1−𝜋(𝑥)

(2)

Where 𝜋(𝑥) describes the probability of experiencing crash or no-crash condition. This probability falls
between 0 and 1 (i.e. 0 ≤ 𝜋(𝑥) ≤ 1); values close to 1 signify crash conditions while values close to 0
denote no-crash conditions. 𝑥𝑖 ’s are the independent variables and 𝛽𝑖 ’s are the regression coefﬁcients
for each variable. These coefficient estimates determine the odds ratio of crash occurrence. The odds
of an event are deﬁned as the probability of the outcome event occurring divided by the probability of
the event not occurring (Hosmer. et al., 2013). The odds ratio that is equal to the exponential of the 𝛽𝑖
indicates the relative amount by which the odds of the outcome increase (ratios greater than 1.0) or
decrease (ratios less than 1.0) when the value of the independent variable increases by 1.0 unit.

3.2

Model validation technique

In this study the n-fold cross-validation technique is employed to validate the accuracy and robustness
of the prediction models (Olson and Delen, 2008). The n-fold cross-validation technique minimizes the
possible bias caused by the random sampling of the training and testing datasets. In the n-fold crossvalidation technique, the complete dataset is equally divided into n subsets. In each step of the model
development one subset is considered as for validation dataset while n-1 subsets are used as for
training dataset. The cross-validation process is then repeated n times, when each of the subsamples
12
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will be used only once as the validation data. Subsequently the n results from the n developed models
can be averaged or combined to deliver one single estimation. In this study, a 10-fold cross-validation
approach is followed.

3.3

Model development

For developing the real-time prediction models, the final variables (see Tables 1, 2 and 3) were
considered separately for each time interval. In other words, three binary logistic regression models
were developed using explanatory variables of each time interval (i.e. 5-minute, 10-minute and 15minute intervals). The results of analysis showed that the model developed based on 5-minute data
outperforms the other two models and, therefore, is selected as the final prediction model. All models’
classification results are reported in Tables 4, 5 and 6.

4

Model performance evaluation

The classification of results are shown in Tables 4, 5 and 6; commonly referred to as contingency table
or confusion matrix. In a binary prediction problem, the outcomes are labeled either as positive or
negative. In the context of this study and since the ultimate objective is to predict crash conditions, a
positive outcome is set to be a crash condition while predicting a no-crash condition is considered as a
negative outcome. Hence, there will be four possible outcomes by which the prediction accuracy of the
model can be evaluated. If the outcome of a prediction is positive and the observed value is also
positive, then this condition is considered as true positive (TP) while if the observed value is negative
then it is stated to be a false positive (FP). Similarly, a true negative (TN) will occur when both the
prediction outcome and the observed values are negative, and false negative (FN) is when the
prediction outcome is negative while the observed value is positive. Model outcomes that are labeled
with this convention are shown in Tables 4, 5 and 6.
Contingency Tablea
Predicted
Observed

ROC = 0.853

Traffic safety condition
Percentage Correct
Crash

No-crash

Crash

47 (TP)

31 (FN)

60.26

No-crash

29 (FP)

283 (TN)

90.71

Traffic safety condition
Overall Percentage

84.62

a. The classification threshold value is 0.4

Table 4: contingency table of the 5-minute prediction model

Contingency Tablea
Predicted
Observed

ROC = 0.806

Traffic safety condition
Percentage Correct
Crash

No-crash

Crash

38 (TP)

40 (FN)

48.72

No-crash

22 (FP)

290 (TN)

92.95

Traffic safety condition
Overall Percentage

84.1

a. The classification threshold value is 0.4

Table 5: The contingency table of the 10-minute prediction model
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Contingency Tablea

Observed

Predicted

ROC = 0.819

Traffic safety condition

Percentage Correct

Crash

No-crash

Crash

41 (TP)

37 (FN)

52.56

No-crash

24 (FP)

288 (TN)

92.31

Traffic safety condition
Overall Percentage

84.36

a. The classification threshold value is 0.4

Table 6: The contingency table of the 15-minute prediction model

True positive rate

The prediction performance of a binary model of outcome can be illustrated by means of a graphical
plot which is called the receiver operating characteristic (ROC) curve (Olson and Delen, 2008). This
graph is constructed by plotting the true positive rate (i.e. TP divided by total observed positives)
against the false positive rate (i.e. FP divided by total observed negatives). Figure 5 illustrates the
ROC curve for the final prediction model. Each instance or prediction outcome of the contingency table
represents one point in the ROC space. The best possible prediction would yield a point in coordinate
(0,1) of the ROC space (i.e. the upper left corner) which implies no FN and no FP. Hence, the larger
the area under the ROC curve, the better the prediction accuracy. The area under the ROC curve for
the 5-minute model is 0.853, greater in comparison with other model results, indicating an appropriate
predictive performance of this model. Moreover, it is important to distinguish between different costs
imposed by different false or true predictions. In many cases optimizing the classification rate without
considering the cost of the errors often leads to misleading results. A very well-known example of this
would be applicable in loan decisions. As it is the case for the current study, the cost of lending to a
defaulter is far greater than the lost-business cost of refusing a loan to a non-defaulter (Witten et al.,
2011). The same rule is applicable in the context of this study where the cost of having more false
negatives is greater than false positives. The results reported in Tables 4-6 showed that the 5-minute
model outperform other models by predicting less false negatives.

False positive rate
Figure 5: The ROC curve of the 5-minute prediction model
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Expectedly the prediction accuracy of the model increases if the acceptable FP rate (also referred to
as false alarm rate) also increases. However, the trade-off between the prediction accuracy of the
model and the false alarm rate needs to be considered and an appropriate threshold should be set by
traffic authorities. To this end, the classification threshold (indicated in Tables 4, 5 and 6) can be
adjusted in order to deliver appropriate classification accuracy for both traffic safety conditions (i.e. nocrash and crash conditions). Depending on the application and the definition of dependent variable,
this classification threshold can be increased or decreased to provide less false positive and false
negatives. In the context of this research, it would be beneficial to decrease this threshold and
conservatively predict more crash occasions (even if they are not observed as crash occasions) in
order to stay on the safe side. In practice and in the case of predicting a crash condition, different
countermeasures can be implemented (e.g. intelligent speed adaptation or variable speed limits) to
avoid a potential crash occurrence. Although this crash condition might not be correctly predicted (i.e.
it might not eventually lead to crash occurrence), implementation of safety countermeasures would be
anyhow beneficial since it reduces traffic flow disturbance. With the classification threshold of 0.4, the
false alarm rate of the 5-minute model is less than 10% which is significantly lower in comparison to
the results of previous studies reported by Xu et al. (Xu et al., 2013).

5

Model results

Based on the discussion of the previous section, the 5-minute model is selected as the final model. As
can be seen from the model output in Table 7, three predictor variables have significant association
with traffic safety condition.

Coefﬁcient estimate

p-value

Odds ratio

Intercept

-4.3078

0.000

-

STDEV_SP_US1

0.1044

0.000

1.1101

OC_US1

0.0832

0.000

1.0868

Diff_SP_US1-DS1

0.0149

0.000

1.0151

Table 7: Coefficient estimates and odds ratios for 5-minute model

The final chosen model’s formulation is shown in Eq.3.
𝑙𝑛 [

𝜋(𝑥)

] = −4.3078 + 0.1044 × STDEV_SP_US1 + 0.0832 × OC_US1 + 0.0149 × Diff_SP_US1 − DS1 (3)

1−𝜋(𝑥)

Where 𝜋(𝑥) denotes the probability of experiencing crash or no-crash condition. All estimate signs are
also in line with intuitive expectations. As can be seen from the results, standard deviation of speed
upstream the crash location has a positive association with crash occurrence. This implies that higher
standard deviation of speed at a location will potentially increase the risk of crash occurrence at a
downstream location. Occupancy at the upstream loop detector has also a positive sign. This indicates
that higher occupancy will also increase the likelihood of crash occurrence. Another significant variable
is the difference in average speed of upstream and downstream loop detectors. This interesting result
reveals the importance of speed and its derivative variables in crash likelihood prediction. This
signifies that if the difference in average travel speed of two consecutive locations is becoming
greater, there will be a higher probability of crash occurrence in between those two locations. Figures
6, 7 and 8 illustrate the distribution of traffic safety condition in association with the final chosen
explanatory variables.
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Figure 6: The distribution of traffic safety condition in association with variable STDEV_SP_US1

Figure 7: The distribution of traffic safety condition in association with variable OC_US1
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Figure 8: The distribution of traffic safety condition in association with variable Diff_SP_US1-DS1

6

Conclusions and Discussion

The main objective of this study was to explore the possibility of predicting traffic safety conditions on
motorways by means of traffic flow characteristics collected by double loop detector stations. Various
variables such as traffic volume, occupancy, average speed, standard deviation of speed, difference
between average speeds on two consecutive loop detector stations were among the potential
predictor variables that were considered for model development. The raw data were at 1-minute level
of aggregation, which would potentially bias the results due to their random noise. To avoid this
problem, the primary data were aggregated into three different levels, namely 5-minute, 10-minute and
15-minute intervals prior to crash occurrence time. This also enables us to identify the best level of
aggregation that will result in better crash prediction accuracy. All of these three aggregation level data
were used to develop individual prediction models by means of the binary logistic regression
technique.
The results of analysis showed that the 5-minute model outperforms the other two models by means of
more correctly predicted crash traffic conditions. The results showed that the 5-minute model was able
to correctly predict more than 60% and 90% of crash and no-crash instances respectively. The false
alarm rate (i.e. false positive in this study) resulted from the 5-minute model is less than 10%,
significantly lower than false alarm rates reported in the literature. This low percentage of false alarm
rate allows system users to decrease the classification threshold (i.e. currently set to be 0.4). By doing
so, the number of true positive predictions (i.e. number of crash instances that are predicted correctly)
will increase, meaning that the predictability of crash conditions will be improved. In return, decreasing
the classification threshold yields to more no-crash occasions being incorrectly predicted as crash
occasions. Depending on the application of safety management systems, this increase in false alarm
rate does not impose any critical problem on road users. In application of some dynamic safety
management systems (e.g. ramp metering or variable speed limits), road users are not aware of the
reason behind a change in ramp metering rate or a temporary reduced speed limit. Therefore, a
controlled decrease of the classification threshold will improve crash condition prediction accuracy.
This trade-off between the prediction accuracy and the false alarm rate must be determined cautiously
by traffic authorities based on their own specific preferences.
The first requirement in realization of a proactive highway safety management system is having
accurate real-time prediction models. The performance of the developed prediction model in this study
(i.e. the 5-minute model) appropriately fulfills this condition by predicting an acceptable rate of crash
17
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conditions. Having said that, there is always room for improving the accuracy level of developed model
by enriching the crash and traffic data (i.e. data collected by traffic surveillance cameras) and by
employing other modeling techniques. This would improve model accuracy and robustness and
subsequently would increase the acceptability of the prediction model by traffic authorities who are
going to utilize this model in their dynamic safety management system. Another extension for future
research would be the transferability check of the developed prediction model. To this end, the model
should be validated against crash and traffic data collected from various motorways. This should be
carried out to ensure that the final model is able to correctly predict traffic safety conditions on any
motorway under the same jurisdiction and with the same infrastructural basis (e.g. speed limit, traffic
volume order or geometric conditions).
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