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1. Introduction

Red light running is a clear violation of the Highway Code. As the rules call for a de�nite
stop, non-observation means not only the committing of an o�ence, but also the creation of
a possible danger for the o�ender and for other users entering the intersection on a green
light. In this respect, and above and beyond its impact on the accident rate, red light
running (RLR) breaches "the social contract on the roads" and involves a social cost from
the economic point of view. RLR can be interpreted as a third part e�ect.

In 2002 the French authorities decided to install an automated enforcement system of
the Highway Code. These safety cameras enforce speed limit and signalized intersection
regulation (Carnis 2009). Intersection surveillance devices went into operation in 2009 on
the roads of major cities. To achieve e�cient regulation, public authorities need information
relating to this speci�c market (Ehrlich 1996). In the case of tra�c light violations, there
is little information concerning the prevalence of such behaviours. The objective of this
paper is to highlight the importance of these phenomena and the factors in�uencing these
behaviours through a �eld study in the city of Nantes. In other words, this study aims at
assessing individual demands for red light running from �eld data, before the installation of
automated enforcement devices.

The next section highlights the approach we used in regard to the existing literature.
Section 3 presents the data and the model, while section 4 is concerned with the results.
The �ndings are discussed in section 5.

2. Background

Red light running (RLR) is not only a violation of the Highway Code; it also constitutes a
violation of a common rule and a deviation from expectations among the road user popu-
lation. It is a source of "discoordination" among individual plans (Walliser 2000, p. 165).
Such behaviour is also a dangerous driving practice and a source of accidents and fatalities.
Red light running also implies a social cost that society and victims have to bear. From a
micro-perspective, several studies suggest that RLR can be conceived as a typical example
of risk-taking behaviour ( Ellison-Potter et al. 2006; Horvath and Zuckerman 1993). Most
of the literature dealing with tra�c light violations focuses on driver characteristics (Chin
1989, p. 177; Johnson et al. 2011) and the deterrent impact of red light cameras (RLC)
(Fitzsimmons et al. 2009; Lum and Halim 2006; Retting et al. 2003; Retting et al. 1999),
However the impact of environmental factors (hour and day, urban and tra�c context) on
the red light running decision is rarely investigated. Regarding the impact of RLC, several
studies have found that they provide a signi�cant reduction of violations but with di�erent
impacts for road fatalities and injuries (Tay 2010; Wahl et al. 2010; Erke 2009; Shin and
Washington 2007; Persaud et al. 2005; Retting et al. 2003; Retting and Kyrychenko 2002;
Andreassen 1995; South et al. 1988). All in all, intervening with RLC remains a costly
decision and implies economic tradeo�s for the public decision maker. It is thus important
to assess the circumstances of tra�c light violations for determining whether or not the
deployment of automated devices represents an appropriate and e�ective countermeasure.
When the decision to use automated devices has been made by authorities, such information
is still helpful, for de�ning the best strategy for deployment (Tay and De Barros 2009).
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3. Methodology

We propose a quantitative analysis of large red light running data sets. This original study
aims at providing new information concerning red light running frequencies as well as a
model of the factors predicting red light violations for a French case: the city of Nantes.

3.1. The �eld of investigation

The City of Nantes was considered for this study. It is the sixth largest city in France,
with more than 300, 000 inhabitants. 230 signalized intersection accidents occurred over the
2007-2009 period, representing 21% of all accidents for the city of Nantes. Road accidents
associated with RLR are a main concern.

26 tra�c lights, located at 20 intersections were considered for recording red light run-
nings. The chosen sites were representative of the overall urban con�guration of the city
of Nantes (more or less dense central area, residential), of pedestrian tra�c, and of local
activities (extent of retail facilities, presence or absence of a school nearby). Tra�c density
(structural road network, urban thoroughfare, feeder road, transit or local tra�c) was also
taken into account.

3.2. The data

RLR observations were collected by installing a pneumatic counting device on each site for
one week every three months. These counters recorded for each measurement hour the total
tra�c and the number of red light runners.

When counting anomalies were detected (missing or inconsistent data), the entire relevant
week was removed from the list of data to be analysed. The most frequent problems were
related to road works, detachment of the air hoses, or electricity supply failure for the
counter. Finally, the average observation period was 2.8 weeks per intersection for the year
under study.

Some periods presented particularly high rates of RLR (number of violations per total
tra�c). Hourly measurements in excess of 20% were considered aberrant1 and removed from
the dataset (2.5% of all observations). Finally, 56, 020 infringements were counted for a total
of 3, 799, 700 vehicle passages.

3.3. The model

In order to weight the relative impact of each environment factor on running behavior, an
ANOVA was run on observed runnings. More precisely, the dataset consists of counted data
and violation numbers, which are assumed to follow a Poisson distribution of parameter λ.
Since the values of λ are positive, a log-linear model is considered.

log(λ) = m+ εhour+ εday+ εmonth+ εsite (1)

1This value corresponds to a deviation from the mean rate that is three times larger than the standard
deviation.

3388



Economics Bulletin, 2012, Vol. 32 No. 4 pp. 3386-3393

In (1), each factor is considered as random e�ect εfactor ≡ N(0, σfactor) and σfactor has
to be estimated. m is the grand mean. Equation 1 represents the baseline model, assessing
the variance related to each factor. This model is then further developed insofar as other
explanatory variables (�xed e�ects) are added in an explanatory perspective. Estimations
are made using the lme4 package, developed for the R software.

4. Results

The results of the ANOVA (model 1) are presented in the �rst column of table 1. We observe
that the factor showing the largest impact on the number of violations is the site under con-
sideration. The impact of the variable "hour" presents a similar range. The role of month
is less explicative, and the violations variable is also found to vary slightly with the day.

Table 1: Estimations of models models 1 and 2

Factor Estimate (Std Errors)

Random effects Site 0.70 0.73
Hour 0.68 0.08
Day 0.15 0.05
Month 0.28 0.31

Fixed effects Intercept 1.10 (0.22) −2.73 (0.18)
log(Traffic) 0.77 (0.01)

Goodness of fit Log Likelihood −19498 −17147

Intuitively, violations may also depend on tra�c conditions, and this factor may be
correlated with the other environment factors. Tra�c is thus considered in the model 2.
Accounting for tra�c conditions in the model signi�cantly improves the likelihood (χ2 test,
p < 0.001). The elasticity of red light running to tra�c is estimated at 0.77. The impact
of other factors drops drastically, when the tra�c variable is considered by the model. In
particular, the standard deviation related to the hour is divided by a factor of almost ten.
The standard deviation of the day e�ect is also divided by three. This suggests that hour
and day e�ects were in fact due to tra�c condition. Nevertheless, the site and month e�ects
remain unchanged when tra�c is included.
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Table 2: Estimation of model 3

Factor Estimates (Std Errors)

Random effects Site 0.73
Hour 0.06
Day 0.04
Month 0.18

Fixed effects Intercept −2.755 (0.257)
log(Traffic) 0.788 (0.011)
Monthtrend −0.048 (0.023)
Spring 0.073 (0.191)
Summer −0.100 (0.181)
Fall 0.616 (0.011)
Night 0.136 (0.031)
Week end −0.062 (0.037)

Goodness of fit Log Likelihood −17133

Model 3 aims at explaining the variance measured in model 2 by adding the following
explanatory variables: time period (day or night), day type (business day or weekend) and
season (Table 2). A monthly trend is also included. These new variables signi�cantly improve
the likelihood of the model (χ2 test, p < 0.001).

All things being equal, RLR are more numerous during night hours (+13%) and less
numerous during weekends (−5%). The greater propensity to run red lights during night
may be due to a speci�city of night road users or to driving conditions (e.g. driving while
intoxicated) that may induce higher risk-taking or driving errors. From a deterrence theory
perspective, this reduced propensity to abide by tra�c rules may derive from a lower risk
of being caught by the police. The di�erence that is observed between business days and
weekends is also consistent with the theory of rational criminals, since the pro�tability of
red light running increases during business days when time value is higher.

Regarding seasonality, the most characteristic season is fall, with the number of violations
higher by 60%. This season is also generally marked by the highest number of road fatalities
(ONISR 2009). Over time a signi�cant trend is observed, with a decrease of 5% per month.
This may be due to the context of increased tra�c rule enforcement and communication
about the deployment of automated tra�c cameras taking place elsewhere in the country
during the studied period.
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5. Discussion

This study proposed an empirical estimated analysis of RLR, which depend on individual de-
mands2 before the deployment of tra�c light cameras. Regarding the impact of time context
on such behaviours, the results are consistent with the prediction of rational crime theory.
Beating road tra�c constraints by forcing your way through and so reducing waiting time
during a congestion period; avoiding stopping at an intersection at night, when there is little
or no tra�c, and consequently a low risk of being involved in a road accident; these things
can incentivise deliberate breaking of the rules. This kind of violation de�nitely remains a
matter of individual decision (Becker 1968), but a decision whose parameters are markedly
in�uenced by the context in which they are taken. Indeed, the most original �nding is that
the main factor in red light running is the signalized intersection under study. This result
suggests that in addition to individual rationality, the environmental context plays a crucial
part in this type of illegal behaviour. Understanding why people run red lights, though, is
not simply a matter of identifying personal characteristics (Porter and England 2000; Ret-
ting and Williams 1996). From a policy perspective, this pronounced variance between the
sites suggests that besides deterrence, modifying intersection design may be a way to induce
greater abidance by tra�c lights. Regarding the overall occurrence for this type of illegal
behaviour, red light violations are not an uncommon phenomenon. However, they do not
always lead to consequences in terms of accidents. In this respect RLR do not take place
regardless of the risk involved, and complementary studies are called for in determining the
mechanism at work. From a public policy perspective, this also suggests that a cost-bene�t
analysis has to be considered before a general implementation of RLC.

This study o�ered a picture of illegal crossings at signalized intersections before the de-
ployment of tra�c light cameras. A straightforward development would consist in proceeding
to a follow-up study after such devices are installed in Nantes. Regarding the impact of sig-
nalized intersection location on illegal behaviours, a sample of 26 sites o�ers only limited
possibilities to further explore the variance between sites. A follow-up study could consider
a broader sample of sites and attempt to capture their characteristics (geometry, urban en-
vironment, number of lanes) and their impact upon violations. Another direction for future
research would consist in using more sophisticated counters to record individual data, iden-
tify the type of users committing the violation, and o�ering precise time-stamping to better
characterize the red light running.

2These individual demands depend on gains associated with the RLR (such as time savings) and costs (risk
of being involved in a road accident, of having a �ne).
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