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bstract

Red light cameras (RLCs) have been used in a number of US cities to yield a demonstrable reduction in red light violations; however, evaluating
heir impact on safety (crashes) has been relatively more difficult. Accurately estimating the safety impacts of RLCs is challenging for several
easons. First, many safety related factors are uncontrolled and/or confounded during the periods of observation. Second, “spillover” effects caused
y drivers reacting to non-RLC equipped intersections and approaches can make the selection of comparison sites difficult. Third, sites selected
or RLC installation may not be selected randomly, and as a result may suffer from the regression to the mean bias. Finally, crash severity and
esulting costs need to be considered in order to fully understand the safety impacts of RLCs.

Recognizing these challenges, a study was conducted to estimate the safety impacts of RLCs on traffic crashes at signalized intersections in the
ities of Phoenix and Scottsdale, Arizona. Twenty-four RLC equipped intersections in both cities are examined in detail and conclusions are drawn.
our different evaluation methodologies were employed to cope with the technical challenges described in this paper and to assess the sensitivity of

esults based on analytical assumptions. The evaluation results indicated that both Phoenix and Scottsdale are operating cost-effective installations
f RLCs: however, the variability in RLC effectiveness within jurisdictions is larger in Phoenix. Consistent with findings in other regions, angle
nd left-turn crashes are reduced in general, while rear-end crashes tend to increase as a result of RLCs.

2007 Elsevier Ltd. All rights reserved.
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. Introduction

During the period from 1992 to 1998, almost 6000 people
around 850 per year) died in red light running (RLR) crashes
n the Unites States, and another 1.4 million (around 200,000
er year) were injured in crashes that involved red light running
McGee and Eccles, 2003). In Arizona in 2003, there were 5577
rashes related to red light running of which 5553, resulted in
njury and 49 in death (AGOHS, 2003). As one of numerous
ossible countermeasures to address red light running and asso-
iated crashes, red light cameras (RLCs) have been used in a
umber of US cities. There is a fairly extensive body of lit-
rature focused on the impact of RLCs on specific types and

everities of crashes. In most studies, even though the degree
f impact has varied from site to site, the overall results of the
valuations suggest that RLCs have contributed to reducing the
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requency of right-angle crashes and to increasing the frequency
f rear-end crashes (Retting and Kyrychenko, 2002; McGee and
ccles, 2003). However, previous research conducted recently

eports that the results of most studies are likely to be invalid
s the result of methodological difficulties (Retting et al., 2003;
ersaud et al., 2005).

Accurately estimating the safety impact of RLCs is challeng-
ng for several reasons. First, many safety related factors such
s traffic volume, crash reporting threshold, the probability of
eporting, and the driving population are uncontrolled during
he periods of observation. Second, ‘spillover’ effect caused by
rivers reacting to non-RLC equipped intersections and non-
arget approaches can make the selection of comparison sites
ifficult. Third, the sites selected for RLC installation may not be
elected randomly, and as a result may suffer from the regression
o the mean effect. Finally, crash severity needs to be considered
o fully understand the safety impact of RLCs. With these chal-
enges in mind, this study was designed to estimate the impact
f RLCs on traffic crashes at signalized intersections in the two

ities, Phoenix and Scottsdale, Arizona. More specifically, the
cope and objective of the research was:
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estimate the impact of the RLCs on safety at signalized inter-
section approaches equipped with cameras—referred to as
target approaches;
estimate the impact of the RLCs on safety at all signalized
intersection approaches (testing for the potential spillover
effect of the RLCs on non-target approaches);
assess the sensitivity of the evaluation results from four dif-
ferent methodologies;
translate the impacts estimated into economic effects.

To assess the impact of RLCs on safety, a survey was prepared
hat benefited from a thorough literature review and was admin-
stered to various jurisdictions in Arizona in order to obtain
he necessary data and in order to determine which analysis

ethodologies could successfully be applied. Using the com-
iled dataset from survey responses, 4 evaluation methodologies
ere designed and administered at 10 intersections in the city of
hoenix and 14 in the city of Scottsdale, in which the installation
f RLCs was determined by observed high crash frequencies,
ven though citywide coverage or geographic conditions for
ardware installation were also considered. Our methodolo-
ies consisted of: (1) a simple before-and-after study, (2) a
efore-and-after study with traffic flow corrections, (3) a before-
nd-after study with a comparison group, and (4) an empirical
ayesian analysis to correct for potential regression to the mean
ffects. Applying the four analysis methods enabled us to pro-
uce a comparison of the sensitivity of the results from the
ifferent analytical assumptions and to reveal possible incon-
istencies across them.

The remainder of the paper consists of a description of the
arget crashes as well as the before and after study method-
logies. Then, additional considerations such as the spillover
ffect, statistical tests, and approach for quantifying economic
mpact are described. To conclude the paper, detailed results of
he evaluation are followed by discussion and recommendations.

. Before and after study methodologies

The analysis approach developed and described here is
n expansion and mathematical formalization of the methods
escribed by Hauer (Hauer, 1997; Hauer et al., 2002). It con-
ists of four steps, the first being the estimation of π and λ by
sing various methodologies. The second step is to estimate the
ariance of these two estimates. The third step is to estimate the
mpact of treatment represented as δ and θ. The final step is to
stimate the variance of the impacts. The key notations used are:

π: expected number of crashes in the after period if the treat-
ment had not been installed;
λ: expected number of crashes in the after period with the
treatment in place;
δ = π − λ: change in safety due to the treatment;
θ = λ/π: index of the effectiveness of the treatment.
If either δ is greater than 1 or θ is less than 1, then one con-
ludes that the treatment is effective. The parameters π, λ, δ,
nd θ are unknown parameters and must be estimated using

•

nd Prevention 39 (2007) 1212–1221 1213

he available data. There are numerous arduous aspects of esti-
ating these unknown parameters. Generally, the value of λ is

eing estimated using the observed number of crashes in the after
eriod. It might seem that the observed number of crashes in the
efore period would be employed to predict the value of π. How-
ver, it is insufficient to predict the value of π using the observed
umber of crashes in the before period. Problems may arise in
ither many potential recognizable and unrecognizable factors,
hich may have changed from the before to after periods, or

n the regression to the mean bias that has resulted from sites
eing selected based on prior crash histories. Thus, often more
igorous evaluation methodologies are needed to obtain accurate
stimates of π, which are described in detail in the following sec-
ion. Regardless of the corrections made to the before and after
tudy, a basic four-step procedure is used (with modifications)
o estimate the safety effect of a treatment.

.1. Preliminaries: defining target crashes

Before estimating the impacts, it is necessary to define which
rash types are materially affected by RLCs—referred to as
arget crashes. In theory, the presence of RLCs reduces the occur-
ence of red light running and thereby reduces the possibility of
elated angle and left-turn crashes. In contrast, the presence of
LCs increases the likelihood of rear-end crashes because some
rivers will stop abruptly in order to avoid a potential ticket,
ausing the following vehicle to hit the lead vehicle. Thus, it is
enerally accepted that RLCs have the potential to reduce angle
nd left-turn crashes at signalized intersections and to increase
ear-end crashes on the intersection approach on which the RLCs
re installed (McGee and Eccles, 2003; Retting et al., 2003;
ouncil et al., 2005a; Persaud et al., 2005). Therefore, crashes

elated to RLCs are divided into two-crash types: those attributed
o RLR (i.e., angle and left-turn crashes) and those caused by
ctions related to avoiding RLR (i.e., rear-end crashes). Addi-
ionally, three filter criteria were used to extract target crashes
rom these two-crash types:

Distance from crash occurrence location to the center of
the intersection: Angle and left-turn crashes were extracted
from the center of the intersection only. In the case of rear-
end crashes, only those that occurred within 30 m (100 ft)
from the center of the intersection were considered as tar-
get crashes. While a national study (Council et al., 2005a;
Persaud et al., 2005) used “46 m (150 ft)” for choosing the
RLC related rear-end crashes, “30 m (100 ft)” was used in
this analysis—resulting in a more conservative analysis (com-
pared to using 150 ft). Moreover, it should be noted that the
selection of a static distance is justified mainly due to the ease
of coding data but not on theoretical grounds. It is possible
for instance that a crash 91 m (300 ft) from an intersection is
intersection-related, while a crash 15 m (50 ft) from an inter-
section is not. These static assumptions used in a multitude

of intersection safety studies are an excellent research topic
in need of further study.
Driver’s physical condition: Crashes that involved factors
such as heavy drinking, the influence of drugs, illness, and
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sleep deprivation/fatigue were removed for consideration as
well, as it is likely that these factors dominated the accident
occurrence compared to the presence of a RLC. In addition,
these factors are not directly affected by the presence of a
RLC. As a result only crashes that involved drivers with “No
apparent defects” were considered as target crashes.
Driver’s prior actions: Crashes that involved the vehicle
driver’s irrelevant prior actions such as entering a driveway
and getting in or out of the vehicle were excluded.

All available data were used to support the study periods
or the before and after RLC installation periods (Phoenix:
0/98–09/03; Scottsdale: 01/90–12/03). Lengthy evaluation
eriods are useful for considering regression-to-the-mean effects
s well as for sample size considerations—but even under favor-
ble conditions samples sizes can remain relatively small. The
tarting year of crash data for Scottsdale was adjusted from 1990
o 1991 because of the increase of the crash reporting threshold
n 1991 (from US$ 500 to US$ 1000).

.2. Estimate expected crash frequency

The first step is to estimate λ and π. The notations used to
escribe and develop four methodologies are:

K (η): observed (expected) number of crashes at the treated
sites in the before period;
L (λ): observed (expected) number of crashes at the treated
sites in the after period;
M (μ): observed (expected) number of crashes at the compar-
ison sites in the before period;
N (ν): observed (expected) number of crashes at the compar-

ison sites in the after period.

It is generally assumed that the expected value of λ is equal
o the observed number of crashes in the after period, while the

d
f
a
a

able 1
ummary of observed and predicted crash frequencies for various analysis methodol

pproach Jurisdiction Crash type Ka L

ll approaches

Phoenix
Angle 97 56
Left-turn 335 226
Rear-end 201 162

Scottsdale
Angle 207 113
Left-turn 457 167
Rear-end 676 590

arget approaches

Phoenix
Angle 50 20
Left-turn 197 122
Rear-end 81 83

Scottsdale
Angle 91 62
Left-turn 308 106
Rear-end 199 184

a K, L, M, and N are aggregated values for all intersections in each jurisdiction (see
b 1: Simple correction; 2: comparison group correction; 3: traffic flow correction; 4
c Not applicable.
nd Prevention 39 (2007) 1212–1221

stimate of π varies across methodologies. The estimate of λ is:

ˆ = L (1)

n the following subsections, four estimation methodologies are
escribed in detail. All estimation results and the observed crash
requencies aggregated for all RLC intersections in both juris-
ictions are summarized in Table 1.

.2.1. Simple before and after study
The simple study approach is based on the following assump-

ions. First, traffic volume, geometry, road user behavior,
eather, and many other factors have not changed from the
efore to the after period. Second, there are no treatments or
mprovements other than the installation of RLCs in the after
eriod. Third, the probability that the crashes are reported is
he same in both periods, and the reporting threshold has not
hanged. These assumptions may be questionable at many sites,
ut it serves as a starting point for the analysis and provides
esults that may serve as a baseline for comparison. The pre-
icted value of π is simply equal to the observed number of
rashes in the before period: π̂ = K. However, the ratio for dura-
ion denoted as rd (after/before period for an intersection) is used
o adjust the duration difference. The modified simple predicted
alue of π is:

ˆ S = rd · K (2)

.2.2. Before and after study with traffic flow correction
Numerous factors may influence safety, such as changes

n traffic volume, geometry, signage, striping, weather, sur-
ounding land uses, and driving populations. These factors are

ivided into two categories: recognizable and unrecognizable
actors (Hauer, 1997). The recognizable factors are measurable
nd directly modeled. Traffic flow is an important recogniz-
ble factor that is extremely influential on safety and should

ogies

M N π̂

lb 2 3 4

115 123 61.3 65.2 –c –
398 427 213.4 228.1 – –
188 199 127.5 134.7 – –

– – 162.6 – 160.2 135.5
– – 281.4 – 280.4 276.5
– – 397.3 – 361.6 406

– – 32.1 34.5 – –
– – 126.2 135 – –
– – 51.8 55 – –
– – 76.8 – 73.5 76.8
– – 202.7 – 200.8 192.8
– – 116.5 – 108.7 130.4

Section 2.2).
: empirical Bayesian correction.



lysis and Prevention 39 (2007) 1212–1221 1215

b

π

w
t
v
t
p
f
u
a
m
b
S

E

w
a
e
P
b
s
t
p

V

e
n
S
fl
i
m
u

2

i
fl
t
m
c
d
i
o
o
g
c
p
s
i

π

an
ce

fu
nc

tio
ns

us
ed

in
th

e
tr

af
fic

flo
w

an
d

E
B

co
rr

ec
tio

ns

nd
en

tV
ar

ia
bl

e
es

)
C

on
st

an
t

L
n

(A
A

D
T

)b
L

n
(A

A
D

T
m

aj
)

L
n

(A
A

D
T

m
in

)
L

n
(A

A
D

T
t)

L
n

(A
A

D
T

p
)

N
um

be
r

of
la

ne
s

A
ve

ra
ge

ye
llo

w
tim

e
(s

)
O

ve
r-

di
sp

er
si

on
(α

)

−6
.7

55
3

(2
.8

74
5)

0.
74

86
(0

.2
57

2)
0.

17
67

04
9

e
−9

.1
27

4
(5

.4
00

8)
0.

88
14

(0
.5

37
4)

–c

tu
rn

−1
.2

66
2

(2
.8

13
7)

0.
21

09
(0

.2
73

8)
0.

60
64

40
4

en
d

−1
8.

57
55

(5
.3

22
2)

1.
91

39
(0

.5
28

7)
0.

46
14

63
3

−7
.1

60
4

(2
.0

63
5)

0.
85

86
(0

.1
84

2)
0.

10
33

75
6

e
−2

.4
15

8
(3

.6
60

3)
0.

25
11

(0
.3

26
1)

–
tu

rn
−1

.1
04

2
(3

.3
46

0)
0.

21
76

(0
.2

98
1)

0.
41

71
30

7
en

d
−1

9.
70

30
(3

.7
96

3)
1.

91
87

(0
.3

37
2)

0.
19

06
72

4

−9
.7

63
2

(2
.2

36
1)

0.
95

08
(0

.2
25

3)
0.

29
45

(0
.1

40
9)

−0
.1

00
8

(0
.0

50
9)

0.
07

06
69

1
e

−2
.4

15
7

(3
.6

51
8)

0.
25

11
(0

.3
26

7)
2.

64
E

-0
6

tu
rn

−1
.6

15
3

(3
.3

28
1)

0.
18

67
(0

.4
12

4)
0.

09
33

(0
.2

88
7)

0.
41

16
51

6
en

d
−1

5.
13

92
(7

.4
97

5)
1.

46
53

(0
.4

18
4)

0.
77

99
(0

.2
79

3)
−0

.2
87

9
(0

.2
08

9)
−0

.9
09

2
(0

.9
23

5)
0.

15
68

78
3

m
et

er
es

tim
at

es
,a

ss
oc

ia
te

d
st

an
da

rd
de

vi
at

io
ns

ar
e

in
pa

re
nt

he
se

s.
s

fo
r

ta
rg

et
ap

pr
oa

ch
es

us
ed

in
th

e
tr

af
fic

flo
w

co
rr

ec
tio

n
an

d
E

B
co

rr
ec

tio
n

(n
=

48
);

SP
F

2:
SP

Fs
fo

r
al

la
pp

ro
ac

he
s

us
ed

in
th

e
tr

af
fic

flo
w

co
rr

ec
tio

n
(n

=
49

);
SP

F
3:

SP
Fs

fo
r

al
la

pp
ro

ac
he

s
us

ed
in

io
n

(n
=

49
).

D
T

on
al

la
pp

ro
ac

h
le

gs
;A

A
D

T
m

aj
:A

A
D

T
on

m
aj

or
ro

ad
s;

A
A

D
T

m
in

:A
A

D
T

on
m

in
or

ro
ad

s;
A

A
D

T
t:

A
A

D
T

on
ta

rg
et

ap
pr

oa
ch

es
;A

A
D

T
P
:A

A
D

T
on

pe
rp

en
di

cu
la

r
ap

pr
oa

ch
es

.
ab

le
.

K. Shin, S. Washington / Accident Ana

e considered. Then, the estimate of π is given:

ˆ T = r̂tf · K = f (Âavg)

f (B̂avg)
· K (3)

here rtf is the ratio of traffic flow in the before period to that in
he after period, and Âavg and B̂avg represent the expected traffic
olume during the after and before periods respectively. Since
he relationship between traffic flow and safety is not typically
roportional, it should be represented by the safety performance
unction (SPF)—a functional relationship between traffic vol-
mes and safety for a specific site or class of sites. The general
pproach used to develop SPFs involves the use of count based
odels, the most popular of which are the Poisson and negative

inomial regression models (Washington et al., 2003). Thus, the
PFs using the Poisson regression model are represented:

[yi|xi] = exp(x′
i�) (4)

here yi is the number of crashes per year at intersection i, xi is
vector of AADT at intersection i, and � is estimable param-

ters. Theoretically, the expected number of crashes from the
oisson regression model is the same as that from the negative
inomial regression model. However, the variances are different
ince the data are generally over-dispersed as shown in Eq. (5);
he parameter α is commonly referred to as the over-dispersion
arameter.

ar[yi|xi] = exp(x′
i�)[1 + α · exp(x′

i�)] (5)

Due to data availability, traffic flow adjustments are consid-
red in Scottsdale only. The SPFs estimated using the Poisson or
egative binomial regression model are summarized in Table 2.
ince the number of accidents is positively associated with traffic
ow, and Scottsdale had some significant traffic flow decreases

n recent years due to a freeway constructed in the city, the esti-
ates of π using the traffic flow correction are less than those

sing the simple approach as shown in Table 1.

.2.3. Before and after study with a comparison group
Explicitly, the before and after study with a comparison group

s different from the simple before and after study (with traffic
ow correction) in that it attempts to consider unobserved fac-

ors, which cannot easily be modeled. The comparison group
ethod is a variation of the common experimental study with a

ontrol group, in which the treatment and control groups are ran-
omly selected from the pool of potential intersections for RLC
nstallation. However, the comparison group is selected based
n its similarity to the pre-selected RLC intersections (i.e., with-
ut random selection). The key assumption for the comparison
roup method is that the ratio of the expected number of target
rashes in both periods is the same for both the treated and com-
arison sites. This suggests that unobserved changes in safety,
uch as driving population, weather, etc., affect comparison sites

n the same way as treated sites. The estimate of π is given:

ˆ C = r̂T · K = r̂C · K = N/M

1 + 1/M
· K (6)
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here rT and rC are the ratio of the after to the before expected
arget crashes at treated sites and comparison sites respectively
i.e., rT = π/η; rC = ν/μ), and these two ratios are identical under
he comparison group method assumption. Since the ratio rC is a
andom variable consisting of a non-linear combination of two
andom variables (μ and ν) and the observed counts of target
rashes at comparison sites are Poisson distributed, the estimate
f π is represented as Eq. (6) with the observed values.

The comparison group method is applied to Phoenix only
ecause of the lack of data for comparison sites in Scottsdale.
omparison ratios (rC) range from 1.028 to 1.162, which are
stimated by using the crash data from 13 comparison sites
xtracted by the city of Phoenix based on their similarity to the
LC intersections in Phoenix. The estimated comparison ratios

uggest that the crash frequency at comparison sites slightly
ncreases in the after period. Therefore, the estimates of π using
he comparison sites are greater than those using the simple
pproach as shown in Table 1.

.2.4. Empirical Bayesian before and after study
In the previous approaches, the observed crash count in the

efore period (K) plays a key role in estimating π with the cor-
ection factors (i.e., rtf and rC). However, it is also necessary
o consider the possible regression-to-the-mean (RTM) bias in
afety studies. When sites are selected due to a high crash count
istory for the treatment as the installation of RLCs in Arizona,
he observed crash frequency K is likely to suffer from RTM bias,
nd the best estimate of π is conditionally defined as E[κ|K]. In
uch circumstances, the observed crash K and the expected value
are thought of as a sample and as a prior, respectively in the
ayesian model. Under the assumption that the observed crash

requency (K) is Poisson distributed with parameter κ, and the
rior distribution for κ is a gamma distribution with parameters
and b, the posterior density for κ is represented as Eq. (7) by

he Bayesian theorem:

(κ|K) = f (K|κ) · f (κ)

f (K)

= (a + 1)K+b

Γ (K + b)
· κ(K+b−1) · e−(a+1)κ (7)

here f (κ|K) is the posterior density of parameter κ given sam-
le K, f (κ) is the prior density of parameter κ in which κ is
onsidered a random variable, and f (K|κ) is the likelihood of
ample K. Then, the Bayesian expected value of κ is expressed:

[κ|K] = w · E[κ] + (1 − w) · K; w = E[κ]

E[κ] + Var[κ]
(8)

here the term w is a weight between 0 and 1. In Eq. (8), E[κ|K]
s interpreted as the expected count of crashes for a site given
bserved crash frequency K, and E[κ] is the average crash fre-
uency of the reference group, which is similar to the comparison
roup, but the reference group should have data about crashes

s well as other covariates for the safety performance function
sed in the empirical Bayesian (EB) method. The weight w con-
ists of the average crash frequency of similar intersections (i.e.,
[κ]) and the variation around E[κ] (i.e., V[κ]). If w is estimated

r
f
f
t

nd Prevention 39 (2007) 1212–1221

o be near 1, then the E[κ|K] of the intersection of interest is close
o the mean of its reference population (E[κ]). On the contrary,
f w is estimated to be near 0, then the E[κ|K] of the intersection
f interest is mainly affected by the observed crash frequency
K).

The two components E[κ] and V[κ] play a pivotal role in
btaining the Bayesian estimator E[κ|K] as shown in Eq. (8).
he two components are expressed using two parameters for the
rior and are empirically estimated using observed data (Carlin
nd Louis, 2000). In the EB approach, it is common to assume
hat the crash frequency serves as data from a negative binomial
istribution (Hauer, 1997; Hauer et al., 2002). By using a nega-
ive binomial regression model, the two pivotal components can
e estimated:

ˆ [κ] = f (covariates); V̂ar[κ] = Ê2[κ] · α;

ˆ = Ê[κ]

Ê[κ] + V̂ar[κ]
(9)

here the estimate of E[κ] and an over-dispersion parameter
are obtained by using SPFs for the EB correction shown in

able 2. Therefore, the weight w in Eq. (8) is estimated by using
he estimates of E[κ] and V[κ], and the EB estimate of π is given
y:

ˆ EB = Ê[κ|K] = ŵ · Ê[κ] + (1 − ŵ) · K (10)

ue to the lack of a complete reference group dataset, the EB
orrection is applied only to the city of Scottsdale by using the
afety performance functions in Table 2. It should be noted that
he EB estimate of π is always between K and E[κ]. In addition,
[κ] should be less than or equal to K when treatment sites are
elected by high crash frequency.

.2.5. Sensitivity of estimates of π across methodologies
Applying four different analysis methods enables the com-

arison of the sensitivity of the results and the identification of
he possible inconsistencies in them. Table 1 shows the results
f the predictions of crashes in the after period in the absence of
RLC. In Phoenix, the predicted values obtained by using the

imple approach are slightly less than those obtained by using
he comparison group method. This is because the correction
atios are greater than 1, indicating that the crash frequencies
ere expected to increase in the after period (rather than stay

onstant as the simple method assumes). In Scottsdale, the aver-
ge reduction in traffic flow during the after period results in the
rediction to decrease compared with the simple approach. The
ecrease in predictions for angle and left-turn crashes obtained
y using the EB correction reflects the adjustment of the RTM
ias.

.3. Estimate the impact of treatment represented as δ and θ

The next step is to estimate the impact of RLCs on safety

epresented as δ and θ, in which the estimators of both are a
unction of λ̂ and π̂. Eq. (11) presents the unbiased estimators
or δ and θ, in which the estimator of θ was obtained by using
he well-known delta approximation, because θ is a non-linear
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unction of two random variables. Since the applications of the
elta method are necessarily brief, the interested reader can refer
o two references for a full derivation and justification (Hauer,
997; Washington and Shin, 2005) and consult two of a variety
f references for the delta method (Greene, 2003; Hines et al.,
003).

ˆ = π̂ − λ̂; θ̂ ∼= λ̂/π̂

1 + V̂ar[π̂]/π̂2
(11)

Eq. (11) shows that it is also necessary to estimate the variance
f π̂ in order to estimate the index of the effectiveness θ. The
ariances for π̂S, π̂T, and π̂C are shown in Eq. (12), which are
stimated using the delta method along with the assumption that
he number of target crashes is Poisson distributed (often the case
t a single site). However, the variance of π̂EB is estimated from
he fact that the variance of the posterior density for κ in Eq. (7)
s (1 − w) · E[κ|K]. Again, a full derivation and justification for
he variances of π̂ can be found in Hauer (1997) and Washington
nd Shin (2005).

V̂ar[π̂S] = r2
dK

V̂ar[π̂T] = r̂2
tf · K + K2 · V̂ar[r̂tf]

V̂ar[π̂C] = π̂2 · (1/K + V̂ar[r̂C]/r̂2
C)

V̂ar[π̂EB] = (1 − ŵ) · π̂EB

(12)

The final step is to estimate the variances of the effects
btained using the four different methods, which are then used
o approximate the “level of confidence” of the results. Eq. (13)
hows the unbiased estimators for the variances of δ̂ and θ̂, in
hich the variance of θ̂ is also obtained by using the delta method

Hauer, 1997; Washington and Shin, 2005).

âr[δ̂] = π̂ + λ̂; V̂ar[θ̂] ∼=
θ̂2 ·

{
(V̂ar[λ̂]/λ̂2) + (V̂ar[π̂]/π̂2)

}
{

1 + (V̂ar[π̂]/π̂)
}2

(13)

.4. Additional considerations

.4.1. Spillover effects
Spillover effects have been defined as the effects of RLCs on

afety at non-camera equipped intersections in the jurisdiction
y jurisdiction-wide publicity. If cameras have an effect on driver
ehavior that extends beyond the RLC equipped intersections,
hen other intersections in the area will likely also experi-
nce a decrease in angle crashes (McGee and Eccles, 2003).
revious research suggests that there are potential spillover
ffects from the use of RLCs (Retting et al., 1999; McGee
nd Eccles, 2003; Council et al., 2005a; Persaud et al., 2005;
aungyai and Hobeika, 2005). In order to investigate poten-

ial spillover effects, the before and after study explained in

he previous section should be applied to non-camera intersec-
ions in each jurisdiction. However, it is difficult to evaluate
otential spillover effects due to the multiple treatment dates
or each RLC intersection. A national study involving multi-

a
a
i
O

nd Prevention 39 (2007) 1212–1221 1217

urisdictions used the year of the very first RLC installation at
reated sites as the ‘start date’ for comparison sites. They con-
luded that there were weak indications of spillover effects that
oint to a need for a more definitive, perhaps prospective, study
f this issue (Council et al., 2005a; Persaud et al., 2005). In
his study, the effects on all 4 approaches and those on target
pproaches (i.e., the RLC equipped approach) are separately
uantified and the spillover effects are calculated by subtracting
he effects on the target approach from those on all approaches.
pillover effects at non-RLC equipped intersections are not exa-
ined.

.4.2. Statistical tests for the estimated effects
It is necessary to test as to whether or not the estimated effects

ˆ and θ̂ are statistically significant. To assess significance the
onditional binomial test and the normal approximate test using
ogarithm transformation of Poisson means’ ratio were used.
ssuming that X and Y are two independent Poisson random vari-

bles with parameters π and λ, the conditional binomial test was
onducted using the conditional distribution of X given X + Y = n,
hich is a binomial distribution with parameters n = π̂ + λ̂

nd ρ = π/(π + λ) as shown in Eq. (14) (Przyborowski and
ilenski, 1940; Weed, 1986; Sahai and Misra, 1992; Hauer,

996).

r(X = π̂|n = π̂ + λ̂) = n!

π̂!(n − π̂)!
ρπ̂(1 − ρ)n−π̂ (14)

nder the null hypothesis H0: δ = 0, the parameter ρ is equal to
.5, and p-value is computed by summing the probabilities for
ll values of X smaller than or equal to π̂ if π̂ is smaller than

ˆ ; otherwise, by summing the probabilities for all values of X
arger than the estimated π̂. The statistical test results from the
onditional binomial test are summarized in Table 3. Alterna-
ively, the normal approximation test for H0: θ = 1 was also used.
nder the null hypothesis, the standardized test statistic with a
ariance 1/π̂ + 1/λ̂ is approximately normally distributed with
ean zero and variance one (Price and Bonett, 2000; Ng and
ang, 2005). The test results by the normal approximate test are
epresented in Table 4, and overall test results are discussed in
he next section.

.4.3. Economic analysis
Unlike the literature for the impacts of RLCs on crash fre-

uencies, relatively few attempts have been made to incorporate
he economic impacts (Elvik and Vaa, 2004; Council et al.,
005b). However, it is necessary to translate the changes esti-
ated in terms of crash frequencies into economic impacts

ecause it is unclear whether or not the increase in rear-end
rash negates the reduction in angle and left-turn crashes, and
LCs are likely to affect severities as well as frequencies.

Fig. 1 reveals the percent changes in severities by crash type
rom the before to after periods in both jurisdictions. In order
o estimate the crash frequencies by severity for the before and

fter periods, all crash data were categorized by crash type
nd the KABCO scale, where K is fatality, A is incapacitating
njury, B is non-incapacitating injury, C is possible injury, and

is property damage only (PDO), and simple before-after
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pproaches are applied. As expected, the proportion of angle
nd left-turn crashes is reduced in the after period, while the
roportion of rear-end crashes increases. It is noteworthy that
he increase in the proportion of PDO rear-end crashes is greater
han the increase in the proportion of fatality and injury crashes
n rear-end crashes. This finding suggests that RLCs may
hange the proportion of crash severities at RLC intersections.
n important lesson from these comparisons reveals that

xamination of crash frequencies alone is not sufficient to
nderstand the impact of RLCs. It becomes apparent through
xamination that the severity of crashes is affected by RLCs,
nd this is an important consideration in the adoption and/or
mplementation of such programs. Thus, the economic impacts
rom RLCs are calculated as follows:

conomic benefits =
t∑

i=1

(δ̂i · Ci) (15)

here Ci is the average crash cost of the ith severity category
i = {l, . . ., t}) and the estimates of δi are the estimated changes
n safety of the ith severity category. In this economic analysis
he costs of RLC programs are not considered, thus benefits such
s the return on safety investments are not calculated.

Table 5 shows average crash costs for the KABCO injury
cale, which were obtained from previous research (Council
t al., 2005b). These crash costs are categorized by crash
ype as well as crash severity. Due to relatively small samples
the sample sizes of fatal (K) and serious injury crashes (A)
re insufficient for obtaining reliable results) two crash cost
evels are ultimately used in this study—fatality plus injury
K + A + B + C) and PDO (O). The estimated changes in safety,
hich are derived from the various evaluation methods, are sum-
arized in the left side of Table 3 in terms of only crash type. It

s necessary, however, to estimate the changes in safety by crash
everity and not just sum totals (e.g., an estimate of PDO rear-
nd crashes is needed, not just total rear-end crash frequencies).
n order to decompose the predicted crashes by crash type into
he crashes by severity, the proportion of crashes with a certain
everity for each crash type obtained from the observed data
ere applied. This decomposition requires the assumption that

he proportion shown in Fig. 1 is likely to remain constant, even
hough the estimates of π for each crash type are changed by
orrections such as traffic flow, comparison ratio, or empirical
ayesian estimates. The changes in safety by severity as well
s crash type are summarized in the right side of Table 3, and
able 6 shows the crash benefits using Eq. (15) with approxi-
ate 95% confidence limits obtained by the unbiased standard

eviation. In the next section, all of evaluation results including
conomic impacts are described.

. Evaluation results

The evaluation results described here include the results of
he change in safety, index of effectiveness, and crash benefits.

he estimation results for Scottsdale are summarized using the
B before-and-after study, while the results of the comparison
roup method are used for Phoenix (the EB was not available for
hoenix and the comparison group method is an improvement
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Table 4
Summary of index of effectiveness (θ̂ = λ/π) by various methodologies

Approach Jurisdiction Evaluation method Index of effectiveness by crash type

Angle Left-turn Rear-end

Target approaches

Phoenix
Simple correction 0.61 (0.16)*** a 0.96 (0.11) 1.58 (0.24)***

Comparison correction 0.58 (0.13)*** 0.90 (0.08) 1.51 (0.17)***

Scottsdale Simple correction 0.80 (0.14)* 0.52 (0.06)*** 1.57 (0.18)***

Traffic flow correction 0.83 (0.15)* 0.52 (0.06)*** 1.67 (0.22)***

EB correction 0.80 (0.14)* 0.55 (0.06)*** 1.41 (0.11)***

All approaches

Phoenix Simple correction 0.90 (0.15) 1.06 (0.09) 1.26 (0.13)***

Comparison correction 0.86 (0.12) 0.99 (0.07) 1.20 (0.10)**

Scottsdale
Simple correction 0.69 (0.09)*** 0.59 (0.06)*** 1.48 (0.10)***

Traffic flow correction 0.70 (0.09)*** 0.59 (0.06)*** 1.62 (0.13)***

EB correction 0.83 (0.08)*** 0.60 (0.05)*** 1.45 (0.06)***

Note: For parameter estimates θ̂, associated standard deviations are in parentheses.
a Asterisks ***, **, and * correspond with statistical significance at the 95%, 90%, and 80% levels, respectively.
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Fig. 1. Percent chang

ver the simple approach). As shown in Tables 3, 4, and 6, consis-
ent with findings in other regions, in general angle crashes and

eft-turn crashes are reduced, while rear-end crashes increase as
result of RLCs. Estimated spillover effects and crash benefits
iffer across jurisdictions, although spillover effects appear to
ersist.

able 5
er-crash cost estimates by severity level

rash severity level Estimated crash cost (US$)

Angle and left
turn crashes

Rear-end
crashes

atality (K) 4,090,042 3,781,989
ncapacitating injury (A) 120,810 84,820
on-incapacitating injury (B) 103,468 27,043
ossible injury (C) 34,690 49,746
roperty damage only (O) 8,673 11,463
+ A + B + C 64,468 53,659

ource: Council et al. (2005b).
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verity by crash type.

In the city of Scottsdale, angle and left-turn crashes were
educed and the rear-end crashes increased at the 14 sites
ith RLCs. Angle crashes for target approaches decreased
y 20% (p-value = 0.105), left-turn crashes decreased by 45%
p-value < 0.000), and rear-end crashes increased by 41% (p-
alue = 0.001), on average. The magnitudes of reduction or
ncrease in each crash type on target approaches are similar to
hose on all approaches, indicating that spillover effects are rel-
tively high and driver behavior is affected on all approaches.
he expected net safety benefit at the 14 target approaches

US$ 684,134 per year) is relatively large because the RLCs in
cottsdale contributed more to decreasing non-PDO angle and

eft-turn crashes than to decreasing the PDO crashes of those
rash types as shown in Table 3.

In the city of Phoenix, angle and left-turn crashes were

educed and the rear-end crashes increased as a result of RLCs
nstalled on 10 intersection approaches, as reflected by the
ndexes of effectiveness for various crash types in Table 4. For
xample, on target approaches, there was a 42% reduction in
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Table 6
Crash benefits (US$/year): mean, lower, and upper 95% confidence limits

Jurisdiction and approach Crash types Lower (US$) Mean (US$) Upper (US$)

City of Scottsdale

All approaches
Angle and left-turn 333,214 1,249,336 2,165,458
Rear-end −1,294,993 −412,875 469,242
Total −961,779 836,460 2,634,700

Target approaches
Angle and left-turn −372,941 842,135 2,057,210
Rear-end −662,606 −158,001 346,604
Total −1,035,547 684,134 2,403,815

City of Phoenix

All approaches
Angle and left-turn −1,315,925 12,752 1,341,428
Rear-end −1,127,492 −337,588 452,315
Total −2,443,417 −324,836 1,793,744
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Angle and left-turn
Rear-end
Total

ngle crashes (p-value = 0.025), a marginally insignificant 10%
eduction in left turn crashes at α = 0.2 (p-value = 0.209), and a
0% increase in rear-end crashes (p-value = 0.009). The mag-
itudes of reduction or increase for each crash type on target
pproaches are greater than those on all approaches, indicating
hat spillover effects are relatively small. This finding may sug-
est that motorists in Phoenix are aware of which approaches
ave cameras and which do not. The expected safety net benefit,
S$ 4504 per year (for 10 target approaches), is relatively small
ecause the RLCs in Phoenix contributed more to reducing the
requency of PDO angle and left-turn crashes than to decreasing
he fatalities and injuries resulting from these crashes as shown
n Table 3.

The following primary conclusions are drawn from the
etailed analyses of RLC data in the cities of Scottsdale and
hoenix:

RLCs appear to reduce the frequency of angle and left-turn
crashes at intersections. This reduction results from fewer
drivers entering the intersection on the red indication and
colliding with perpendicular traffic.
The frequency of rear-end crashes increases at RLCs intersec-
tions, presumably due to a relatively larger number of drivers
breaking suddenly to avoid a possible violation and fine.
The severity of rear-end crashes is reduced as a result of RLCs.
That is, the proportion of PDO rear-end crashes in the after
period increases when compared to the before period, despite
an increase in the overall frequency of rear-end crashes.
PDO rear-end crashes consist of nearly half of all crashes after
implementation of the RLC program in Scottsdale, whereas
these same crashes represent less than a quarter of all crashes
in Phoenix.
Spillover effects—drivers revealing modified behavior at
non-RLC approaches—appear to exist at intersections in
Scottsdale, with the spillover effects nearly equal in mag-

nitude to the target effect. In contrast, spillover effects in
Phoenix are not significant.
Examination of crash frequencies alone is not sufficient to
understand the impact of RLCs. It becomes apparent through

w
A
p
m

−644,859 329,903 1,304,666
−903,058 −325,399 252,260
−1,547,917 4,504 1,556,926

close examination that the severity of crashes is affected by
RLCs, and severity thus is an important consideration in the
adoption and/or implementation of such programs.
When crash severities and costs are considered and intersec-
tions are analyzed as a system (collection of intersections),
RLCs range from relatively small benefits (Phoenix) to rela-
tively large benefits (Scottsdale).
As is often the case in road safety studies, the variability in
the effect of RLCs is large and so makes the results of sta-
tistical tests for some estimated impacts are not statistically
significant. It is the reliance on other similar studies and the
multi-pronged analysis approach that gives greater confidence
in the mean effect.

. Discussion and recommendations

From past research and the results of the evaluations con-
ucted in this paper, the installation of RLCs generally reduces
ngle crashes and left-turn crashes, while it generally increases
ear-end crashes. Although the results of the statistical tests lead
o lack of statistical significance, the expected values clearly
ndicate consistency and agreement with prior findings (McGee
nd Eccles, 2003; Council et al., 2005a; Persaud et al., 2005).
t is the consistency of findings across methods and agree-
ent with past research that provides greater confidence in the

xpected impacts obtained in this research effort. However, all
stimated impacts are not statistically significant as shown in
ables 3 and 4. Therefore, further study is needed to improve
ample sizes and increase the number of crashes obtained in
he sample through increased RLC intersections or longer his-
ories. A meta analysis, as demonstrated throughout Elvik and
aa (2004), could also be used to try and improve the precision
f estimates.

One vital question has been whether or not the RLC systems
n these cities, as a collection of intersections, are performing

ell. Much of the research has been focused on this question.
nother vital concern is how well individual RLC intersections
erform. That is, how much variability is there in safety perfor-
ance across intersections, and how well do the “best” RLC
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ntersections perform? RLCs may be very effective at some
ntersections and ineffective at others, as reported in previous
esearch including a national study (McGee and Eccles, 2003;
ersaud et al., 2005). As a consequence, it is logical to examine
nd contrast factors at the best and worst performing intersec-
ions. Very few factors could be examined in this investigation,
nd it remains a topic for future research.

To determine the suitability of an intersection for a RLC, it
s necessary to examine whether the intersection is truly haz-
rdous in terms of red light running violations and the severity
f resulting crashes. An “ideal” site will have relatively high red
ight violation rates and will suffer from relatively severe angle
nd left-turn crashes. Of course the performance of intersections
hould be compared across similar intersections, site investiga-
ions should be performed, and crash histories examined.

It should be understood that the RLC is not a panacea to
ddress red light running problems. In other words, the RLC is
ust one possible countermeasure that may be used to reduce
ed light running related crashes. There is comprehensive guid-
nce available, which could be useful for jurisdictions wishing
o examine current knowledge on alternative countermeasures
FHWA and NHTSA, 2003; Bonneson and Zimmerman, 2004;
HWA and NHTSA, 2005). In addition, the temporal spill-over
ffects need to be analyzed in order to reveal the learning pro-
ess of the RLCs. Issues as to the effect of RLCs over time
nd driver adaptation to such systems has not been examined.
inally, a more comprehensive study is necessary to determine
hich crashes should be targeted for the RLC installation as well

s evaluation.
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