USING REAL TIME DATA TO PREDICT ACCIDENTS IN URBAN AREAS

Investigation of road

accident severity

George Yannis, Athanasios Theofilatos, Apostolos Ziakopoulos, Antonis Chaziris, National Technical University of
Athens, Department of Transportation Planning and Engineering, Athens, Greece

The objective of this study is to investigate road
accident severity and likelihood in urban areas by
analyzing real-time traffic data. In order to achieve
the objective of the sludy, road accident data from a
main road axis in Athens, Greece, were collected
for the period 2006-2010, Subsequently, traffic

INTRODUCTION AND BACKGROUND

woad safety is gaining more attention as transportation
activities increase throughout the vears and despite of-
forts, foad accidents are still a major contempaorary soci-
etal problens. The level of complexity in road safety,
raises the need for a better understanding of the numer-
o factors that influence road aceldent occurrence, Traf-
fic parameters such as flow and speed have gained con-
siderable attention of researchers so far. Recently, the in-
corporation ot real-time traffic data, collected by loop
detectors prior to an accident, provided more consistent
results and shed some light on predicting crash likeli-
hood and severity on frecways in order 10 develop proac-
pive safety management and real-time assessment.

The impact of traffic flow on safety is not straightfor-
ward and the literature has showed contradictory results,
some researchers proposed linear relationships {Belmont
and Forbes, 1953) while others proposed a U-shaped rela-
gonship (Leatzbach, 1966; Gwynn, 1967). Power func-
tions were also proposed (Ceder and Livaeh, 1975). Dick-
erson el al. (20000 argues that high accident externalities
are associated with high tralfic flows, while these exter-
palities appear 1o be almost zero i light traffic condi-
FRons.

Density and occupancy have not been adequately in-
vestigated yet. Only a few studies have been founcd to ex-
armine oceupancey and accidents (Garber and Subraman-
van, 2002). This study suggests that a non-linear relation-
;ihﬂ" {(U-shaped) exists. van et al. (2000, estimated
Poisson regression models for single and mnl_ti—vchlcle
highway crash rates, The natural logarithm of the seg-
ment volume to capacity ratio (which mﬂcds.dunsity!
was found to have a negative relationship with single-ve-
hicle crash rates, but to be insignificant for multi-vehicle
crashes. _ 3

Spewd is a very important factor in road safety. I!m?-
retically speaking, high speeds result in more severe acci-
dents since the momentum and the kinetic energy in-
crease. Moreover, high speeds make vehicles' maneuvers
more difficult and it is harder for drivers 1o compensate
for entors. Literature indicates that increased speeds are
assactated with high sccident occurrence and severlty
Nilson, 2004; Elvik et al., 20041 Taylor o al., (2002),
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tata measured real-time were obtained from the
Traffic Management Centre of Athens. For that
daveloped. Results suggast that road accident
severity is influenced by the logarithm of trafiic
density, the type of vehicle and the type of accident.

showed that a 10% increase in the mean speed may result
In a 30% increase in fatal and severe accidents, Aarts and
van Schagen (2006), stated that speed and crash rates ary
found to be related with an exponential or a power func-
tior. On the other hand, Baruya (1998), arguedd that itis
not straightforward to deploy a spred-accidents refation-
ship because of the fact that other factors may be present
and these factors may affect speed distribution parame-
ters and accidents,

Predicting accident likelihood on freeways by using
real-time traffic data has been extensively explored,
Ahmed et al, (2012), imply that increased speed variation
at any crash segment combined with a decrease in aver-
age speed in the respective downstream segment, may be
associated with increased lkelihood of rear-end crashes,
Ahmed and Abdel-Aty (2012), found that the probability
of a crash increases when speed variation rises whilst the
average speed decreases at the segment of the crash a
5=10 min before fprior to the crash occumence). How-
ever, Kockelman and Ma (2007), found no ¢connection
between 30-sec speed changes and accident likelibood.

Martin {2002), examined the refationship between traf-
tic and severity and observed that property-damage acci-
dents as well as injury accidents are maximized when
wralfic volumes are uncler 400 vehicles per hourn Milton ot
al, (2008), argue that B may not be appropriate to assume
that the effect of traffic on accident severity o be uniform
across geographic tocations. Other stuckes shown that
congestion has little or no anpact on accident severity
(Noland and Quddus, 2005; Quddus et al., 2010). Wang
et al., 2013 concluded that increased traffic congestion is
associated with more killed and severely injured accidents
but has little impact on slight injury accidents, The inves-
tigation of accident severity by using realtime traffic data
is limited as well, Christoforou et al, (2010), found that
the high average traffic volume (measured per lane and
over 6 minutes in vehiclest results in less severe accidents.
Moreover, average speed under very high traffic condi-
tions (>1120 vehicles/lane/hour) was found to increase
severity. Golob et al. (2008}, found that tzaffic conditions
had little impact on accident severity. Recently, Yu and
Abdel-Aty (2013b), applied Bayesian probit models and
found that large variation of speed and low visibility prior

When data are separated in two groups of peak and
off-peak hour accidents, the parameter of raffic
density is the only one appearing to be statistically
significant. Furthermore, traffic volume is the only
parameter having a statistically significant impact
on accident likelihood.
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Table 1: Listof  [Varisbie
independent variables  [Waficwhme @
migar spoerd ¥
betupancy 0
Iightng canditars  Lightong lighting conditions, 2=unknaun
weaher WestherCond Oradverse waatner, 1=good wealher
Oswilh pedestian, 1=other, 2=nn-off-
road, dsrsar-end, 4=with fivad abject,
acaidant typa tggriceType S=gideswipe, Bosicy
D=car. Tzuknown whicie,
wehicie type PgrT e Z=mopedimolieycls, P
number eflanes LaneNa canfmuous e
e af day TimaCODay C=nightifusk. 1=day
4 of driver AgeOroarvik candnuous in yeans
gendercfdmer  Gender DrierWh  Defemals, 1smale
vael directon  Acelir {afrom e canire, 1710 tha centre
Table 2: |Variable Minimum [ Maximum | Mean _|Standard Devistion
Summw age of driver i} B 3370 1654
statistics for occupancy ori : 16,41 10.74]
conti x traffic flow B58% 409150 1954 547 Ai0.56
llambﬁlau mean speed 1506 1758 4774 1648
variables | mber of tanes 2 5 294 043
Variable [Frequency [Percantage %
wavel dirscion |70 Ikenu e b
o the centre 208 944
male 255 10,30
ender
¢ |lemale ki .70
time of day nightidusk 115 L |
day 186 6178
i ladverse 22 3
good 2719 9269
other 12 398
! 'molf-maa 19 631
accidenttype |rearend 76 2525
wilh fixed obyect . @ u_ml
sideswipe - B 17.28
side 25 a3
{ear S nan 63.12
vehicletype 477 L E
mopodinaioroyie 100,  3B¥2
Table 3: Summary gl gl ;':Z‘
statistics f"'v:::g' lighting conditions |good 87 28,90
i Lnknown 199 86.10

to an accident increase accident severity.

It 1s worth noticing that that the large majority of stud-
ies investigate the effect of traffic parameters only on
frecways aned interurban roads. Consequently, there is a
lack of studies examining the influence ol real-time traf-
fic data on accidents in urban areas.

The objective of this study is two-fold:

a) first, to investigate the factors influencing road acel-
dent severity in three regimes: overall, at peak, at off-
peak and

b1 secondly, to investigate road accident likelihood by
using tratfic data measured real-time as well as other
predictors,

DATA AND METHODOLOGY
Data Collection and Preparation
The study area was a major urban arterial in Athens,

Abbrevistion
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namely the Kifisias Avenue which connects the centre of
the city with the northem suburebs. n this study Two data
sets were used.

The first database consists of S-years of accident data in
Kifisias avenue from 2006 to 2010, provided by the De-
partment of Transportation Planning and Engineering ol
the National Technical University of Athens. A total of
245 aceldents with [nformation about the time and posi-
tion of occurrence were considered, Other related varta-
bles such as vehicle type, collision type, weather, lighting
conditions were eonsidered as well.

‘The second database consists of real-tume trafhic data
(fow, speed and occapancy ) recorded on 90 second inter-
vals and then aggregated on 5 minute intervals trom loop
deteclors in Kifislas avenue obtained from the Traffic
Management Centre of Athens, which operates on a daily
basis from July 2004 covering various major arterials in
the city of Athens. For each S-minutes period, @ series of
Fow (veh/h), occupancy (%) and speed (km/h) measure-
ments are provided. Each accident was assigned to the
nearest loop detector. This study follows a more macto-
scopic approach in arder to acguire a more wide knowl-
edge of the traffic states at the time of the accident. For
that reason, fraffic parameters were aggregated to obtain
averages for three specific hours: the hour of the accident
{Dtacch, 1 hour before the accident (Dracc-11 and 1 hou
after the accident (Dacce 1), Then the average of these 3
hours was produced.

Regarding severity, the unit of analysis adopted was
any person (drivers, passengers or pedestrians) involved
in the accldent resulting in at least shight injuries. The se-
verity levels considered were S| islightly injured) and KSi
(killed and severely injured). Fach observation in the da-
taset i a record of the level ol injury sustained by each
vehicle occupant involved in the accident resulting in
301 injured occupants. The database was further split in
two subsets, The first coneerns the peak period and the
second off-peak  period. More specifically, accidents
which occurred between 7-10am and 3-7pm were classi-
fied as peak, white the rest as off-peak. From 301 injured
cocupants, 123 were injured in peak, while 178 were in-
jured off-peak,

In order to predict accident likelihood, some random
non-accident cases were extracted. This methodology is
very common in literature as having been followed by
many rescarchers (Abdel-Aty and Pande, 20058, Abdel-Aty
@ al., 2007; Ahmed and Abdel-Aty, 2012 Yu and Abdel-
Aty, 201 3a). This study extracted non-crash cases accord-
ing to e following methodology: A peak arel an off-
peak period are defined, 7:00-5:00 and 19AK-2 1000 e
spectively. If an accident has occurred oulside these two
time shices, then traffic data are extracied for these two
time slices for the same day and place, If an accident has
vecurred in any of these time slices, then traffic data only
for the other time slice are extracted. For example, If an
accident happens on Wednesday 12 August 2009 at 13:00
and is recorded from loop detector MS25%, tratlic data tor
the same day for 7:00-2:00 and 19:00-21:000 are going 1o
be extracted from loop detector MS254. 1f that accident
had happened at 1500, traffic data wonld have been ex-
tracted only for the period 7:00-9:00. Fotlowing this agp-
proach, 406 non-accident cases wire selected.

To the best of our knowledge, this is the first time thst
accident severity and Hkelihood are explored with real-
time traftic data from urban areas, as in international Jit-
erature only freeways and urban expressways have been
considered vel. The considered Independent variables are
illustrated i Table 1.
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Table 2 and Table 3 provide basic summary statistics for
the 301 records of injured persons in the databusse.

Analysis Method
Iy order to explore accldent severity and likelihood four
separate binary logit models are developed. One for ex-
ploring severity, two separate models for severity at peak
and off-peak periods respectively and one model for pre-
dicting accident likelihood.

we search for the best fitting model which describes
the linear relationship between a binary (dichotomous)
dependent variable and a number ol explanatory varia-
hles.

if the “utility function’ is U = Bo+Ri"Xi {Eq. 1)

then the probability P is: P = @”/(e" +1) (Eq. 2)

The goodness-of-fit of the model ¢can be assessed with
the likelihood ratio test. The likelihood-ratio test uses the
ratio of the maximized value of the likelihood function
for the full madel (LE) over the maximized value of the
likelihood tunction for the simpler model (LO), The likeli
hood-ratio test statistic equals:

-2log(Lels = -2 [log(La)-logilyl] = -2 (Ly-Ly) (Eg. 3)

The backward LI (fog-likelihood ratior method was se-
lected, which is a straightrorward method, according 1o
which the all independent varlables are put in the initial
model and one by one Is eliminated provided that the
change in the -2Log-likelihood is not signiticant for 1
degree of treedorm at 959,
Another indicator of the goodness of {it of the model is
the Hosmer-Lemeshow statistic test (Hosmer and Leme-
show, 1980}, In Hosmer-Lemeshow test, a non-significant
value in the chi square suggests a good fit,
The following criteria were used to detenmine the vari-
ables’ importance in the model:
a) If the Wald ratio is higher than approximately 1.7,
then the varable is significant (P < 0,083

Ly 11 & variable is added and the change in «2Log-fikeli-
hood is higher than 3.84, then the variable is signifi-
cant at a 985 level of confidence (1 degree of free-
dom for each variable). o) If a vartable is removed and
the change in =2Log-likelihood s higher than 584,
then the varlable is significant at a 95% level of confi-
dence.

I order to estimate the refative influence ol each inde-
pendent variable, the elasticity was used, In logistic regres-
sion madels, point elasticities may be estimated for the
cortinuous variables as follows (Washington et al. 2003

L O [1- i']vnun xewh (B 4)
=1

Pliy . Poll) Xk

L Xink Pal®) Ir

where P(i} is the probability of alternative (i and x,,
the value of variable (k) for alternative (i) of individual
() and | the number of alternatives including X

In logistic regression models, pseudo-clasticlties may
e calculated for the discrete variables (Shankar & Man-
nering, 1996) and they reflect the change in the esti-
mated probability resulting from the transition to one
discrete value of a variable to another. The next formula
<hows how they can be estimated for binary variables (UL
farsson & Mannering, 2004):

1

2P
Ef:fs: - gl {m 1 {Eq. 5)
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[
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I is the number of possible outcomes, AEx,) is the
villue of the function determining the outcome when
xnk has changed from 0 o 1, while fxg is the related
vithue when xok is 0, and ik is the parameter estimate of
xnk.

the above disaggregate elasticities are estimated for
vach observation (i) of each individual (n} in the sample.
In order to calculate the aggregate elasticity for logistic
regression models, the following formula is appdied (Ben-
Akiva and Lerman, 1985

i;ﬁix«
E’:‘M - &"ﬁ‘ =1
Jmmx,a

il

o1 (Eq. 5)

w

RESULTS

Accident Severity

The results of the binary logistic regression showed that
accident severity is Influenced by traffic volume, mean
speed, accident type and wehicle type, The Hosmer and
Lermeshow value was insignificant (p=0.06Y=0.05}. The
summary of the model 1s ilustrated in Table 3a

The logarithm of the velume to speed ((/V) has 3 neg.
ative coetficient, meaning that an increase in this ratio
resalts in a lower severity level, By analyvzing the loga-
rithen of this ratio, the model shows that the combined
ctfeet is a positive refationship between speed and sever-
ity and a negative relationship between traftic volume
and severity. In simple words, increased speed results in
more severe accidents while increased tratfic volume in
less severe accidents.

The vehicle type is statistically slgnificant svith nega-
tive sign for the PEWSs (moped and motorcyclesy, imply-
ing that mopeds and motorcycles are involved in less se-
vere accidents than cars (which is the reference level),
while other categories were found to be insignificant.
More specitically, cars are almost § times likely to be in-
valved in severe accidents than PMITWs. This may seem
counterintuitive, but it scems that most accidents in Kifi-
sias avenue that invelve PI'Ws are not severe. This tind-
ing was attributed to the fact that 97 from 100 PTWS ac-
cidents were not severe, Another explanation could be
the fact that an ambulance may be called even il there are
no injuries. Conseguently, the number of accidents with
slight injures may be slightly over reported.

The Jast significant variable was found to be the acc-
dent type. The negative signs of the coefficients of rear-
end and run-off road crashes, show that these types of
accidents fead to reduced severity levels, On the other
hand, collisions with pedestrians and other tvpe of acci-
dents lead to increased severity.
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In contrast to the previous madels, @ constant 1 in-

Table 4: Estimated : > 5 !
elasticities for the Variable cluded in the_[mai mexdel. The only _stahstwgtly signifi-
severity model Qni variable in the model is traffic tlow having a non-
log(QN} linear effect. More specifically, Qcattl) and Qcat(2) {re.
mopedimatorcycle flecting  flow  categories  of <I0veh/h  and
run-of-road 1001-2000veh/h respectively) have positive signs, indi-
rearend cating higher probability of accident occurrence (om-
pared to the reference category (=3000vch/h). More spe-
EERG e p— ]?sﬁm mmdw - f;iﬁca.lllg{;: t:'lhcst‘ *twu_a categories ﬂqf:f 2.452 and 3:1 1’51 .“Tm..i
the peak model lomﬂﬁf I S moFe vly lg ms_uit 1@ an ;.mldem lha_u the rtiuru.nu.
TLh=80,666 _ f::m'g;:ry. while flow values between 2001veh/b and
s snom-sigrificant a1 5% iavel 3000veh/h do not statistically differ from the relerence
“=refaredcs calgory Crtegory,
- it s Taking into account the results of the accident likeli-
Table 6: Summary of  [Variable |Estimated Co : ard erfor S Todds o Iwm? mq{!ﬂl. it can be concluded that below S{I.m'clu‘ls,
the off-peak model R 4] D1B4| 50658 oam| A ?r?m-:u;e in the traff?f flow %eads to & m;;rlgmﬂl (not
(=116 078 statistically significant) change in the probability of an
s non-significant 81 95% level accident occurrence. Changes in ﬂt‘!“‘!i. ranging from
|ssreforence catagory s00veh/h to 1500veh/h have also Little effect on a coident
probability because of the fact that under flee flow there
are niot many interactions between vehicles. It can b ob-
The elasticity asalysis of the model showed that rear-  served that as the flow increases, there is a strong decrease
end and run-off road collisions have the greatest effectin - in accident probability, A possible explanation is that in
the model, followed by moped/motorcyele and by the this flow state, vehicdle speeds are starting to decrease
logarithm of volume to speed ratio. For example, run-off-  compared to free flow state, Another explanation is that
road crashes reduce severity 1.5 times more than the log-  as more interactions begin to take place, drivers are more
arithm of volume to speed ratio. cautious. When traffic flow is higher than 2500veh/h, ac-
Tables § and 6 present peak and off-peak models re- cident probability is almost fixed at a constant value,
spectively. All models had non-significant Hosmer and — When capacity is reachid, then there is little space tor
Lemeshow chi-squares indicating statistical fit. As it can interactions and speeds are low. In this traffic state, rises
be observed, the enly statistically significant variable was  in traffic volume does not influence accident probability.
the lagarithm of volume to speed ratio, having the same
negative effect and having very similar valuc in the coef-  CONCLUSIONS
ficient as well, Results indicate that there is no significant  The impact of tralfic parameters on taffic safety is a com-
varlation of the effect of teaffic flow on accident severity  plicated phenomenon and has gained considerabile atten-
between peak and off-peak periods of day. tion of reseacchers, This paper investigates accident likeli-
houd and severity in urban areas. To the best of our
Accident Likelihood knowledge, this is the first time that accident severity and
Since the traffic variables of the first accident likelihood  likelihood are explored with real-time traffic data in
models were not found to be significant and also in order urban arterials, since international literature has focused
to improve statistical fit and prediction, the traffic vol- only on freeways and urban expressways.
ume was transformed to a discrete variable, It was at- The binary logistic models had sutficient statistical fil
tempted to capture any potential non-linear effects of  and revealed several factors affecting accident severity and
traffic flow on accident likelihood, Table 7 shows the likelihood. The logarithm of the ratio of flow to spred, the
basic summary statistics of the new traffic volume varia-  type of vehicle and the type of accident significantly in-
ble (caded as Geat). fluenced accident severity, When the analysis is separated
Table 8 shows the results of the accident likelihood  to peak and off-peak periods, the only significant variable
model, The Hosmer and Lemeshow test was non-sigrifi- is the logarithm of the ratio of flow to speed. In all severity
cant in this model as well ensuring the statistical fit. models it can be concluded that an increase in this ratio
The model predicted correct 47.4% ol accident cases  results in decrease in the level of accident severity.
and 71.7% of the non-accident cases, Overall, the model Accident likelinood Is affected only by traffic flow
predicted 62.8% of the cases. when coded as discrete variable, implying a strong non-
: : linear relationship. Changes in low traffic flows have lit-
- L e tle of no effect on accident probablility, while changes in
mzt:é::fmmm = iﬁaﬂ“ - mecium teaffic flows leads to significant reduction. After
i : . a threshold (2500veh/h), the probability of an acddent is
volume as a discrete ~ %0t-2000 held almost constant
. 3000 T13us, it can be inferred that traffic flow seems to have
- = the same effect on both severity and crash likelihood.
- These findings could be attributed to the fact that in fn-
b B ‘"““:W"WW“’ Odes o | creased ﬂowf vehicle maneuvers are more difficult 1o be
9 i “u; 2 452 performed and interactions are leds risky as speeds are
_ 9782 ““T lower, This may result (o a lower numbes of nccidents
e - . which would be less severe if they occur. This finding is
m:ﬁlm& . f»‘ﬁn.'.e"i:'-lﬁ'.fst w}th some studies (Christoforou et al., 2010),
. e i but inconsistent with other studies {Golob et ad,, 2008;
. i mod Nokand and Quddus, 2005; Quddus et al., 2010, which

shown that traffic parameters and congestion seem 1o
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hawe Little or no impact on accident severity through re-
ferring on tratfic on urban freeways, Consequently, there
is a strong need to further investigate the etfect of traftic
parameters on accident severity,

Of course, the study his some limitations. Tralfic data
were extracted only from the closest ioop detectors {on
average every 300 meters). As a result, potential different
offect of traffic parameters upstrearm o downstream
could not be grasped. Morcover, more microscopic data
could also be used, for example Bkseconds series of tral-
fic parameters. Lastly, in order to estimate the accident
likelihood, more non-crash cases could be extracted from
days where no accidents occurred in order to have a maore
rich database

Nonetheless, this study is a fst attempt to explone this
complex phenomenon in urban arcas, and the indings of
this studv can be used to improve road satery manage-
ment, but st be treated carclully when applied in differ-
ent road environments. For example, specd control meas-
ures coudd be applicd on specific tme periods, especiatly
in road segments where traffic flow s fow, mainly by using
variable mussage signs or by speed endforcement. There i
also need for specific focus on low traffic situations which
are more risky in both peak and off peak periods.
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Figure 1: Graphic
illustration of the
relationship between
tratfic flow and
appearance of an
accident




