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Operating speeds on roads are influenced by lighting conditions: indeed most of the driving
tasks are influenced by visual information. In terms of supporting evidence, there is a sig-
nificant volume of published research that demonstrates how safety is affected by road
geometrics and environmental lighting conditions. However, only a few studies have inves-
tigated the contextual impact of these factors on driver speed behaviour, which in turn is
considered one of the most important variables affecting road safety.
In this paper, speed distributions have been modelled using environmental parameters

related to both road geometrics and lighting conditions. To achieve this, the authors com-
piled a comprehensive database in which geometric characteristics, speeds, illuminance
and luminance are available for both night-time and daytime conditions. The results show
that average speeds and deviations from the mean are significantly affected by changes in
lighting parameters for the different conditions (sunny, cloudy, and dark) considered in
this study. Knowing the effects of such parameters on operating speed is fundamental
for effective road management policies, especially on urban roads where, notably, the high-
est number of accidents occur.

� 2016 Elsevier Ltd. All rights reserved.
1. Introduction

A knowledge of the factors that influence driver performance and behaviour is strategic to the enhancement of current
road design methodologies. Accident studies confirm that more than 90% of all crashes are caused by driver error, with
25% attributable specifically to driver error caused or conditioned by dangerous roadway/environment conditions and sce-
narios (American Association of State Highway and Transportation Officials, 2010).

One of the most important tasks of road designers is to assure vehicle stability and driver visibility along a roadway and
hence reduce the risk of crashes. In doing so, they select the design speed which serves to define alignment characteristics
and the dimension of cross sectional elements by anticipating the operating speed that the most representative group of dri-
vers will adopt as a limit. To this end, several operating speed models have been proposed in literature to assist engineers
with the selection of the most appropriate design speed value, and to avoid any inconsistencies between road geometrics and
driver expectations.
polito.it

http://crossmark.crossref.org/dialog/?doi=10.1016/j.trf.2016.06.020&domain=pdf
http://dx.doi.org/10.1016/j.trf.2016.06.020
mailto:marco.bassani@polito.it
mailto:lorenzo.catani@polito.it
mailto:ccirillo@umd.edu
mailto:guglielmina.mutani@polito.it
http://dx.doi.org/10.1016/j.trf.2016.06.020
http://www.sciencedirect.com/science/journal/13698478
http://www.elsevier.com/locate/trf


M. Bassani et al. / Transportation Research Part F 42 (2016) 56–69 57
Operating speeds on roads and highways are influenced by several factors. There is a consistent amount of published
research that demonstrates how speed is affected by the geometric properties of roads. However, fewer studies have inves-
tigated the effects of environmental lighting conditions on driver speed behaviour, which in turn is considered one of the
most important variables affecting road safety (Hauer, 2009).

This paper presents the results of a research aimed at investigating the relationship between lighting conditions and oper-
ating speeds. Starting from a previous work based on the evaluation of such factors on the 85th percentile of speed of iso-
lated vehicles (Bassani & Mutani, 2012), the authors improved and expanded the speed database with new data collected
along the same arterial network of Turin (Italy).

In this paper, the central tendency and dispersion of speed data have been investigated by focusing on the effects of envi-
ronmental parameters ascribable to road geometrics and lighting conditions. Five linear models, which include random
effects, have been calibrated considering the whole database and the four subsets obtained by separating the data into day-
time and night-time, with the former subdivided into sunlight and cloudy conditions.

2. Literature review

As already mentioned, some contributors have presented driver models to evaluate the influence of road characteristics
and environmental factors on driver speed. Most of them highlighted the influence of visibility in different weather condi-
tions, especially fog, which causes contrast reduction in the visual field.

Speed choice is the result of a number of factors such as age, risk of apprehension and attitudes that might interact with
each other (Haglund & Aberg, 2002). Low visibility significantly reduces travel speeds and roadway capacity by up to 12% (US
Department of Transportation, 2009). Brooks et al. (2011) found a mean speed reduction of 2530% when visibility is reduced
to 100 m due to fog. The ability to maintain lane position, even in situations where roadway hazards are not visible within
stopping distances, is analogous to night-time driving due to reduced luminance. Assum, Bjørnskau, Fosser, and Sagberg
(1999) found that road lighting leads to increased speeds and reduced levels of concentration with an increase in average
speed on straight and curved sections of about 5% and 1% respectively.

Hereunder, a number of driver models are described, with an emphasis on visibility aspects. Giles (2004) presented a
multivariate approach looking at the relative contributions of the driver, vehicle and road environment to speed choice.
The regressor for posted speed limit (PSL) is positive, while for vehicles travelling on urban roads it is negative, as expected.
In winter, cold weather has a negative regressor suggesting that the likely inclement weather encourages slower speeds. 62%
of the variation in vehicle speeds can be explained by variables related to the road environment and vehicles.

Tango, Minin, Tesauri, and Montanari (2010) described driver behaviour within a driver–vehicle–environment framework
focusing on driver task demand and distraction. From the initial proposal of fuzzy relationships, an adaptive-network-based
fuzzy inference system and artificial neural network approaches were explored. Attentional processing demands were also
placed on the driver due to traffic and visibility (foggy) conditions.

Trick, Toxopeus, and Wilson (2010) investigated the impact of visibility conditions, traffic density, and navigational chal-
lenge on speed compensation and driving performance by manipulating these factors and measuring their effect(s) singly
and in combination. Results show that driving speed was lower in fog than in good visibility with an average difference
of 5.3 km/h. Moreover, different aspects of driving performance were affected in different and sometimes opposite ways,
indicating that drivers may compensate for their deficits with other actions.

Schmidt-Daffy (2013) evaluated motivational models of driving behaviour, considering that threat-related feelings and
arousal induce drivers to slow down. The emotional symptoms can be recognised as fear and anxiety. During the self-
paced runs, participants drove slower during low visibility compared to high visibility but there was no evidence that a dete-
rioration in visibility altered participants’ hesitancy and fear-related feelings in runs in which participants adapted their
speed to the visibility conditions.

Yanga, Overtona, Hana, Yanb, and Richards (2013) suggested that driver behaviour is influenced by various factors in a
complex and interrelated manner. The presence of curbs, lane position and configuration, posted speed limits, ambient traffic
and visibility conditions are all important factors determining driver behaviour. Mean speeds were 94.3 km/h and 90.1 km/h
in clear and fog conditions respectively. Participants drove significantly slower in foggy conditions, which is to be expected
since people tend to be more cautious when driving in conditions of poor visibility.

Finally, Golob and Recker (2003) used a nonlinear correlation analysis to quantify the relationship between traffic flow,
weather and lighting conditions, and accidents on urban freeways. The more adverse visibility and weather conditions are
associated with the lowest volumes and variation in traffic flow, while dry-daylight conditions are associated with high-
mean volumes and high variation.

In general, driver vision depends on the individual, the vehicle and the lighting environment. The gaze of the driver
focuses on fixed elements and moving obstacles in the road environment. If Hills (1980) observed that 90% of information
used in the driving task derives from vision, Sivak (1996) argued that there is no evidence backing this assessment because of
a lack of a measurement system within which any numerical estimate would be meaningful. Nevertheless, Sivak sustained
the predominance of visual information in driving.

Research in this field is sometimes controversial because of the many variables which affect the phenomenon and
sometimes it is difficult to arrange them in a hierarchy (Pasetto & Barbati, 2012). Driver visibility is influenced by average
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luminance, horizontal and vertical illuminance, luminance and illuminance uniformity, type of sunlight and sky, light glare,
street luminaire, traffic lights, road signs or reflective planes, and elements of shadows.

Along a road, lighting conditions can vary continuously as a consequence of the effects of solar light and of road lighting
systems. The latter include luminaires, vehicular lighting, horizontal markings, traffic signs and signals. In a first attempt, the
quantity and the quality of road lighting can be analysed and checked with road surface luminance and illuminance mea-
surements. The European standard for road lighting calculations (European Committee for Standardization, 2003) describes
methods for calculating the photometric performance of road lighting (Ekrias et al., 2008). Road luminance measurements
are conventionally taken from the drivers’ point of view at 1.5 m above the road surface with a viewing angle between 0.5�
and 1.5� below the horizontal plane, while illuminance measurements can be taken on a grid of points directly on the road
surface (European Committee for Standardization, 2003).

Hence, measurements take into account the average luminance of the road considering the effects of the surrounding
environment and elements in the drivers’ field of vision. Average luminance is statistically significant when evaluating driver
vision in models as confirmed by Jackett and Frith (2012) and Mayeur, Bremond, and Bastien (2010a, 2010b).

3. Methodology

The objective of this paper is to highlight the effects of environmental lighting conditions on operating speeds on road
arterials. The research was conducted by observing the speeds of a number of vehicles traversing cross-sections. Speeds were
monitored by using both longitudinal and transversal speed-measuring systems (Bassani & Sacchi, 2012), using laser speed
guns and video cameras respectively. Contextually, the lighting conditions were recorded in terms of luminance and illumi-
nance measurements. In the same road section, a photometer on a probe vehicle was used to measure the luminance (L) as
perceived by the drivers and a lux meter was used to measure the illuminance (E) on the road surface. Table 1 shows the
specifications of the instruments used in the investigation.

3.1. Lighting measurements

A preliminary investigation was carried out to assess the relationship between luminance and illuminance. On the same
road section a series of measurements of both parameters in different lighting conditions were taken. As mentioned, the pho-
tometer was located in the vehicle, and the reference luminance was obtained by excluding the transmission effects of the
windscreen. The dimensionless light transmission coefficient (s) of the windscreen was measured as the ratio of the inside
and the outside luminance (Li and Le) recorded looking at the same point, according to the following formula:
Table 1
Sensors

Para

Illum

Lum
s ¼ Li=Le ð1Þ

Using the same vehicle, and keeping the angle of observation constant according to the standard EN 13201 (European

Committee for Standardization, 2003), the average value of s was equal to 0.68 at daytime and 0.70 at night-time. Consid-
ering a flat road surface with uniform reflecting properties and an average value for the light transmission coefficient of the
car windscreen equal to 0.69, the luminance coefficient q was used to correlate the road surface luminance and illuminance
of the same points:
q ¼ Le=E ð2Þ

where q is measured in cd m�2 lx�1, Le is the luminance in cd m�2 and E is the illuminance on the road surface in lx. The
parameter, which implicitly assumes a linear relationship between the illuminance and luminance for road surfaces, was
recorded for the same cross sections where the speed measurements were carried out.

The coefficient q is a function of the pavement material, the angle of incidence of lighting on the road surface, the relative
positions of driver and luminaires, and the driver observation angle (European Committee for Standardization, 2003). Fotios,
Boyce, and Ellis (2005) have estimated the q-value for different pavement materials and different driving conditions. In this
investigation, measurements were taken in daytime (sunny and cloudy) and at night-time. The illuminance, which measures
the amount of light that reaches a unit area of the road surface, varies widely when moving from sunny to dark conditions.
Values between 3850 and 86,000 lx were observed in daytime, while at night the measurements were strongly dependent on
the street lightings systems and the corresponding values were between 0 and 50 lx. In this investigation, such large
used for lighting measurements.

meter Sensor Range Accuracy

inance (E) Delta OHM 0.01–199.99 lx 0.01 lx
HD2302.0 0.1–1999.9 lx 0.1 lx

1–19,999 lx 1 lx
10–199.99�103 lx 0.01–103 lx

inance (L) Konica Minolta Fast: 0.001–299.900 cd/m2 0.001–0.999 cd/m2: ±2% ±2 digits of displayed value
LS-100 Slow: 0.001–49.990 cd/m2 1.000 cd/m2: ±2% ±1 digit of displayed value
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variability was also noticed in practice and reported in Fig. 1. In the same figure, a linear relationship between illuminance
and luminance is proposed together with a power regression, which in turn exhibits a higher coefficient of determination.

The coefficient of the linear function in Fig. 1 is equal to 0.0734, which is between the typical value of 0.05 cd m�2 lx�1

observed in the case of asphaltic surfaces, and the value of 0.085 cd m�2 lx�1 that is found to be typical of concrete based
pavements (Fotios et al., 2005; Frith & Jackett, 2009). This confirms that the surface of the bituminous pavements investi-
gated here had already lost the thin film of bitumen that coats the hot mix asphalt immediately after laying. In such condi-
tions, the pavement tends to exhibit an uncoated portion of the grain surface that is lighter in colour, thus increasing the
reflecting properties and the luminance coefficient.

The strong relationship that exists between luminance and illuminance of road pavements leads to the conclusion that
only one can be selected if we wish to avoid multicollinearity effects during the model calibration. In this investigation illu-
minance was considered a surrogate measurement of luminance, which in any case is considered the crucial parameter
affecting driver behaviour.

In this work, the effects of daylight glare were disregarded since during the measurements the sun elevation was more
than 30� or the sun orientation was not aligned with the carriageway centreline (Jurado-Piña & Pardillo Mayora, 2009). The
effects of sun glare on driver speed behaviour are under investigation and the results will be presented in a future work.

3.2. Speed and illuminance measurements

The sections considered in this study are part of the Turin arterial urban network. Their selection resulted from the need
to consider different aspects important for the collection of good and reliable data. Firstly, the speed measurements were
derived for isolated vehicles operating in free-flow conditions, with a minimum accepted time headway and tailway of
5 s. Secondly, the measurement sections were selected far away from intersections to ensure that driver speed was not
affected by the traffic control systems. Thirdly, in the selected sections it was possible to keep the measurement instruments
out of sight to avoid affecting driver behaviour.

The database contains speed values measured on nine sections of six different urban arterials in Turin (Italy). The mea-
surements were carried out between 2010 and 2011, and a total of 10,011 speed observations were collected. Table 2 shows
the names of the roads, the geographic coordinates of the investigated sections and some road characteristics such as the
number of carriageways, the number of lanes per carriageway and their width, the radius of curvature and the posted speed
limit (PSL), which is usually 50 or 70 km/h on urban roads in Italy. All the street segments have two separate carriageways
with a median and 2–3 lanes per direction, with a width ranging from 3.0 to 4.5 m. Table 2 also lists the number of obser-
vations collected for each road, section, and in the three lighting conditions.

The database also contains additional geometric, environmental and lighting information that was gathered during the
surveys. The variables investigated are the twenty-eight listed in Table 3, with the symbols used and their units of measure-
ment. Different variable types are considered: Boolean (B), Numerical Continuous (NC) and Numerical Discrete (ND).

Weather conditions (WC) considered in this investigation were sunny (WCS), cloudy (WCC) and dark, in order to describe
all the possible cases of natural sunny (WCS = 1, andWCC = 0), natural cloudy (WCS = 0, andWCC = 1) and artificial (WCS = 0,
and WCC = 0) lighting conditions. The sun is the unique source of illumination that characterises a sunny day, while on
cloudy days clouds spread the light like a distributed source of illumination. Finally, during the night, the only sources of
illumination were the streetlights. The variable EAV indicates the mean value of four illuminance measurements performed
in the cross section where the speeds were surveyed for periods of about 10–15 min.

In addition, other geometric variables that were found to be significant in previous studies (Bassani, Dalmazzo, Marinelli,
& Cirillo, 2014) were considered: lane, right and left shoulder, carriageway and median width (LW, SRW, SLW, CW and MW
respectively), driveways (D and DD), deviations (Dev and DevD), intersections (I and ID) and pedestrian crossings (Ped and
Fig. 1. In-field comparison between luminance and illuminance.



Table 2
Geometric characteristics of the selected road sections.

Road Road name Coordinates Sect. No. of investigated Lane width Radius PSL Number of speed data

Carriageways Lanes S C N Total
# – Lat.–long. # – – M m km/h # # # #

1 corso
Unità
d’Italia

45�103300 .00 1 2 3 3.00 1 70 1368 1123 1113 3604
7�4001700 .51
45�101500 .77 2 2 3 3.00 1 50–70 470 285 272 1027
7�4001200 .38

2 corso
Allamano

45�30400 .86 3 1 3 3.60 1 50 142 136 137 415
7�3604300 .06

3 corso
Grosseto

45� 602400 .10 4 2 2 3.50 1 70 454 232 551 1237
7�3802300 .87

4 corso
Orbassano

45�105200 .94 5 1 2 4.00–4.50 250 70 100 114 – 214
7�3601700 .68
45�105800 .01 6 1 3 4.00–4.50 250 70 263 255 141 659
7�3603600 .70
45�104800 .36 7 1 3 3.70 1 70 264 252 141 657
7�3603000 .62

5 corso
Marche

45�504000 .75 8 2 2 3.50–4.00 850 70 348 150 154 652
7�3701000 .13

6 lungo
Stura
Lazio

45�502000 .82 9 2 3 3.25 290 70 522 534 490 1546
7�4303800 .13

Total – – – 14 37 3.00–4.50 250–1 50–70 3931 3081 2999 10011

S = daytime sunny conditions.
C = daytime cloudy conditions.
N = night-time (artificial conditions).

Table 3
Summarized statistics of considered variables.

# Variable Symbol Type Unit Min Max Mean Std. dev.

1 Sky condition – sunny WCS B – 0.0 1.0 – –
2 Sky condition – cloudy WCC B – 0.0 1.0 – –
3 Illuminance (mean) EAV NC lx 0.5 86,710 19,897 22,726
4 Posted speed limit PSL ND km/h 50.0 70.0 68.1 5.8
5 Lane position LP ND – 1.0 3.0 1.9 0.8
6 No. of carriageways NC ND – 1.0 2.0 1.9 0.4
7 Carriageway width CW NC m 7.0 12.5 9.3 1.5
8 No. of lanes per direction NL ND – 2.0 3.0 2.8 0.4
9 Lane width LW NC m 3.0 4.5 3.3 0.4
10 Median width MW NC m 0.0 11.5 5.6 3.8
11 Right shoulder SR B – 0.0 1.0 – –
12 Right shoulder width SRW NC m 0.0 3.0 0.3 0.7
13 Left shoulder SL B – 0.0 1.0 – –
14 Left shoulder width SLW NC m 0.0 0.5 0.1 0.2
15 Curvature 1/R NC m�1 0.0 4.02 � 10–3 9.51 � 10–4 1.54 � 10–3
16 Deviations (ramps) Dev B – 0.0 1.0 – –
17 Deviations (ramps) density DevD NC No./km 0.0 6.0 2.5 2.0
18 Driveways D B – 0.0 1.0 – –
19 Driveway density DD NC No./km 0.0 4.0 1.6 1.2
20 Intersections I B – 0.0 1.0 – –
21 Intersection density ID NC No./km 0.0 2.0 0.5 0.7
22 Sidewalks S B – 0.0 1.0 – –
23 Pedestrian crossing Ped B – 0.0 1.0 – –
24 Pedestrian crossing Density PedD NC No./km 0.0 4.0 1.0 1.0
25 Distance nearest curve DNC NC m 120.0 3232.0 647.7 626.2
26 Distance furthest curve DFC NC m 0.0 950.0 540.8 398.6
27 Distance nearest intersection DI NC m 127.0 1500.0 685.1 374.6
28 % Change lane forbidden CLF NC % 0.0 23.0 3.1 7.3
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PedD) across the investigated sections were all considered both in terms of presence and density (No./km). All the indepen-
dent variables were evaluated considering the driving direction along a section of 1 km, 800 m before and 200 m after the
cross-section under observation. In fact, according to previous studies (Cafiso and Cerni, 2012), driver speed choice is
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influenced by the geometric elements of the road section just traversed, which contribute to the formation of the memory
expectation, and by those elements located in his field of vision.

Since all the road segments considered have two carriageways, the characteristics relating to each carriageway were
evaluated independently. Among the roadside variables, the presence of sidewalks (S) was considered a Boolean variable
(0 indicates absent, 1 indicates present).

Lane position (LP) was considered to distinguish car position in the carriageway since prudent drivers tend to occupy the
lanes on the right side, while more aggressive drivers tend to occupy the leftmost lanes (Bassani & Mutani, 2012). The last
four covariates (considering a section length of 1 km) are the distances from the nearest (DNC) and furthest curve (DFC), the
distance from the nearest intersection (DI) and the percentage of the road path in which a lane change is forbidden (CLF).

4. Modelling

For years, the evaluation of the effects of road geometrics on speed has been mainly carried out through the 85th per-
centile (V85) of speed distribution of the vehicles operating under free-flow conditions. The use of V85 has become popular
among designers and researchers in the assessment of design consistency and driver expectation (Transportation Research
Circular, 2011). US road agencies use it to set the posted speed limit along roadways. Several attempts to establish how it is
affected by operational, environmental and geometric parameters have been carried out in the last thirty years, and a num-
ber of equations have been made available for its estimation on different road typologies and elements (i.e., tangents and
curves).

Notwithstanding its widespread use, this speed parameter fails to provide complete information on how speeds are dis-
tributed, since the same V85 can be extracted from an indefinite number of distributions. Moreover, the inferences that can
be drawn from the entire speed distribution are more robust than those derived from a specific percentile.

Figueroa and Tarko (2005) demonstrated that some variables are able to change the average of the distribution, while
others can modify the dispersion around it. They introduced a model to calculate any percentile starting from the evaluation
of the mean and standard deviation of speeds. Starting from the operating speed model originally proposed by Figueroa Med-
ina and Tarko, who calibrated their model using a database obtained from percentile speeds from the 5th to the 95th per-
centile in increments of 5% from field observation, the authors used direct field observations and operated the model with
the addition of random effects.

4.1. Random effects model

To consider and isolate the effect of deviations in the data due to the random selection of cross-sections from the inves-
tigated road network, three normally distributed random effect terms (a) have been added for lanes (l|s,r), sections (s|r) and
roads (r). The model output is the speed Vrsl;i, corresponding to the generic observation i, at a certain percentile p:
Vrsl;i ¼ b0 þ
XK

k¼1

bC
kXki þ

XJ

j¼1

bD
j � ðZp � XjiÞ þ ar þ asjr þ aljsr þ ersl;i ð3Þ
in which, b0 is the general intercept, bC
k and bD

j are calibration parameters for the variables affecting the mean (Xk) and the
standard deviation (Xj) respectively, Zp is the standardised normal variable for the specific percentile p, and ersl;i is the error
associated with each measurement. The subscripts k and j indicate the number of significant variables that affect the central
tendency and the deviation from the mean, respectively.

4.2. Variable selection and model calibration

The Bayesian Information Criterion (BIC) has been used to select the best predictors in the regression (Schwarz, 1978). BIC
is partly based on the likelihood function and is closely related to the Akaike Information Criterion.

Some of the variables reported in Table 2 were found to be linearly dependent on others. To avoid problems of multi-
collinearity, the predictors NL, SL and D were removed from the list of variables as they create problems during estimation
and generate a rank deficient model matrix. Other redundant variables were removed afterwards, in particular those which
indicate either the presence or the density of the same road element (SL, SR, Dev, D, I, Ped).

In the initial attempts at model calibration, the authors found that the curvature (1/R) was not significant since the small-
est radius was equal to only 250 m and did not influence driver speed choice. Therefore, this variable was removed from suc-
cessive model calibrations.

At the end of the variable selection stage, only twenty variables remained. In this context, it is important to note that the
average value of illuminance (EAV) had a large variability in its domain with night-time conditions characterised by very low
values all close to zero, and daytime conditions characterised by a dramatic range in values. After some attempts at numer-
ical rescaling, the best results were obtained substituting the illuminance values with the corresponding logarithmic trans-
formation, with a change in the variable range from 0.5–86,710 lx to �0.268–4.938 Log10(lx).



Table 4
Model coefficients for sunny (s), cloudy (c) and night (n) lighting conditions, and synthesis of statistical analysis.

# Variables Whole dataset (model #1) Sunny sub-dataset (model #2s) Cloudy sub-dataset (model #2c) Night sub-dataset (model #2n)

Est. Std. err. t-value Est. Std. err. t-value Est. Std. err. t-value Est. Std. err. t-value

– Intercept (b0) 27.627 6.408 4.311 29.870 8.159 3.661 34.390 7.853 4.379 31.490 8.559 3.679
1 WCS �4.833 0.517 �9.347
2 WCC �7.004 0.440 �15.909
3 Log10(EAV) 0.588 0.159 3.705 �1.267 0.343 �3.689 �2.082 0.158 �13.149
4 PSL 0.603 0.092 6.530 0.637 0.113 5.655 0.567 0.113 5.015 0.557 0.123 4.517
5 LP 6.683 0.681 9.815 7.104 0.811 8.759 5.803 0.825 7.033 6.686 1.008 6.634
6 SLW �14.660 9.300 �1.576
7 Z �WCS �2.679 0.503 �5.322
8 Z �WCC �4.032 0.429 �9.403
9 Z � Log10(EAV) 0.531 0.154 3.435 1.288 0.155 8.337 14.140 0.954 14.827
10 Z � PSL 0.041 0.007 6.062 0.199 0.014 14.397 �0.163 0.015 �10.531 0.055 0.016 3.567
11 Z � LP 0.863 0.052 16.637 0.999 0.060 16.602 0.717 0.042 17.265 0.552 0.059 9.279
12 Z � NC 0.720 0.135 5.336 �5.451 0.557 �9.779 6.738 0.938 7.184 �13.900 1.664 �8.351
13 Z � CW 0.119 0.068 1.743 1.292 0.090 14.344
14 Z � LW 1.370 0.182 7.514 1.815 0.199 9.125
15 Z �MW 0.410 0.051 7.983 0.543 0.090 6.038
16 Z � SRW 0.343 0.077 4.478 1.609 0.186 8.668
17 Z � SLW �0.229 0.479 �0.478 �40.360 3.328 �12.130 25.06 5.382 4.657
18 Z � DevD �0.673 0.066 �10.233 �1.670 0.105 �15.963 �0.612 0.104 �5.909
19 Z � DD �0.498 0.074 �6.704 �1.382 0.111 �12.406 �2.905 0.123 �23.692 �0.619 0.194 �3.188
20 Z � ID �1.202 0.115 �10.486 2.335 0.289 8.078 0.324 0.229 1.415
21 Z � S �13.810 1.348 �10.242 5.712 2.378 2.402
22 Z � PedD 0.805 0.090 8.928 0.018 0.113 0.156 0.244 0.139 1.754
23 Z � DNC 0.006 4.3 � 10–4 13.019 0.006 4.8 � 10–4 13.199
24 Z � DFC �0.002 3.1 � 10–4 �7.666 0.013 0.001 18.559 0.002 0.001 3.273
25 Z � DI 0.003 2.2 � 10–4 13.355
26 Z � CLF �0.171 0.017 �10.045

# of data 10,011 3931 3081 2999
BIC at convergence 55859.9 19706.4 12485.5 13374.4
Multiple R2 0.91643 0.95649 0.97722 0.97793
Random effects (std.

dev.)
Lane: (Section: Road) 3.117 3.705 3.787 4.558
Section: Road 1.2 � 10–5 0 2.562 4.2 � 10–5
Road 3.102 4.152 0 2.784
Residual 3.893 2.877 1.751 2.155
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Five models were calibrated in view of the different environmental lighting conditions. The first model was calibrated
using the entire dataset, while the remaining four were estimated from subsets, representing sunny, cloudy, and night (dark)
conditions respectively. Afterwards, another calibration was carried out by merging the two daytime conditions (sunny and
cloudy). This was done by considering possible differences in the driver population between daytime and night-time
revealed by Assum et al. (1999). They observed that the population of older road users is consistently higher during the
day than during the night, since elderly drivers do not have the same night-time vision that younger drivers do.

5. Results and discussion

5.1. Behavioural effects of lighting conditions and geometric characteristics

The results from the model calibration for the whole dataset (model #1) and for the three sub-datasets collected in sunny
(model #2s), cloudy (model #2c) and night conditions (model #2n) are synthesized in Table 4. Fourteen variables resulted
significant for sunny, seventeen for cloudy, and sixteen for night lighting conditions.

Some variables appeared significant in the calibration of model #1, while the same variables became insignificant when
calibrated with the sub-datasets (model #2s, 2c and 2n). Evidently, the variables WCS and WCC were not included in these
Fig. 2. Comparison between observed and predicted speeds for model #1 (A), 2s (B), 2c (C), 2n (D).
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last three models. Conversely, some other variables were significant in the model calibration on the three sub-datasets and
insignificant on the whole one (i.e., SLW, MW, SLW, DevD, S, DNC, DFC, DI and CLF). Finally, others such as PSL, LP, NC and DD
are always significant.

The lane position (LP) always affects the mean and the deviations in the same way. This is in line with previous obser-
vations by the authors, which referred to V85 only and used a smaller database (Bassani & Mutani, 2012). This newmodelling
approach confirms once again that higher average speeds are observed on the leftmost lane and slower average speeds on
the rightmost one, thus reflecting expected driver behaviour on rural motorways in European countries. With this newmod-
elling approach, it was also possible to observe that speed deviations increase from right to left on the carriageway.

The lane width (LW), when significant, affects only the deviations from the mean with a positive coefficient. The PSL coef-
ficient is positive too, hence it influences drivers in their speed choice. It also tends to decrease the speed deviations in cloudy
conditions, since it has a negative coefficient.

Regarding the effects of illuminance (E), in model #1 when the illuminance increases the average speed increases too,
while in sunny (model #2s) and cloudy conditions (model #2c) the average speed diminishes when illuminance rises. Only
in models #2c and #2n does the illuminance affect the deviation from the mean, which increases when illuminance
increases. In particular, the dispersion of speed is significantly high in night-time conditions, thus highlighting how driver
response is strongly differentiated in low illuminance conditions.

The statistics included in Table 4 indicate that models #2 are characterised by higher coefficients of determination
(always over 0.95) than in model #1. Random effects are generally low and in some cases negligible; model #1 which
was calibrated on the whole dataset exhibits higher residuals. Fig. 2 reports the comparison between observed and predicted
speeds with models #1 and #2 for sunny, cloudy and night lighting conditions.

Fig. 3 shows the sensitivity analysis of the random effects model #1 computed for two different sections and lane posi-
tions, while Fig. 4 shows the same analysis for the models #2d and #2n for two other sections. In both cases, five speed per-
centiles (V5, V15, V50, V85, V95) were estimated through Eq. (3), and the ranges of definition for illuminance are the same as
those observed during surveys.

Looking at Fig. 3, the effects of the WCS andWCC variables can be appreciated, since the dispersion of speed data changes
suddenly in response to changes in lighting and sky conditions. In particular, the standard deviation does not vary much with
the increase in illuminance.

In contrast, Fig. 4 illustrates how the mean speed is not affected by illuminance at night-time, whereas in daytime it
increases slightly. In the figure, we consider section #9, equipped with streetlights and a PSL equal to 70 km/h, and section
#3, where car headlamps are the only sources of illumination and the PSL is 50 km/h. It may be noted that with model #2 the
dispersion of predicted speeds increases with the increase in illuminance, efficiently capturing the real effects on driving in
these particular conditions. Furthermore, it is worth noting that in all the four cases of Figs. 3 and 4 the change in scale of the
speed variations is a function of the geometric characteristics, thus confirming their importance in speed estimation.

5.2. Behavioural changes between night and day

To discuss the effects of different daytime and night-time driver populations, model #2d has been calibrated on the sunny
and cloudy sub-datasets. Table 5 reports once again the results obtained with model #2n for comparison purposes. It is
(A) (B)

Road 3, Section 4, Lane 2
al|s,r = -0.330 

ar = 0.418 

Road 4, Section 6, Lane 1
al|s,r = 0.557 
ar = -0.568 

Fig. 3. Sensitivity analysis of model #1, for sections #4 (A) and #6 (B).



(A)                               (B)

Road 6, Section 9, Lane 2
NIGHT: al|s,r = -2.524 

ar = 0.618 
DAY: al|s,r = -1.958 

ar = -3.822 

Road 2, Section 3, Lane 2
NIGHT: al|s,r = -1.653 

ar = -0.984 
DAY: al|s,r = -0.944 

ar = 1.050

Fig. 4. Sensitivity analysis of models #2d and 2n, for sections #9 (A) and #3 (B).

Table 5
Model coefficients for daytime (d) and night-time (n) lighting conditions, and synthesis of statistical analysis.

# Variables Daytime (sunny and cloudy) sub-dataset (model
#2d)

Night-time sub-dataset (model #2n)

Est. Std. err. t-value Est. Std. err. t-value

– Intercept (b0) 8.994 6.512 1.380 31.490 8.559 3.679
1 Log10(EAV) 3.179 0.146 21.810
2 PSL 0.627 0.093 6.740 0.557 0.123 4.517
3 LP 6.717 0.667 10.080 6.686 1.008 6.634
4 Z � Log10(EAV) 2.355 0.072 32.720 14.140 0.954 14.827
5 Z � PSL 0.055 0.016 3.567
6 Z � LP 0.873 0.060 14.570 0.552 0.059 9.279
7 Z � NC �0.637 0.161 �3.970 �13.900 1.664 �8.351
8 Z �MW 0.543 0.090 6.038
9 Z � SRW 0.923 0.067 13.700 1.609 0.186 8.668
10 Z � SLW 25.06 5.382 4.657
11 Z � DevD �0.612 0.104 �5.909
12 Z � DD �0.609 0.050 �12.310 �0.619 0.194 �3.188
13 Z � ID �0.556 0.093 �5.980 0.324 0.229 1.415
14 Z � S 5.712 2.378 2.402
15 Z � PedD 0.580 0.064 9.120 0.244 0.139 1.754
16 Z � DNC �0.001 9.5 � 10–5 �6.390 0.006 4.8 � 10–4 13.199
17 Z � DFC 0.002 0.001 3.273
# of data 7012 2999
BIC at convergence 38864.7 13374.4
Multiple R2 0.91277 0.97793
Random effects (std. dev.)
Lane: (Section: Road) 3.043 4.558
Section: Road 7.4 � 10–6 4.2 � 10–5
Road 3.702 2.784
Residual 3.806 2.155
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worth noting that in model #2d, the Log10(EAV) has a positive coefficient unlike the negative one found for the two separate
cases with models #2s and 2c. A higher illuminance in the daytime leads to an increase in both the average speed and the
deviations from the mean. Looking at Table 5, the significant variables are as numerous as those in model #1. This may be
due to several factors that influence the selection criterion, as in the size of the sample, the variability of the parameters, the
list of variables, etc. The basic concept is that the covariates selected are those that maximise the likelihood function: by
adding other covariates, the fit worsens.

Fig. 5 contains the comparison of observation and prediction for speeds model #2d and 2n. By considering the size of the
two sub-datasets, it is evident that the variability of the database in daylight conditions is more difficult to capture. More-
over, the estimates of the intercept assume different values.



Fig. 5. Comparison between observed and predicted speeds for model #2d and 2n.

Table 6
Speed data available for different lighting conditions (D for daytime, N for night-time).

Road # Section # Lighting conditions # speed Data VD � VN rD � rN Vi > PSL Vi > PSL
+ 10 km/h

[km/h] [km/h] # % # %

1 1 (b) D 2491 �2.26 �2.47 1602 64.3 944 37.9
N 1113 754 67.7 507 45.6

2 (a) D 390 �6.10 0.15 367 94.1 232 59.5
N 125 124 99.2 105 84.0

2 (b) D 365 �1.59 �0.26 293 80.3 137 37.5
N 147 127 86.4 61 41.5

2 3 (a) D 278 �1.23 �3.41 263 94.6 190 68.3
N 137 127 92.7 94 68.6

3 4 (b) D 686 �1.93 �1.42 468 68.2 247 36.0
N 551 392 71.1 246 44.6

4 5 (b) D 214 – – 161 75.2 99 46.3
N – – – – –

6 (b) D 518 �7.49 1.83 402 77.6 167 32.2
N 141 135 95.7 93 66.0

7 (b) D 516 �5.19 �3.23 440 85.3 157 30.4
N 141 115 81.6 79 56.0

5 8 (b) D 498 �2.93 3.39 410 82.3 257 51.6
N 154 146 94.8 102 66.2

6 9 (b) D 1056 �9.06 �0.73 685 64.9 316 29.9
N 490 452 92.2 268 54.7

(a) PSL = 50 km/h.
(b) PSL = 70 km/h.
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These results support the idea that the characteristics of the driver population in daytime are different to those of the
driver population at night-time. In particular, one factor that influences their distribution between daytime and night-
time is driver perception of the environmental lighting conditions. Table 6 contains the analysis of observed data during
day and night surveys; the difference in averages ðVD � VNÞ and standard deviations (rD � rN) of speeds between day (D)
and night (N) is listed with the number (#) and the percentage (%) of speed data above the posted speed limit (PSL), and
above the PSL plus 10 km/h.
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The reason for these two different thresholds is that the majority of drivers tend to adopt a value close to or just above the
limit. Those who consciously ignore the speed limit and drive above the second threshold (PSL + 10 km/h) exhibit a more
aggressive uninhibited behaviour.

Table 6 demonstrates that average speeds and corresponding deviations are mostly greater during night-time than in
daytime. Differences among the average speeds in free-flow conditions are negative, demonstrating that during the hours
of darkness drivers travel at higher speeds. Furthermore, the tendency of drivers to exceed the speed limit is accentuated
at night-time, with the exception of two cases. The percentage of observations over the upper PSL thresholds indicates that
more than half of all drivers exceed the speed limit, and this cannot be attributable to simple distraction.

The tendency to exceed the speed limit is due to a combination of factors that have been documented in literature (Assum
et al., 1999) and that can be largely explained by changes in the age profile of the driver population. Moreover, the investi-
gation of Hassan and Abdel-Aty (2013) confirms that younger drivers tend to drive aggressively (e.g., disregard red lights) on
empty roads and/or late at night. This is certainly what happens for the investigated road network, since drivers are aware of
and take advantage of the lower level of traffic violation detection at night-time.

6. Conclusions

To support road engineers in the selection of the most appropriate design speed value, advanced road policies and stan-
dards have led to the introduction of operating speed models to assess the design consistency (Transportation Research
Circular, 2011). Operating speed studies also offer a new opportunity and a wider perspective to road engineers, who can
adopt conscious design standards that encourage drivers to adopt the most appropriate speed on the basis of the environ-
mental and geometric characteristics of a particular road. In particular, the use of speed distribution models can significantly
support effective speed management actions.

In this paper, the authors focused their attention on the urban arterials that are expected to provide high operating speeds
and levels of service for built-up areas (AASHTO, 2011). For safety reasons, in European cities and in Italy, in particular, the
PSL of urban arterials is typically set at 50 or 70 km/h. Unfortunately, field observations confirm that most drivers tend to
operate at speeds in excess of the PSL with negative impacts in terms of risk and safety.

According to the Highway Safety Manual (AASHTO, 2010), drivers select speed using perceptual and several road message
cues. A deeper understanding of these can help establish self-regulating speeds with minimal or no enforcement. In fact,
environmental lighting conditions from natural and artificial sources in combination with the geometric characteristics of
a road play an important role in driver speed selection in addition to factors such as driver capability, habits and attitude.

In this study, lighting and geometric conditions were investigated to gain a better understanding into how the combina-
tion of these two elements might affect all the drivers traversing a specific section of an urban arterial. To this end, the
authors conducted several field surveys aimed at the formation of a consistent database containing free-flow speeds and illu-
minance measurements on selected crosssections, together with a survey of the geometric characteristics along 1 km (800 m
before and 200 m after) in the urban arterial network in Turin (Italy).

Illuminance and several geometric variables were assumed as predictors in the estimation of speed percentiles using a
multiple linear regression model. The dataset used to calibrate models contained 10,011 speed values measured on nine sec-
tions of six different road segments. Speed data were collected using both video image analysis and a laser speed gun.

The initial list of geometric and lighting variables was modified to remove those variables with low significance or likely
to generate problems of multicollinearity. The authors used the model structure proposed in a previous publication (Bassani
et al., 2014), to differentiate the effects on the central speed value from the deviations associated with a generic percentile by
the standardised normal variable. The BIC criterion was used to select the significant variables to be included in the model.

A preliminary investigation demonstrated the existence of a linear relationship between illuminance and luminance. In
spite of the fact that luminance is considered the reference photometric parameter in the design of lighting systems along a
road section, its in-field determination requires more time and the use of more expensive measuring devices than what are
necessary to perform illuminance measurements. Hence, in this investigation illuminance was regarded as a surrogate mea-
sure of luminance and used as a regressor in the model.

To obtain better results, the logarithm of illuminance was considered in the model calibration, and random effects were
included to quantify the effects of a random selection of roads, sections and lanes in the larger population of sections forming
the urban arterial network investigated.

Focusing on the effects of illuminance, results showed that:

� when illuminance increases, the average value of the speed distribution increases;
� when the analysis is limited to the sub-datasets corresponding to the three types of lighting conditions, illuminance influ-
ences only the mean of the speeds during sunny weather, both the central tendency and the dispersion during cloudy
weather, and the dispersion term only under artificial night lighting;

� when illuminance increases, the deviations from the mean speed values also increase;
� at night-time, such deviations are greater as confirmed by the significant change in the coefficient of the Z � Log10(EAV)
that rises from 2.355 for daytime lighting conditions to 14.140 for night-time conditions;
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� the gap in deviations is attributable to the behavioural differences between the low number of elderly drivers and the
high number of younger drivers at night, and their visual capabilities and habits under different lighting conditions.

It is worth noting that random effects often appear to be low and sometimes negligible. Their use in linear models is effi-
cient for the estimation of parameters, and leads to a very good fit of observed values. On the other hand, the selection of the
regressors using the BIC criterion is strongly related to the database composition (this is evident when the dataset was split
into three parts related to the different lighting conditions investigated).

It should be emphasised that different operating conditions in terms of road geometrics, driver population profiles and
driving rules may lead to different results. For this reason, it would be useful to work on other datasets to enlarge the vari-
ability of the covariates, and, thus, reach more general conclusions for different driving contexts.
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