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Abstract

The road traffic injuries risk factors such as driving offenses and average speed are concerns for health
organizations to reduce the number of injuries. Without any comprehensive view of each road, one
cannot decide about the effective policy. In this manner, the data-driven policy will help to improve and
assess the decisions. The count data near the road of two airports is surveyed for investigating the time-
varying speed zones.

The descriptive statistics, ANOVA, and functional data analysis were used. The hourly data of traffic
counts for four different locations at the entrance of the two airports, international and domestics, were
collected for one the year 2018 to 2019.

The hourly pattern of driving offenses for each road was assessed and the to and from airport roads had
different peaks (<0.05). The hour, weekdays, type of airport, direction and their interactions were
statistically significant (<0.05) for the chance of driving offenses. The speed average during the day
was statistically different (<0.5) by the number of different types of vehicles.

The traffic count data is a great resource for decision making in safe driving subjects such as driving
offenses. With functional data analysis, we can analyze them to get the most of the characteristics of
this data. The airports are public places with high traffic demand in all countries that yields the different
pattern of traffic transportation, therefore we extract the factors that affect the driving offenses. Finally,
we conclude that conducting a time-varying speed zone near the airports seems vital.
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Introduction

The road traffic deaths which reach 1.35 million each year globally, are the 8" leading cause of death
of all ages (2.5% of total deaths) and high-risk driving is one of the most important causes of death and
major injuries in the developing countries. (1) The association between vehicle crashing risk and speed
traveling seems obvious. (2, 3) The speeding, overtaking from the wrong side, and rapid changing of
driving lanes are high risk driving behaviors and they count as the driving offenses which are the most
causes of road traffic crashed (RTC) in Tehran. (4) The prevalence of a few risky driving behaviors in
Iran was estimated nationally with surveys as follows: 0.5 (0.4 - 0.6) for drink driving and 3.5 (3.2 —
3.8) for being an occupant in a car with a drunk driver. (5) The other risky behavior is the lack of
attention, getting trapped in the car, listening to the music, fatigue and sleepiness, duration and distance,
and negligence of seatbelt while driving. (6) On the other hand, safety driving is relating to demographic
and health status (7, 8). The traffic laws modifications, police controls enhancement, transport
infrastructure improvement, and education for drivers were mention as policies for reducing fatal road
traffic injuries in Iran. (6, 9) The penalty for risky behavior such as using a cell phone while driving is
protective. (10) Therefore, identification of the main risk factors for RTC such as situations, places,
behaviors, etc. helps us to control, manage, and prevent it and set health policies.

Many meta-analyses showed that the maintenance of the speed cameras is effective in speed
management, reducing fatal and serious injury crashes(11, 12) and safe system (13). There are different
speed camera programs in different countries, for example in Iran, the number of speed cameras on
rural roads improves the safety of the roads. (14, 15) While speed cameras record many frames at a time
interval of data subjects and use big data and Al for automatic decision making (16), their privacy and
GDPR is under discussion. (17)

The functional data analysis is a field in statistics which deals with high dimensional data with
underlying function, for example, we can consider the speed camera hourly records as a function. (18)
The hourly records are high dimensional and using multivariate statistical methods does not cover the
underlying functions in these datasets. Therefore, we use functional canonical correlation to study the
relationships between two functions and we also use the functional regression to estimate the effects of
covariates on the whole functions. (19, 20) Other methods such as multi-level mixed models were used
to model the traffic count data. (21)

We can mention controlling the road speed, the hourly travel patterns, and decreasing traffic congestion
as a data-driven policy for the sustainable smart city from analyzing the official statistics (22), computer
vision (23), and speed cameras data. (24, 25). The implementation of the data-driven policy has three
phases include predictive and problem definition, design and experimentation, evaluation, and
implementation. (26)

There is some speed limitation in special areas such as school, playground zones (27, 28), residential
areas (29), rural (30), and urban areas (31) in many countries (32) for protecting children, cyclists, etc.
from traffic collisions. In this study, we first show the temporal pattern of speeding offenses in the
airport zone, both domestic and international. They are changing in the special hours. Airports are one
of the places which people often want to reach or get out very quickly and therefore we see the
occurrence of speeding offenses near these areas. Secondly, the average speed of different types of
vehicles is studied as a behavioral factor in airport zones. Many passengers want to reach international
airports in a short time, therefore, it seems a high risk driving includes high speed driving appears in
the ways to the airport.

Material and Methods
Population and Sample

According to the Iranian Airports Holding Company, Iran has 51 airports. We choose two airports in
this study. The International Imam Khomeini Airport, OIIE (IKA), is located outside the capital city of
Tehran and has 8,647 domestic and 8,843,585 international passengers. And it is only for international
flights. The Isfahan International Airport (Esfahan Shahid Beheshti International), OIFm (IFN), is located
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near the Isfahan, one of the most important cities in Iran. And it has 2,258,806 domestic and 525,810
international passengers. And the major flights in this airport are domestic flights. (33)

Dataset

To analyses the pattern of traffic near the airports, the nearest traffic camera beside the highways to and
from these airports is selected (fig 1). There is two traffic camera, one is near the to the airport and the
other is near the from airport roads. Then we collect the hourly traffic data to reveal: first is the
difference between patterns of to/from airport, second is the difference pattern between an international
and domestic airport and third is the difference traffic patterns between weekdays.

Imam Khomeini International Airport Isfahan Shahid Beheshti International
Airport

-
ppot By
L

Code Name Address (Lat/Lng) Code Name Address (Lat/Lng)

To the airport: 113603 (35.400174,51.187047) To the airport: 213114 (32.718855,51.849681)
From the airport: 113653 (35.399151,51.186704) From the airport: 213164 (32.718855 ,51.849681)

Figure 1 — The information about the counter stations.

The traffic data set for Traffic Counts with its characteristics such as latitude, longitude, number of
lines, and capacity is available from the Ministry of Roads and Urban Development website. (34) There
are 15 columns in each dataset including the road code ( the six digits code for go/return), the road
name, start time of capturing, end time of capturing, functional time of Traffic Counts ( 60 minutes in
a usual capturing), Total Vehicles, total vehicles type 1 to type 5 (type 1 is cars and pick-ups, type 2 is
trucks, small trucks, and minibusses, type 3 is Ordinary lorries less than 4m and three axles, type 4 is
the bus, and type 5 is Trailers and freighters higher than three axles ), Average speed (calculated from
all type of vehicles), number of speeding offenses (the number of the vehicle in a time interval on the
road which has higher speed than speed limits) and number of failing to follow a vehicle at a safe
distance (at least less than two seconds distances with the previous vehicle. These datasets are available
hourly and daily for each month with precision at least between 90% to 95%.

Data Quality and Data Cleaning

The hourly dataset for each Traffic Count is captured for one year, from 2018-10-23 to 2019-10-22.
The data for 2019-07-01 to 2019-07-31 is not available. There is total 31,282 observation (15,714 for
Tehran and 15,568 for Isfahan), but about 9% of the observation is excluded because the counter station
is capturing less than 60 minutes in an hour and only 29,502 observation ( 15,307 for Tehran and 14,195
for Isfahan) is used in this analysis. There are also some missing values among datasets then we compute
them with the stations-weekdays-hours specific mean.

Indices Defining

We created two new indices: First is total vehicles per minute by dividing the total vehicles to functional
time of counter stations which its duration is 60 minutes. Therefore, the records with different functional
time against 60 minutes are omitted. Second is the total driving offenses per minute by summing all
two type offenses and dividing them to 60 minutes.

Then we calculate the occurrence probability of any offenses per minute, P(x), by dividing total driving
offenses per minute to total vehicles. Then we transform the probability to the logit function as
log(P(x)/(1-P(X))). Its interpretation is simple and the boundaries vary from negative infinity to positive


https://doi.org/10.20944/preprints202011.0622.v1

d0i:10.20944/preprints202011.0622.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 24 November 2020

infinity. Therefore, the odds ratio of the occurrence of an offense per minute is calculated for each hour
in each station in each day of the week.

The analysis data structure consists of a functional offenses logit during 0-23 hour, the weekday’s
replication, and the counter stations.

Statistical Data Analysis
Descriptive Statistics

We calculate the descriptive statistics including the mean and standard deviation of total vehicles and
total offenses per hour for stations and directions separately.

Full Factorial Analysis of Variance

We use a three-way analysis of variance (ANOVA) to investigate the effects of City, Direct, and Days
on the chance of offenses. The anova() function from R (35) is used. The adjusted stations-weekdays-
hours mean is used for imputation.

Functional Data Analysis

The functional data analysis (FDA) is dealing with high-dimensional data that are recorded on
continuous domains such as time, space, etc. The hourly pattern of the chance of offenses is functional
data. Therefore, we use the B-Spline basis function to estimate the functions. The number of basis and
regularization parameter is obtained with Generalized Cross-Validation methods. (36)

Functional Canonical Correlation

We calculate the relationship between two random functions X and ¥ with the sample functional
canonical correlation (U = (u, X) = flluT(s)X(s)ds and V =(v,Y)= flsz(t)Y(t)dt, are

functional canonical variables, respectively). In the following equation, u(s) = ®,(s)u and v(t) =
@, (t)v, where u € RF1*? and v € R¥2*9, y and v are weight functions and are chosen to maximize
the sample correlation coefficient. (37, 38)

Function-on-Scalar Regression

The function-on-Scalar regression (FOSR) is a class of FDA methods when the response is the function
and the covariates are vectors. We use fully Bayesian FOSR (39), the formula is in the supplement part
1.1.1, for high dimensional data because of computational issues, regularization and choosing the
factors, and calculating the importance of each factor.

Generalized Additive Models

The Generalized Additive Models (GAM) are used for considering non-linear covariate effects with
cubic regression spline. (40)

Results
The Descriptive Statistics

The descriptive statistics including the mean and standard deviation of total vehicles and total offenses
per hour, airports, and direction is presented in table 1.

Table — 1 - The mean (SD) of Total Vehicles and Total Offences per hour by airports and directions

Mean (SD) of Total Vehicles (By Hour) Mean (SD) of Total Offences (By Hour)

Hours

From

To IKA IKA

To IKA

From
1KA

From

To IKA KA

To IKA

From
IKA

1114.72
(234.02) 769.6 (162.87)

940.73 (233.54) 718.2 (147.53)

272.18 (70.11)

191.63 (53.3)

347.98 (140.54)

251.12 (103.61)

4

120.93 (75.27) 109.85 (53.94)

100.43 (63.14) 98.93 (57.07)

41.97 (22.18)

26.52 (16.04)

56.2 (42.26)

37.02 (28.9)
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2 760.88 (175.86)  646.71 (147.44) 153.58 (43.31) 174.21 (61.44) 80.65 (48.2) 87.54 (54.88) 19.76 (10.82) 20.64 (14.68)
3 732.48 (130.63)  561.01 (143.79) 135.82 (39.55) 159.79 (75.92) 81.11 (46.14) 75.96 (50.85) 18.69 (11.28) 19.47 (16.04)
4 764.47 (135.63)  664.74 (152.64) 197.01 (63.47) 150.45 (49.73) 90.48 (48.16) 87.6 (34.89) 31.32 (18.17) 16.07 (16.27)
5 73112 (127.22)  774.66 (162.66) | 347.87 (101.01) 174.56 (54.65) 108.48 (55.97) 119.67 (49.41) 57.08 (32.81) 17.82 (16.49)
242.96
6 779.72 (137.09)  1132.57(356.2) | 855.21(282.83)  397.59 (125.36) 159.9 (79.03) 307.75 (153.02) (150.39) 53.73 (30.49)
1154.38 1597.14 617.76
7 (216.89) 1571.31 (464.97) (492.26) 665.17 (209.42) 246.3 (95.35) 561.83 (249.35) (324.49) 114.15 (61.93)
1185.15 1156.13 288.85 366.39
8 (273.83) 1513.67 (341.42) (280.87) 738.3 (224.65) (113.84) 505.1 (215.99) (170.96) 137.96 (71.33)
1088.45 258.13 297.46
9 (229.44) 1209.47 (273.24) | 1066.9 (177.1) 680.17 (179.45) (103.71) 388.91 (171.77) (105.36) 119.61 (55.21)
1059.61 1150.45 325.02
10 (167.15) 1067.78 (187.47) (169.75) 830.7 (205.68) 24631 (93.61)  320.47 (112.42) (101.05) 170.22 (78.37)
1078.32 1046.37
11 (140.73) 1045.19 (157.45) (158.05) 925.61 (184.63) | 256.37(9L78)  293.67(109.32) | 276.02 (78.51) 200.28 (80.8)
12 1128.4 (142.57) 97179 (135.86) | 954.26 (154.11)  891.66 (181.84) 285.24 (98.2) 250.95 (92.52) 238.01 (74.27) 198.18 (74.7)
1181.31 303.07
13 (180.49) 874.98 (129.74) | 930.05(175.21)  913.68 (211.05) (112.97) 230.87 (89.66) 227.87 (70.37) 206.34 (86.71)
1282.29 321.22
14 (216.51) 956.27 (163.76) | 887.88(205.11)  923.85(231.92) (120.17) 242.24 (92.05) 211.8 (77.48) 212.88 (89.64)
1413.07 344,91 230.07
15 (215.46) 1196.63 (175.78) | 943.16 (248.29) 850.48 (230.8) (148.81) 283.87 (98.73) (103.54) 185.55 (80.43)
1516.02 365.52
16 (204.47) 1195.87 (175.2) | 937.04(198.69)  1092.73 (307.6) (163.05) 289.37 (106.4) 229.12(96.22)  285.72 (129.59)
1761.67 419.18 235.22
17 (205.92) 1165.87 (166.83) | 935.03 (207.66)  1274.91 (362.25) (189.83) 306.28 (108.38) (125.21) 358.11 (162.05)
403.69 223.68
18 191551 (215.9)  1152.91 (188.61) | 883.37(228.84)  1149.54 (253.11) (204.58) 254.95 (94.7) (155.03) 297.39 (127.48)
1872.83 370.55
19 (219.84) 1148.33 (208.53) | 739.59 (161.96)  993.47 (254.34) (190.11) 222.95 (81.63) 168.11(98.62)  234.17 (117.65)
204.88
20 14995 (244.98) 92573 (229.04) | 610.47 (142.62)  772.99 (263.55) (117.09) 147.9 (79.19) 125.86 (62.93)  162.71 (129.95)
1218.82
21 (218.76) 759.88 (191.26) | 580.24 (149.19) 570.4 (177.53) 148.81 (77.38) 116.76 (64.35) 116.3 (60.04) 96.88 (58.16)
1100.94
22 (203.76) 732.94 (179.31) | 453.42(121.25)  561.26 (175.56) | 132.16 (69.97) 109.69 (54.69) 83.61 (47.24) 95.26 (55.29)
23 1156 (208.8) 800.07 (214.19) 339.79 (87) 414.96 (158.85) | 130.67 (76.39) 113.54 (57.97) 54.54 (30.47) 67.92 (49.55)
AV
G 1184.17 980.06 717.10 662.58 227.08 229.9 184.03 140.3
SD 387.75 337.34 428.53 389.01 155.75 169.3 175.17 124.84
Total 9,034,055 7,524,896 5,137,256 4,658,663 1,732,418 1,765,173 1,318,413 986,472

The “To IKA” road has the highest total vehicle transport rate at 18:00 with 1915.51 (215.19) and it has
also other peak busy hours at 8:00 with 1185.15 (273.83). The total vehicle traffic rate on average is
1184.17 with 387.75 standard deviations. In this road, the total offenses have two peaks at 17:00 and
8:00 with 419.18 (189.83) and 288.85 (113.84) respectively. And on average, the total offenses are
227.08 with 155.75 standard deviations. Totally in this period with considering data cleaning, there are
9,034,055 total vehicles with 1,732,418 total offenses. The other directions and airports have different
patterns.

There are two types of driving offenses: speeding and failing to follow a vehicle at a safe distance.
According to our analysis, the speeding offenses probability for an international airport in the
hour/direction/weekday is higher than the domestic airport. In contrast, the probability of failing to
follow a vehicle at a safe distance for the domestic airport in each hour/direction/weekday is higher than
an international airport. (Supplement Part 3)

The Full Factorial ANOVA

The full-factorial-three-way ANOVA was used to assess the effects of city, directions, hours, and all
combination effects with aov() function in R. The dependent variable is the average of offenses
occurrence chance in an hour. (Table 2)

Table 2 — The Analysis of Variance table

pf | Sumof | Mean |t e | pvalue
Squares sq
City 1 2 2.2 4.844 0.03*
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Direct 1 1 0.8 1.668 0.20
Days 6 11 1.8 4.038 0.00*
City:Direct 1 443 442.8 | 970.663 | <0.00*
City:Days 6 3 0.5 1.201 0.30
Direct:Days 6 13 2.2 4.778 | <0.00*
City:Direct:Days 6 3 0.5 1.034 0.40
Residuals 29351 13388 0.5

According to this table, the main effects of City and Weekdays and the interaction effects City: Direct
and Direct: Days are statistically significant (P-Value < 0.05). Therefore, the adjusted average by City,
Direct, Days, and month was used for imputing missing values in the dataset. Then the adjusted average
by city, direct, and days was used for imputing the remaining missing values.

The Functional Canonical Correlation

The pattern of the offenses chance per hour into the airport against the from the airport is investigated
by functional canonical correlation. Therefore, we transform the data to B-Spline with 26 number of
basis with order 6 by fda packages functions. The generalized cross-validation (GCV) method was used
to find the smoothing parameter, lambda. Then we have six pairs for studying the relationship, we only
describe the two most important of them here. (Figure 2)

(a) (b}

Centered value
Centered valus

— Tome KA AR
-~ From the IKA Airport

— Tothe FN Arport
-~ Fromthe FN Airport

08 02 02 08
L

time time
The first pair of canonical weight functions The first pair of canonical weight functions

(e} (d)

Centersd value

Centered value

‘ L

To the IKARirport — Fromthe IKA Airport

-~ Tothe IFN Aliport -~ Fromthe IFN Airport
T

06 02 02 08
L

T T
] 5 10 15 20 0 5 10 15 20

Centered value

a6 02 02 08
- L
Centered val

- /7 o o - — e P
— Tothe \KANn R — Fromthe \KA\Q‘;r:nrl
- -~ Fromthe FN Alport =2 | -=- To the FN Aimt
T ? T T T T

T T T
] 5 10 15 20 0 5 10 15 20

time time
The fist pair of canonical weight functions The first pair of canonical weight functions

Figure 2 — The Canonical weight functions in six situations.

The canonical correlation coefficient is estimated at 0.7 and a pair of canonical weight functions are
plotted in six situations. We observe that the weight pattern of “To the IKA airport” against “From the
IKA airport” is different. In the “To the IKA airport”, there is a bump from 19 to 20 but in the “From
the IKA airport” there are two bumps, one is near 10 and the other is near 18 and 19.

But we observe that the weight pattern of “To the IFN airport” against “From the IFN airport” have
slightly different.

The chance of offenses per hour pattern is different both in directions and airport City. To investigate
these factors, we use Bayesian function-on-scalar regression.

The Function-on-Scalar Regression

To understand the effect of the airport city, directions, and weekend to the chance of the driving
offenses, we use Bayesian Function-On-Scalar regression with fosr R package. We also like to study
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the interaction effects of these factors. Therefore, we use a 23 basis function to model the response
curve. It took about 16 minutes to run on a regular laptop.

All variables are all significant (with a p-value of less than 0.05). And the most important variable is
the interaction between station and direction, after that, the station is in the second and in the third is
the direction and the interaction between station and weekend. (Table 3)

Table 3 — The global Bayesian P-Value with DSS model selection for the chance of driving offences

. Global Bayesian Suggested Model by DSS
Variable Names P-Value 1 > 3 4 5 6
Intercept Intercept <0.000 Yes | Yes | Yes | Yes | Yes | Yes
Station: IFN <0.000 No Yes | Yes | Yes | Yes | Yes
Main Effects | Direction: From | <0.000 No No Yes | Yes | Yes | Yes
Weekend: is <0.000 No No No No Yes | Yes

Station: IFN and | <0.000
Direction: From
Station: IFN and | <0.000
Interaction V\/_eeke_ndi IS

Effect Direction: F“’_”ﬁ 0.001 No No No No No | Yes
and Weekend: is
Station: IFN and | <0.000
Direction: From No No No Yes | Yes | Yes

and Weekend:is

Yes Yes Yes Yes Yes Yes

No No Yes | Yes | Yes | Yes

The estimated coefficient functions and 95% simultaneous credible bands for the proposed regression
model are presented in the supplement. The station effect, with IKA as a baseline, has a positive effect
from 6:00 to 10:00 and from 20:00 to 24:00 which are the busy times in the roads. The direction effect,
with To as a baseline, has the largest effect between 6:00 to 12:00. The pattern is changed in the
weekend, with non-weekend as a baseline, from 7:00 to 19:00 has positive effect and in non-weekend
has negative effect with the most negative effect at 12:00.

There is three estimated two-way interaction functional effect. The first one is the interaction between
the Station and Direction, which is the most important effect. The interaction between station and
weekend has a negative effect from 5:00 to 17:00 and in the other hours have a positive effect. The
interaction effect between Direction and weekend has a negative effect from 5:00 to 10:00.

And finally, the three-way interaction effect between station, direction, and the weekend is almost
positive from 1:00 to 12:00, with the highest at 7:00, and at the remaining hours are negative, with the
biggest value at 17:00.

The Behavioral Factor
The Descriptive Statistics

The average and standard deviation per hour for speed are calculated for all types of vehicles. The total
vehicles with the maximum number of them from type 1 to type 5 per hour are presented in table 4.
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Table 4: The descriptive statistics for average speed (Standard Deviations) and total number of vehicle

types (Maximum number of vehicles) per hour.

Hou éa‘ \efd Type 1 Type 2 Type 3 Type 4 Type5
r (gD) (Max) (Max) (Max) (Max) (Max)
0 |88(49) | 696,999 (2.212) | 26,050 (125) | 15347 (69) | 6,786 (43) | 30,298 (94)
1 |87.4(54) | 590,726 (1,809) | 21,785 (86) | 13,218 (65) | 5,750 (42) | 23,083 (77)
2 |87(53) | 485820 (1254) | 17,814 (73) | 10,684 (43) | 5,107 (24) | 19,260 (65)
3 | 87.6(56) |447,255(1,329) | 16,756 (59) | 8,479 (49) | 4,798 (31) | 15,667 (59)
4 | 881(58) |508,121(1,127) | 20,682 (94) |8,334(36) | 4,984 (29) | 13,973 (54)
5 |88.4(64) |561,200(1,209) | 35,503 (178) | 9,388 (36) | 6,911 (33) | 15,038 (58)
6 |921(7) |804477 (1,744) | 71,017 (175) | 18,431 (74) | 10,918 (79) ?101?)?1
1272,667 140,788 20,800 22,384 41557
7 1929(18) | (5 989 (646) (109) (102) (166)
s |oney | 1148648 127,899 43,456 23,487 52,267
: (2,085) (400) (117) (109) (190)
102,950 40,075 55,762
9 |937(83) | 997,00 (2070) | o HER 236529 | (rye
42,652 22,228 61,937
10 933(85) |996792(2215) | 98.269 (350) | (rap 1o o
1,004,407 45,059 23,109 66,211
11 92985) | (i o50) 97,184 (332) | (a1} (130) i)
44,397 22,037 65,593
12 | 928(8.1) | 950,089 (L601) | 97.494 (318) | {0y (10 e
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The average speed is the highest at 8:00 with average speed 94 and a standard deviation of 8.3. The
total number of vehicles for type 1,2,3,4 and 5 has two peaks at 8:00 and 20:00, at 8:00 and 17:00, at
11:00 and 17:00, at 8:00 and 16:00, and finally at 11:00 and 16:00, respectively. (The further analysis
is done in part 2 of the supplement)

Two Type of Driving Offenses

There are two types of driving offenses, and we study each of them with GAM to estimate the nonlinear
effects with cubic regression splines and linear effects with Restricted Maximum Likelihood (REML).
The penalty based model selection is used by setting select = TRUE in the gam() function. The AIC,
BIC, adjusted R-square, and percent of deviance explained were used to select the best model. The
degree of cubic regression spline was determined with an effective degree of freedom.

Speeding

The probability of speeding offenses is near zero under 90 Km/h average speed for all airports and
directions, except in the international airport and “from” direction. On the other hand, the estimated
coefficients are not zero for 90-120 Km/h average speed in all hours, supplementary part 3.1.

Failing to follow a vehicle at a safe distance

Only the domestic airport has positive effects in failing to follow a vehicle at a safe distance,
supplementary part 3.2.

Discussion

The average hourly traffic volume near the airport in 2018-2019 is compared with 4 different countries.
The count traffic data of the Cork and Shanon airports in Ireland, the Heathrow and Gatwick airports in
the UK, the Hartsfield—Jackson Atlanta International Airport in the USA, IKA, and IFN airports in Iran
are gathered and average on all traffic counts in airport zones. (41-43) The figure in part 4 of the
supplementary states that there are two peaks, first is between 5 to 10 am and the second is between 15
to 20 and the same pattern is observed among 4 countries. But this pattern is different based on the road
direction, airport type (international vs domestic), and weekdays. The full list of traffic sites with their
information is available in the supporting file. The chance of traffic offenses will increase with
increasing the average hourly volume.

The rates of the road traffic death per 100,000 population in the world are 18.2%, with the highest rate
in Africa equals to 26.6 and the lowest rate in Europe equals 9.3 and in Eastern Mediterranean is 18%.
According to the Global Status Report on Road Safety, about 132 countries have funded national road
safety goals, targets, and strategies. And 109 countries have also targets for the reduction of road traffic
deaths. There are 12 global road safety performance targets for 2020 and 2030. Among them, target
number 6 states that “By 2030, halve the proportion of vehicles traveling over the posted speed limit
and achieve a reduction in speed-related injuries and fatalities”. The key risk factors to prevent road
traffic deaths are speed, drink-driving, motorcycle helmet use, use of seat-belts, and child restraint
systems. Only less than 10 country has laws for all of these risk factors. The number of countries with
speed law is 46, with Drink-driving law is 45, with Seat-belt law is 105, and with Helmet law is 49 and
with Child restrains law is 33. The speed management decreases the number of fatalities, serious
injuries, and death in traveling vehicles. There are three best practices criteria to assess legislation on
speed laws including the existence of a national speed limit law, speed limits not exceeding 50 km/h in
the urban area, and the power of modification speed limits by local authorities. According to the Safe
road users, Iran has a national speed limit, National drink-driving, National motorcycle helmet, National
seat-belt, National law on mobile phone use while driving, and National drug-driving laws. The
National speed limit law stated that the maximum urban speed limit is 60 km/h (which is higher than
50 km/h), the maximum rural speed limit is 95 km/h, and the maximum motorway speed limit is 120
km/h. (1, 44)

This study shows that the chance of driving offenses in airport roads is not the same during all day and
has some different peaks, and this pattern is different for the international and domestic airport, and at
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the end, the direction to the airport against from the airport is also different with some different peaks.
Therefore, the chance of the driving offenses in the roads to the airports vary according to temporal
effects, the time of day and day of the week, and type of Airport effect, domestic or international and
direction effect, to the airport or from the airport.

In addition to the mentioned effects in the driving offenses, we also study the behavioral effect, the
average speed, and the vehicle types. The hourly pattern of the average speed does not differ widely
because we consider the average, but each type of vehicle has different behaviors. Finally, the other
behavioral risk factors such as a driver's status, skills, etc. are not considered in this study.

This study suggests making data-driven policies under modification speed limits by local authorities for
managing, controlling, and preventing driving offenses, especially in a specific area like airports.
Meanwhile, the privacy of data subjects, vehicles, and driver behaviors, must be considered while their
data are used, GDPR, etc.In the near future, the need for such policies is vital with wide uses of self-
control and automatic vehicles, which communicate with each other and police station (45) and
intelligent speed adaptation (ISA) (46)

Conclusions

The data-driven policy under modification speed limits by local authorities will help for controlling,
managing, and preventing driving offenses as a high-risk behavioral health index. The time of day, day
of the week, international or domestic airport, to the airport or from the airport and type of vehicles are
factors that influence this policy.

Appendices

The supplementary includes two files: the further analysis is produced in the document file and the other
is R codes with the main dataset for reproducing the result.
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