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Abstract 

Among the different reasons for traffic crashes, excessive speed variation is accepted as one of the major contributors to high 
frequency of crashes. Traditionally, data to measure speed variation had restricted capability as data capturing locations were 
limited. However, with the use of Global Positioning System (GPS) device data from fleet vehicles, it is now possible to obtain 
extensive, yet fine, spatiotemporal speed data. This paper uses GPS data from a fleet of trucks to explore a novel approach in 
measuring speed variation to estimate the frequency of crashes on highways. This measure is based on the observed pattern of 
speed distribution of highway segments. The measure is developed with the assumption that a location will show a higher frequency 
of crashes when there exist at least two groups of vehicles traveling at statistically different speeds. It is calculated based on the 
ratio of area between the different speed regimes and the difference in mean speed between the different regimes. Findings of this 
study show that this calculated measure is capable of estimating the frequency of crashes along a highway. 
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Peer-review under responsibility of WORLD CONFERENCE ON TRANSPORT RESEARCH SOCIETY. 
 
Keywords: speed regime; speed variation; fleet GPS data; temporal variation of speed 

1. Introduction 

Speed variation increases the frequency of interaction between vehicles and hence is accepted as one of the 
significant contributors to traffic accidents (Solomon, 1964; Cirillo, 1968). Studies by Lave (1985), Garber and 
Gadiraju (1989), Fides et al. (1991), Kockelman and Ma (2010) and Quddus (2013) (to list a few) have identified and 
evaluated the importance of speed variation as a traffic crash indicator. Despite the current large body of research, 
there are some limitations in the current studies on excessive speed variation as a contributor to traffic accidents; with 
one such limitation being the current methods of speed data collection. The current methods of speed data collection 
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(loop detectors, videographic survey, floating car survey, and on-site radar-based methods) have practical limitation 
in simultaneous data collection from a large number of locations. This limitation affects the speed variation research 
as the speed of vehicle varies based on environment, road characteristics, situational factors, vehicle factors and 
individual characteristics of drives (Sadia et al., 2017). Hence, there is a need to examine speed variation along the 
entire highway at a finer level (continuous small segments of highway) to improve our understanding of the 
relationship between speed variation and frequency of crashes. 

Global Positioning System (GPS) equipped vehicles provides this data as it is capable of transmitting its location, 
time and speed at a fixed interval to a central server. Further, according to Wang et al. (2016) the use of a GPS equipped 
fleet could provide sufficient data along a highway. This GPS data are used in a variety of applications such as map 
matching (Quddus and Washington, 2015; Chen et al., 2014; Yang and Meng, 2015), link speed and travel time 
estimation (Li et al., 2016; Lee et al. 2006; Li and McDonald, 2002), monitoring vehicle performance (Holt and Sarder, 
2017; Chowdhury and Arsenault, 2015; Ma et al. 2011; Zhao et al., 2012; Zheng et al., 2008), detecting and classifying 
traffic states (D'Andrea and Marcelloni, 2017; Zeroual et al., 2017; D’Andrea and Marcelloni, 2016; Yong-chuan et 
al., 2011) and estimating crash frequency (Stipancic et al., 2017; Pande et al., 2017). 

A few studies have assessed the relationship between speed variation and crashes as discussed in the following 
section, however such studies have limitations which merits additional research to further our understanding. The 
motivation of this paper is to add to the current research by examining speed variation along a 362 km long highway 
corridor and comparing the crashes along the highway over a two-and-a-half-year period. The study tries to develop a 
new measure to quantify speed variation based on the observed pattern of speed variation along the highway using 
which frequency of crashes can be predicted. 

2. Literature Study 

Solomon (1964) conducted one of the early studies on the effect of speed variation on crashes and suggested that 
the relationship between speed deviation from mean speed and frequency of crashes is a u-shaped parabolic curve, 
with high crash involvement for vehicles travelling at speeds far greater or far lesser than the mean speed. This research 
implies that crashes are triggered at extremely low or high variations from mean speed. The idea was also supported 
by other researches like Munden (1967) and Cirillo (1968). Subsequent studies (Baruya and Finch, 1994; Fildes et al., 
1991; Kloeden et al.,1997, 2002; and Taylor et al., 2000) suggested that speed is linearly or exponentially related to 
crashed. Additionally, studies (Baruya, 1998; Stuster, 2004) have also been able to show that this relationship between 
speed and crash frequency is negative; while other studies (Garber and Gadiraju, 1989; Lave, 1985, Kockelman and 
Ma, 2010; Quddus, 2013) shows that such relationships are statistically insignificant. The inconsistency in the 
relationship between speed and crash frequency is explained by Pei et al. (2012) based on the ‘measure of exposure’. 
Pie et al. (2012) explains that a negative relationship exists when distance-based exposure is used and a positive 
relationship exists when time-based exposure is used. 

In addition to speed, studies have identified other factors which impact the frequency of crashes such as traffic flow 
(Aarts and Van Schagen, 2006), geometric design of road (Anastasopoulos and Mannering, 2009; Chang, 2005; Milton 
and Mannering, 1998), and vehicle occupancy (Garber and Subramanyan, 2001; Lord et al., 2005). Additionally higher 
frequency of crashes are observed in steep vertical grades (Anastasopoulos and Mannering, 2009; Chang, 2005; Milton 
and Mannering, 1998; Shankar et al., 1995) and on sharp horizontal curves (Abdel-Aty and Radwan, 2000; 
Anastasopoulos and Mannering, 2009). In such studies, the impact of higher speed variation is not explored due to the 
lack of fine vehicle-level data which could lead to a high reliability in estimates. The studies employ relatively highly 
aggregated data through current data collection techniques which leads to inconclusive results (Garber and Ehrhart, 
2000; Kockelman and Ma, 2010).  

Viewing the speed variation and crash estimation from a methodological perspective, crash counts are generated 
from a homogeneous links or road segments along the study network. Although this approach is logical and effective, 
it is undeniable that traffic conditions will vary significantly even within a homogeneous link or road segment, unless 
a very small segment of road network is observed. Hence, the assumption of homogeneity of a road segment which 
includes up to several miles of roadway and sometime bidirectional traffic is inaccurate. Further, the values of central 
tendency used for examining the factors may not be representative of actual condition at the time and site of the crash. 
The use of aggregate measures such as hourly/annual averages is not suitable for suddenly developed extreme traffic 
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conditions (Abdel-Aty and Pande, 2005; Hossain and Muromachi, 2013). Hence, using such measures will lead to loss 
of information which is crucial in crash occurrences and may lead to erroneous and inconsistent conclusions. 

It is interesting to note that one common limitation in all the studies is the method adopted in calculating speed. 
The studies rely on data from loop detectors and video surveillance from critical limited locations along the study 
segments. However, as observed by Poe et al. (1998), the speed of vehicles changes even along a homogeneous road 
segment. Hence, speed acquired using this method may not be representative of speeds over the entire segment. To 
mitigate the limitations of current spot speed studies, Wang et al. (2016) suggests the use of GPS enabled fleet data. 

GPS data from probe and fleet vehicles are utilized for a variety of researches such as detecting and classifying 
traffic states (D'Andrea and Marcelloni, 2017; Zeroual et al., 2017), link speed and travel time estimation (Li et al., 
2016; Lee et al. 2006; Li and McDonald, 2002), map matching (Quddus and Washington, 2015; Chen et al., 2014) and 
monitoring vehicle performance (Holt and Sarder, 2017; Chowdhury and Arsenault, 2015). Studies related to traffic 
crashes using GPS data are limited such as Stipancic et al. (2017) and Pande et al. (2017).  A brief outline of the two 
studies are mentioned below. 

Stopancic et al. (2017) corelates traffic flow measures such as congestion, speed and variation of speed to crash 
frequency and severity using data of approximately 4000 drivers in the Quebec City, Canada. The relationship between 
crash frequency and traffic flow was measured using Spearman’s correlation while pairwise Kolmogorov-Smirnov 
tests were used to determine the severity. The study showed a positive correlation of speed and crash frequency and a 
non-comparable relation between speed and crash severity. Additionally, average speed was found to be negatively 
correlated with crash frequency while no relation was found between average speed and severity. One of the limitation 
of the study was the lack of overlap in temporal coverage of traffic flow data and crash data. 

Pande et al. (2017) used GPS data from 33 volunteer members travelling along US Highway 101, San Louis Obispo, 
California to assess crash prone locations. The study hypothesized that a road segment will be unsafe when the 
frequency of hard braking is higher compared to other locations. A negative binomial regression showed that the 
proportion of sharp deceleration along the freeway segments was significantly related to crash frequency of those 
segments. The study further observes that curvature and auxiliary lanes were not significantly related to crash 
frequency for these highway segments. 

In this study, GPS data from truck fleet is used to measure the spatio-temporal variation of speed along a highway 
corridor. The speed data reveals the presence of speed regimes which is then measured. Crash database is linked with 
the highway corridor to examine the relation between crash frequency and the measured speed regimes. The 
contribution of this research is different from previous efforts in three critical ways. Firstly, studies have focused on 
spot speed from limited locations along a road segment to evaluate speed character, however, this study used GPS data 
to assess the speed character at every location of the highway. Secondly, while speed variation is accepted as one 
major cause of crashes, a loss of information due to aggregate data under-represents the extreme road conditions. To 
overcome this loss of information, this paper estimates the frequency at every 100 m segment of the highway.  Thirdly, 
a new method of measuring speed variation is proposed which shows promise in predicting frequency of accidents at 
a location. 

 

3. Data Collection and Processing 

3.1. GPS Data 

The study uses GPS data obtained from a fleet of 6600 trucks. The GPS devices transmits location, time, speed 
unique vehicle ID and trip ID through cellular technology to a central server at a 10-minute frequency. The data 
transmits uninterrupted with a 2.5 Circular Error Probability in location. The study observed data from January 2013 
to May 2015 (30 months) of trucks plying through the selected corridors as mentioned in the following section. 

3.2. Segmenting Road Network 

The study area consists of a 362 km highway corridor divided into three distinct but connected highways. Corridor 
1 stretches from Panagarh to Dankuni and is a part of National Highway 2, Corridor 2 begins at Dankuni and ends at 
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Kharagpur and is a part of National Highway 6, and Corridor 3 lies between Kharagpur and Balasore and is a part of 
National Highway 6 as illustrated in Fig. 1. The highway passes through minor towns and rural settlements while 
bypassing major towns and cities. 

The study divides the highway into smaller 100m segments to capture the speed character at every location of the 
highway. 100 m is considered small enough to capture the speed variation accurately and is assumed to be small 
enough that speed variation due to other factors such as geometry will be negligible. It is important to note that the 
direction of travel was not considered in the subsequent analysis. 

 

Fig. 1. Map of Corridor 

3.3. GPS Data Processing 

The GPS data obtained contain cross country movement, hence a GIS software was used to extract the GPS records 
which lie on the study corridor. A 25 m buffer from the road centerline of the study corridor was used to identify the 
GPS locations within the corridor. This buffer accounts for the tota width of the road including the shoulder. The 
extracted GPS data contains some undesirable data such as i) data of trucks stopped along the shoulder for extended 
period of time and ii) vehicle movement captured when trucks move across the highway instead of along the highway, 
i.e., cross traffic. The reason for removing undesirable data is that the trucks stopped for an extended period along the 
shoulder generates a significant amount of zero speed data, which does not reflect the actual vehicle speed along the 
highway. The study explicitly removed such data which shows extended stopped data. Additionally, trucks which do 
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not travel along the highway are also filtered out. A total of more than 9 million GPS records were available for 
analysis. 

3.4. Crash Data 

The highways in this study are maintained by private concessionaries and as a part of the contract of the operation 
and maintenance of highways, the private concessionaires need to maintain an accident database. The databased 
contains the type of accident, time, weather, vehicle details, location in chainage and additional remarks stating the 
reason for accidents along with crashes involving property damage, injury, insurance claim or towing facility. The 
study excludes accidents such as i) accidents which arise due to collision with animals and ii) accidents arising due to 
poor vehicle maintenance as such accidents are not due to speed variation. A total of 2617 accidents were observed 
and Table 1 shows the yearly accident frequency count at the different corridors. It is important to mention that crash 
data for the year 2013 was not available on Corridor 2 and Corridor 3. Crash data is collected from the site in person 
and does not contain geographic coordinates. Hence, the location of crash data was first identified based on chainage 
and the location description, and then converted to GPS coordinates. 

Table 1. Crash count along the highway 

Year Corridor 1 Corridor 2 Corridor 3 

2013 (1st Jan – 31st Dec) No records No records 385 

2014 (1st Jan – 31st Dec) 574 872 379 

2015 (1st Jan – 31st May) 279 101 27 

4. Methodology 

The study initially investigated the relation between speed statistics and crash frequency. Insignificant statistical 
correlation between i) different speed statistics such as mean speed, 50th percentile, 85th percentile, 95th percentile 
speed, speed deviation, and range, ii) geometric features such as curvature of the highway, median openings, access 
and egress, and construction zone, and iii) additional features such as of truck parking along the shoulder, the presence 
of pedestrian activity on the highway, the presence of fuel stations and bus stops/bays, and presence of bridges/ 
flyovers suggested that a more in-depth investigation with more attributes were required. The authors assumed that 
such changes in any attribute could affect speed and observations in speed variation could offer some insights into the 
frequency of crashes. While studies (Hossain and Iqbal, 1999; Donell et al., 2001) suggest that speed data along a 
highway follows a normal distribution, or binomial distribution (Ko and Guensler, 2005; Zhao et al., 2013), these 
distributions are observed for low volume traffic flow with near free flow conditions (normal distribution) or high-
volume traffic flows with different peak hours (binomial distribution). However, the data obtained in this study is of 
a homogeneous vehicle type in a heterogeneous environment. Hence, the authors investigated the speed distribution 
using Silhouette analysis on k-means clustering. K-means clustering is used as i) the speed data is one-dimensional, 
ii) mean values of clusters are considered important and iii) due to its low linear complexity. 

4.1. Silhouette analysis 

The Silhouette analysis of speed data reveals that the speed of vehicles may be grouped into three, as illustrated in 
Fig. 2 (top). It is to be noted that, since Silhouette analysis cannot be applied to evaluate a single cluster, the scores of 
two regimes are evaluated. A score of less than 0.75 for a two-speed regime segment is taken to be a single speed 
regime. The different speed groups or regimes are not present in all the segments of the highway. It may be noted that 
some segments have only 2 regimes while others have just one Fig. 2 (middle and bottom respectively). Hence, it may 
be stated that even with homogeneous group of vehicles, there exists external factors which influence the speed and 
creates different regimes of travel speed. 
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Fig. 2. Different Speed-regimes present on a highway corridor 

The Silhouette analysis conducted for bihourly duration of each highway segment reveals that the number of speed 
regimes of that segment. It is possible that the number of regimes is different for each segment at different time 
intervals, depending on external conditions such as traffic, geometry, and weather. Fig. 3 illustrates the changes in a 
speed regime even within a highway segment due to temporal variation. It may be observed that in ‘Road Segment 
1401’ there is a two-speed regime between 12:00pm and 02:00pm which slowly changes to a three-speed regime from 
02:00pm to 04:00 pm and 04:00pm to 06:00pm. The three-speed regime then changes back to a two-speed regime 
from 006:00pm to 08:00 pm. Similarly, in ‘Road Segment 2078’ the single speed regime changes to a two-speed 
regime. It is also to be noted that there are segments which do not change the number of speed regimes with the 
temporal variation. The authors assume that the frequency of crashes increases based on the relation between i) the 
relative area of the different speed-regimes and ii) the difference in mean speed between the different regimes.  

The reason behind these assumptions are that, firstly, the relative area of the different speed-regimes shows the 
ratio of the volume of vehicles which travel at different speed cluster. More the volume of vehicles which travel at 
different speed cluster, should mean a more the likelihood of traffic crash. Secondly, the difference in mean speed 
between the different regimes shows the extent of the difference in the faster-moving regime and slower-moving 
regime. It is hence assumed that the more the difference between the regimes, the more the likelihood of a crash. 

0
10
20
30
40

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71 73 75

Fr
e
q
u
e
n
cy
 

Speed

Segment with Three Speed‐Regimes

0
10
20
30
40
50

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71 73 75

Fr
e
q
u
e
n
cy

Speed

Segment with Two Speed‐Regimes

0
20
40
60
80

100
120

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71 73 75

Fr
e
q
u
e
n
cy

Speed

Segment with One Speed‐Regime



 Author name / Transportation Research Procedia 00 (2018) 000–000  7 

Road Segment 1401 ‐ Year 2013

 

 
Road Segment 2078 ‐ Year 2014

 

 

Fig. 3. Change in Speed-regimes across different years and different segments 
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4.2. Quantifying the Speed Regimes 

From the observations on travel speed (illustrated in Fig. 3), it may be concluded that the presence of three distinct 
speed regimes shows that homogeneous groups of vehicles travel at statistically different speeds in heterogeneous 
conditions. The authors tried to quantify the speed regimes so that the different road segments may be compared for 
accident prediction. 

 

Fig. 4. Illustration of a Three-speed regime 

Fig. 4 illustrates hypothetical three speed regime road segment. The authors assume that accidents happen only 
between vehicles of different regimes and that there is an equal probability of crash between any two vehicles from 
different speed-regimes. Hence, the value of Interaction is based on the number of vehicle-to-vehicle encounters 
between the different speed-regimes which is calculated based on the area under the curve. In Fig. 4, consider the 
low-speed-regime, the interaction of vehicles of low-speed-regime to the mid-speed-regime is the ratio of area 
between the two speed-regimes multiplied by the distance between the mean of speed-regimes as shown in Eq. 1. 
Similarly, the interaction of vehicles between low-speed-regime to the high-speed-regime may be calculates as 
shown in Eq. 2. 
 

∗	

∗	
	 	μ 	μ           (1) 

 
∗	

∗	
	 	μ 	μ           (2) 

 
Where, σ is the standard deviation, A is the amplitude of curve under the speed-regime, μ is the mean of speed-

regime, and 1 and 2 are low-speed and mid-speed regimes respectively. 
While computing interaction of vehicles, it is logical to consider the ratio of the faster regime to the slower regime, 

as explained below. 
Case 1: Consider two speed-regimes in which the (σ * A) of the slower speed is 100 and the faster is 1000. This 

low value of slow-speed regime means that fewer vehicles are traveling in the slow speed-regime. In such a case, there 
is a limited number of vehicle-to-vehicle encounters based on the time the slow-moving vehicles spend on a segment. 
Since there are a limited number of slow-moving vehicles, the majority of the vehicles in the faster speed regime will 
have no encounters with any slow-moving vehicle. 

Case 2: In the exact opposite situation, where the (σ * A) of low speed-regime is 1000, and the faster regime is 
100, means that the majority of the vehicles are in the slow-speed regime. Since there are a high number of slow-



 Author name / Transportation Research Procedia 00 (2018) 000–000  9 

moving vehicles, every fast-moving vehicle will have a higher number of encounters with slow-moving vehicles 
thereby increasing the value. 

The summation of all the three speed-regimes is expressed as shown in Eq. 3. In case of segments with only one 
speed-regime, the value is considered to be ‘zero.’ 

 

	∗	

	∗	
μ 	μ 	

	∗	

	∗	
μ 	μ 	

	∗	

	∗	
μ 	μ     (3) 

Where, σ is the standard deviation, A is the amplitude of curve under the speed-regime, μ is the mean of speed-
regime, and 1,2, and 3 are low-speed, mid-speed, and high-speed regimes respectively. 

4.3. Crash correlation 

The crash data and the calculated value of speed deviation are correlated to examine the relationship between the 
two variables. It is important to note that there are 130,320 segments of highway (i.e. 362 km x 10 segments per km x 
12 bihourly divisions per segment x 3 years) and only 2,617 crashes. Since majority of the segments did not experience 
a crash, only those road segments which have crashes were considered for the comparison. Fig. 5 shows the three-year 
crash frequency vs the calculated value. It may be observed that the frequency of crashes increases with the increase 
in value across the years. 

 

Fig. 5. Calculated value vs Frequency of Accidents 

R² = 0.9323

0

20

40

60

80

100

120

0 2 4 6 8 10

x 
1
0
,0
0
0

Frequency of Crashes

Year 2013

R² = 0.8672

0 2 4 6 8 10

Ferquency of Crashes

Year 2014

R² = 0.0749

0 2 4 6 8 10

Frequency of Crashes

Year 2015

R² = 0.8579

0

20

40

60

80

100

120

0 1 2 3 4 5 6 7 8 9 10

x 
 1
0
,0
0
0

Frequency of Crashes

Three Years Combined



10 R. Jose & S. Mitra/ Transportation Research Procedia 00 (2018) 000–000 

5. Results and Discussion 

The study clearly show that frequency of accidents increases with the increase in interaction between vehicles of 
different speed regimes. Table 2 shows the total number of segments, total number of accidents and maximum 
frequency of accidents per segments for a turbulence range and it is evident that the segments with a single speed 
regime (i.e. segments where vehicles tend to travel at near similar speeds) have no occurrence of crashes. This is an 
important result as 30% (~39500 segments) of the segments fall in this category, this means that crashes happen (on a 
highway with uniform geometry) when there is a statistically significant difference in speed. In addition, only three 
crashes are observed for an additional 17% (22,759 segments) of the locations with two speed regimes.  It is important 
to mention that some segments (~2% of the total segments) showed more than three speed-regimes as the optimal 
number during Silhouette analysis. All such locations are clustered into three speed-regimes. 

Table 2. Frequency of crashes in different range of measure 

Bins Range of Measure Total Number of Crashes 
Maximum Frequency of 

Crash per segment
Number of segments 

0 0 0 0 39337
1 0 - 58000 2227 5 81954
2 58000- 116000 195 6 6521
3 116000 - 174000 53 7 1446
4 174000 - 232000 77 7 645
5 232000 - 290000 7 7 172
6 290000 - 348000 8 8 100
7 348000 - 406000 0 0 46
8 406000 - 464000 8 8 38
9 464000 - 522000 0 0 21

10 522000 - 580000 0 0 12
11 580000 - 638000 9 9 4
12  638000 - 696000 0 0 7
13 696000 - 754000 0 0 3
14  754000 - 812000 0 0 3
15  812000 - 870000 9 9 3
16 870000 - 928000 0 0 2
17 928000 - 986000 10 10 1
18 986000 - 1044000 0 0 0
19 1044000 - 1102000 0 0 1
20 1102000 - 1160000 10 10 2

 
While it is observed that the frequency of crashes is related to the interaction of vehicles, a high value does not 

necessarily mean a high frequency of crashes at the location. It appears that other external factors such as geometric 
condition, site features, and weather also influences on the number of crashes at a given location.  

6. Conclusion and Future Research 

This study examines the relation between speed variation and frequency of crashes by proposing a new measure. 
By examining the speed pattern using Silhouette analysis, it was shown that speeds exist in a dynamic three-speed 
regime. The authors assumed that the relation between the speed regimes to be a gauge for predicting frequency of 
traffic crashes. The study evaluates interaction between vehicles as the summation of relationship between i) ratio of 
area under the regimes and ii) difference in mean speed of regimes. This method of evaluating speed regimes to 
estimate traffic crashes is unique as it not only estimates the potential frequency of crashes on a very small segment 
of a highway but also shows those segments which are potentially crash free. This is important as the results of the 
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study can be utilized to identify critical locations which needs immediate improvement and also shows those locations 
which require no infrastructure changes.  

The significant contribution of this study is in terms of proposing and testing a new measure, using GPS data from 
trucks, to interpret the speed variation along a highway with uniform geometry in order to predict the frequency of 
crashes. With many ongoing research initiatives on naturalistic driving data, a thorough understanding of speed 
variation at a micro-segment level becomes more relevant, and this study shows one such promising direction. 

Limitation on this work is that temporal variation is limited by GPS data and the study does not account for accident 
severity. However, the assumption underlying the relationship used in this study should remain fairly stable, though 
more research is needed in this area. The authors also foresee that this method works best for segments of highways 
with high traffic flow, as speed regimes are dependent on volume. Future work will focus on the features of road 
segments which shows similar character at a wider network level. Not only will a network demonstrate the practical 
application, but also it will control for factors ignored in this study (relation between previous and following segment, 
varied geometry, etc.). Such a focus will contribute to a better understanding of relationship between speed variation 
within and between segments, and crash frequency and severity. 
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