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Abstract
Different maneuvering patterns of vehicles, absence of lane discipline and interactions of a large number of vehicles with 
each other and with roadway features make the traffic phenomena of non-lane-based traffic streams more complex. 
Vehicles’ movement in weak lane discipline traffic is rather two-dimensional because they always tend to evaluate pos-
sible available gaps on the road while progressing longitudinally. Recent literature has underlined the importance of 
centerline separation of traffic in modeling the staggered-following behavior. However, the requirements for staggered-
following trajectory data are indeed stringent. Although recent advancements in new digital technology have expedited 
new horizons in the field of traffic engineering, proper estimation of microscopic car-following data has still proven to 
be challenging. Understanding that a proper evaluation of car-following behavior in non-lane-based traffic environ-
ments requires an accurate characterization of the microscopic traffic variables and reliable experimental data, this 
study describes an image-based in-vehicle trajectory data collection system to process the microscopic variables (such 
as longitudinal gap, centerline separation, vehicle speeds and accelerations), using camera calibration and in-vehicle GPS 
information on straight roads. Improved accuracy in the experimental data collection, proper extraction and estimation 
of data can substantially enrich the understanding of riders’ behavioral phenomena from a microscopic perspective and 
the realism of traffic sub-models, which will result in a better prediction of microscopic simulation models.
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1  Introduction

Recent advancements in the development of microscopic 
simulation models and intelligent transportation systems 
(ITSs) have spurred a growing interest in the transport 
modelers of many countries. Achieving a detailed under-
standing of how drivers react to the surrounding traffic, 
how they control the vehicles in the car-following process 
and different factors affecting their behavior will essen-
tially enhance the realistic replication of riders’ behavior 
in simulation modeling.

The peer-reviewed literature has supported the devel-
opment of car-following theories and its subsequent 

sub-models since decades [4, 11, 12]. In particular, car-fol-
lowing condition refers to that state in which the subject 
vehicle assigns full leadership to the immediate vehicle 
in front. Unlike in homogeneous and lane-based traffic 
conditions where car-following behavior mostly prevails, 
vehicles in non-lane-based traffic environments not only 
interact with the front leading vehicle but also with the 
surrounding vehicle in the lateral direction. Due to the 
differences in the static and operational characteristics 
of diverse vehicle types in non-lane-based traffic streams, 
they often tend to look for possible available gaps in 
the surrounding traffic while progressing longitudinally. 
Therefore, the subject vehicles do not always fully follow 
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the leading vehicles in the longitudinal direction, but they 
maintain some lateral separation with the preceding vehi-
cle (or centerline separation—CS) either to perceive the 
forward visual field with more confidence or to anticipate 
the behavioral response of the front vehicles. This behavior 
is commonly termed as ‘staggered-following behavior’ in 
the literature [2, 5, 8].

Modeling the staggered-following behavior of vehicles 
in non-lane-based traffic environments, however, requires 
proper collection, extraction and an accurate estimation 
of reliable experimental data. Although the advancements 
in new digital technology have expedited new horizons in 
the field of traffic engineering, the collection and process-
ing of accurate unbiased, time-series data for an empirical 
verification of staggered-following behavior in non-lane-
based traffic streams is still a challenging task.

Wolshon and Hatipkarasulu [18] showed the viability 
of GPS-based technology in the collection and processing 
of vehicle movement data for car-following study. Shek-
leton [17] also demonstrated the suitability of differential 
GPS in collecting accurate car-following data in typical 
urban environments. Considering the advantages of sat-
ellite tracking in terms of high resolution and excellent 
accuracy, Ranjitkar et al. [15] demonstrated the superior-
ity of GPS and utilized the collected data to compare sev-
eral car-following models. In the context of mixed-traffic 
environments, Ravishankar and Mathew [16] modified the 
Gipp’s car-following model and incorporated vehicle-type-
dependent parameters by conducting a series of experi-
ments using GPS-equipped vehicles with 10 drivers. In 
another study, Jiang et al. [10] used high-precision GPS 
devices to investigate the evolution of traffic flow such 
as propagation, growth, dissipation and merge of distur-
bances in controlled car-following experiments. Different 
researchers have demonstrated the advantages of satel-
lite-based Global Positioning System (GPS) technology in 
modeling the car-following behavior [9, 13, 14]. However, 
the data requirements of staggered-following behavior are 
indeed stringent. While the longitudinal spacing between 
the two vehicles can be obtained from the recorded GPS 
positions with 1  m accuracy, the estimation of lateral 
separation from the GPS receivers may produce unreli-
able results. Therefore, it is envisaged that an integration 
of satellite-based GPS technology with an image-based 
trajectory extracting system can prove to be suitable in 
the collection and estimation of staggered-following data.

This paper therefore attempts to establish an image-
based in-vehicle data collection methodology using 
camera calibration and satellite-based GPS receivers on 
straight roads of non-lane-based traffic streams, to pro-
cess the microscopic parameters (such as longitudinal gap, 
centerline separation and speed) in staggered-following 
scenario.

2 � Methodological framework

A discussion on the experimental setup, data collection 
process and calibration of the video data is provided in 
this section.

2.1 � Data collection process

The in-vehicle experimental setup consists of a GPS 
device (Racelogic Video VBOX) with 10 Hz data logging 
frequency and a video camera attached at the windshield 
of the following vehicle, allowing real-time monitoring of 
the forward visual field. The GPS device provides the vehi-
cle position and speed with 1 m and 0.1 km/h accuracy, 
respectively, while the video recorder captures continuous 
video data at 25 frames/s. For the purpose of the study, 
two cars were equipped with GPS receivers and experi-
ments were conducted along straight rural roads on NH-27 
in Guwahati. Both the vehicles were then allowed to move 
in the following state so that the car-following (or stag-
gered-following to be more precise) data could be further 
processed and analyzed. In this process, it was ensured 
that the vehicles were not involved in any lane-changing 
or overtaking processes, and for any intrusions in between 
the two GPS-equipped vehicles, the corresponding data 
were discarded from further analysis.

2.2 � Calibration

While information on speeds and accelerations of both the 
vehicles is obtained from the GPS receivers, the longitu-
dinal and lateral separations between the two successive 
vehicles can be extracted from the video footage. Camera 
calibration of the recorded video is conducted by a van-
ishing point technique, where image coordinates of the 
four corners forming a perfect rectangle in the real field 
need to be captured [6]. With an aim to extract and ana-
lyze the longitudinal and lateral spacing, a semiautomated 
trajectory extractor is developed, where the image/screen 
coordinates of the video footage are obtained by using 
mouse clicks at different time stamps and the correspond-
ing screen coordinates are then converted to real-world 
coordinates by utilizing [6] calibration equations. The cam-
era calibration technique used in this study is depicted in 
Fig. 1.

Before starting the experiment, four endpoints of the 
road (ABCD as shown in Fig. 1a) representing an exact rec-
tangle of known dimensions are marked on the road. The 
corresponding endpoints are further extracted from the 
video footage by manual mouse clicks on the screen to 
obtain its respective screen coordinates. For the estimation 



Vol.:(0123456789)

SN Applied Sciences (2019) 1:591 | https://doi.org/10.1007/s42452-019-0604-3	 Research Article

of inter-vehicle longitudinal and lateral separations, let 
us consider the test vehicle (EFGH) with its front center 
(point J) parked parallel to the road edge (AB). The lateral 
distance and longitudinal distance of one of the marked 
endpoints from one corner of the test vehicle also need 
to be known (say point B from point E). For any point P 
lying in the plane ABCD (i.e., plane of the road), its camera 
coordinates ( xP , yP ) can be calculated and subtracted from 
coordinates of point B and E so as to obtain the lateral and 
longitudinal offset of point P. In other words, lateral offset 
or centerline separation = 

(

yP − yB
)

−

(

yE − yB
)

+

(

yJ − yE
)

 
and longitudinal offset = 

(

xB − xP
)

+

(

xE − xB
)

 . The dis-
tances 

(

xE − xB
)

 , 
(

yE − yB
)

 and 
(

yJ − yE
)

 are accurately 
measured in the field. The screen coordinates are extracted 
at every 0.2 s and are then transformed into real coordi-
nates as discussed before. The recorded vehicle positions 
from the GPS receivers are then synchronized with the 
positional data extracted from the video footage at every 
0.2-s intervals.

3 � Results and analysis

3.1 � Preliminary analysis

In the staggered-following scenario, several variables were 
extracted from the video recorders and the GPS receiv-
ers, such as speeds of the leading and following vehicles, 
acceleration, longitudinal gap and centerline separation. 
The dataset consists of detailed trajectory data of cars at 
every 0.2-s intervals. A representation of longitudinal gap 
(LG) and centerline separation (CS) considered in the study 
is presented in Fig. 2.

In total, 7200 cases of time-series data for staggered 
car-following scenario are obtained in this study. The 
trajectory data, however, exhibited some noise artifacts; 
hence, they were filtered by applying moving average filter 

for duration of 1 s before any further analysis. A compari-
son of real and filtered data for acceleration and relative 
speed is presented in Fig. 3.

An accurate representation of car-following behavior 
should consider the driver’s perception and its behavio-
ral response. The driver in the following vehicle has direct 
control over the brakes and accelerator of his own vehi-
cle, and therefore, he reacts in response to the actions of 
the leading vehicle. The variation in relative speed and 
acceleration forms the basis of stimulus and reaction in 
car-following models. Figure 4 depicts the relative speed 
and acceleration profiles of the following vehicle during 
150-s recording time.

From the figure, it is clear that the changing tendency 
of following vehicle’s acceleration is quite similar to the 
relative speed. The higher the acceleration rate offered by 
the leading vehicle, the larger will be the relative speed 
between the vehicles, and based on driver’s perception, 
the following vehicle will react accordingly after a certain 
time lag. This time lag is considered as driver’s reaction 
delay which can be obtained from the time difference 
between two subsequent variations in relative speed and 
acceleration, as indicated by arrows in the figure. Similar 
to relative speed and acceleration, the variations in longi-
tudinal gap and speed are presented in Fig. 5, which also 
depicts the same changing pattern. This pattern clearly 
indicates that drivers can perceive the gap between the 
vehicles and adjust their speeds based on the current 
available gaps.

However, for a proper representation of car-following 
behavior in non-lane-based traffic streams, the lateral 
interaction (or centerline separation) data need to be 
extracted and processed for car-following model devel-
opment. As already discussed, CS is usually considered 
as an indicator of lateral interaction in the car-following 
process of non-lane-based traffic. Essentially, CS < 0.34 m 
represents a car-following state [7], while 0.34 < CS < 3 m 
depicts a staggered-following case where the subject vehi-
cles interact with the leading vehicles maintaining certain 
centerline separation between them.

The obtained trajectory data indicated a wide range 
of longitudinal gap, speeds and centerline separation 
varying from a range of 3.4–29.89 m, 10–78 km/h and 

Fig. 1   Camera calibration technique: a rectangle ABCD viewed 
from the camera, b representation of the calibration pattern

Fig. 2   Variables considered in the study [5]
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0–3 m, respectively. The observed range for longitudinal 
gap (< 30 m) further justifies the longitudinal interaction 
region for car-following-car cases, as indicated in the previ-
ous car-following research work [1].

3.2 � Univariate modeling of the traffic variables

Proper estimation of probability distribution models for 
longitudinal gap, vehicle speeds and centerline separation 

can provide a better understanding of the stochastic 
uncertainties in the car-following processes. The prob-
ability distributions of these variables are also considered 
as dominant input parameters for generating vehicles in 
microsimulation modeling.

Several statistical models were used to fit longitudinal 
gap, centerline separation and vehicle speed data. The 
candidate distributions selected for the study are logistic, 
Weibull, lognormal, normal and gamma. The maximum 
likelihood technique is employed to estimate the param-
eters of the univariate models, while the suitability of a dis-
tribution is evaluated using log-likelihood values and two 
goodness-of-fit statistics such as Kolmogorov–Smirnov 
(K–S) and Anderson–Darling (A–D) tests. Hence, a particu-
lar distribution is considered to be the best-fitted one if the 
log-likelihood value is the largest and the selected distri-
bution passes the goodness-of-fit tests (i.e., the statistic 
values are lower than the critical values at 5% significance 
level). Table 1 presents the log-likelihood (LL) values and 
the goodness-of-fit statistics of the selected distributions 
for longitudinal gap, centerline separation and vehicle 
speeds.

Based on the LL values and goodness-of-fit results, 
logistic distribution provided the best-fits for longitudinal 
gap and speed data, while normal distribution was found 
to the best-fitted one for centerline separation. The distri-
bution profiles of the best-fitted statistical models for LG, 
CS and vehicle speeds are presented in Fig. 6.

The histogram plots of Fig. 6 indicate that inter-vehicle 
longitudinal spacing ranges from 5 m to a maximum of 
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30 m, while the peaks of the distributions lie at 12.5 m, 
1.5 m and 50 km/h for LG, CS and speeds, respectively. As 
importantly, lower values of LG may not actually imply an 
unsafe car-following event as the following vehicles have 
the flexibility to move laterally maintaining large CS even 
at lower longitudinal gaps. The variation in LGs with CS 
and speeds may provide a better understanding of the 
car-following events of non-lane-based traffic streams.

3.3 � Relationship among LG, CS and speed

Firstly, to understand the interrelationship between LG 
and speed in staggered-following conditions, the vari-
ations in longitudinal gaps with different speed ranges 

across all centerline separations are presented in a box 
plot as shown in Fig. 7.

The connecting line in Fig. 7 represents the mean values 
of LG at each speed range, and it clearly depicts an increas-
ing relationship between the two variables. As expected, 
significant statistical differences in the variances of longi-
tudinal gaps were observed across all speed ranges at 5% 
significance level ( Fstat = 381.89, p < 0.001 ). This indicates 
that as longitudinal gap between the interacting vehi-
cles increases, the following vehicles will accelerate and 
proceed at higher speeds to avail the gap. Moreover, the 
consideration of lateral descriptor of vehicle interactions 
(that is, centerline separation) in car-following events will 
provide additional insights into the variations in LG with 

Table 1   Log-likelihood and 
goodness-of-fit statistics 
for each microscopic traffic 
variable

Bold features indicate the best-fitted distribution

LG longitudinal gap, CS centerline separation

Distribution type LG CS Speed

LL KS AD LL KS AD LL KS AD

Lognormal −6486.0 0.05 12.25 −1508.2 0.10 34.31 −7154.04 0.08 41.74
Weibull −6469.0 0.09 25.67 −1563.3 0.11 41.56 −7352.6 0.16 91.71
Logistic −6426.9 0.04 7.87 −2285.9 0.21 153.5 −7091.07 0.10 35.8
Normal −6451.0 0.05 9.62 −1494.5 0.06 24.37 −7169.28 0.12 56.29
Gamma −6481.2 0.05 12.25 −1899.6 0.06 24.37 −7111.13 0.08 41.74
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speeds. The descriptive statistics of LGs and speeds at dif-
ferent CS ranges are therefore evaluated, and a summary 
of the values is presented in Table 2.

It can be observed from the table that the mean and 
median values of longitudinal gaps follow a decreasing 
trend as centerline separation increases. This implies that 
vehicles at large CS feel lesser obstruction of the leading 
vehicles, have wide visual field of view and can anticipate 
the leading vehicle’s behavior due to which they tend to 
follow the leading vehicles closely, resulting in lower lon-
gitudinal gaps. This decreasing trend of longitudinal gap 
with CS has also been justified in [3, 7] work where they 
have showed that vehicles in weak lane discipline traffic 
maintain shorter headways with the increase in horizontal 
separation between them. However, the mean and median 
values of speeds reveal a decreasing relationship till 2-m 
CS, while the speed values increase beyond 2-m CS. This 
can be attributed to the fact that the following vehicles 
reduce their speeds when they interact with the leading 
vehicle below 2-m CS, whereas at CS greater than 2 m, the 
extent of influence of the leading vehicles comparatively 
reduces and the following vehicles feel less constrained. 
As a result, they tend to proceed at higher speeds at larger 
CS (> 2.5 m).

The variations in average longitudinal gap with speed 
for different centerline separations are presented in Fig. 8a, 

while Fig. 8b displays the variation in longitudinal gap with 
centerline separation for different speed ranges.

As discussed above, the observed trend further justifies 
the increasing relationship of LG and speed for each CS 
range. With the increase in CS between the vehicles, the 
longitudinal gap decreases at different following vehicle’s 
speeds. Moreover, the decreasing relationship between LG 
and CS is well depicted in Fig. 8b where it is clear that the 
decreasing trend goes up with the increase in speeds. This 
is quite expected because at a particular CS level, as the 
LG between the vehicles increases, the following vehicles 
tend to proceed at higher speeds to avail the gap.

4 � Conclusions

Although GPS technology can prove to be a promising 
technique in vehicle tracking, the collection of real-time 
trajectory data for staggered car-following conditions has 
still proven to be challenging. While the longitudinal spac-
ing between the two vehicles can be obtained from the 
recorded GPS positions with 1 m accuracy, the estimation 
of lateral separation from the GPS receivers may produce 
unreliable results. This study therefore attempts to provide 
an in-vehicle data collection methodological approach 
using camera calibration and satellite-based GPS receivers, 

Fig. 7   Box plot showing varia-
tions in LG with speeds
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Table 2   Descriptive statistics of 
LG and speed for different CSs

SD standard deviation

CS (m) LG (m) Speed (km/h) Sample

Mean Median SD Mean Median SD

0–0.5 17.76 18.51 4.99 54.66 56.3 10.29 387
0.5–1 14.36 13.84 4.71 53.84 53.09 8.72 1024
1–1.5 12.48 12.26 3.91 50.68 49.92 10.17 2424
1.5–2 11.16 11.07 3.47 47.33 44.71 9.51 2622
2–2.5 9.31 8.49 2.80 47.56 44.60 10.23 539
2.5–3 7.68 6.88 2.47 54.02 54.13 8.32 198
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to process reliable dynamic time-series data (longitudinal 
gap (LG), centerline separation (CS) and vehicle speeds) 
for staggered car-following conditions of non-lane-based 
traffic streams.

Preliminary analysis on LG, CS and speed data indicated 
that logistic distribution provided the best-fit for longitu-
dinal gap and speed data, while normal distribution was 
found to the best-fitted one for centerline separation in 
staggered car-following conditions of non-lane-based traf-
fic streams. As expected, the results further indicated a 
positive dependent relationship between LG and CS and 
a reciprocal relationship between LG and CS. This implies 
that vehicles at large CS feel lesser obstruction of the lead-
ing vehicles, have wide visual field of view and can antici-
pate the leading vehicle’s behavior due to which they tend 
to follow the leading vehicles closely, resulting in lower 
longitudinal gaps. It was further observed that the follow-
ing vehicle speeds increase when CS exceeds 2 m.

The results of this study can substantially enrich the 
understanding of riders’ behavioral phenomena from a 
microscopic perspective and the realism of traffic sub-
models, which will result in a better prediction and devel-
opment of microscopic simulation models.
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