
Transactions on Transport Sciences | Peer-Reviewed Open Access Journal
DOI: 10.5507/tots.2019.002

ToTS Volume 10, Issue 1: pg50–pg57
Palacky University in Olomouc

Visual Analysis of Vehicle Trajectories for Determining  
Cross-Sectional Load Density

Roman Juráneka, Jakub Špaňhela, Jakub Sochora, Adam Herouta, Jan Novákb
a GRAPH@FIT, Brno University of Technology, Božetěchova 1/2, Brno 612 66, Czech Republic
b CDV–Transport Research Centre, Lišeňská 33a, Brno 636 00, Czech Republic 

ABSTRACT: The goal of this work was to analyze the 
behavior of drivers on third class roads with and with-
out horizontal lane marking. The roads have low traf-
fic volume, and therefore a  conventional short-term 
study would not be able to provide enough data. We 
used recording devices for long-term (weeks) recording 
of the traffic and designed a system for analyzing the 
trajectories of the vehicles by means of computer vision. 
We collected a dataset at 6 distinct locations, contain-
ing 1 010 hours of day-time video. In this dataset, we 
tracked over 12 000 cars and analyzed their trajec-
tories. The results show that the selected approach is 
functional and provides information that would be dif-
ficult to mine otherwise. After application of the hori-
zontal markings, the drivers slowed down and shifted 
slightly towards the outer side of the curve. 
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1. INTRODUCTION

The principal assumption of this work is that the 
driver controls the vehicle according to previous 
stimuli coming from the roadway. Based on these, 
the driver decides to adjust the path and/or speed of 
the vehicle. It is known that the driver approaching 
a narrow part of the roadway decelerates (Jamieson, 
2012). The speed together with the reaction times of 
the driver further influence the trajectory of the vehi-
cle, having a direct impact on conflict situations and 
traffic accidents. 

Dangerous situations often occur in horizontal 
curves with smaller radii, where the roadway is nar-
rowed, and the drivers are acting recklessly (do not 
decrease speed). Widening the road or completely 

changing its location would be expensive and often 
unfeasible solution to such a problem. A low-cost so-
lution that could help to some extent would be hori-
zontal traffic marking on the road, either in the form 
of a  shoulderline or as the centerline between the 
lanes. The question is which of these (or their com-
bination) is more suitable/influential and what effect 
can be expected from their application. 

In this work, we used long-term visual recording 
and computer vision analysis of the recorded videos 
to answer these questions. It turns out that computer 
vision and visual analysis of the traffic can provide 
answers to questions related to transportation safety 
and improve the situation with very low costs. The 
gained information could otherwise be very hard to 
obtain, especially when the locations of interest were 
situated on third class roads with very low traffic 
volume, where human observation would be inef-
ficient or impossible. Also, the cost-effectiveness of 
the proposed solution was even more dominant on 
these roads.

Our measurements were related to the density of 
traffic across the lateral cross-section of the road in 
the horizontal curve as dependent on the horizontal 
lane markings. It is the distance of the vehicle from 
the road side along with its speed which can provide 
evidence of the influence that the presence of the cen-
tral/shoulder lane markings might have on the trajec-
tory of the vehicle. The assumption is that the drivers 
keep a distance from these markings and try to adjust 
their driving trajectory. 

On several analyzed locations we collected long 
video recordings before and after horizontal road 
markings were applied, and processed the videos. 
First, we calibrated the cameras to enable measure-
ments on the road plane. We detected and tracked 
passing vehicles and measured their position in three 
road cross sections. Finally, we analyzed how the dis-
tribution of car speeds and positions changes with 
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the presence of the road markings. The results show 
that the proposed approach indeed can mine inter-
esting data on roads with very low traffic volume, 
where manual processing would not be suitable. The 
change of behavior of the drivers after the horizon-
tal line marking was painted was not tremendous. 
Still, after application of the horizontal marking, the 
drivers visibly slowed down, their trajectories moved 
slightly towards the outer side of the curve. In the 
cases when the central line was painted (contrary to 
those where shoulder-lines were drawn), the vehicles 
tended to drive closer towards the central curve of 
their traffic lane.

2. BACKGROUND

Among the first ones to be interested in the posi-
tion of the vehicle in the lateral cross-section of 
the road were Glennon and Weaver, (2013) (cited 
by Fitzsimmons et al., (2013)). They made a video 
recording and an analysis of the vehicles’ behavior 
at five curved road sections. Their study identified 
that the vehicles tend to travel through the curve 
along a straight line and later suddenly change their 
direction. 

Jamieson, (2012) carried out a  study on seven 
curves with a diameter smaller than 300m. They ana-
lyzed at least 100 trajectories of vehicles by observing 
video recordings. Jamieson sorted the drivers’ behav-
ior into four categories:

• drivers who keep in the center of their driving 
lane (Mid-Lane),

• drivers who enter the curve by the left side of 
their lane and leave by the right side (Left In – 
Right Out),

• drivers who enter the curve by the right side of 
their lane and leave by the left side (Right In – 
Left Out),

• drivers who reduce the curvature by driving on 
straighter trajectory (Cutting).

Jamieson, (2012), based on multiple studies, 
made further conclusions:

• drivers tend to straighten their trajectory 
when passing through a curve,

• the trajectory of the vehicle usually moves 
towards the center of the curvature 
(depending on the radius),

• drivers’ behavior is based on conscious and 
unconscious decision making,

• one trajectory (passage of a vehicle through 
the given curve) is unique, depending on the 
personality of the driver,

• speed and consequent centrifugal force also 
depends on the driver,

• loss of control of the vehicle in the curve 
cannot be judged only based on the speed, 
but the lateral position must also be 
considered.

Chrysler et al., (2011) verified that drivers do not 
move on the standard geometric curves correspond-
ing to the shape of the road, but rather on flattened 
curves. They cited the study by Zador et al., (1987) 
who found out that in left curves, the drivers found 
themselves closer to the central line, and in right 
curves, they drove closer to the shoulder line. In 
their study, Chrysler et al. used a piezoelectric sensor 
placed on the road in the “Z” shape.

2.1 Models of Accident Rates Based on the 
Vehicle’s Lateral Position
The study by Chrysler et al. (2011) identified a model 
based on observing 32 curves. They found out that 
the number of traffic accident increased with the dis-
tance of the vehicle’s trajectory from the center of the 
driving lane and with the change of the lateral vehi-
cle’s position. Their study confirmed the models by 
Pagano (1972) and by Stimson et al. (2009). 

Fig. 1: We detect and track cars in videos and record the 
lateral position of cars on three road cross sections. We 
analyze how driver behavior changes when horizontal line 
markings are drawn.
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2.2 Related Work in Visual Processing of 
Traffic
In order to analyze the video recordings, we employ 
computer vision techniques – object detection and 
tracking. Object detection methods localize object 
instances in the image. One of the most widespread 
methods is Boosted Soft-cascade (Dollár et al., 2014) 
targeted to detection of pedestrians and originating 
from an older Classifier Cascade (Viola et al., 2004). 
This method can detect rigid objects (such as license 
plates in this paper). Recently, many methods based 
on convolutional neural networks appeared (Liu 
et al., 2016; Redmon et al., 2017; Ren at al., 2015). 
These are suitable for detection of complex, non-rig-
id objects and they can also reliably detect bounding 
boxes of the objects. Tracking methods are based ei-
ther on optical flow (Shi et al., 1994) or they search 
for movement of object instances in subsequent 
frames by learning object appearance (Babenko 
et al., 2011; Henriques et al., 2015). Another class of 
tracking methods is Tracking by Detection (Murray, 
2017) which relies on the underlying object detector 
and associates the detections in time.

3. METHODOLOGY

We installed a  static camera at each location and 
visually captured several days of traffic before and 
after road markings were drawn. It should be noted 
that our purpose was to analyze lower-class roads 
with low traffic volume, and the period of multiple 
days was required in order to capture a  sufficient 
number of trajectories. This section describes how 
video data are processed and how trajectories were 
analyzed. In our experiments presented in Section 4, 
we describe the analyzed locations and discuss the 
results.

3.1 On-site preparations
In order to measure distances in the captured image 
space, the camera needs to be calibrated (including 
the scale). After camera installation, the operators 
marked several clearly visible points on the road sur-
face and measured their distances (see Figure  3 for 
an example of such a scene). We define three virtual 
cross-sections in which the positions of the passing 
cars are being measured and evaluated. Figure 3 shows 
a camera view from one of the analyzed locations with 
virtual lines and measured distances. After camera in-

stallation, the speed of several cars was measured by 
a hand-held radar in order to get reference speeds for 
validating the visual vehicle tracker.

3.2 Camera calibration
From the marker locations pi in camera image (anno-
tated manually) and their distances dij , we recovered 
locations of markers on the road plane Pi (see Fig-
ure 2). To estimate the homogeneous positions of the 
markers in the road plane Pi, we first set P1 = (0,0,1)T 
and P2  = (0,d12,1)T. Then, it is possible to construct 
other points Pi always as an intersection of two circles. 
Formally, point P3 is computed as:

P3 = arg min           | dj 3 - ‖Pj - P‖|

As the two circles have two intersections, the 
ones with higher x coordinate are used. Following 
this procedure, the rest of the points are construct-
ed. Finally, as distances d34 and d56 are not used for 
the construction of the points, we used them as vali-
dation measurements and the relative error was ap-
proximately 1%.

To construct the mapping between the image 
space and the road plane, 2D homography H is com-
puted between annotated positions in the image space 
pi and the corresponding points on the road plane Pi  . 
Since there are 6-point correspondences, the linear 
system is over-determined and linear least squares are 
used to estimate the homography. 

In this step, the scene is assumed to be approxi-
mately planar – this condition must be locally satis-
fied at least in the measured area. After this calibra-
tion, any image point can be mapped to its position 
on the road plane, and the real-world distances be-
tween image points can thus be measured.

P
 ∑
j∈{1,2}

Fig. 2: Construction of road plane coordinates Pi based on 
the measured distances di j .
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3.3 Video processing
The captured video was extremely long – tens of hours 
of Full HD recording. We divided it into one-hour 
segments and discarded night-time videos (as it was 
impossible to track cars in such videos reliably). In 
each video, vehicles’ license plates were detected us-
ing custom trained ACF detector (Dollár et al., 2014), 
and the vehicles themselves by using Faster R-CNN 
(Ren et al., 2015). The reason behind using two dif-
ferent detectors is that ACF is very fast and it can 
reliably detect the presence of a vehicle by detecting 
its license plate. Then, on frames with a car present, 
the accurate car bounding box is detected by Faster 
R-CNN which, despite its name, is very slow even on 
recent GPUs (approx. 6 fps on Full HD video). Using 
ACF for detection of the car bounding box is not suit-
able since it cannot reliably detect objects of such var-
iability (cars from arbitrary viewpoint) and estimate 
their bounding box. On the other hand, CNN-based 
detectors (Liu et al. 2016; Redmon et al., 2017; Ren 
et al., 2015) are known to solve the task well.

Car detections were tracked by a  Kalman filter, 
and license plate detections were associated with 
tracks. To measure the position of a car in the road 
plane, we simply project the center of its license plate 
to the bottom edge of the car’s bounding box and 
transform this point using homography H (defined 
in Sec. 3.2). Formally, car track T of length NT is a se-
quence of image points xi transformed with the cali-
bration homography H to the road plane, associated 
with a timestamp t.

T = {(Hxi , ti ) | i = 1…NT }

To remove noise from the tracking, positions Hxi 
are filtered by a third order polynomial and the inter-
polated track S is obtained. 

Table 1: Recording length (hours) and the number of car 
observations per location

Length [h] # Observations

Location 1 194 1414

Location 2 179 2844

Location 3 220 1759

Location 4 228 695

Location 5 114 1166

Location 6 75 4824

Total 1010 12702

For a trajectory S, crossing points li with the road 
cross sections j  ∈ {1,2,3} are obtained. By measur-
ing the traveled distance on the road plane and the 
time difference, average speed v between the first and 
the last cross section is determined. Finally, for pur-
poses of statistics, a  trajectory is represented by its 
speed and the three positions on the cross sections 
Tk = (lj  , v), j ∈ {1,2,3}.

4. RESULTS

We analyzed 6 locations on third class roads. On 
each location, a  static camera was installed several 
days before line markings were drawn and recorded 
the traffic before and after line marking application. 
Table 1 summarizes the video lengths and traffic sta-
tistics for each location. In total, the study includes 
1010 hours of traffic video recording. 

Although the cameras were meant to be static, 
long recording showed the slight drift of the camera 
image due to wind and instability of camera mount-
ing. Therefore, we used different sets of annotated 

Fig. 3: An example of the calibration markings and measurements. A minimal of 6 points, three on each side of the 
road are marked on the side of the road, and the mutual distances are measured in the real world. Left: camera image 
where positions of markers were defined, middle: birds-eye view of the scene rendered using homography recovered 
form point distances, right: our reconstruction of the road overlayed on orthographic map shows that the reconstruc-
tion is correct.
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marker locations for video before and after the road 
marking application. On Location 2, the recording 
was affected by the severe wind which caused cam-
era vibrations and subsequent camera image shak-
ing. This image shaking resulted in a significant er-
ror in the measurements of car positions (where the 
assumption was that camera image is fixed). We did 
not find any reliable method of how to automatically 
stabilize the image to make the position of markers 
fixed. We include the results from this location; how-
ever, they are not to be considered significant.

The individual scenes included in the study are 
visualized in Figure 4. The illustration shows an il-
lustrative frame from the video before and after the 
application of the horizontal line markings. It also 
shows the camera view re-projected to the horizon-
tal plane based on the calibration points. In these 
views, the three cross-section lines are shown as well 
as a visualization of the distribution of cars going in 
each direction before (blue) and after (orange) the 
application of the horizontal line markings.

More detailed histograms of the vehicles’ lateral 
positions within section 2 (the middle one) and the ve-
hicles’ speeds are shown in Figure 5. The lateral shifts 
in the vehicles’ position are more significant than the 
change in speed of the vehicles. Table II shows detailed 
information about the locations, the number of ob-
served vehicles and the average speed individually for 
the inner and outer driving lanes. Finally, Figure 6 vis-
ualizes the change in speed and lateral position within 
the cross-sections together for all the locations (sepa-
rately reporting the inner and the outer driving lane).

We tested the statistical significance of the dif-
ference of the measurements by Welch’s t-test and 
Kolmogorov-

Smirnov test. The two-sided test, with the null 
hypothesis, that two independent samples were 
drawn from the same continuous distribution indi-
cated that 5 of 12-speed measurements and 7 of 12 
lateral positions significantly differed (Kolmogorov-
Smirnov test, p-value 5%). The two-sided test, with 
the null hypothesis, that two independent samples 
have identical mean value reported that 7 of 12-speed 
distributions and 10 of 12 were significantly different 
(Welch’s test, p-value 5%).

5. CONCLUSIONS

We presented research on the impact of horizontal 
line markings on the behavior of drivers in curves on 

third class roads. The traffic volume is so low in this 
road category that a conventional way of measuring 
the data (an observer at the spot, manual analysis of 
video recordings, etc.) would fail. Usage of long-term 
video recording and an efficient visual analyzer al-
lows obtaining empirical data about the behavior of 
the drivers that may improve driving safety by taking 
appropriate and cost-efficient measures. 

Table 2: Details of the Measurements at Different Loca-
tions. Average speed is in km/h.

Markings Curve # Vehicles Avg. Speed

Lo
c.

 1

× Inner 131 66.1

✓ Inner 41 71.7

× Outer 844 66.3

✓ Outer 367 69.1
Lo

c.
 2

× Inner 777 70.3

✓ Inner 709 63.7

× Outer 673 66.7

✓ Outer 621 64.9

Lo
c.

 3

× Inner 255 61.3

✓ Inner 307 61.6

× Outer 520 61.5

✓ Outer 667 60.0

Lo
c.

 4

× Inner 352 48.5

✓ Inner 222 47.9

× Outer 51 48.6

✓ Outer 61 47.4

Lo
c.

 5

× Inner 308 56.9

✓ Inner 201 55.0

× Outer 382 56.7

✓ Outer 274 55.1

Lo
c.

 6

× Inner 1201 62.5

✓ Inner 979 64.1

× Outer 1690 61.7

✓ Outer 885 62.0

The results show that after the lines were drawn, 
the drivers tended to slow down and to move slightly 
(around 20 cm) towards the outer side of the curva-
ture. When the center line was drawn (contrary to the 
situation when the side line markings were drawn), 
the cars were less spread across the driving lane, i.e., 
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the drivers generally stayed closer to the ideal center 
line of the driving lane.
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Fig. 6: Change of mean car position (horizontal axis) and 
mean car speed (vertical axis) after the markings were 
drawn. The car position is measured on the middle cross-
section. Locations are color coded. On most locations, driv-
ers tend to slow down with the markings present. Triangle 
pointing down – inner lane in the curve; Trianlge pointing 
up – outer lane.
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Fig. 4: Visualization of the measured localities. Left: camera view before lane makings applied, middle: view after lane 
markings applied, right: camera view projected on the ground plane computed from the calibration measurements 
(Sec. 3.1). Blue color marks the envelope of trajectories before road marking, orange: envelopes after road markings 
were drawn.
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Fig. 5: Distribution changes of speeds (columns 1 and 2 for the inner and outer curve) and positions of cars (columns 3 
and 4 for the inner and outer curve) for all locations (in rows). Blue: distribution before application of lines, orange: 
distribution after application of lines.
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