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Abstract
In the era of big data, new transportation-related concepts and methodologies need to be proposed to understand how con-
gestion propagates. pNEUMA, a unique dataset that was acquired during a first-of-its-kind experiment using a swarm of
drones over a dense city center, has uncovered new opportunities for revisiting and evaluating existing concepts, and new
ways to describe significant traffic-related phenomena. This dataset is part of an open science initiative shared with the
research community and consists of more than half a million detailed trajectories of almost every vehicle that was present in
the study area. The aim of this paper is to describe the first methodological approach to how such information can be utilized
to extract lane-specific information from this new kind of data and set the benchmark for possible future approaches.
Specifically, we describe the methodological framework of two related algorithms: lane detection and lane-changing maneuver
identification. Azimuth was the main concept utilized in this methodological framework to overcome existing issues in the lit-
erature related to identifying lane-changing maneuvers. The combination of high-quality data, clustering techniques, and
detailed spatial information in the lane-detection algorithm indicated it was an effective tool without the need for complex
computational effort. Moreover, high-resolution data together with modern time-series analysis tools for lane-changing iden-
tification, showed that high-accuracy predictive algorithms can be obtained. The accuracy of both tools was over 95%.
Challenging scenarios are identified for future studies and to further improve the tools.

For several years, the traffic community has been craving
data to deal with traffic-related phenomena more effec-
tively. Recent advances in data acquisition and manage-
ment tools have opened up new ways for monitoring,
studying, and modeling congestion propagation. In this
emerging era of big data, new concepts, tools, and meth-
odologies are expected to be developed to better under-
stand congestion and provide fresh targeted solutions.
Considering phenomena in arterials and dense city cen-
ters, is particularly challenging, as several issues may
arise as a result of the limitations in current data collec-
tion methods (inadequate traffic penetration rates, pri-
vacy issues, GPS errors, etc.) (1).

In this context, a unique experiment was recently con-
ducted utilizing a swarm of 10 drones over the congested
central district of Athens, Greece (2). The aim of the
experiment was to record traffic streams in the multimo-
dal congested environment of an urban setting, using
unmanned aerial systems (UAS—more commonly
known as drones) that could facilitate in-depth investiga-
tion of critical traffic phenomena. One of the aims of the
work was to reveal the fundamental mechanism of

congestion pattern formation for large-scale networks
based on the complete dataset generated by the drones.
A highly detailed dataset containing more than half a
million trajectories with data points every 0.04 s was cre-
ated (see Data Collection section). This unique dataset—
nicknamed pNEUMA—that was acquired with the anal-
ysis of the videos collected, includes detailed trajectory
data of more than half a million vehicles, including cars,
taxis, buses, motorcycles, and heavy and medium vehi-
cles. Thus, the pNEUMA dataset offers new opportuni-
ties to study specialized phenomena related to
multimodal interactions that take place mostly in urban
environments. Primary analyses showed that significant
insights could be provided on how drones’ unique char-
acteristics can overcome existing limitations in traffic
monitoring and about the drones’ potential for becoming
a viable part of the Intelligent Transportation Systems
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(ITS) infrastructure. The pNEUMA dataset includes a
significant amount of information that is rarely available
for arterial networks (e.g., detailed interactions for
almost every pair of vehicles moving in a congested
urban environment). Clearly, this will allow the revisiting
of existing models, and the creation of a new era of
microscopic traffic flow models, which will improve the
accuracy, calibration, and validation of such microsimu-
lation tools. More information on the dataset and the
unique possibilities open to researchers can be found in
research by Barmpounakis and Geroliminis (2).

Recording traffic streams with drones was found to be
a promising monitoring technique as it does not require
installment of sensors and so forth. Although vehicle-
tracking algorithms can accurately extract the position of
vehicles with very high frequency, these data alone are
not sufficient for microscopic traffic modeling as they are
missing vital lane-specific information, especially for
large urban areas. Our motivation was to develop auto-
matic algorithms that could identify different lanes and
lane changes. As the pNEUMA dataset was openly
shared with the research community, we aimed to
enhance it with additional information that could prove
valuable to researchers. One of the first subjects that we
believed was worthy of further analysis was how this
dataset could be utilized to extract useful lane-specific
information. Until now, most studies on lane detection
have largely focused on environments such as highways
or rural streets, where lanes are primarily used to enter/
exit a highway, or for advanced driver-assistance system
or autonomous vehicle (AV) applications, like lane
departure warnings or road marking identification for
safety reasons (3–5). In such cases, the input is typically
images that come from cameras attached to vehicles,
which can therefore be quite noisy when it comes identi-
fying a lane’s width and lane edges, especially in different
road environments. Therefore, researchers have turned
to advanced image processing and deep learning methods
to solve the numerous issues that have emerged (6).

When it comes to cases that are more similar to the
pNEUMA dataset, like the NGSIM freeway database (7)
or the highD dataset (8), although the lane of each vehi-
cle is provided, the methodology of extracting such infor-
mation cannot be generalized as the study area was
predefined with specific road characteristics. Other
researchers have used GPS trajectories to extract lane-
specific information but in most of them data from urban
environments are not included. For example, Knoop
et al. used GPS data from a vehicle that repeated the
same route 100 times (9), whereas Tang et al. employed
low-precision GPS trajectories from taxis during off-peak
hours to reduce the noise (10). In research by Chen and
Krumm, the Gaussian mixture model for identifying lane
information is introduced, and limitations related to the
dynamic aspects of a road network (driving direction,
traffic controls, turn restrictions, etc.) are highlighted
(11). It was therefore evident that the existing low qual-
ity, noisy GPS data could require special techniques and
methodological concepts compared with the level of
detail that the pNEUMA dataset offers.

Knowledge of the geometric design of urban roads
(for example from a map or an aerial photo) is not suffi-
cient to identify exactly how and where vehicles are mov-
ing. For example, lanes might have different usages
according to the time of day, such as dedicated bus lanes,
on-street parking, and contra-flow lanes. Thus, when it
comes to urban environments, the way the road network
is formed and the manner in which lanes are used (turn-
ing lanes, bus lanes, etc.) require a different approach
when collecting and processing data for advanced model-
ing techniques. One significant requirement for advanced
traffic monitoring and control is to provide detailed lane-
specific information, which can be a time-consuming and
challenging task. A typical example from pNEUMA can
be seen in Figure 1, where at a specific road section there
are five marked lanes, but not all of them can be used to
accommodate traffic flow demand. Figure 1a shows that
the rightmost lane is used as a taxi stop (yellow area),

Figure 1. An example of the differentiation in existent lanes at a road section: (a) a taxi stop highlighted in yellow and (b) lanes that are
actually used.
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and only four of them are for traffic. This is also illu-
strated in Figure 1b in which all vehicle trajectories from
15min of data are plotted.

The way lane-changing maneuvers are conducted rep-
resents another differentiation between road environ-
ments. There are few such studies in urban environments,
mainly because of the lack of data. Nonetheless, lane-
change modeling has attracted significant interest, espe-
cially for freeway systems (12–16). In principle, these
maneuvers are studied from a safety perspective. When
researchers focus on how they may affect traffic flow
characteristics, simulation methods are mainly deployed
(17, 18). Lane-changing maneuvers can sometimes cause
local disturbances, it is therefore crucial to understand
how they affect the capacity and stability of the traffic
flow (12). Gap-acceptance models have been used in
studies of such behavior (19, 20). One of the most general
lane-changing models is described in work by Kesting
et al. (12). The authors introduce the utility of a given
lane and the risk of a lane change is determined in rela-
tion to longitudinal accelerations. This allows the formu-
lation of both safety and incentive criteria for various
passing rules. Although these phenomena are common in
urban roads and freeways, they have mostly been exam-
ined in detail in freeways, notably after the development
of the NGSIM freeway database (7). The main body of
NGSIM freeway data contain a few hundred meters of
road. While in NGSIM there are a few urban arterials
(e.g., Peachtree Street), the site is small and with insuffi-
cient congestion or long queues (21). NGSIM data have
also be found to contain significant noise, and accelera-
tion estimations requiring smoothing when extreme val-
ues are observed (1, 22, 23).

Compared with a freeway, an urban arterial trip con-
tains a larger number of lane changes that create a more
circuitous route. For example, in Figure 2 the lane
changes are visible as the trajectories (thin lines) between
the different lanes (dense lines). Recent progress in

video-tracking methods has allowed the collection of
high-quality trajectory data from aerial observations
(24). Recently, as seen in Barmpounakis et al. (25), such
data have allowed the detailed study of various
transportation-related phenomena and investigation of
their effect on network congestion. However, realization
of data-related opportunities requires going beyond the
existing simulation-based approaches of modeling con-
gestion with complex models comprising several para-
meters that make their validation questionable. We
followed an empirical approach to understanding these
mechanisms. With respect to lane-changing maneuvers
for arterial streets, complete and accurate knowledge of
the local environment (vehicles in the proximity) is cru-
cial for understanding the physical properties of the
interactions. Traditional sensing techniques (e.g., GPS
data) are not sufficient for this purpose owing to a lack
of accurate vehicle trajectories and decreased traffic
penetration rates.

Cooperative systems may well benefit from the inte-
gration of predictive maneuvering models, for example,
by reducing accident rates, increasing network efficiency,
and improving fuel consumption (26–28). With the recent
surge in AV-related research, several phenomena have
been revisited by researchers, uncovering significant
inconsistencies compared with the reality, or imposing
serious limits for advanced modeling approaches (1, 29,
30). Both mandatory- and discretionary lane-changing
(MLC and DLC respectively) maneuvers have been
examined in various ways to identify multilane traffic
dynamics (31–33) or to model driver decisions around
whether to conduct an overtaking maneuver (34). Similar
to lane-choice behavior, lane-changing maneuvers in
urban arterials take place for various reasons, for exam-
ple travel maneuver plans, current lane type, and sur-
rounding traffic conditions (35), or to filter traffic when
it comes to specific vehicles like powered two-wheelers
(PTW) (36, 37). Literature suggests that there is a strong

Figure 2. Lane changes are illustrated by the thin lines between the dense lines.
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interaction between PTW and the surrounding vehicles,
affecting how they move, which is an ongoing research
topic characterized by complex traffic phenomena and
trajectories (38).

The smartphone has also proved a useful new tool for
microscopically studying driver behavior: studying driver
aggressiveness and other such extreme behaviors (39).
Given their significant advantages compared with tradi-
tional methods, lane-changing is easily identified from
such source data, as is the exact circumstances the driver
is experiencing in their micro-environment (40).
However, a significant factor of driver aggressiveness
that affects traffic flow, in regard to both operation and
safety, relates to the quantification of lane-changing
maneuvers in urban areas, as documented in previous
studies (41–43).

Thus, little research based on real data has been con-
ducted on how lane choice or lane-changing maneuvers
affect traffic on a macroscopic scale. Challenging
research questions have arisen along these lines. Can
detailed lane-specific information be a significant feature
to advance existing models and concepts? How negligible
is the effect on traffic for different traffic conditions?
What variables affect drivers’ lane choice or their deci-
sion to make a lane-changing maneuver?

To answer such questions, we first need appropriate
tools and methodologies to accurately detect such
information from the pNEUMA dataset. The aim of
this paper is to present a unique, complete methodolo-
gical tool for extracting such information and to pro-
pose new concepts based on the new data that are
available. This methodology could set a benchmark for
possible future approaches from researchers wanting to
approach similar topics or use lane-related informa-
tion. For example, as this paper focuses on identifying
whether both MLC and DLC occur, a distinction and
comparative analysis of the two types could follow in
future studies.

The rest of the paper is structured as follows: the next
section includes a short description of the pNEUMA
dataset. Two algorithms for lane detection and lane-
changing maneuver identification are then described.
Finally, we provide an evaluation of the algorithm com-
pared with real cases from the dataset and we sum up
with some conclusions and remarks.

Methodology

Data Collection

In October 2018, a swarm of 10 drones was utilized over
significant parts of Athens, Greece; the city was selected
because it is an urban, multimodal, busy environment
that could allow different kinds of transportation

phenomena to be tested (2). The aim of the experiment
was to record traffic streams over an urban setting using
drones, and to provide significant insight into how their
unique features could overcome existing limitations in
traffic monitoring, recording traffic streams, and to
explore their potential for becoming a viable part of the
ITS infrastructure. For the experiment, the morning
peak (8:00 to 10:30 a.m.) was recorded for each working
day of the week.

Specifically, the swarm would take-off from the two
take-off/landing areas (H1 and H2 in Figure 3) at the
start of the experiment and each drone would fly to its
unique hovering point. Then, when all drones were in
position, the recording of the traffic stream would start
simultaneously; when the battery was running low, they
would return to their landing point. Considering that the
drones could hover up to 25min including take-off, rout-
ing, and landing times, it was decided that each session
would take place every 30min for better coordination
and standardization of the experiment. This set-up
allowed for 15 to 20min of continuous traffic monitor-
ing; during temporal blind spots, trajectories were not
recorded. The study area (1.3 km2) analyzed included
more than 100-km lanes of road network (low-, medium-
, and high-volume arterials), around 100 busy intersec-
tions (signalized or not), more than 30 bus stops and
close to half a million trajectories (Figure 3). It is evident
that on such a scale, even for a simple traffic study, one
would need more than 100 fixed sensors (or humans) to
collect data, including all the measurement (or manual)
errors. This aerial video footage allows the researchers
involved to rewatch the videos as many times as they
want, not only to eliminate errors but for other reasons
and at different levels of detail, to fulfill the requirements

Figure 3. The study area of the pNEUMA experiment and the
area of responsibility for each drone.
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of a variety of studies and subjects. It should be noted
that the overlapped areas are of primary significance for
the synchronization of the video footage in relation to
space and time and the re-identification of vehicles mov-
ing from one area to the other.

A unique observatory for traffic congestion, compris-
ing data that did not exist before at this resolution and
scale has been created from processing the videos from
the experiment. This massive dataset contains trajectories
of every vehicle that was present in the study area, cali-
brated in the World Geodetic System (WGS 84), every
0.04 s, as this is the maximum frequency allowed by the
video’s frame rate. In addition to the features that can be
produced using position information, for example speed
(first derivative of position), acceleration (second deriva-
tive of position), and distance traveled, vehicle type (car,
taxi, motorcycle, bus, heavy vehicle, medium vehicle) is
also available. For more detail on the design of the
experiment see research by Barmpounakis and
Geroliminis (2); the data can be downloaded from
https://open-traffic.epfl.ch

Lane Detection

Traditional sensing techniques (e.g., loop detector, GPS
data) are not sufficiently accurate to identify the exact
position of each vehicle on the road, so pNEUMA pro-
vides unique opportunities. Our approach was based on
the idea that vehicles tend to move in the center of a
lane. However, this is not the case for every type of

vehicle. As there was a significant number of PTWs in
the experiment location, which, depending on the traffic
conditions, tend to filter traffic and move to the edges of
the lanes (44), their trajectories were excluded in this
approach as they would have caused significant noise.
Therefore, when the trajectories of the remaining vehicles
were plotted, different groups based on their density
could be manually identified, as seen in Figure 1b.
Though different concepts were tested, we chose to use
the distance of each trajectory from the edge of the road,
as this easily replicates the behavior of vehicles moving
in the center of the lanes. It should be noted that all vehi-
cles were tracked using one characteristic point on their
central vertical axis. Figure 4 provides an example of
how the distance from the edge of the road can illustrate
the different lanes in the five-lane, 15-m wide road previ-
ously presented in Figure 1. One can easily identify four
distinct peaks in the histogram, separated almost every
3m, which is also the width of the lanes; however, as the
trajectories from the slow-moving taxis at the rightmost
part of the road section have been included (obviously,
there are not as many as in the rest of the lanes) there is
broad section displaying a low frequency at the right-
most part of the histogram.

Though one could easily manually identify the four
different clusters in Figure 4 to automatize and scale up
the process for the whole network, an appropriate clus-
tering method was nonetheless necessary. We choose the
Jenks optimization method, a data clustering method
that seeks to minimize each class’s average deviation

Figure 4. Histogram of the distances from the trajectories to the edge of the road.
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from the class average, while maximizing each class’s
deviation from the average of the rest of the clusters (45).
While this method is sensitive to data containing large
measurement error, given the accuracy of drone data and
the physical properties of drivers’ movements, the
method was expected to work properly. Nevertheless, in
cases involving sharp turns in the network topology, this
method might have experienced difficulties, as will be dis-
cussed in Lane-Changing Maneuver.

A flow chart of the methodological framework is
presented in Figure 5 and the flow of the lane-detection
process at a specific road section is presented in Figure
5a. One of the requirements was to know the direction

of the road. Therefore, the azimuth (direction of move-
ment) of a vehicle was calculated for every available
pair of coordinates (azcar). Azimuth is the angle that is
formed between the direction of the vehicle compared
with the direction of true north, which is measured as a
0� azimuth. Then, based on the mean and standard
deviation of the azimuth for each vehicle, and the exis-
tence or not of two supplementary angles, we kept only
the trajectories that were similar to the azimuth of the
road direction (azroad) for which we were interested in
identifying the number of lanes. The azroad represents
the average of every vehicle’s azimuth traveling that
road.

Figure 5. Flow chart of (a) lane-detection process and (b) lane-changing algorithm.
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Then, the distance from the edge was calculated. For
optimization, the algorithm uses the quotient of the divi-
sion between the maximum distance to the average lane
width as the initial value for the number of lanes. The
Jenkins algorithm subsequently clusters the data by cal-
culating the breaks in the histogram, providing the upper
and lower limit of each lane (and therefore its width) in
relation to distance from the edge of the road. However,
although in most cases this process is adequate for accu-
rate results, when it comes to more complex road sec-
tions, adding a constraint on the width of the lanes can
improve the quality of the results. Specifically, the width
of each lane cannot be less than 2.5m or greater than
4m and, until this condition is met, the algorithm will
keep partitioning the road section into more lanes. By
complex road sections, we refer to features such as turn-
ing lanes, lanes with parked vehicles, or bus lanes. The

results of the algorithm are discussed in detail in the next
section.

Lane-Changing Maneuver

For the purpose of this research, a lane-changing maneu-
ver was defined as a vehicle crossing the marker line
between two adjacent lanes. The intuitive approach to
detecting a lane-changing maneuver is to find the lateral
deviation of a vehicle. To this end, we compared the vehi-
cle’s azimuth to the azimuth of the road; the flow chart is
illustrated in Figure 5b. Conceptually, during the maneu-
ver the azimuth is expected to start increasing/decreasing
(depending on whether this involves a left- or right lane-
change), until it reaches a local maximum/minimum and
then it will gradually return to its original value, as the
azimuth of the road remains constant on straight roads.

Figure 6. (a) Sketch of horizontal and lateral deviation and (b) azimuth and lateral deviation illustration for lane-changing detection.
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Thus, using the same concept, turning movements can be
identified when the azimuth stabilizes at a different value
and will therefore not be counted as a lane-changing
maneuver. This is illustrated by the azx points in Figure
6, a and b. It should be noted that as a first attempt at
lane-changing identification, our approach focused solely
on straight roads.

To calculate the horizontal Dx and lateral deviation
Dy illustrated in Figure 6a, we used the cumulative sum
of dx and dy (Equations 1 and 2) over distance Dx tra-
veled by the specific vehicle, so that no noisy data appear
when vehicles have stopped at a traffic signal or as a
result of congestion. The minimum Dx traveled is was
set to 3m as the optimal value for dealing with both large
and small Dx steps (Equation 3).

dx= cos azcar � azroadð Þ�Dx ð1Þ

dy= sin azcar � azroadð Þ�Dx ð2Þ

azx = a tan 2½ðsinDl � cosj2Þ; ðcosj1 � sinj2� sinj1

� cosj2 � cosDlÞ�
ð3Þ

where
j1 = the latitude of initial point (positive for N and

negative for S),
j2 = the latitude of the final point (positive for N and

negative for S),
l1 = the longitude of the initial point (positive for E

and negative for W),
l2 = the longitude of the final point (positive for E

and negative for W), and
Dl = l2–l1

To smooth both the azimuth and the lateral deviation,
locally weighted scatterplot smoothing (LOESS) was uti-
lized (46). Though various smoothing techniques were
examined, as a nonparametric smoother that tries to find
a curve of best fit without assuming the data must fit
some distribution shape, LOESS was found to perform
better. We used a second-degree polynomial model while
different smoothing parameter values were tested (Figure
6b). The raw data of the trajectories was utilized.
Therefore, the smoothing process was applied to the azi-
muth with the objectives of optimizing the lane-changing
algorithm and identifying the peak; for other cases (such
as for identifying harsh driving events and abrupt deci-
sions) different smoothing parameters could be applied.
The smoothing was then spline interpolated to avoid any
sharp edges. The interpolated value at every point was
based on a cubic interpolation of the values at neighbor-
ing grid points, taking place every 30 cm or per 10 raw
data points. Both the results of the smoothing process
and the variations between lane-changing and lane-
keeping behavior can be seen in Figure 6b.

Peak Detection

From Figure 6b, one can easily understand that the local
maxima/minima in the azimuth represent the time the
vehicle starts to take up its position in the ‘‘new’’ lane.
To detect the peaks in the time series of the smoothed
data, a peak detection algorithm was used that returns a
vector with the local maxima (peaks) of the input data.
The specific algorithm used in this paper was parame-
trized by setting i)minimum peak prominence and ii)
minimum lateral deviation. The process of identifying
lane-changing maneuvers is illustrated in Figure 5b.

Integration of the Two Algorithms

As discussed, the lane-detection algorithm allows every
vehicle to be allocated to a lane at the beginning of its
trajectory. Thus, in conjunction with the information
that a lane change has been executed to the right or left
neighboring lane, one can deduce the lane allocation of a
vehicle throughout its trajectory. The integration of the
two algorithms (lane-detection and lane changing algo-
rithm) is also a way to further evaluate and improve the
predictive power of the above methodologies.

Specifically, from the lane-changing algorithm, one
can calculate the precise location of the start and end of a
lane-changing maneuver and the vehicle’s distance from
the edge of the road. Similar concepts have previously
been applied when fusing GPS and lidar data (47, 48). If
the results do not correspond with the widths estimated
from the lane-detection algorithm, this inconsistency
between the two methods could be further examined to
consider the results of the algorithm with the highest pre-
dictive power.

Results

Lane Detection

Eight unique cases were examined to evaluate the lane-
detection algorithm described in Methodology. Diverse
areas were chosen so that these cases differed from each
other not only in the number of lanes, but also in rela-
tion to usage of lanes, direction of travel, traffic flow,
traffic conditions, traffic signal proximity, and so forth.
The results are provided in Table 1.

Specifically, the vertical lines that can be seen in the
histograms, correspond to the lane markings for each
case, therefore the number of lanes can be extracted. It
can be observed that the algorithm was able to correctly
identify cases with different characteristics and that the
direction of travel did not affect the methodology. For
example, in Case #2 there is an extra lane that is used
only by buses, whereas in cases #1, #5, and #6 data from
both directions are included. Parked vehicles do not
seem to affect the algorithm, as can be seen in cases #3

8 Transportation Research Record 00(0)



Table 1. Lane-Detection Algorithm Results

Screenshot # lanes Turning lane Blocked lane Resulting histogram

#1 3 na na

#2 5 na na

#3 2 na 1

#4 2 na na

#5 3 1 na

#6 2 na na

#7 5 na 1

(continued)
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and #4. In cases where lanes are used for temporary
parking (cases #7 and #8), it can be seen that the algo-
rithm is able to identify both the differentiation in lane
and the reduced capacity it provides for traffic flow. Last
but not least, turning lanes can also be identified, as evi-
dent in Case #5.

One of the limitations of the developed algorithm can
be identified in Case #9 involving a curve, as it was not
able to provide the correct result. It was therefore sur-
mised that to extract the number of lanes for special
cases like turns or roundabouts, a different methodology
should be followed.

Lane-Changing Maneuver Detection

As described in Methodology, there are numerous possi-
ble parametrization options for the lane-changing algo-
rithm. To better examine the effect of each of the
different parameters on the predictive power of the algo-
rithm, a sensitivity analysis was conducted for the three
parameters presented in Table 2.

Two different study areas were selected for the evalua-
tion of the algorithm, although it could be applied to any
part of the road network. The first was a 400-m, three-
lane arterial during 8:30 to 9:00 a.m.; the second was a
400-m, five-lane arterial during 10:00 to 10:30 a.m. In
total, 602 vehicles were included in the testing dataset. It
should be noted that each case was reviewed manually to
evaluate the results of the detection algorithm, and two
vehicles conducted two lane-changes.

The different combinations of models resulting from
the sensitivity analysis formed the receiver operating
characteristic (ROC) curve that is seen in Figure 7.
The area under the ROC (AUROC) curve illustrates the

predictive ability of a binary classifier system as its para-
metrization changes, which for our methodology was
over 98%. As the ROC curve shows the tradeoff across
the parametrization of the classifier system, it can be
observed that the methodology proposed has strong pre-
dictive ability for the various arithmetic values of the
parameters (49).

From the models that were formed, we chose to
describe the model with the best accuracy. The parame-
trization of this specific model was i) smoothing para-
meter value equal to 18m, ii) peak prominence equal to
1.6o, and iii) lateral deviation equal to 1m. True positive
(TP) refers to the lane-changing maneuvers that were cor-
rectly identified, false negative (FN) to the ones that were
not identified, false positive (FP) to lane keeping that was
incorrectly identified as a lane change, and true negative
(TN) to denote lane keeping that was not identified as a
lane change. The confusion matrix and the classification
metrics are provided in Tables 3 and 4 respectively.

The results indicate that the algorithm has high pre-
dictive power in both identifying lane- changing (TP)
and lane-keeping behavior (TN). Each of the FP and FN

Table 1. (continued)

Screenshot # lanes Turning lane Blocked lane Resulting histogram

#8 5 na 1

#9 5 na 1 na

Note: na = not applicable.

Table 2. Sensitivity Analysis Information

Parameter Sequence start Sequence end Step

LOESS smoothing
parameter (m)

14 30 4

Peak prominence
(degrees)

1 3 0.2

Lateral deviation (m) 0.8 1.2 0.1

Note: LOESS = locally weighted scatterplot smoothing.
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identifications were reviewed manually and it was found
that a similar pattern appeared for both types of errors.
Specifically, FPs may appear when aggressive drivers
conduct a lateral maneuver without crossing the edges of
their current lane. On the other hand, when very smooth
lane-changing takes place, that is, both the azimuth and
the lateral deviation change slowly over a long distance,
the algorithm cannot identify any significant peaks in the
time series.

The detection algorithm allowed the determination of
lane-changing events alongside a multitude of additional
characteristics such as i) lateral deviation, ii) speed and
acceleration information, and iii) location and time of the
event start-, mid-, and end point. This information could
be valuable for research related to lane-changing phenom-
ena, taking into account the significant number of lane-
changing maneuvers that were monitored in the pNEUMA
dataset. Specifically, a heat-map can be created: Figure 8
illustrates the position of lane-changing maneuvers along a
stretch of road, extracted from a sample of 450 trajectories
over 15min. The color of the map represents the number
of lane-changing maneuvers, e.g. darker colors indicate a
greater number of lane changing maneuvers.

The results of the lane-changing maneuvers (red
marks) can also be illustrated in a time–space diagram,
as in Figure 9.

Integration of the Two Algorithms

The same arterial of three lanes was selected to examine
the integration of the preceding results and determine
precisely the lane allocation of each vehicle for its time-
stamp. As outlined in the Methodology section, the lane-
detection algorithm is used to determine the lane

allocation at the start of the road and lane-change detec-
tion allows modification of the allocation should a lane
change occur. Figure 10 shows the results from the inte-
gration of the two algorithms for a particular vehicle that
conducted two sequential lane-changes. Specifically,
starting in the right-hand lane, the vehicle (traveling
from right to left) conducted three separate lane-changes
(right to middle, middle to left, and left to middle), end-
ing its observed trajectory in the middle lane. The color
scale shows that the lane allocation of a vehicle is avail-
able for every timestamp of its trajectory.

Over the sample of 450 trajectories, 164 lane changes
were conducted and analyzed further to evaluate the
consistency of the integrated algorithm. Using the lane-
detection algorithm, three lanes were estimated, with
lines separating them situated 3.1m and 6.2m away from
the edge of the road. The lane origin/destination is pro-
vided in Table 5.

It can be seen that 18 detected lane-changes (10.9% of
the total) stayed in the same estimated lane. This was
partly owing to the 2.7% FP rate of the lane-changing
algorithm; the vehicle is expected to stay in the same
lane. Should the lane width be totally accurate and the
lane-changing start- and end point be perfectly estimated,

Figure 7. The Auroc that is formed for the different values of
the parameters.
Note: ROC = receiver operating characteristic.

Table 3. Confusion Matrix for the Lane-Detection Algorithm

Actual values

Actual
lane changes

Actual
lane keeping

Identified
values

Identified
lane changes

TP = 291 FP = 8

Identified
lane keeping

FN = 12 TN = 293

Note: TP = true positive; FN = false negative; FP = false positive; TN =

true negative.

Table 4. Classification Metrics for the Lane-Detection Algorithm

Measure Derivation Value

Sensitivity (true
positive rate)

TP/(TP + FN) 96.0%

Specificity TN/(FP + TN) 97.3%
Precision TP/(TP + FP) 97.3%
Negative prediction

rate
TN/(TN + FN) 96.1%

False positive rate FP/(FP + TN) 2.7%
False discovery rate FP/(FP + TP) 2.7%
False negative rate FN/(FN + TP) 4.0%
Accuracy (TP + TN)/(P + N) 96.7%
F1 score 2TP/(2TP + FP + FN) 96.7%

Note: TP = true positive; FN = false negative; FP = false positive; TN =

true negative; P = positives; N = negatives.
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Figure 8. Lane-changing location along a road in a 15-min time frame.
Note: WGS = World Geodetic System.

Figure 9. Lane-changing events as illustrated in a time–space diagram.

Figure 10. Lane allocation of a single vehicle over its trajectory.
Note: WGS = World Geodetic System.
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a vehicle would not be in the same lane after the maneu-
ver. Therefore, the 8.2% of actual lane-changes without
allocation, highlight the inconsistencies between the two
approaches. It should be noted that that the six double
lane-change events (1 to 3 or 3 to 1) reported, did not repre-
sent a vehicle going from Lane 1 to Lane 2 and later to
Lane 3, but a vehicle going in a single detected event from
the right-hand lane to the leftmost one.

Conclusion

In this paper, the methodology for acquiring lane-specific
information from a large-scale urban dataset from aerial
video footage is described. These approaches can be consid-
ered a benchmark for future attempts and concepts. It has
been seen that when a high-quality dataset like pNEUMA
is available, high predictive power can be achieved without
the use of powerful or complex computational tools.

Specifically, the lane-detection algorithm demon-
strated that challenging cases, such as the actual use of
lanes, could be correctly identified. This methodology
could be significant as, sometimes, visual information
(satellite images, images, or low-quality video) cannot
provide the full picture for researchers and practitioners.
In addition, local or unexpected phenomena could be
identified, such as the bottlenecks that are created by
stopped vehicles at the edge of an arterial, a typical cause
of congestion in dense urban environments. It should
also be noted that the proposed methodology depended
solely on real vehicle trajectories, not on road designs
that might have included outdated information or been
affected by traffic flow conditions or fixed information.

A precise and flexible lane-changing detection tool has
been developed using computationally light techniques
and concepts that require only spatial information (WGS
84 coordinates). Typical lane-changing and lane-keeping
cases were successfully identified in different road envir-
onments, without being affected by the number of lanes
or traffic flow conditions.

Finally, false identification patterns indicate that
modifications in the algorithm could further improve its
power of detectability. In future, we aim to improve
detectability for the challenging cases that the algorithms

failed to identify correctly. Moreover, this information
will be utilized to determine the strength of the relation-
ship between the number of lane changes and the already
identified indicators of driving aggressiveness, especially
on congested urban arterials.
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