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Number of Lane Changes Determined by
Splashover Effects in Loop Detector Counts
Victor L. Knoop, R. Eddie Wilson, Christine Buisson and Bart van Arem, Member, IEEE

Abstract—Lane changes are important in quantifying traffic,
both for operational and planning purposes. Traditional in-lane
loop detectors do not count lane changes, hence historically,
traffic engineers have estimated them using other data sources.
This paper provides a method to estimate the number of lane
changes based on observations of “straddling” vehicles that are
detected simultaneously by the loops in adjacent lanes. In the data
considered here, such “straddles” correspond almost always to
vehicles that are in the process of changing lane. However, many
lane-changes take place between detector sites and hence do not
result in straddles. The methods developed here estimate the
probability distribution for the number of lane changes given
an observed number of straddles. The efficacy of this approach
depends on calibration issues and on the size of the aggregation
period. In the evaluation study presented here the results are
good: the proposed method gives the number of lane changes
with approximately 10% error, even though the number of lane
changes per aggregation period varies by a factor of 10 over
time.

I. I NTRODUCTION
Lane changes play a crucial role in freeway traffic management and operations. They are relevant to four areas of traffic
engineering: operations, control, modelling and planning, and
safety. Firstly, at the operational level, they are claimed to
influence capacity (e.g., [1]), or even induce stop-and-go waves
(e.g., [2]). Furthermore, they cause synchronisation of speed
between lanes: for instance, stop-and-go waves may develop
in one lane, but after a short while, the speed reduction
spreads across the carriageway. Secondly, in traffic control,
a lane change ban can improve traffic conditions, e.g., [3].
Systems to influence the use of lanes may use road-based or
in-vehicle devices [4]. Figure 1 shows the architecture of the
control cycle, and where measuring lane changes comes into
play. Thirdly, in modelling, measurements of lane changes are
needed for lane changing models. Up to now, as a consequence
of the lack of measurement methods, lane changing models are
often calibrated by other (weaker) types of data, for example
by the distribution of traffic counts over lanes [5]. For planning
purposes, lane-changing rates can be used to estimate local
OD matrices and weaving patterns through a sequence of
successive merges and diverges. Finally, lane changing has
a consequence for safely [6].
For all these areas, it is necessary to measure the frequency
and location of lane changes on a given stretch of motorway.
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Fig. 1.

The traffic control cycle

Once the occurrence of lane changes and their influence is
known, control measures can be designed to (statically or
dynamically) mitigate any undesired effects.
Loop detectors are the most often used device to collect
traffic information. However, despite their importance, lane
changes are not observable in standard stationary detector data,
due to the local nature of the measurement devices. This article
presents a novel methodology to extract the number of lane
changes from loop detectors.
The basis of the method is to study what fraction of vehicles
is detected simultaneously by the loops in two adjacent lanes
— an effect known as “splashover” of the signal. A vehicle
which thus activates two detectors will be called “straddling”.
The chief idea is that straddles usually correspond to vehicles
that are in the process of changing lane when they drive over
the detector, and so they may be used to estimate the frequency
of lane changes.
Unfortunately, only a small fraction of the lane changes
that occur within a given (extended) road section will result
in straddles at any given detector, because most lane changes
will take place between detector sites. Thus straddles may be
modeled as a stochastic process — that is, a given lane change
results in a straddle with probability p that must be calibrated
for the given road section and detector set-up. Following
calibration, the estimation of the number of lane changes from
a given number of observed straddles thus involves uncertainty
and our method develops rigorous error bars for this process
in the form of posterior probability distributions.
The paper is organized as follows. Firstly, section II gives
a brief overview of local data sources and the state-of-the-art
in their use in the estimation of lane changes. Then, section
III gives a detailed account of the data that is used in this
study. Briefly: we have access to an inductive loop data set
which detects straddling vehicles and which has captured and
stored full individual vehicle data. By means which we shall
describe, full vehicle trajectories (and hence lane changes) are
also observable and so the correlation between straddles and
lane changes can be derived in detail. This is the purpose of
section IV, which also shows calibrates the procedure.
Section V then derives an operational tool which is used to
estimate the number of lane-changes in hold-out data that was
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not used in the calibration step. Depending on the length of the
aggregation interval, excellent performance may be achieved.
Section VI then discusses issues for further development, for
example, the dependence of p on the speed of the traffic and
the distance between detector sites. Finally, conclusions are
presented in section VII. In particular, we discuss the potential
for applications to less ideal detector environments than that
considered here.
II. L ITERATURE REVIEW
Inductive loops are the most commonly used way to measure freeway traffic. At each detector site, one usually has an
‘in-lane’ arrangement with one (single or double) loop aligned
in each lane of the road. In a good layout, the loops are
sufficiently wide relative to the width of their respective lanes
that very few vehicles can drive between the loops and avoid
detection. However, some vehicles will trigger the loops in two
adjacent lanes, and such a double count is usually considered
erroneous [7]. Coifman [8] analyses such error rates and how
these vary among different detectors. Magnetometers are rather
similar in operation to loops, except that many more vehicles
pass undetected [9].
To observe lane-changing directly, one needs individual
vehicle trajectory data, and in the past 5-10 years this has been
developed using video footage, for example in the NGSIM
project [10], or in the Netherlands using a helicopter [11].
However, the analysis of video footage is not completely
automatic and the extraction of trajectories from it is time consuming [12]–[14]. Hence even if video footage were available
on-line, it could not presently be used in operational methods
for counting lane changes.
It seems that the theory of lane changes may have begun in
1952, hypothesizing a dependency of their rate on macroscopic
density [15]. There are also microscopic theories of lane
changing, involving local criteria (e.g., gap acceptance) for a
driver to change lane e.g., [16]. More recent work, for instance
by Laval and Daganzo [17] shows the effects of lane changing:
the voids caused by a lane change can lead to a capacity
drop. McDonald and Brackstone [18] were among the first
to develop systematic empirical observations of lane-changes.
This was achieved by manual analysis of video images from
a three-lane freeway. They found that “it is extremely difficult
to validate the (lane change) model over a wide range of flows
and conditions”. Later, a very large empirical data collection
was carried out showing the fine details of individual lane
changes, including their reasons and their duration [19]. Many
studies (e.g., [20]) have studied the impact of lane changes at
the level of platoons.
Most recently, the challenge left by MacDonald and Brackstone [18] was taken up [21] and a relationship between the
number of lane changes and traffic density was established,
using the same data source as the present article. All theories
need to be tested with data and the present article develops a
novel methodology for its collection.
III. D ESCRIPTION OF THE DATA USED IN THIS PAPER
Our aim in this article is to show how the frequency of lane
changing on highways can be estimated using inductive loop
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Fig. 2. Geometry of the downstream end of the instrumented section showing
the location of double loop detector sites. Note that in the UK, slower vehicles
drive on the left. HS denotes the hard shoulder (emergency lane) and ATM
(Active Traffic Management) denotes hard shoulder which can be activated
as an ordinary running lane in peak periods. The on-ramp has both a righthand forced merge lane and a slower left-hand lane typically used by heavy
goods vehicles (HGVs). When ATM is turned off, HGVs are required to join
the main carriageway (lanes 1–3) between sites 8 and 10. In this study we
try to reduce the effect of the on-ramp as far as possible and focus on the
downstream section between sites 14 and 16.

detector data from a single detector site. The key requirement
is that at this site, each lane of the highway is equipped with a
(double) inductive loop detector and that there is some facility
for identifying when a single vehicle overlaps (or straddles)
the detectors in adjacent lanes. These conditions are realized in
a recent study on the M42 motorway in the United Kingdom.
Moreover, this site is equipped with a very dense coverage of
loop detectors, enabling us to reconstruct individual vehicle
trajectories. Thus lane changes can be observed independently
of straddles and thus the correlation between lane-changing
and straddles can be analyzed. For other sections with less
dense loop detector data an alternative way to find the ground
truth for lane changes (e.g., video [22]) is required for the
calibration step. However, provided this calibration can be
achieved, sparsity of the detector coverage in itself does
not break our procedure. Firstly section III-A gives general
background details of the M42 study and then section III-B
gives further details of the inductive loop hardware.
A. Details of the instrumented section
The data used for this analysis come from the M42 motorway near Birmingham, United Kingdom. An approximately
1 mile section was equipped with detectors every 100 meters,
at which individual vehicle data was recorded. Due to space
restrictions, we only show the downstream part of the section
(figure 2). At each site, the time and lane number of each
passing vehicle are recorded, in addition to estimates of the
vehicle’s length and speed.
The detector sites are separated by only 100m nominally,
which gives travel times of 3-5 seconds in free flow conditions.
In this short time interval, vehicles do not often decelerate or
accelerate too markedly between sites, so it becomes possible
to re-identify vehicles from site to site, and thus in effect
follow them down the highway (an idea pioneered by [23]).
Throughout the paper, re-identification is used to mean the
identification of a vehicle at a more downstream site, as
opposed to straddling, which means identifying the same
vehicle in two lanes at the same site. Whereas straddling is
crucial in applying the method presented in the paper, the reidentification, discussed in this section, is used ti develop a
calibration set for lane changes.
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Fig. 3. Visualization of a short section of Individual Vehicle Data from three
inductive loop sites labeled according to figure 2. The horizontal time axis is
shifted from site to site to account for the average travel time between sites.
The coloring of each vehicle helps indicate the re-identification between sites
as obtained by automated algorithms. In this example, we observe a heavy
goods vehicle (colored purple in the figure) pulling out from the outside lane
towards the middle lane between sites 14 and 15, which has been straddling
at site 15.

The basic idea of re-identification is to exploit the estimated
arrival time at a loop, vehicle speed, headway and length to
match vehicles. For further details, see [24], [25]. In very
congested or strongly dynamic traffic conditions, however, the
re-identification process fails, since the travel time between
two sites increases, leading to uncertainty in the matching
process. The present study is therefore restricted to fluid traffic
conditions (speeds of over 20 m/s = 44 mph).
Figure 3 illustrates the re-identification process and the
identification of lane changes in particular. One drawback of
this approach is that the error rate of the re-identification
algorithms is not known exactly. However, as part of a
commercial trial, a small sample was manually cross-checked
with video data and this process indicated an error rate in free
flow conditions of order 1 in 1000 [26].
We should emphasize that the restriction on speed relates
only to the limitations of the re-identification process, and not
to the overall method that we propose. In other detector setups, the lane-changing data needed for our methods’ calibration step would probably be derived by other means, e.g., from
small samples of video data for which speed restriction would
not apply. Of course, there is the independent problem that the
straddling rate parameter may depend on the speed of vehicles,
and we return to this question in section VI.
B. Details of the inductive loop hardware
Loop detectors as considered here are based on the principle
of electromagnetic induction. The inductance of coils of wire
buried in the road surface is altered by the proximity of
(metallic) vehicles which may thus be detected by signal
processing electronics in the road-side outstations. In standard
installations, the auxiliary electronics detects the times at
which the inductance rises and falls below given threshold
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levels, corresponding roughly to the passage of a vehicle’s
front and rear end. (Of course, the precise timing is dependent
on the threshold levels that are set, the material make-up of
the bottom of the vehicle, and its clearance from the ground.)
For single loop installations, this permits the direct counting
of vehicles and the measurement of occupancy. However, in
double inductive loop installations as we have here, two loops
are installed which are separated longitudinally by several
meters. Consequently each passing vehicle gives an “on” and
“off” time at each of the two loops and these four times may
be processed via divided differences to estimate the vehicle’s
length and speed.
However, the loops in our instrumented section are enhanced with the advanced IDRIS [26] signal processing system
which also takes into account the inductance signature of each
passing vehicle: that is the inductance profile of each passing
vehicle is captured as a fine-resolution function of time. In
particular, this inductance signature can be used to help reidentification and also to classify vehicle type (since axles
show up very clearly in the signature). When there is a signal
at the detectors in two adjacent lanes, the IDRIS system uses
a proprietary algorithm to compare the two signatures and
determine whether they are due to two separate vehicles, or to
one single vehicle that straddles the two detectors. This effect
is also known as splashover and methodologies are known to
identify these straddles and to correct for double counting [7].
However, we will use this information to estimate the lateral
position of each vehicle on the road.
In data thus obtained from the IDRIS system, each vehicle
record has in addition to its lane data a straddling flag which
takes one of three values:
•
•
•

no straddle: the vehicle is in the center of its lane.
straddle left: the vehicle is overlapping partially with the
lane to its left.
straddle right: the vehicle is overlapping partially with
the lane to its right.

The idea is that a vehicle changing lane to the right, from lane
i to lane i + 1, should pass through the following sequence of
lateral positions: (1) no straddle in lane i, (2) straddle right in
lane i, (3) straddle left in lane i + 1, (4) no straddle in lane
i+1. However, the duration of a lane change may be relatively
short compared with the longitudinal spacing between detector
sites. Consequently, many lane changes may not be detected
by the straddle flag.
Finally, note that the sensitivity with which straddles are
detected depends on many factors specific to the characteristics
of the given road section and the inductive loop installation.
Wider, longer or shallower loops (or narrower lanes) are likely
to increase the detection rate of straddles, which will also
depend on the signal processing electronics and algorithms,
of which IDRIS is just one such possible system. Even for
IDRIS installations, there are tolerances which can be set so
as to affect the detection rate for straddles. In consequence, for
any given implementation, there is no substitute for calibrating
the straddling process with some “ground truth” data on the
lane-changing rate.
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IV. C ALIBRATING THE STRADDLING PROCESS
We now show how to calibrate the relationship between
straddling and lane changes. For concreteness, we work with
the data set introduced in section III, where counts of lane
changes may be obtained via the re-identification of individual
vehicle data. In other implementations, a small set of observations of lane changes must be obtained by other means.
Since our main purpose is the illustration of the method,
rather than an exhaustive study, we focus on the straddles
recorded at a single detector, namely number 15 as labelled
in figure 2. The re-identification through sites 14, 15 and
16 is then used to determine whether vehicles change lane.
We thus correlate lane changes as detected in a section of
approximately 200 meters in length with straddles as detected
at its midpoint. In choosing the most downstream portion
of the instrumented section, we simplify matters a little by
minimizing the impact of the on-ramp which features further
upstream. However, the analysis that follows can be worked
through for any 3 consecutive sites in the data set. The main
requirement is that at the straddling detector site the number of
lane changes is representative of the number of lane changes
of the studied section.
Table 4 counts the possible combinations of straddling and
lane changing as derived from a single day of data (31 October
2008). To further simplify matters we focus on vehicles which
are recorded in the middle lane at site 15, of which there are
22,505 in total on the day in question, after approximately
5,600 slow vehicles (slower than 20 m/s) are removed due to
re-identification issues. The middle lane is the most interesting
since vehicles change lanes both to the left and right, both in
and out of the lane. However, the calibration procedure may
be performed rather easily for the other lanes too.
The lower half of figure 4 displays the ratios of interest.
Let us discuss the cases with straddling. Firstly, no vehicles
at all straddle to the ‘wrong’ side (i.e., first straddling right
and then changing lanes to the left downstream, and the 3
other related combinations). Likewise, very few vehicles give
rise to straddles without changing lane — in fact, only 6 out
of the 21,326 (21,320+3+3) cars that go straight on do so.
Therefore, in this set-up it is a good modelling assumption to
suppose that all straddles result from lane changes. However,
in other implementations, the model may require a non-zero
rate parameter for false positives. Finally, note that at this
site, left (resp. right) straddles correspond more or less equally
to upstream changes to the right (resp. left) and downstream
changes to the left (resp. right). Thus the direction of the
straddle cannot be used to determine the direction of the lane
change. For the remainder of the paper, we will thus simplify
matters by counting only three cases: (i) not changing lanes
and no straddle, (ii) changing lanes and no straddle and (iii)
changing lanes with a straddle.
These observations lead us to model the occurrence of
straddles as a stochastic process based on lane changes.
Specifically, we shall assume that each lane change gives
rise to a straddle with probability p, which we shall assume
for simplicity is constant and independent of factors such as
the speed and length of each vehicle — we return to this
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TABLE I
O BSERVATIONS AND RELATIONSHIPS DERIVED FROM FIGURE 4

Total number of vehicles observed on lane 2 site 15
Number of vehicles observed
also on lane 2 on site 14
and 16 (did not changes lane
neither between 14 and 15
nor between 15 and 16)

Nr.
Percentage
of
obs.
22505

Comment

21326 21326/22505 Inverse of lane
=94.8%
change rate: 95%
does not change
lane; a little over
5% changes lane in
200m

Number of vehicles observed
to straddle, but are also on
lane 2 on site 14 and 16 (did
not change lanes either between 14 and 15 nor between
15 and 16)

6

6/21326
=0.028%

false positives: less
than 3 per 10000

Number of vehicles observed
on lane 2 on site 15 and 16
and either on lane 1 or on
lane 3 on site 14 (change
lane upstream of site 15)

526

526/22505
=2.3%

2.3% of the total
number of all vehicles changed lanes
in the 100 meters
between site 14 and
site 15

Number of vehicles observed
on lane 2 on site 15 and 16
and either on lane 1 or on
lane 3 on site 14 (change
lane before site 15) and made
a straddle on site 15

88

88/526
=17%

Straddle rate: 17%
of the vehicles that
did change lane upstream of site 15
generated a straddle
on site 15

Number of vehicles observed
on lane 2 on site 14 and 15
and either on lane 1 or on
lane 3 on site 16 (change
lane downstream of site 14)

653

653/22505
=2.9%

2.9% of the total
number of vehicles
changed lanes in the
100 meters between
site 15 and site 16

Number of vehicles observed
on lane 2 on site 14 and 15
and either on lane 1 or on
lane 3 on site 16 (change
lane after site 15) and made
a straddle on site 15

104

104/653
=15.9%

Straddle rate:16%
of the vehicles
that changed lanes
downstream of site
15 generated a
straddle on site 15

point in section VI. Thus assuming that straddling events are
independent, the probability of obtaining s straddles from lc
lane changes is thus given by the binomial distribution
 
lc s
P (NS = s) =
p (1 − p)lc−s ,
(1)
s
where NS denotes the stochastic variable for the number
of straddles. Note that (1 − p) is the “failure” rate, that is
the probability with which a lane change does not trigger a
straddle. For any given implementation, the only goal of the
calibration procedure, is to find p. The distribution in equation
1 implies the intuitive maximum likelihood estimator
p = NS /NLC ,

(2)

where NS and NLC are the total number of observations of
straddles and lane changes respectively in the calibration data.
But more importantly, the maximum likelihood apparatus also
provides confidence intervals for p. Using the data from 31
October 2008, we obtain p = 0.162 with a 95% confidence
interval of about ±0.02. If one could use two days of data
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Fig. 4. The different possibilities of straddling and lane changing (upstream,
“upstr”, and downstream, “downstr”) at site 15. The figure shows three lanes at
sites 14, 15 and 16. The vehicles which are studied are the vehicles which are
detected at site 15 at the middle lane (principally - sometimes some splashover
effects), hence this detector is colored red. The movement of the vehicle is
indicated with an arrow. The splashover effects in another lane, caused by a
straddling vehicle, are indicated by pink shading. See also table I.

Fig. 5. The joint distribution of the number of straddles and the number
of lane changes in the calibration set. The colour denotes frequency of one
hour aggregation intervals as recorded in the 40 day calibration set. Vertical
sections through this figure imply a probability distribution for the number of
lane changes given an observed number of straddles.

intervals that remain.
The chief output of the aggregation is the joint distribution
of figure 5, displaying the observed frequency of different
(NS , NLC ) pairs. The scatter in this figure emphasises the
stochastic relationship between straddles and lane changes.
In the next section we will consider how to use the data in
this figure to estimate the number of lane changes from an
observed number of straddles.
V. R ECOVERING THE NUMBER OF LANE CHANGES FROM
THE STRADDLES

in the calibration,
one would expect a confidence interval of
√
' ±0.02/ 2 ' ±0.014, by the asymptotic normality of the
estimator.
Of course, in our particular implementation we have the
luxury of a surfeit of data with which to perform the calibration
and to test methods based upon it. To this end we took a particularly clean stretch of data (with few equipment outages etc.)
from the period 1 October to 30 November 2008 inclusive.
As before, we discard periods with slow moving vehicles (so
that the re-identification is robust) and periods where there
are equipment outages. Two thirds of the two-month data
set is then selected at random on a day-by-day basis for
calibration purposes, whilst the remaining one third is held
out for validation (see section V). In this case, the maximum
likelihood estimator gives p ' 0.164, with 95% confidence
bounds of 0.161 and 0.167 — which are probably much
tighter than one could expect to attain in fresh operational
applications, owing to the large volume of calibration data
available here.
Finally, we may aggregate the calibration data in intervals
of 60 minutes — which was considered the shortest interval
for which there were statistically robust numbers of straddles
and lane changes to work with. Intervals where 20% or
more of the vehicles had a speed of less then 20 m/s were
considered (possibly partly) congested and therefore, due to
re-identification issues, were discarded. However, even after
this selection, more than 80% of the data is still remaining.
We then record the number of straddles, NS , and the number
of lane changes, NLC , that were recorded in the aggregation

We now consider how to estimate the number of lane
changes in operational data. We suppose that the calibration
step is complete, and to illustrate our technique, we use the
one third portion of hold-out (validation) data left over from
section IV (20 days in total), which we aggregate into 60
minute intervals. There are two goals:
1) Estimate the probability distribution for the number of
lane changes in an aggregation period with a given
observed number of straddles.
2) Show the accuracy of this estimate.
The first goal is achieved by the application of Bayes’ rule
P (NLC |NS = S0 ) = P (NS |NLC )

P (NLC )
P (NS )

(3)

For the prior P (NLC ) we use P (NLC = n) = (1/p)P (NS =
(p ∗ n)), where P (NS ) is the experimental probability density
function. P (NS |NLC ) is a binomial function with success rate
p. The remainder of the section illustrates how this rule is
applied in practice.
The key idea is that the required distribution of the number
of lane changes (goal 1) can be read from the matrix describing the joint distribution of straddles and lane changes (see
figure 6a). This matrix shows how often each combination
of straddles and lane changes occurs. Once this matrix is
estimated, one row of the matrix will represent the distribution
of the number of lane changes given an observed number of
straddles.
The first step in this procedure to estimate the total distribution of lane changes (see section V-A). The second step is to
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divide this distribution over different values for the number of
straddles (section V-B). Section V-C shows the normalization
which is required to estimate the number of aggregation
intervals in which a specific number of lane changes is given.
This last point is only relevant to check the accuracy of the
estimation (goal 2), which we address in section V-D, by
comparing with the true lane change count in the validation
data.

A. From the measurement of the number of straddles to the
distribution of the number of lane changes
The starting point for the method is a set of data for which
the number of straddles is measured – here, we will use the
validation set which is also used to test the accuracy of the
method (goal 2). We will assume that the number of aggregation intervals is large enough to have a good distribution
function for the number of straddles, which is required to test
the accuracy of the estimate. We applied the method to the
1/3 hold-out data which was kept separate from the remainder
of the data set for this purpose; as for the calibration set, we
retain only uncongested data.
The first step is to obtain an overall distribution for the
number of lane changes (see figure 6a). This is based on the
observed distribution of straddles per aggregation interval (60
minutes) in the validation set, PS (see figure 7a). The idea is
to stretch this distribution in order to arrive at the distribution
of lane changes, since the average number of straddles per
lane change is known from the calibration step (p = 0.164).
Since the bin for each straddle count corresponds to several
bins of lane change counts, the distribution function has to be
interpolated to give the lane change distribution. This means
that for each integer value lc of the number of lane changes,
the corresponding average number of straddles is calculated
from s = p ∗ lc. The value s is generally non-integer, and we
call its nearest integer neighbors s+ and s− with s− ≤ s ≤ s+ .
The estimated probability density function of lane changes
PLC (lc) is then the weighted combination of the measured
probability density functions of the straddling in s+ and s− ,
where the weights depend on the distance between s and s− ,
and s and s+ respectively. We have

(a) Step 1: the measured distribution of straddles is stretched (using 1/p) to
obtain an estimate for the total lane change distribution

(b) Step 2: the aggregation periods in each of the bins of equal number of
lane changes are distributed over different numbers of straddling. To this
end, a binomial distribution is used.

(c) Step 3: multiply the distribution by a scale factor such that sum of the
obtained numbers in each of the bins of equal number of lane changes (for
the same number of cars straddling) add up to the measured number of
straddles.
Fig. 6. The process of finding the distribution of lane changes. The basic
idea is to construct a matrix which shows how often each combination of lane
changing and straddles is measured.

(4)

B. From the distribution of lane changes to the joint distribution of the number of lane changes and straddles

In case s happens to be an integer number, s− = s+ = s and
PLC (lc) = PS (s).
The function PLC finally needs to be normalized so that

The distribution function for the number of lane changes
needs to be split up for different numbers of straddles. Only
then can we find the distribution for the number of lane
changes given the number of straddles in an aggregation
interval (goal 1). This is achieved as follows. For each of
the bins of the total distribution function of the number of
lane changes lc, the distribution of the number of straddles
is given by theory, namely equation 1. Once the number of
lane changes is known (i.e., the column number) as well as
the parameter of the binomial distribution function (p from
the calibration), this matrix can be filled, column by column.
This spreads the distribution of the number of lane changes to
a two-dimensional (joint) distribution showing the coincident

PLC (lc) = (s+ − s)PS (s− ) + (s − s− )PS (s+ )

∞
X

PLC (lc) = 1

(5)

lc=0

The accuracy of the result can be tested, since for the calibration set the number of lane changes is also measured. The
estimated probability distribution function and the measured
probability distribution function are shown in figure 7b, which
shows that the estimation has the same pattern as the measured
number of lane changes, but shows less noise.
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Fig. 7. Estimation of the distribution of the total number of lane changes
based on the distribution of the total number of straddles

Fig. 8.
The estimated distribution of lane changes and the measured
distribution for the validation set displayed by cumulative curves

probability between the number of lane changes and the
number of straddles. Figure 6b shows this graphically.

15. As mentioned in section III, all data (in both data sets)
where the average speed is below 20 m/s is removed due to
re-identification problems. Section VI will discuss the impacts
of these restrictions.
Our method leads to an estimation of the number of lane
changes based on the number of straddles. This estimation
is a distribution. To compare the distribution with the data
(from the validation set), we gathered the aggregation periods
in groups with the same number of straddles per aggregation
period. This grouping was across the day and over all days in
the validation set. The estimated distribution is the same for all
aggregation periods in the group, since it is based only on the
number of straddles. This estimated distribution can be compared with an empirical distribution of lane changes, namely
the distribution of actual lane changes for all aggregation
periods in the group. This process is shown in figure 8, both for
the group with 5 straddles and for the group with 25 straddles.
Here, 60 minutes is chosen as the length of the aggregation
interval. The results are quite accurate. For the group with
5 straddles, the estimated distribution follows the empirical
distribution closely. There are only 4 aggregation intervals
which have 25 straddles. The empirical distribution therefore
has only 4 “steps”, but even in this extreme situation, the
observations are well aligned with the estimated distribution
(figure 8b).
The most relevant quantity is the mean number of lane
changes for a given number of straddles, indicated by
hNLC (NS = S0 )i. We compare this quantity with the mean
expected number of Dlane changes for
E a given number
g
of straddles, namely NLC (NS = S0 ) . The relative error

C. Normalization of the distribution function for the number
of lane changes for a given number of straddles
One row of the matrix indicates the distribution of the
number of lane changes for a certain value of straddling.
This now has to be checked for accuracy (goal 2 of this
section). However, the sum of the aggregation periods in the
row with s straddles is generally not equal to the measured
number of aggregation periods with s straddles. Therefore,
all frequencies in the row with s straddles are proportionally
rescaled such that the total number of aggregation periods
with s straddles matches the number of observations. Then,
the resulting numbers are the expected frequencies of lane
changing in the set of aggregation intervals with that number
of straddles. Figure 6c shows this process graphically.
D. Results
We now present results to evaluate the accuracy of the
method described in sections V-A to V-C (goal 2 as mentioned
at the introduction of section V). The available data (see
section III) has been split into two parts on a day-by-day basis.
Two thirds of the data has been used for the calibration process
as described in section IV. The method to find the number of
lane changes from the number of straddles has been applied
to the remaining 1/3 of the data, which is the validation set.
In this section, we only study the number of lane changes
between loop 14 and 16, and relate that to straddling at loop
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Fig. 9. The relative error of the estimation of the validation set, calculated by
the difference of the mean of the estimation and the mean of the calculation
divided by the measured number of lane changes. A negative relative error
means an underestimation of the number of lane changes.

g
hN
LC i − hNLC i
D
E
between the two is shown in figure 9 for
g
N
LC
all values of straddle counts. Even for the cases with very low
numbers of straddle observations (see figure 7), the estimation
is quite good (relative error never more than 60%). The relative
error is mostly below 10%. This is good, since the number of
lane changes in each aggregation interval varies by more than
a factor 10.
VI. FACTORS IN THE G ENERALISATION TO OTHER
I MPLEMENTATIONS
Section IV was concerned with the calibration of p, which
is the quotient relating the number of straddles to the number
of lane changes. As we have already discussed, this quotient
will depend on a number of site-specific and implementationspecific factors, for example:
• the width of lanes;
• the width of detectors;
• the sensitivity of the detector (incorporating both hardware sensitivity and algorithms / software thresholds);
• the width of vehicles;
• the “length” of the lane change manoeuvre — in the sense
of the longitudinal distance that is covered from mid-lane
position in the original lane to mid-lane position in the
receiving lane — which may in turn depend on a vehicle’s
speed;
and of course the length Dsection of the road section considered,
which so far we have taken to be 200 meters (namely, the
distance from site 14 to site 16 in our implementation, see
figure 2). The factors listed above may be rolled-up in to a
single distance DS , defined to be the longitudinal distance
during a lane change through which the given vehicle would
trigger a straddle, if a loop were present to detect it. Assuming
a uniform distribution of lane changes over the length of the
road, one obtains intuitively
p=

DS
Dsection

(6)

and we will verify this formula with data in section VI-B.
However, in section VI-A we will first examine the effect of
vehicle speed on DS .

Percentage of lane changers straddling

Relative error in estimation

Error in estimation
20%
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0.16

p
90−percentile
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Fit Ts=1.15s

200m

0.14
0.12
400m

0.1
0.08
0.06

600m

0.04
0.02
20

22

24

26
28
Vehicle speed (m/s)

30

32

Fig. 10. The values of p as a function of the speed, and the fit with a constant
straddling time per lane change

A. Speed of the vehicles
It is reasonable to assume that lane changes have a constant
duration in time, of the order of several seconds [19], [27].
However, the straddling time Tstrad , during which a straddle
might be detected, is shorter than this owing to the sensitivity
factors we have discussed, but a first order estimate is a
constant straddling time. We may re-write equation 6 in the
form
p=

DS
vTstrad
=
= βv,
Dsection
Dsection

(7)

Tstrad
. We will now analyse the effects of
Dsection
speed on p, and thereby find β, and thus relate it to a straddling
time.
Due to re-identification problems, cars driving under 20 m/s
were discarded from the sample, but the speed dependency
from 20 m/s and up to the speed limit (70 miles per hour, 31
m/s) will be analysed to check the assumption of a constant
straddling time. To this end, we grouped vehicles in bins with
similar speed (bin width=1 m/s), and calculated the straddling
quotient p for the lane-changing vehicles using the same
method as in section IV (a maximum likelihood estimator).
The results, including the confidence intervals are plotted in
figure 10 (see part labeled “200 m”). The figure indicates that
the assumption of a constant straddling time gives a reasonable
fit to data. When fitting only to the 200m section, we find
Tstrad ' 1.12 seconds. This fit lends some credence to the
application of our process to vehicles that are slower than 20
m/s, for which calibration was not possible in our data (due
to the low re-identification rate).
Furthermore, it is remarkable that at approximately 25
m/s the straddling rate is higher than the fitted line. This is
probably caused by trucks which have a longer lane change
time [27], and are wider, which means that they cause a
straddle during a larger part of the lane change maneuver.
in which β :=
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Finally figure 10 displays the different lines for p(v), as well
as the lines assuming a constant Tstrad = 1.12 s for all detector
intervals. In summary, equation 6 can be used to extrapolate
the performance of our method for the longer road sections that
must be used when detector coverage is relatively sparse. The
penalty (of course) is that p is smaller, so longer aggregation
intervals are required for statistical robustness. Table II also
gives the estimated p for different section lengths, estimated
regardless of the speed, as well as the accuracy of the estimate
using one day of data. As the section length increases, p
decreases, and the confidence intervals of p decrease with
them. In fact, the relative confidence interval for the value of
p is the same (with 95% certainty within 4% of the estimated
value).
Similarly, given a certain number of straddles at a detector,
the expected number of lane changes is higher for low p,
as is the confidence interval. We test this by applying the
methodology of section V on the p values from table II and a
very conservative prior estimate for a uniform distribution of
the number of lane changes. The confidence interval which is
required to include 65% of the likelihood (comparable to one
standard deviation for a normal distribution) is approximately
6% of the most likely number of lane changes. This holds for
all values of p: for high p, the number of lane changes, as well
as the confidence interval are higher, but the relative error is
constant.

From the number of simultaneous activations of loops in
adjacent lanes an estimate of the number of lane changes
can be made. The method does not result in a deterministic
value given the number of straddles observed in any one given
period. A solution is to group different periods to get an
average, and compare that to other averages. For instance,
all periods where a stop-and-go wave starts can be grouped,
and the number of straddles, and thus lane changes, in this
group can be analysed. This way, traffic operations can be
better described, and modelled. When grouping over time, the
method may be used to give information about the OD matrix
since one can measure the crossing flows for a weaving section
with two in-links and two out-links.
The proposed methodology requires a site-specific calibration. This could be achieved by individual vehicle data
from closely spaced loop detectors, as in this study, but
there are alternatives, for instance counting the number of
lane changes (manually, or using a video) and comparing
this with the straddling measured in the same time period.
This procedure gives an initial set to calibrate the relationship
between straddling on a detector and the number of lane
changes, and it will also provide the confidence intervals.
Afterwards, straddling on detectors can be used as a (calibrated
and validated) estimation for the number of lane changes. The
more data that is available, the more accurate the estimation
will be.
The paper calibrated this method for one detector site and
checked the validity of the estimation for the same site. The
method was able to estimate the number of lane changes on
average within 10% off the measured value. A sensitivity
analysis showed that the method can also be applied for
sections with longer inter-detector distances. It showed that the
straddling time remains equal at approximately 1.1 second per
lane change. This in turn means that the straddling distance,
which determines the straddling rate, depends on the speed.
In case the speed in the validation set and the calibration set
differs, one has to take this variability into account.
However, future studies needs to reveal to what extent
this measure is site-specific. The straddling duration will
depend on the width between the detectors, the width of
the vehicle, the trajectory a driver chooses and the detector
characteristics. These factors are can be country-specific. The
first two elements can be found in the literature or design
guidelines (per country); for the third one, one has to make
additional assumptions on human behaviour.
The same methodology can be applied to different data
sources, so long as the lateral position of the vehicle is
recorded at one site. For instance, one can think of a camera pointing vertically downwards from a gantry, revealing
whether a vehicle is in-between lanes. The method might
also be used with magnetometers, which should be laterally
placed close enough that no vehicle can pass in-between two
magnetometers, and during a lane-change, each vehicle can be
measured by two magnetometers at the same time.

VII. D ISCUSSION AND CONCLUSION
This paper proposed a method to find the number of lane
changes in a traffic stream by exploiting loop detector data.
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B. Distance between measurement sites
Equation 6 postulates the effect of the length Dsection of the
road section upon the rate parameter p. We now check this
formula with the M42 data. To this end, we repeat the above
analysis for longer road sections, by using non-consecutive
loops to define the extent of the section considered. See figure
2. To neglect the effect of the on-ramp, we will prefer to stay
as far downstream as possible, so that detector 10 will be
the furthest upstream detector that we use. The approach (as
before) will be to select three sites, with the most upstream
and downstream used (via re-identification) to observe lanechanges, and with the site at the midpoint used to detect
straddles. Note that only testing requires information about
the ends of the section. A road section with loops every 600
meters can be split up in sections of 600 meters, with a loop in
the middle of each section. In our case, with calibration using
the individual loop data, we need loops on the end points as
well. Table II shows that for section lengths 200-600 meters,
the fitted values for Tstrad are almost identical, hence verifying
equation 6.
TABLE II
T HE COMBINATION OF DETECTORS USED
start
site
14
12
10

end
site
16
16
16

straddle
site
15
14
13

length of
stretch
200m
400m
600m

Tstrad
(fit)
1.12s
1.14s
1.19s

p
0.164(± 0.003)
0.078(± 0.002)
0.061(± 0.001)
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