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Abstract. Tracking data becomes an increasingly available sensor data re-
source that can be used in a range of applications related to traffic assessment
and prediction. Of critical importance in this context is the amount of (i)
historic and (ii) current tracking data available (data per spatial area). Using
data of varying quality (sampling rate and accuracy) requires sophisticated
map-matching algorithms. Having current data requires fast algorithms. Cur-
rently only fast Incremental and slow Global algorithms exist that produce low
and high-quality results, respectively. This work proposes a fast map-matching
algorithm that at the same time gives quality guarantees for the result. While
employing a global matching strategy, we exploit auxiliary knowledge about
the tracking data to improve the computation speed. The classical global
matching approach is to find among all possible paths in the road network one
path that is the most similar to the curve represented by the tracking data.
Our novel Adaptive Clipping algorithm exploits worst-case error measures as-
sociated with the tracking data to limit the portions of the road network that
need to be considered in the matching process (output sensitive algorithm),
while using the weak Fréchet distance to measure similarity between curves.
An experimental evaluation shows that the Adaptive Clipping algorithm runs
as fast (and often faster) as the Incremental Algorithm, and produces high
quality matching results comparable to those of Global algorithms.

1 Introduction

With the availability of cheap positioning technology and the penetration of asset
tracking applications such as fleet management applications, vehicle tracking data,
as a component of floating car data (FCD), becomes a cheap solution for traffic
assessment and prediction.

Being a by-product of another application has serious implications for the data
quality, e.g., infrequent position samples. Still being able to utilize such data for traffic
assessment affords sophisticated map-matching algorithms to accomplish the task of
matching inaccurate tracking data to a road network. Of critical importance for traffic
assessment is the amount of available data and its timeliness. To provide real-time
map-matching, fast map-matching algorithms are needed.



This work proposes a new map-matching technique that is based on the Global
algorithms as presented in [3]. Such an algorithm tries to find a path in the road net-
work that resembles the trajectory of the tracking data based on the Fréchet distance
measure between the curves [2][6]. However, due to its global nature, it considers the
entire road network graph, the algorithm is slow but produces highly accurate match-
ing results (cf. also Section 3 on the details of the algorithm). This work exploits
worst-case error estimates for the tracking data in order to prune the road network
graph in a provably correct manner yielding a fast algorithm and still guaranteeing
highly accurate results. The resulting algorithm is termed Adaptive Clipping.

The competitive quality and running time of Adaptive Clipping is established in
an experimental evaluation comparing the algorithm to the Incremental algorithm
[3](cf. Section 3).

Work in the area of map-matching vehicle positions exists towards augmenting
GPS positioning with other methods such as dead reckoning to reduce the measure-
ment error and to achieve better map-matching results [11]. Greenfeld [8] introduces a
map-matching strategy based on distance and orientation that does not assert any fur-
ther knowledge about the movement besides the position samples. Civilis et al. [4][5]
in their work on location update techniques for the tracking of users in location-based
services introduce a map-matching algorithm that is based on edge distance and di-
rection similar to [8]. The tracking data itself is obtained by using an active sampling
technique based on predicted and measured positions. By controlling the sampling
rate, the sampling error can be kept minimal and the map-matching algorithm is
presented with an optimal dataset. Yin and Wolfson [15] propose an algorithm based
on a weighted graph representation of the road network in which the weights of each
edge represent the distance of the edge to the trajectory. The matched trajectory in
the road network is found by using a Dikstra shortest-path algorithm for the weighted
graph. This algorithm is based on a measure related to the average Fréchet distance,
however no overall quality guarantee on the matched curve is given. The authors claim
that the algorithm produces high quality matches, however details on the data set,
such as type and size are missing.

The outline of this paper is as follows. Section 2 discusses tracking data, its use
for traffic assessment and the resulting requirements for map-matching algorithms.
Section 3 briefly introduces the Incremental and the Global map-matching algorithms.
The concept of output sensitive algorithms as a means to improve the running time is
introduced and Section 4 details the Adaptive Clipping algorithm, an implementation
of this concept. Section 5 shows the outcome of the experimental evaluation and,
finally, Section 6 gives conclusions and directions for future research.

2 Background

Currently, the sensor data used for traffic assessment and prediction stems from sen-
sors which are deployed throughout the road network to collect data on the traffic.
For cost reasons and technical limitations, sensors cannot cover the network in its
entirety. The most commonly used stationary type of sensor is an inductive loop de-
tector, which is an expensive solution in case the whole urban area has to be covered
and provides only incomplete and inaccurate data due to technology limitations.



For a couple of years, a new technology has been discovered to overcome that
problem. Floating car data (FCD) is already a well known technology for various ITS
application and has become an interesting complement to conventional traffic sensors.
Floating car data (FCD) refers to using data generated by one vehicle as a sample
to assess to overall traffic conditions (“cork swimming in the river”). Typically these
data comprise basic vehicle telemetry such as speed direction and most importantly
the position of the vehicle. Having large amounts of vehicles collecting such data for a
given spatial area such as a city (e.g., taxis, public transport, utility vehicles, private
vehicles) will create an accurate picture of the traffic condition in time and space
[12]. The trajectories of vehicles are typically detected by GPS positioning. Various
pilot projects based on GPS have been started delivering floating car data for traffic
information services. However, on the whole, commercial activities suffered from low
penetration of probe vehicles due to the low yearly mileage of private vehicles and
the overall size of the general road network, high investment cost to equip vehicles
with positioning technology, and high communication cost. These limitations to the
utilization of FCD can be overcome by collecting such data from any type of vehicle
that is available, e.g., taxis, delivery trucks, public transport, emergency vehicles,
etc. In all these cases, FCD is produced as a by-product of another application (e.g.,
fleet management). Being a by-product has serious implications for the data quality,
e.g., infrequent position samples. To still be able to use this data, sophisticated map-
matching algorithms are needed to provide accurate matches of the tracking data to
a path in the road network.

A technological means used to assess and predict traffic conditions is the Dynamic
Travel Time Map (DTTM)[10]. Such a system can be used to overcome the problem of
an unreliable travel time database for road network used in conventional routing and
navigation systems. Per default, only static travel-times derived from road categories
and speed limits are used to calculate the fastest or shortest path for a given trip.
DTTMs aim at supplying on-the-fly computed speed types based on collections of
large amounts of travel time data derived from FCD. The outdatedness of travel
times is of critical importance here. To utilize FCD best, travel times have to be
computed on-the-fly as FCD is collected in real time.

Based on the above requirements, fast and accurate map-matching algorithms are
needed to utilize vehicle tracking data for traffic assessment and related applications.
Figure 1 presents a schema illustrating the relationships between FCD data, DTTM
and traffic-related applications. Map-matching algorithms play the essential role of
populating the DTTM.

3 Available Map-Matching Algorithms

Two types of algorithms for map-matching vehicle-tracking data have been introduced
in [3]. The Incremental algorithm matches the position samples sequentially by in each
case considering only the connected portion of the road network, i.e., outgoing edges
from the previously matched edge. The Global algorithms try to find a path in the
road network that resembles the trajectory, i.e., pursuing a global strategy rather
than a local one as in the case of the Incremental algorithm.

In terms of quality and speed, the Global algorithms produce high-quality match-
ing results but are slow compared to the Incremental algorithm. Thus, as we will see
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in Section 4, the objective in this work is to improve the speed of a Global algorithm
by preserving its accuracy.

3.1 Incremental Algorithm

Using a greedy strategy based on local spatial characteristics, position samples com-
prising the trajectory are matched sequentially by in each case comparing the geom-
etry of a portion of the trajectory to selected paths in the road network.

Given a series of position samples representing a vehicle trajectory, the map-
matching algorithm pursues a position-by-position sample and edge-by-edge strategy.
To match a position p1 to a road network edge, given that its previous position pi−1

has already been matched, the algorithm proceeds as follows (c.f. Figure 2). First,
the candidate edges to be matched to the current position are identified as the set
of the incident edges “exiting” the last matched edge (including also the matched
edge itself). In Figure 2, these edges are labeled c1, c2 and c3, with c3 being the edge
matched to pi−1.

Two similarity measures are used to evaluate the candidate edges [8]. The measure
sd reflecting the distance from the position sample to the various edges is computed
based on the weighted line segment distance3, d, of pi from each candidate, cj , using
the scaling factors µd and nd as

sd(pi, cj) = µd − a · d(pi, cj)
nd .

3 The line segment distance of a point to a line is either the perpendicular line distance if
the projection of the point onto the line segment is between its endpoints, or, otherwise,
it is the distance of the point to the closest endpoint of the line segment.
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Fig. 2. Incremental map-matching example.

The measure sα reflects the orientation of the trajectory with respect to the
candidate edge. It is computed based on the angle difference αi,j between the directed
candidate edge cj and the directed line segment li = −−−−→pi−1, pi, using the scaling factors
µα and nα as

sα(pi, cj) = µα · cos(αi,j)
nα .

The scaling factors µ[d|α] and n[d|α] represent the maximum score (boosting dis-
tance or orientation) and a power parameter (rate of increase with deviation), re-
spectively. For the specific dataset used in this work, we empirically established the
following parameter settings µd = 10, a = 0.17, nd = 1.4, and µα = 10, nα = 4.

The combined similarity measure is computed as the sum of the individual scores,
i.e.,

s = sα + sd.

The higher the score of this measure, the better is the match.
To improve this simple algorithm, a recursive “look-ahead” policy has been adopted.

Recursively, for each candidate edge cj , the score of the best candidate among its “ex-
iting” edges cj,k is calculated. This strategy aims at making a more global matching
decision by exploring alternative branches rather than simple edges. Finally, only one
choice is materialized in the matching result. The number of edges in the look-ahead is
fixed. We established empirically that a look-ahead of 4 edges (the candidate edge plus
three more edges) is optimal in terms of matching quality and time of computation.

To match a trajectory that consists of n position samples, the algorithm has to
evaluate for each sample a finite number of adjacent road network edges a with a
maximum look-ahead of l edges. Given that, both, a and l are essentially constants,
the algorithm effectively runs in O(n) time.

3.2 Global Algorithms

Global map-matching algorithms find among all possible curves in the road network
one curve that is the most similar to the vehicle trajectory. This requires a notion
of similarity between two curves and has the advantage that the computed result



curve comes with a quality guarantee, since it is a curve which minimizes the distance
to the vehicle trajectory among all possible curves in the road network. Although at
first sight considering all possible curves seems inefficient, there exist polynomial time
algorithms [1, 3] for distance measures that are well-suited for curves.

The (strong) Fréchet distance and the weak Fréchet distance, see [2, 1, 3], are both
well-suited distance measures for curves. Alt et al. [1] have designed an algorithm
solving the global map-matching task using the Fréchet distance in O(mn log2 mn)
time, where m is the total number of vertices and edges in the road network and n is
the number of position samples of the vehicle trajectory. In [3] we gave an algorithm
based on the weak Fréchet distance which runs in O(mn log mn) time.

In the following sections we give basic definitions and sketch these algorithms.
Since the algorithms have a quadratic runtime they are unfortunately too slow on
real-world road networks. In Section 4 we show how we can localize the global map-
matching algorithm based on the weak Fréchet distance from [3], which results in
runtimes that are comparable to the incremental algorithm, while computing much
better result curves.

Fréchet and Weak Fréchet Distances The Fréchet distance for two curves has
been proposed by Fréchet [6]. A popular illustration of the Fréchet distance is the
following: Suppose a person is walking his dog, the person is walking on the one
curve and the dog on the other. Both are allowed to control their speed but they are
not allowed to go backwards. Then the (strong) Fréchet distance of the curves is the
minimal length of a leash that is necessary for both to walk the curves from beginning
to end. If both are allowed to go backwards then one obtains the weak Fréchet distance

Formally, the Fréchet distance between two curves f, g : [0, 1] → R
2 is defined as

δF(f, g) := inf
α,β : [0,1]→[0,1]

max
t∈[0,1]

‖f(α(t)) − g(β(t))‖,

where α and β range over continuous and non-decreasing reparametrizations with
α(0) = β(0) = 0 and α(1) = β(1) = 1 only. If we drop the requirement on α and β to
be non-decreasing, we obtain the weak Fréchet distance δ̃F(f, g) between f and g.

The (strong) Fréchet distance as well as the weak Fréchet distance are especially
well-suited for the comparison of trajectories since they take the continuity of the
curves into account, c.f. [1, 3]. Notice that δ̃F(f, g) ≤ δF(f, g), since the weak Fréchet
distance minimizes over more reparametrizations than the Fréchet distance.

Freespace Diagram and Freespace Surface The algorithms that compute the
(weak or strong) Fréchet distance between two curves or which employ those distances
in global map-matching algorithms are all based on the notions of the free space
diagram or the free space surface. Usually the algorithms first consider their decision
variant: For a fixed ε > 0 decide whether the distance is at most ε or not. Afterwards
the actual minimization problem can then be solved by either applying parametric
search (which adds a log-factor to the runtime), or binary search (which is more
feasible to implement in practice).

For two curves f, g : [0, 1] → R
2 the set Fε(f, g) := { (s, t) ∈ [0, 1]2 | ‖f(s)−g(t)‖ ≤

ε } is the free space of f and g. Here ‖
(

x
y

)

‖ =
√

x2 + y2 denotes the L2-norm. The



partition of [0, 1]2 into regions belonging or not belonging to Fε(f, g) is called the free
space diagram. The free space of two line segments is an ellipse and the free space
diagram of two polygonal curves of m and n segments is composed of mn segment-
segment free space diagrams. Any curve in Fε(f, g) from the lower left corner to the
upper right corner in the free space as a continuous mapping from [0, 1] to [0, 1]2

directly gives continuous reparametrizations α and β. Therefore δF(f, g) ≤ ε iff there
exists such a curve, and δ̃F(f, g) ≤ ε iff there exists such a curve which is monotone.
See [2] for more details and illustrations on this topic.

The definition of the free space between two curves generalizes to the free space
between an embedded graph and a curve as follows: The free space of the road network
and the trajectory is the union of all free spaces of all straight-line edges of the road
network with the vehicle trajectory. Notice that the free space of a vertex v with the
vehicle trajectory is a one-dimensional free space, and the individual free spaces of
all edges incident to v with the trajectory share the one-dimensional free space at v.
Thus we can glue together the two-dimensional free space diagrams along the one-
dimensional free space they have in common, according to the adjacency information
in the road network. We call this topological structure, which is the union of all edge-
trajectory free space diagrams, the free space surface of the road network and the
trajectory. Figure 3 gives an example road network (left) and its corresponding free
space surface and a vehicle trajectory consisting of five position samples (right). The
vehicle trajectory is not shown explicitly but implicitly by the white free space area.
An example path in the free space from lower left to upper right is drawn dashed.
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Fig. 3. A road network (left) and corresponding free space surface (right).

Using the Fréchet Distance The decision problem for the Fréchet distance be-
tween two curves can be solved by computing a monotone curve from the lower left
corner to the upper right corner in the free space. This can be done using a dynamic
programming approach in Θ(mn) time [2].



Alt et al. [1] generalized this approach to finding a monotone path in the free
space surface from a lower left corner of some individual edge-trajectory free space
diagram to an upper right corner of some other individual edge-trajectory free space
diagram. The algorithm conceptually sweeps a line from left to right (in direction of
the trajectory) over all free spaces at the same time while maintaining the points on
the sweepline that are reachable by some monotone path in the free space from some
lower left corner. It then updates this reachability information Dijkstra-style while
advancing the sweepline. Interestingly, the algorithm runs in O(mn log mn) time,
which is only a log-factor slower than the algorithm of [2], although it accomplishes
the seemingly more complicated task of comparing the trajectory to all possible curves
in the road network.

Both algorithms need Θ(mn) space since they have to compute the free space
diagram or surface in advance.

Weak Fréchet Distance and Free Space Graph The decision problem for the
weak Fréchet distance between two curves can be solved by testing if there exists any
path in the free space of the two curves from the lower left corner to the upper right
corner. The traditional approach [2] constructs the free space diagram in Θ(mn) time
and space and then runs a graph traversal algorithm on the free space for a total of
Θ(mn) time. In this approach the free space is implicitly interpreted as a free space
graph whose vertices are the white intervals on the boundary of a free space cell, and
all intervals incident to the same cell are connected by edges. See Figure 4 (Left) for
an illustration of the free space graph of one free space cell.

Fig. 4. The free space graph of one free space cell (left) and of the free space surface of
Figure 3 (right).

This free space graph encodes all connectivity information of the free space. We can
modify this graph representation in order to solve the optimization problem directly,
without the decision problem: Every pair (e, v) with an edge e on one curve and a



vertex v on the other curve defines a possible free space interval, which in turn defines
a vertex in the free space graph. For each such pair (e, v) we compute the smallest
ǫ for which the free space interval exists, which by definition is the smallest distance
from v to e. We weigh the corresponding free space graph vertex with that distance.
Let us define the weight of a path in the free space graph to be the maximum of
the weights of the free space graph vertices it visits. Then a path from the start to
the end with minimum weight ǫ∗ corresponds to a path in the free space diagram
for ǫ∗, and any ǫ < ǫ∗ for which there is a path in the free space diagram would
contradict the definition of ǫ∗. Hence ǫ∗ is the optimal ǫ, or in other words the weak
Fréchet distance. We can compute such a shortest path using Dijkstra’s shortest-path
algorithm in O(mn log(mn)) time and Θ(mn) space.

In [3] we have shown that the depth-first strategy for the decision problem can be
generalized to the global map-matching problem by applying depth-first search in a
similar manner to the free space surface. Here, every (road network edge, trajectory
point)-pair and every (trajectory edge, road network vertex)-pair define a free space
graph vertex. Two free space graph vertices are connected by an edge iff the corre-
sponding intervals are incident to the same cell in the free space surface. See Figure 4
for an illustration. We weigh each free space graph vertex just as described before
for the curve-curve case and use Dijkstra’s algorithm to compute a shortest path in
O(mn log(mn)) time. The space complexity is Θ(mn) for the initial construction of
the free space. The beauty of this algorithm is that it runs just like the algorithm for
the computation of the weak Fréchet distance for two curves, only that the underlying
free space graph is a bit more complicated.

Output Sensitive Algorithm All previous algorithms for the computation of the
strong or the weak Fréchet distance [2] or for the strong or weak Fréchet distance
based map-matching algorithms [1, 3] store the whole free space of size Θ(mn). Our
shortest path algorithm on the free space graph as described in Section 3.2 however
(for the curve-curve case and for the map-matching curve-graph case as well) can be
implemented to explore and construct necessary portions of the free space graph on
the fly during the traversal. We use hash tables to keep track of previously visited
free space graph vertices. Assuming that a hash table operation needs O(1) time this
yields an output sensitive algorithm that runs in O(K log K) time, where K is the
size of the traversed free space. The traversed free space is that part of the free space
that has to be traversed in order to find a shortest path from any start free space
graph vertex (e, p0) to any end free space graph vertex (f, pn), where e, f are road
network edges and p1 is the first and pn the last vertex of the GPS curve. Clearly
K = O(mn), but since the algorithm stops when it finds the first end vertex K might
be much smaller than O(mn).

This output sensitive algorithm has the potential to be much more efficient es-
pecially for large road maps. In addition, there are several pruning techniques for
Dijkstra’s algorithm on large graphs, see e.g. [13, 14, 7], which could be used to speed-
up the algorithm even more in practice.

For our application we do not use any of these general and often heuristic tech-
niques. Instead, we exploit special knowledge of our data in order to prune the graph
in a provably correct manner yielding a fast algorithm. We describe this algorithm in
Section 4.



4 Localizing Global Map-Matching Strategies

The additional knowlegde about tracking data that we can exploit is a worst-case
movement estimate with respect to reached distances in-between position samples.
The following sections (i) briefly illustrate of how to compute the worst-case movement
estimate and (ii) how to exploit it in the algorithmic map-matching design.

4.1 Worst-case Movement Estimate

The tracking data is obtained by sampling the positions using typically GPS to pro-
duce data that in database terms is commonly referred to as trajectories. Unfortu-
nately, this data is not precise due to the measurement error caused by the limited
GPS accuracy, and the sampling error caused by the sampling rate [9].

Although the GPS error can be substantial in certain situations (shadowed and
reflected signals), with the use of GPS signal augmentation (WAAS, EGNOS) the
typical error is in the range of 8m to 2m. The sampling error, which in the case of
vehicle tracking data is by two magnitudes larger than the measurement error, has
consequently a larger impact on the algorithmic design for map-matching. This error
is directly related to the sampling rate, the frequency with which position samples are
taken. The sampling error can be constrained using its worst-case estimate. Such a
worst-case estimate are the points a vehicle can reach during the sampling, assuming
that it travels with maximum speed.

To illustrate the impact of the sampling rate on the imprecision of the interpolated
trajectory data, consider sampling the position of a vehicle every 30s, which is a
typical sampling rate used in vehicle tracking applications. At a speed of 50km/h, the
traveled distance between position samples is as much as 417m!

The authors in [9] show that the sampling error between two positions, P1 and
P2 in the time interval [t1, t2] and a given maximum speed v, for a time tx with
t1 < tx < t2 is bound by a lens-shaped probability distribution. Computing the
sampling error for various instances of tx shows that a possible trajectory between
P1 and P2 is overall bound by an error ellipse (cf. Fig. 5). The foci of the ellipse are
the sampled positions P1 and P2 and the eccentricity 2c is the Euclidean distance
between P1 and P2. The length of the semi-major axis, 2a, is the maximum distance
the object can travel. If the sampling rate r is given in seconds and the velocity is
v km/h then 2a = 5/18 · vr. The “thickness” of the ellipse, 2b, is determined by the
equation b2 = a2 − c2 = 25/362 · v2r2 − c2. In simple words, the faster the object
travels and the closer its path to that of a linear trajectory, the “thinner” the ellipse.
In extreme cases, the ellipse degrades to a line, or even to a point in case the object
stopped.

4.2 Adaptive Clipping

Let us call any two consecutive positions in the vehicle trajectory an edge of the
vehicle trajectory. For any such edge e the sampling error and the measurement error
describe a region in the plane which consists of all positions at which the vehicle
could have been while the endpoints of e were recorded using the GPS receiver. As
described in Section 4.1 the sampling error describes an error ellipse around e while
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the measurement error usually describes a circular region around a trajectory position.
For a given velocity v, sampling rate r, and measurement error µ we define the active
region A(e) to be the Minkowski sum of the error ellipse (defined by e, v, and r)
with a disk of radius µ (centered at the origin). 4 Intuitively A(e) is a “thickened”
ellipse whose boundary has been thickened by a disk of radius µ. The active region
A(e) is a combination of measurement and sampling errors and contains all positions
in the plane which could correspond to any point on e. In the implementation we
approximate A(e) by its axis-aligned bounding box.

Let us call the union of all active regions of all vehicle trajectory edges the active
region of the trajectory. One speed-up possibility would be to compute the active
region of the trajectory and preprocess the road network by clipping it to the part
that lies inside the active region. This is however somewhat impractical because it
requires querying the whole road network database in advance. Also in this setting
the global map-matching algorithms are allowed to match a position in the roadmap
that lies in A(f) to a point on e, where e and f are two different trajectory edges.

Our new Adaptive Clipping algorithm follows an incremental clipping approach:
Our output sensitive weak Fréchet algorithm from Section 3.2 computes the free space
graph, identifies start and end vertices, and then runs Dijkstra’s algorithm to find a
shortest path from a start to an end vertex. We modify this algorithm to run in stages,
each stage corresponding to one trajectory edge. Let the trajectory be p1, . . . , pn, and
denote by pipi+1 the trajectory edge between pi and pi+1.

Stage 1.

We seed Dijkstra’s algorithm with the start free space graph vertices (p1, e), where
e is any road network edge in A(p1p2). We then execute Dijkstra’s algorithm on the
part of the free space graph induced by the free space graph vertices (p1, e), (v, p1p2),
(p2, e

′), where v is any vertex and e any edge in A(p1p2), and e′ is any edge in

4 The Minkowski sum (also called vector sum) of two point sets C, D ∈ R
2 is defined as

C ⊕ D = {c + d | c ∈ C, d ∈ D}.



A(p1p2) ∩ A(p2p3). This computes shortest paths from a start vertex to any vertex
(p2, e

′).

Stage i for 2 ≤ i < n.
Stage (i − 1) has computed shortest path values for all free space graph vertices
(pi−1, e

′). We use those as the seed for Dijkstra’s algorithm (including their associated
shortest path values), and then execute Dijkstra’s algorithm on the part of the free
space graph induced by the free space graph vertices (pi−1, e), (v, pi−1pi), (pi, e

′),
where v is any vertex and e any edge in A(pi−1pi), and e′ is any edge in A(pi−1pi) ∩
A(pipi+1). This computes shortest paths to any vertex (pi, e

′).

Stage n.
Same as stage i for i ≥ 2, just that the end free space graph vertices are all (pn, e),
where e is any graph edge in A(pn−1pn).

Traceback.
All stages store predecessor trees to allow the construction of shortest paths. We only
construct one short path in the very end, which traces back through all stages.

Fig. 6. An excerpt of the road network, the trajectory, and three active regions with their
bounding boxes.

See Figure 6 for an illustration of the active regions in the road network. This algo-
rithm computes a shortest path in a restricted free space graph. We claim that this re-
stricted free space graph allows us to find a curve in the roadmap that lies in the active
region of the trajectory and that has minimum weak Fréchet distance to the trajec-
tory. In fact, we claim the even stronger property that the optimal reparametrization
matches points on a trajectory edge e only to road network positions in A(e) (and
not in A(f) \ A(e) for any other edge f).



Indeed, the shortest paths computed in stage 1 encode reparametrizations be-
tween the trajectory and curves in the roadmap that start in (p1, e), lie in A(p1p2),
and end in A(p1p2) ∩ A(p2p3). Notice that any point in the road network assigned
to p2 will have to lie in this intersection of active regions. The i-th stage computes
reparametrizations between the trajectory and curves in the roadmap that start in
A(pi−2pi−1)∩A(pi−1pi), lie in A(pipi+1), and end in A(pi−1pi)∩A(pipi+1). An induc-
tive argument shows that, since the algorithm uses the results from the previous stage
as the seed for the current stage, it extends the shortest paths of the previous stage
to shortest paths in the current stage which encode only those reparametrizations
that match points on a trajectory edge e to a road network position in A(e) and a
trajectory vertex pi only to a road network position in A(pi−1pi) ∩ A(pipi+1).

The running time of this algorithm is O(
∑n−1

i=1 Mi log Mi + n), where Mi is the
number of edges and vertices of the road network in the active region A(pipi+1). In
general Mi ∈ O(M) for each i, however this is a very rough upper bound. In our
application the data suggests the following two special cases: (1) It seems that most
of the times active regions A(pq) and A(p′q′) only intersect if they are adjacent, i.e., if

q = p′. In this case O(
∑n−1

i=1 Mi) = m and the total runtime simplifies to O(m log m).
(2) In our application it also seems that the parts of the road network in each error
ellipse are very small, almost of constant complexity. If each Mi is a constant then
the runtime of course simplifies to O(n log n).

5 Experimental Evaluation

The objective of this section is to contrast the performance of Adaptive Clipping with
the Incremental algorithm in terms of (i) the quality of the map-matching result, (ii)
running time, and (iii) database IO operations.

5.1 Setup

The tracking data used in the experiments was obtained by sampling vehicle move-
ments at a rate of 30 seconds. The dataset consists of 27 vehicle trajectories consisting
of a total of 15727 position samples. The smallest and the largest trajectory consist of
207 and 1003 edges, respectively5. The tracking data was collected in the municipal
area of Athens (40x40km) through the years 2000 to 2003. The road network consists
of 108000 vertices and 150000 edges.

An Oracle DBMS version 9i Spatial was used to store the road network graph.
The DBMS was installed on a Dell Precision Workstation, Pentium 4, 3.6 GHz Intel
EM64T with 2GB RAM and SATA hard drives. The database block size was set to
6KB and the database cache size to 192MB.

The graph was stored by means of tiles. Thus, only portions of the road network
are kept in main memory. Should the map-matching algorithm require an additional
network portion, the respective tile is fetched from the database. In our experiments
we partitioned the road network into 16×16 = 256 tiles and used a LRU main-memory
buffer scheme of size 50 tiles. The tiling parameter was established during a brief

5 The vehicle tracking data was supplied by Emphasis Telematics, a co-operating telematics
company and fleet management service provider.



empirical study. However, further research into identifying the optimial parameter
setting for each algorithm is necessary.

In all charts that follow below, the sorting order of the trajectories is according
to the running time of the Adaptive Clipping algorithm for the respective matching
result (cf. Figure 9(a)).

5.2 Accuracy

To compare the two algorithms, map-matching results for the tracking data were
evaluated using the (i) weak Fréchet distance, (ii) the strong Fréchet distance (c.f.
Section 3.2) and (iii) the average Fréchet distance with sampling distance 2m (cf. [3]).
The average Fréchet distance computes an average of the distance between matched
points (in contrast to the weak or strong Fréchet distances which compute the maxi-
mum).

All 27 data sets contain noise in the sampling rate (i.e., two consecutive samples
are significantly more than 30 seconds apart), and the road network misses several
roads (such that no corresponding path can be found in certain areas). We cope with
this noise by chopping noise regions off the data sets (online, during the execution
of the map-matching algorithm), which results in each data set now being a set of
sub-trajectories. The smallest number of sub-trajectories was 4, the largest 23, and
the average 15. Notice that we still match all the trajectory positions, we just do
not consider certain trajectory edges to be part of the data set. We generalize the
weak and strong Fréchet distances to this setting by taking the maximum of the
distances for each sub-trajectory. The average Fréchet distance takes the average of
all individual distances.

The Adaptive Clipping algorithm computes along with the result curve the weak
Fréchet distance based on the restricted free space graph. This distance is, since it
considers only a subset of reparametrizations, greater or equal to the weak Fréchet
distance between the trajectory and the result curve in the road network. Interestingly,
out of the 399 sub-trajectories only 3 have a smaller weak Fréchet distance. Also, in
only one case the Fréchet distance is greater than the weak Fréchet distance. Hence,
the tracking data exhibits special properties in which all three distances happen to
almost always coincide. For this reason, we consider in the following experiments only
the weak Fréchet distance and the average Fréchet distance to determine the quality
of the respective matching results.

Figures 7 and 8 determine the quality of the matching result by means of the weak
Fréchet and the average Fréchet distance, respectively. Figures 7(a) and 8(a) give the
absolute distances, whereas the relative quality is shown in Figures 7(b) and 8(b). For
the relative distance, the Adaptive Clipping algorithm is the benchmark, e.g., -20%
indicates that the measured distance in the result of the Incremental algorithm was
20% smaller than that of Adaptive Clipping algorithm.

What can be readily observed is that the Adaptive Clipping algorithm produces
matching results of superior quality. The measured weak Fréchet distance for the
Incremental algorithm is an average of 4 times larger (worst case 18 times). Using the
average Fréchet distance, it is still on average 1.5 times larger (worst case 5 times).

The absolute distances in Figures 7(a) and 8(a) indicate that the trajectory and
the matched curve exhibit (i) a worst case distance (weak Fréchet) of up to 2000m
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Fig. 7. Weak Fréchet distance quality measure

and 600m and (ii) an average distance (average Fréchet) of up to 120m and 35m for
the Incremental and the Adaptive Clipping algorithm, respectively.
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Fig. 8. Average Fréchet distance quality measure

5.3 Speed

The speed of computation is measured in terms of (i) the algorithmic running time
and (ii) the number of database IO operations.

Figures 9 and 10 give the overall running times and time attributed to database
access, respectively. Again, absolute and relative times (percentages) are shown, with
the Adaptive Clipping algorithm serving as a benchmark for the Incremental algo-
rithm.

An important objective for this work was to use it for real-time map-matching
of tracking data. Figure 9(a) shows that matching the smallest trajectory, which
consists of 207 position samples takes 40s (50s). With a sampling rate of 30s, this



data was collected over a period of 6210s (1h 40min). Thus, the sampling rate could
be as low as 0.2s (0.25s) (for 207 samples, the collection period would then be equal
to the running times of the map-matching algorithms) for the Adaptive Clipping
(Incremental algorithm) still to be able to keep up with the incoming tracking data
stream.
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Fig. 9. Total running times of the map-matching algorithms

In comparing the two algorithms, surprisingly in almost all cases, Adaptive Clip-
ping runs faster than the Incremental algorithm (up to 20%). According to the asymp-
totic running times of the algorithms, Adaptive Clipping - O(nlogn) and Incremental
algorithm - O(n), with n being the number of trajectory edges, the opposite was
expected. However, the O(n) time of the Incremental algorithm absorbs the local
look-ahead cost (constant factor), which in practice significantly affects the running
time.

0 5 10 15 20 25 30
0

10

20

30

40

50

60

70

80

90

100

se
co

nd
s

Adaptive Clipping

Incremental

(a) absolute
0 5 10 15 20 25 30

−15

−10

−5

0

5

10

15

20

25

%

(b) relative

Fig. 10. Running times attributed to database access



A large portion of the running time (75% to 85%) is attributed to database access.
Hence, this time largely determines the overall running time. However, interesting
deviations (cf. trajectories 10 to 15) exist. When Adaptive Clipping is slower or equal
in terms of database access time, the overall relative running time of Adaptive Clipping
is even worse, i.e., the algorithm draws its performance advantage largely from a more
intelligent choice of which portion of the road network to load from the database.

The number of logical IO operations is shown in Figure 11. Logical IO is the sum of
the number of buffers read from disk and from the memory cache. Using a buffer cache
size of 192MB the number of disk accesses was kept low. To force disk accesses, we
conducted an experiment with a smaller cache size (1MB). The charts were similar to
what is presented in 11 and, most importantly, did not present different performance
characteristics relative between the trajectories and in relation the running times of
Figure 10.

The number of IO operations show a more balanced picture between the two algo-
rithms but still confirm the performance advantage of Adaptive Clipping. Comparing
Figures 11(b) and 10(b) show that the running time attributed to database access is
not solely determined by the number of IO operations but also by additional factors
related to query execution.
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Fig. 11. Number of database IO operations

5.4 Summary

The experiments show that Adaptive Clipping with respect to the Incrememtal algo-
rithm (i) produces better matching results by (ii) in most cases having a lower running
time.

Both algorithms are further well suited to perform real-time map-matching for
tracking data collected at a typical sampling rate of 30s. The sampling rate could be
as low as 0.2s to still fulfill the real-time requirement.



6 Conclusions and Future Work

Map-matching algorithms are an enabling technology to the use of vehicle tracking
data for traffic assessment and related applications such as routing. To possibly include
a large variety of datasets and to guarantee the timeliness of the data, the key objective
in this work is to provide a fast and accurate map-matching algorithm.

We present the Adaptive Clipping algorithm, which combines the best of both
worlds of previously introduced algorithms. It is fast in that it intelligently uses
tracking data metadata, worst-case error estimates, to limit the portions of the road
network used in its matching process (output sensitive algorithm). It is accurate since
it uses a curve-matching approach and here the Fréchet distance to find a path in
the road network that closely (in terms of distance measure) resembles the actual
trajectory.

The performance study establishes the running time of Adaptive Clipping to be
lower than that of the fastest available algorithm, the Incremental algorithm. Given
its asymptotic bound of O(n log n), it is almost linear in terms of the number of
trajectory edges. Also, the quality of the matching result is in all cases superior to
that of the Incremental algorithm. Overall, Adaptive Clipping is a fast algorithm
producing high-quality matching results and thus can be used in a real-time tracking
data collection scenario.

The directions for future work are as follows. Having reached a certain level of
maturity, Adaptive Clipping should be applied as a map-matching algorithm in a life
data collection scenario. Also, given that in such a scenario typically many concurrent
data streams exist, we have to evaluate of how well the overall architecture (DBMS
and algorithm) scales with concurrent map-matching threads. With respect to algo-
rithmic improvements, we will explore and evaluate other approaches that belong to
the category of output sensitive algorithms (cf. Section 3.2).
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