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ABSTRACT
Current approaches to construct road network maps from GPS
trajectories suffer from low precision, especially in dense urban
areas and in regions with complex topologies such as overpasses
and underpasses, parallel roads, and stacked roads. This paper pro-
poses a two-stage method to improve precision without sacrificing
recall (coverage). The first stage, RoadRunner, is a method that
can generate high-precision maps even in challenging scenarios by
incrementally following the flow of trajectories, using the connec-
tivity between observations in each trajectory to decide whether
overlapping trajectories are traversing the same road or distinct
parallel roads, and to correctly infer road segment connectivity.
By itself, RoadRunner is not designed to achieve high recall, but
we show how to combine it with a wide range of prior schemes,
some that use GPS trajectories and some that use aerial imagery, to
achieve recall similar to prior schemes but at substantially higher
precision. We evaluated RoadRunner in four U.S. cities using 60,000
GPS trajectories, and found that precision improves by 5.2 points
(a 33.6% error rate reduction) and 24.3 points (a 60.7% error rate
reduction) over two existing schemes, with a slight increase in
recall.
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1 INTRODUCTION
The availability of accurate and up-to-date road maps is critical
for many applications, including GPS-based navigation services,
disaster relief efforts, and autonomous transportation. However,
creating and maintaining road network maps is currently human-
intensive, expensive, and slow. Thus, automating parts or all of
the map creation and maintenance process holds the potential to
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benefit many applications by providing maps that quickly reflect
road network changes. Crowdsourced GPS trajectories are a useful
data source for this task. These trajectories are sequences of GPS
observations collected as vehicles travel along the road network,
and are available at scale nowadays from smartphones.

Inferring road network maps from GPS data has received con-
siderable attention in recent years [2, 6, 12, 15]. Broadly, existing
inference schemes infer a high-coverage but low-accuracy initial
graph, and then apply refinement heuristics (e.g., graph spanners
pruning [19] and k-means refinement [7]) to improve precision.
However, we find that these methods fail to produce high quality
maps, especially in dense urban areas and in areas with complex
intersections; these areas often have large volumes of traffic and
play an important role in a city’s road network. In the two left
panels of Figure 1, we show the results from two such approaches
on selected regions of three cities.

The resulting maps suffer from three significant problems:
• They connect overpasses with underpasses in a planar graph,
despite the underlying techniques using heuristics to avoid
these spurious connections.
• They connect adjacent roads that do not intersect.
• They fail to capture detailed topology such as highway in-
terchanges.

Because prior schemes developed over a period of several years
suffer from these problems, we believe that strategies that start
with a low-accuracy initial graph and then refine it will not be able
to regain high precision.

Thus, in this paper, we turn the strategy on its head. We pro-
pose a two-stage architecture that focuses on precision first, and
recall second. In the first stage, we infer a high-accuracy road net-
work to accurately capture road topology in complex regions like
overpasses/underpasses, stacked roads, parallel roads, multi-road
intersections, and dense urban areas. Then, in the second stage,
rather than developing new refinement heuristics, our approach
regains recall by simply running any of several prior schemes, but
taking care not to disrupt the segments and interconnections com-
puted in the first stage. The result is much higher precision with
recall similar to the second-stage scheme.

However, accurately inferring road topology in complex regions
is difficult even when high recall is not a concern. For example, in
Figure 2, if we look only at a point cloud of GPS observations across
the trajectories (where we discard the connectivity between obser-
vations defined by the trajectories), we cannot discern whether the
two roads meet. Thus, the common technique of taking a histogram
over observations (kernel density estimation [11]), in which each
cell is weighted by the number of GPS samples contained in the
cell, does not reveal the underlying network topology. On the other
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Figure 1:Motivation. GPS-trajectory basedmapmaking algorithms running on complex interchanges inmajor cities. Red lines show algorithm
output overlaid on underlying ground truthmap in gray. Two existing algorithms are on left, our proposed RoadRunner algorithm is on right.
Both existing approaches connect parallel segments on highways, often with many small, spurious crossing segments, and also add incorrect
intersections where roads of different heights cross.

hand, the topology becomes clear if we bring back the trajectory
connectivity: because no trajectory that starts from the left road
exits along the right road and vice versa, we can conclude that the
two roads do not intersect.

We present RoadRunner, a method that exploits trajectory con-
nectivity to generate accurate maps in challenging regions where
existing methods fail. RoadRunner constructs a road network graph
incrementally by following the flow of GPS trajectories. This iter-
ative process enables RoadRunner to consider GPS observations
on each iteration not in isolation, but in the context of several pre-
decessor and successor observations in the same trajectory. This
context, which we use in a trajectory filtering algorithm, is crucial
to precisely separating out nearby but distinct roads, and doing so
in a way that is robust to GPS noise and complex road topologies.
The right panel of Figure 1 exemplifies how RoadRunner produces
maps with significantly higher precision than prior work.

Although our incremental procedure and filtering strategy allow
RoadRunner to infer roads with high precision, they also cause
RoadRunner to miss roads that are covered by few GPS trajectories,
such as roads in residential areas. Fortunately, existing methods
already perform well in such regions. Thus, after running RoadRun-
ner to produce a high-precision map covering the most challenging
areas of the road network, we run an existing high-recall method in

the second stage. Then, we apply a merging procedure to identify
segments found by the high-recall method but not by RoadRunner,
and integrate them into the inferred map.

In summary, we make the following contributions:
• We propose a two-stage map inference architecture that en-
ables us to generate high precision road network graphs
without sacrificing the coverage. At the core of this architec-
ture is RoadRunner, our high-precision first-stage method
that uses the connectivity of GPS trajectories to produce
accurate maps in dense urban areas and at complex intersec-
tions where current approaches perform poorly.
• We show how to integrate several prior schemes as the sec-
ond stage in our two-stage architecturewith amerging proce-
dure to combine the road segments inferred by RoadRunner
with those inferred by existing approaches. We apply the
merging procedure to two current state-of-the-art GPS-based
approaches, Biagioni-Eriksson (BE) [6] and Kharita [19], and
to RoadTracer [5], which processes aerial imagery.
• We evaluate our two-stage architecture over 4 km × 4 km re-
gions of four U.S. cities containing 1,864 kilometers of roads
on a GPS trajectory dataset of over 60,000 trajectories. We
find that our proposed two-stage architecture significantly
improves the quality of the inferred maps compared with the
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state-of-art solutions. We summarize the evaluation result
in table 1.

Schemes Precision Recall Routing Error
BE 84.5% 37.2% 76.1 meters
RoadRunner+BE 89.7% 42.8% 24.8 meters
Kharita 60.0% 43.0% 73.7 meters
RoadRunner+Kharita 84.3% 44.7% 41.4 meters

Table 1: Summary of the evaluation results

Figure 2: Illustration of the importance of accounting for the asso-
ciation between observations in a trajectory. Two roads that pass
near each other but do not meet are shown on the left. In the cen-
ter, we show a set of trajectories that pass these roads, along with
an example histogram over GPS observations in those trajectories.
We cannot tell whether the roads intersect from the histogram, al-
though it is clear from the original trajectories. Existing approaches
often produce a road network graph similar to the one on the right.

2 RELATEDWORK
The rapid adoption of GPS-enabled smartphones has led to consid-
erable interest in the problem of automatic road network inference
from GPS trajectories [2, 7, 15]. However, as we demonstrated in
Figure 1, prior schemes yield noisy maps with low precision on
complex topologies such as highway interchanges. We show that
precision can be improved by exploiting the connectivity between
GPS observations at different times along the same trajectory.

Broadly, road network inference schemes can be divided into
three categories [7]. k-means approaches begin by clustering the
GPS observations. Cluster centers become vertices in the inferred
road network graph, and edges are added between the clusters of
successive observations in each trajectory [1, 13, 17]. During cluster-
ing, the longitude, latitude, heading, and speed of each observation
may be considered, but the connectivity between observations in
the same trajectory is ignored. Although this connectivity is used
to add edges, this stage still only considers pairs of consecutive
observations rather than longer trajectory subsequences.

Kernel density estimation (KDE) approaches first generate a spa-
tial histogram where each cell is weighted by the number of GPS
trajectories that pass through the cell. Kernel smoothing is applied
on the histogram (typically using a Gaussian distribution), followed
by morphological thinning or similar skeletonization techniques to
extract centerlines and produce a graph [9, 11, 18]. These techniques
do not consider the connectivity between GPS observations.

Trajectory merging approaches merge GPS trajectories one at
a time into an initially empty road network graph [3, 8]. Again,

while these approaches iterate over a trajectory to merge it into the
graph, the merging process operates only on pairs of successive
observations at a time.

Recently, a number of methods have been proposed that com-
bine or extend these techniques. Biagioni et al. [6] propose a hybrid
pipeline using KDE with an adaptive thresholding scheme to obtain
an initial road network graph, followed by geometry and topology
refinement and map-matching-based pruning to further improve
accuracy. Chen et al. [10] propose a supervised learning frame-
work that leverages prior knowledge on real-world road networks
to learn the shape of different junctions, and integrate this with
a cluster based algorithm. Stanojevic et al. [19] develop a novel
model in which map construction is framed as a network align-
ment problem. The derived optimization problem is then mapped
into a hybrid algorithm combining k-means clustering and graph
spanners. Zheng and Zhu [21] propose a revisited version of the
trace merging method, applying a novel clustering algorithm that
uses a partial curve matching method based on Fréchet distance to
measure the partial similarity between any trajectory and a previ-
ously created link.While these methods improve on earlier schemes,
none utilize the long-term connectivity between observations in
the same trajectory when constructing the road network graph.

Other data sources, aerial imagery in particular, have also been
leveraged for automatic road network inference. DeepRoadMap-
per [16] applies CNN-based segmentation followed by an extensive
post-processing pipeline to extract a road network graph from aerial
imagery. RoadTracer [5] improves on DeepRoadMapper [16]. It uses
an iterative graph construction strategy to obtain a graph directly
from a CNN, thereby attaining higher precision that segmentation-
based approaches. However, because of occlusion by tall build-
ings, shadows, and overpasses, accurately inferring roads from
aerial imagery in dense urban areas and complex intersections is
challenging—indeed, these methods assume a fully planar road
network graph, and thus yield low precision in these regions.

3 ROADRUNNER
RoadRunner iteratively constructs the road network from an initial
graph by following the flow of GPS trajectories. We show the struc-
ture of RoadRunner in Algorithm 1. The algorithm begins with an
initial graph; this may be obtained from an existing graph or a graph
inferred by another approach. We first push all the vertices in this
initial graph into a queueQ . We call the vertices in the queue active
vertices. On each iteration, RoadRunner picks an active vertex from
the queue and extends the current graph from this active vertex
by performing two key operations — adding new road segments
(tracing), or connecting the active vertex with an existing vertex
when two physical roads join together (merging).

We show an example of how RoadRunner works in Figure 3.
The algorithm starts with an initial graph G which has only one
single vertex (the green vertex near the upper-right corner). We
visualize the partially constructed graph and the active vertices
at different iterations. The construction procedure uses the GPS
data to gradually extend the graph by following the road network,
including forking at intersections and merging when two roads
come together. The algorithm stops tracing a road when it reaches
a dead end, leaves the region of interest, or joins with other roads.
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