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maps ranging from the city/regional level to the road level. The KEYWORDS

majn obst.acle .is _that traj_ectory d_ata are prone to measurement GNSS; GPS; multi-scale:
noise. Whlle this is negllg!ble for city level, large-scale flow aggre- rasterisation; route finding
gation, it poses substantial difficulties for road level, small-scale

aggregation. To overcome these difficulties, we introduce innova-

tive local alignment algorithms, where we infer road segments to

serve as local reference segments, and proceed to align nearby road

segments to them. We deploy these algorithms in an iterative

workflow to compute locally aligned flow maps. By applying this

workflow to synthetic and empirical trajectories, we verify that our

locally aligned flow maps provide high levels of accuracy and

spatial resolution of flow aggregation at multiple scales for static

and interactive maps.

1. Introduction

One of the fundamental quantities in transport planning is a traffic flow map, i.e. a map of
the traffic flow levels on the road segments in a road network (Ortuzar and Willumsen
2011). Whilst traffic flow maps are a rich source of information about vehicle mobility
patterns, they are costly in terms of time and resources to compute for any reasonably
sized road network. To alleviate this cost burden, most approaches restrict the spatial
resolution of the flow map. One of the most common is to place sensors at fixed locations
in the road network, whose results are then visualized as a traffic count map. Another
common approach are trip intent/recall questionnaires to inform large-scale properties
such as trajectory origins and destinations, whose results are then visualized as a desire
line flow map/spider diagram (Tobler 1987). Both of these are simplified flow maps, since
the detailed mobility patterns outside of the sensor locations or origin/destination pairs
are not known. These unknown patterns can be inferred from other data sources, such as
route assignment models (Evans 1976). While these model-assigned routes are highly
detailed, the trade-off is that they are not guaranteed to correspond closely to empirical
mobility patterns.

Trajectory data, derived from GNSS (Global Navigation Satellite Systems), combine the
large-scale information of road sensor counts or questionnaires, with the small-scale details
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of model-assigned trajectories. Due to the prevalence of GNSS-enabled devices, such as
vehicle navigation guides and mobile telephones, trajectory data can be acquired with low
marginal cost whilst at the same time offering extensive spatial coverage and resolution of
empirical mobility patterns (Andrienko and Andrienko 2013; Herrera et al. 2010). Our
motivating example of trajectory data are the 1183 trajectories in EPSG 32632 (WGS 84/
UTM zone 32N) projected coordinates, collected from a GNSS-enabled mobile phone, from
December 2017 to March 2019 by a single driver in Hannover, Germany, with an overall
average sampling rate about 1 point per second (Zourlidou, Golze, and Sester 2022). In
Figure 1(a), at the city level, the green circles appear to be aligned to the road network.

Figure 1. Trajectory data in Hannover, Germany. (a) Empirical trajectories (green circles),
Loebensteinstrale (solid cyan circle). (b) Zoom of trajectories and map matched routes (blue lines).
(c) Zoom of ideal flow aggregation. (d) Zoom of existing flow aggregation. (e) Zoom of 2 m X
2 m rasterised flow aggregation. Colour scale/label is traffic flow in road segments/grid cells (author’s
work).
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If we zoom in on these trajectory points around Loebensteinstralle (solid cyan circle),
formerly known as Hindenburgstralle, is a residential street near the A2 autobahn, then
we observe that in Figure 1(b) the points deviate from the road network. These noisy
trajectories are unsuitable for direct aggregation into a flow map, so the usual first step is
to apply a map matching procedure (Chao et al. 2020; Quddus, Ochieng, and Noland
2007). The map matched routes are the blue lines in Figure 1(b). These follow the road
network more closely. Map matching is a highly difficult problem and map matching with
exact alignment to the underlying road network in a reasonable time frame is usually not
feasible. The approach for fast computations taken by the map matching introduces some
approximations which do not lead to exact alignment of empirical trajectories with the
road network or to each other (Sghaier 2019).

The ideal flow aggregation from the empirical trajectories is in Figure 1(c). The colour
scale for the flow ranges from 0 (violet) to 150 (pink) to 300 (yellow). Applying the state-of-
the-art traffic flow aggregation APl (Morgan and Lovelace 2021) to the inexactly aligned
trajectories leads to an inaccurate flow map in Figure 1(d). The authors resolve this by
rasterising the flow map to a raster grid: within each raster grid cell, the flow is the sum of
the flows of all trajectories which intersect the grid cell. This rasterised flow map is
displayed in Figure 1(e). The 2m x 2 m raster grid obscures the road network at this
scale. The resolution of a rasterised aggregation flow map is fixed by the resolution of the
raster grid. If we require a higher resolution, then we must recalculate the flow map on
a raster grid with a higher resolution.

Our goal is to produce a traffic flow map from empirical trajectories which is aligned to
the road network and which can be utilised at any scale without recalculation, from the
city level to the individual road level. In our proposed local alignment approach, we infer
which road segments should serve as a local reference, and then proceed to align other
nearby road segments to it. To accomplish this, we introduce a novel algorithm ‘line
blending’ where road segments, which are near each other but do not share overlapping
sub-segments, are aligned to maximise their overlapping sub-segments. Line blending is
a ‘fuzzy’ aggregation method, which calculates accurate flow aggregation of noisy trajec-
tories. This is in contrast to the current state-of-the-art flow aggregation methods which
are accurate only for noise-free trajectories. We combine these novel algorithms into an
iterative workflow which outputs a locally aligned flow map. This flow map is composed
of road segments rather than raster grid cells, so its resolution is not limited by the raster
grid resolution.

The outline of the paper is as follows. In Section 2, we construct an iterative workflow
which computes a locally aligned flow map from noisy trajectories. In Section 3, we apply
this workflow to synthetic trajectories from Los Angeles, USA and empirical trajectories
from Hannover, Germany. We verify that, with a suitable tuning parameter choice, the
locally aligned flow maps have high resolution and spatial accuracy. We then discuss
some computational issues and end with some concluding remarks.

2. Local alignment of route segments for flow aggregation

We represent the road network by a graph N =N(£,V), where the ng edges
E={eq,... ey} are the road segments and the ny nodes/vertices V = {vy,...,vp,}
indicate that different road segments are accessible to/from each other at this node
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point. We set A/ to be the OpenStreetMap (OSM) road network. Each path in the network
is composed of a connected sequence of edges, and we refer to this as a ‘linestring’
geometry. We denote a single trajectory G = {g,,...,9,.} as a temporally ordered
sequence of ng points g;,i =1,...,ng. This is a ‘multipoint’ geometry. The points of
a trajectory G are not necessarily coincident with the road network .

2.1. Map matching

We represent the output of a map matching algorithm M from a trajectory G as
M(G) = {m,...,m,,} which is a connected sequence of ny edges, i.e. a linestring
geometry. In comparison to a trajectory G, all boundary points of the edges of a map
matched route M(G) are aligned to the road network. There is a large body of research on
this difficult problem of map matching. We focus on the popular class of Hidden Markov
Models (HMM) map-matching algorithms. HMM methods iteratively build the map-
matched route by selecting the most likely next segment to connect to the current
route using a probabilistic model. According to a review of map-matching algorithms
(Chao et al. 2020), HMM is a state-transition method. The other three classes are similarity,
candidate-evolving, and scoring methods. Further details of these alternatives are found
in Quddus, Ochieng, and Noland (2007), Chao et al. (2020). We leave this discussion here
since our proposed methods are valid for any map-matching algorithm, and concentrate
on HMM map matching due to its accuracy and computational efficiency. Even if we
restrict ourselves to HMM algorithms on the OSM road network, there are many off-the-
shelf map-matching APIs available. We focus on the Valhalla routing engine (https://
valhalla.github.io/valhalla), which includes its highly recommended map matching API
(Saki and Hagen 2022). The inputs to Algorithm 1 (ST_ROUTE) are the trajectory G and the
map-matching APl M. For readability, we defer the detailed description of the algorithm
(and all subsequent algorithms) to Appendix A.

2.2. Flow aggregation

To the road network graph A = N (&, V), we add the traffic flows on each of the network
edges to form a flow map F = {(f,f) : f e N',f>0} = {(fi,f1),..., (fo,,fn,)} composed
of nr flows, where each f; is composed of edges in &, with trafficflow f;,i = 1,...,nz. Our
goal is to estimate the traffic flows f;,. .., f,, and the flow network graph F. For exactly
aligned trajectories, to compute the flow aggregation, we deploy the overline function in
the R package stplanr, which we refer to as ST_OVERLINE_PLANR (Lovelace and Ellison
2018). That is, starting with the map-matched routes M = {M(Gy), ..., M(G,)}, the flow
map is F = ST_OVERLINE_PLANR(M).

To compute an accurate flow map from noisy trajectories relies on resolving the crucial
problem of how to aggregate similar, but not exactly overlapping, road segments.
Historically, most solutions have focused on eliminating the discrepancies in the map
matching so that flow aggregation then becomes a straightforward procedure, drawing
on the many map matching algorithms available. Despite this research effort, map
matching algorithms which yield error-free output are limited to special cases, and
none have the same availability, computational efficiency and geographical coverage as
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the open source, global Valhalla map matching. Following the recommended best
practice, we carry out some preprocessing to simplify the map-matched routes to
improve the flow aggregation. We highlight two existing methods, which we call node
snapping and node splitting.

Node snapping is where the boundary points of the traffic flow linestrings are snapped
to each other. Since the former are also nodes of the flow map, this gives the name to the
algorithm. We focus on snapping these nodes since the linestring misalignments are in
part caused by the existence of nodes which are close to each other but not exactly equal.
Since we are searching for points which are close to together, then this is well-suited to
statistical clustering. There are many statistical clustering algorithms available, and we
focus on hierarchical clustering. To resolve the computational bottleneck of hierarchical
clustering, we approximate the 1-pass complete linkage clustering by a nested 2-pass
clustering. We begin with an efficient single linkage clustering in the R package fastcluster
(Mdllner 2013). Since single linkage can result in chain-like clusters, we compute
a subsequent complete linkage clustering to break these potential chains. In this nested
approach, the complete linkage distance matrix is calculated only within each single
linkage cluster, and so it is less likely to reach computational limits. This approximation is
required since fastcluster does not implement an efficient complete linkage clustering.
The inputs to Algorithm 2 (ST_SNAPNODE) are the flow linestrings F and the snap
tolerance &s. The output are the node snapped linestrings F*. As its name suggests, all
node points of F within &5 distance of each other are snapped together. In comparison to
the unsnapped linestrings F, there are fewer snapped linestrings F* which have higher
flow values, are more interconnected, and share more exactly overlapping sub-segments.

Node snapping is focused near the boundary points of the flow linestrings, so it does
not address misalignments far from the boundary points. Moreover, there remain some
linestrings whose intersection is not correctly computed by ST_OVERLINE_PLANR. The
solution to both of these problems is the explicit addition of the missing intersection
nodes to these linestring, and then split these linestrings into simple linestring segments
at these added nodes. This is known as node splitting. The inputs to Algorithm 3
(ST_SPLITNODE) are the flow linestrings F and the node splitting type S. Our method
deploys for S = ‘subdivision’ to spatial subdivision in the sfnetworks package (van der
Meer et al. 2021), and for S =‘unary’ geos unary union in the geos package (Dunnington
and Pebesma 2020). The first option tends to find fewer intersection nodes and is similar
to the intersection computation performed by ST_OVERLINE_PLANR. The second option
finds more missing intersection nodes, and leads to more comprehensive flow
aggregation.

In Figure 2(a) is the flow aggregation of the map-matched routes without any node
splitting or node snapping. There are missing intersection nodes, and there are intersec-
tion nodes (solid black circles), which are close to each other. In Figure 2(b) is the flow
aggregation after node splitting (S = ‘unary’) and then node snapping (with snap toler-
ance €5 = 2 m). The result is that there are fewer flow segments with higher flow values.
Due to the combined action of ST_SPLITNODE and ST_SNAPNODE, Figure 2(b) is closer to
the ideal flow map topology than Figure 2(a).

Whilst the preprocessing does improve the flow aggregation, there remain some
discrepancies, since Figure 2(b) is not the ideal flow map. To tackle directly to the problem
of eliminating the discrepancies during flow aggregation, heuristic solutions have most
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(a)

Figure 2. Unsplit/Unsnapped and node split/node snapped routes. (a) Unsplit and unsnapped routes,
with flow aggregation. (b) Node split and node snapped, with snap tolerance s = 2 m, and with flow
aggregation. Colour scale/label is traffic flow in road segments (author’s work).

likely been investigated, though few have been published so there is scarce literature on
this problem. Among the few published solutions include edge bundling (Zhou et al.
2013) and rasterisation (Morgan and Lovelace 2021; Wood, Dykes, and Slingsby 2010).
Edge bundling consists of clustering trajectory linestrings and replacing all cluster mem-
bers with a single representative linestring. These (and subsequent) authors conclude that
it performs poorly when applied to noisy trajectories at the road level, and remains mostly
suited to large-scale aggregations, such as desire line maps (Tobler 1987). We do not
consider edge bundling further since it is not suitable for our purposes. Rasterisation relies
on converting the flow map into a raster matrix, and aggregating the flows within the
same raster grid cell. Whilst rasterisation is able to improve flow aggregation, it depends
highly on the raster grid resolution, and leads to a loss of spatial resolution.

We propose an alternative aggregation which solves both of these problems. We
achieve this goal by local internal alignment between the map-matched routes. By
internal alignment, we mean that we align the routes with each other, rather than to
the external road network graph. By local alignment, we mean that we align segments of
the routes, rather than the complete routes. Our proposal is developed within the
R statistical analysis environment due to its integrated access to advanced statistical
and geospatial analysis methods.

2.3. Line blending to align similar linestrings to local reference linestring

So far we have focused on improving the alignment of linestrings by resolving incon-
sistencies at their intersections. We now focus on aligning linestrings more generally. For
this, we require a comparison relationship to establish an order of alignment of nearby
linestrings. For two flow linestrings (fi,f1) and (f;,f,) from a flow map F, we define that
f, is a candidate to be aligned to the reference f; at threshold € > 0 if

f2 - ST_BUFFER(f1,E), fz < f1 . (1)

The condition on the flow values f, < f; means that we place a higher priority on the
reference linestring f; since its flow f; is larger than the flow f, on the candidate linestring
f,. The buffer zone has flat edges, e.g. ST_BUFFER(endCapStyle='FLAT’) in the R package sf
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(Pebesma 2018), so the buffer zone ends at the boundary points of f;. This avoids
erroneously considering neighbouring segments of f;, which are connected to f; as
a part of a longer sequence, to be candidates to be aligned to f;.

Let fr be a reference linestring from F. The set of nr_, linestrings from F\{f .}
which satisfy Equation (1) are the candidate linestrings Fcand = {fcand,1,- - - s feandny 1

cand

with the convention that if nz_, = 0 then F 44 is the empty set. We call our approach
‘line blending’, since we blend the candidate linestrings onto the reference linestring. This
line blending resolves the crucial problem of how to aggregate similar, but not exactly
overlapping, road segments. This ‘fuzzy’ aggregation allows us to compute accurate flow
aggregation from noisy trajectories.

The inputs in Algorithm 4 (ST_LINEBLEND) are the reference linestring f,¢f, the candi-
date linestrings F 4nq, and the blend tolerance €. The output are the modified reference
linestring f,,; and projected candidate flow linestrings 77, all with added interior points
for accurate calculation of exactly equal linestring segments. If there are many candidate
linestrings, then this may lead to many sub-segments in the projected linestrings, each
with their own flow values. So we assign the rounded value of the weighted mean flow,
weighted by the sub-segment length, to all sub-segments.

In Figure 3(a), we illustrate this line blending with the flow linestrings (7,AB) in
blue and (2,AC) in orange. Since AD C ST_.BUFFER(AB,2m) (pale blue rectangle), and
2 <7, then AC is the reference f,,s and AD is the candidate linestring f.nq4, according
to Equation (1). Line blending involves projecting AD to AC, so C is projected to C’
(which lies exactly on the reference linestring). We also add C’' to the reference
linestring. The reference linestring becomes f;,, = (7,AC'B), and the candidate

cand = (2,AC"). Now f, f., . share the sub-segment AC exactly, and

ST_OVERLINE_PLANR gives the aggregated flows as (9,AC’) and (7,C'B). We take
the rounded value of the weighted mean of these two flow linestrings. The result is
a single linestring (9,AC'B), as shown in Figure 3(b). Line blending is required to
aggregate correctly the linestrings (7,AC) and (2,AD) since they do not share
a common sub-segment.

Figure 3. Line blending leads to correct flow aggregation. (a) Before line blending and flow aggrega-
tion. Reference linestring (7,ABC) in blue, candidate linestring (2, AD) in orange. (b) After blending
candidate into reference linestring, with blend tolerance ¢ = 2 m, and flow aggregation. Blended
linestring is (9, AC'B) (author’s work).
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More complex situations arise when other linestrings touch the candidate line-
string, but are not candidates themselves for blending. Since line blending projects
the candidates to the reference linestring, then we have to also project these other
linestrings to avoid leaving a gap in the updated flow map. The inputs to
Algorithm 5 (ST_SNAP_CAND_TOUCH) are the reference linestring f.s, the candi-
date-touching linestrings F, and the snap tolerance &. The output are the
snapped candidate-touching flow linestrings F7, which maintain connectivity
between F7, and f.r.

Figure 4(a) is an illustration of ST_SNAP_CAND_TOUCH with the reference (7,AB)
(blue), the candidate linestring (2,AD) (orange), and the blending buffer zone with
blend tolerance € =4 m (pale blue rectangle). The candidate-touching linestring
f. = (5,CD) (purple) touches the candidate AC at C. The orange line is entirely within
the pale blue buffer zone, whereas the purple line extends outside of the buffer zone
and so is not a candidate for blending to the reference linestring. If we apply
ST_LINEBLEND to blend the candidate linestring, then C is projected to C’ to lie on
the reference linestring, i.e. f,,; = (2,AC'). If we apply ST_SNAP_CAND_TOUCH with
snap tolerance s =2 m to the candidate-touching linestring, then the intersection
point C is projected to the boundary point B, i.e. f;, = (5,BD). Thus line blending,
candidate-touching snapping, and flow aggregation yields that f;, = (5,BD) remains
connected to f,,, = (9,AC'B).

To illustrate line blending for the Hannover map-matched routes, Figure 5(a) is
the flow segments without any line blending, and Figure 5(b) is the flow segments
after line blending. Due to the action of ST_OVERLINE_LINEBLEND, each road seg-
ment in the line-blended flow map Figure 5(b) corresponds unambiguously to a road
segment in the OSM road network, and thus approaches the ideal flow map. This is
an improvement over the multiple road segments in the unblended flow map in
Figure 5(a), and the pixelated road segments in the rasterised flow map in
Figure 1(e).

Figure 4. Snap candidate-touching linestrings to reference linestring after line blending. (a) Before line
blending and snapping. Reference linestring (7, AC) in blue, candidate linestring (2, AC) orange, and
candidate touching linestring (5, CD) purple. (b) After line blending (blend tolerance € = 2 m) and
snapping (snap tolerance & = 2 m). Reference linestring becomes (9, AC'B), and candidate-touching
linestring (5, BD) (author’s work).
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(a

Figure 5. Line blending for Hannover map matched routes. (a) Flow segments without line blending.
(b) Flow segments with line blending. Colour scale/label is traffic flow (author’s work).

2.4. Workflow

Line blending for accurate flow aggregation at a single intersection in a road network is
demonstrated in Figure 5. To extend line blending to cover the entire road network, we
require two further generalisations. First, we generalise the reference linestring to be
a sequence of k connected edges, each with their own flow. If we treat this edge sequence
momentarily as a single linestring, with flow equal to the weighted mean flow, weighted
by the length of the k edges, then we can apply Equation (1) to search for potential
candidate linestrings. Due to computational limitations, we retain that candidates be
single edges with single flow values. The generalisation to k-edge reference linestrings
allows us to blend candidate linestrings which exceed the buffer zones of 1-edge
reference linestrings.

Second, we determine the priority for line blending for a set of reference linestrings.
We require that a reference linestring cannot be a candidate linestring to another
reference linestring, and a candidate linestring is a candidate for one reference linestring
only. These ensure that if two linestrings f, C ST_BUFFER(f, €) and f; C ST_BUFFER(f,, €),
then we select only one of them. The flow condition f, < f; usually distinguishes the
reference linestring, except when f; = f,. In this case, then we designate the longer
linestring to be the reference.

The inputs to Algorithm 6 (ST_LINEBLEND_PRIORITY) are the flow linestrings F, the
number of connected edges for the reference linestrings k, and the blend tolerance €. The
output is a set of non-overlapping reference linestrings Ff, a set of unique candidate
linestrings Fcang, and a set of candidate-touching F linestrings. By combining
Algorithms 2-6, we obtain an algorithm for local alignment of flow segments, in
Algorithm 7 (ST_OVERLINE_LINEBLEND). The inputs to ST_OVERLINE_LINEBLEND are the
flow linestrings F, the blend tolerance &, and the snap tolerance &s. The output are the F*
aggregated aligned flow linestrings.

To compute a locally aligned flow map, we combine Algorithms 1-7 into an initial and
an iterative phase. The inputs to Algorithm 8 (ST_OVERLINE_INITIAL) are the map-
matched routes M and the split node type S. The output is an initial aligned flow map.
With an initial flow map on hand, we proceed iteratively towards a locally aligned flow
map. The inputs to this iterative step Algorithm 9 (ST_OVERLINE) are the initial flow map
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F, the split node type S, the blend tolerance ¢, the snap tolerance &5, the number of
connected edges k, and the maximum number of iterations jax. After a suitable number
of iterations, the output is a locally aligned flow map.

Our proposed workflow from an input of trajectory data to a locally aligned flow map is
illustrated in Figure 6. The input are the trajectories. We select the blend tolerance tuning
parameter &, and set the maximum number of iterations jn.x = 20 and the snap tolerance
& = & We carry out map matching with ST_ROUTE. For the flow map aggregation, we begin
with an iteration of ST_OVERLINE_INIITAL to create an initial flow map. For the subsequent
step, we call ST_OVERLINE with #edges k = 1,2, and node split type S = ‘subdivision’. At
this early stage, ‘subdivision’ node splitting provides more stable line blending priority. We
follow with a call to ST_OVERLINE with ‘unary’ node splitting. The ‘unary’ node splitting is
usually applied after ‘subdivision’ node splitting since the former can now add any missing
intersection nodes without adversely affecting the line blending priority. We iterate
ST_OVERLINE with k =1,2,S = ‘unary’, until convergence, and the flow map F is the
output. In this workflow, the only unspecified tuning parameter is the blend tolerance ¢,
whose properties we investigate in the next section.

3. Results and discussion
3.1. Synthetic trajectories

Despite the ubiquity of GNSS-enabled devices, there is a lack of gold standard empirical
trajectories and flow maps, due to privacy concerns and other reasons. Our solution is to
rely on noise-free synthetic trajectories which are exactly aligned to a theoretical road
network (Anastasiou, Kim, and Shahabi 2022a). These authors generate synthetic trajec-
tories from an origin-destination matrix, and make available a set of 1.5 million synthetic
trajectories for the metropolitan area of Los Angeles, USA (Anastasiou, Kim, and Shahabi
2022b). For illustrative purposes, we focus on a sample of n = 1000 trajectories, in EPSG
6339 (NAD83 (2011)/UTM zone 10N) coordinates, in Culver City (located about 16 km from
downtown Los Angeles), which pass near the intersection of Main Street and Venice
Boulevard, as indicated by the solid cyan line in Figure 7. We add a random uniform noise
of &5 m to the noise-free trajectories to obtain the noisy trajectories, displayed as the
green lines in Figure 7(a-b). This noise mimics the typical measurement error of 5m
observed in empirical trajectories from GNSS-enabled smartphones (Van Diggelen and
Enge 2015). The reference noise-free flow map is in Figure 7(c), and the rasterised flow
map in Figure 7(d). Morgan and Lovelace (2021) do not recommend a value for tuning the

Input:
Trajectories G
No

. Compute initial flow map Compute flow map F := Compute flow map F :=
Select tuning parameter| Compute map matched F- ST OVERLINE ST OVERLINE
et jmax = - - = - 7 H d?
5 58l fnas =20, €5 > S?“SU’}"E@ ST OVERLINE_LINITIAL [ ] (Foeves ket || (Foeses, k12, as F converge
- (M, S=subdivision) S: 1S10N, fimax) S=unary, jmax)
Output:
Flow map F

Figure 6. Workflow for locally aligned flow map. Input are trajectories G, output is locally aligned flow
map F. Blend tolerance ¢ is tuning parameter (author’s work).
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Figure 7. Synthetic Culver City trajectories (n = 1000). (a) Noisy trajectories (green lines). (b) Zoom of
noisy trajectories near intersection of Main st and Venice bd (solid cyan line). (c) Reference noise-free
flow map. (d) Rasterised flow map with eg = 2 m. Colour scale/label is traffic flow (author’s work).

rasterisation grid resolution, so we select &g = 2 m subjectively so that the raster grid cells
do not exceed the road widths.

For our locally aligned flow maps, the free tuning parameter is the blend tolerance €. So
we investigate the effect of € on the accuracy of flow aggregation. For the blend tolerance
€ = 0 m, this means that no line blending is performed, so the unblended flow map in
Figure 8(a) comprises many small road segments with low flow values. For the blend
tolerance € = 1,5 m, the flow maps in Figure 8(b—c) are similar and appear to be accurate
flow aggregations. For the blend tolerance € = 10 m, the purple flow segment (with flow
43), near the intersection of Venice Bd and Main St (solid cyan line), is poorly aligned to
the road network, unlike the more accurate alignment in Figure 8(b—c).

We observe the usual sensitivity trade-off in the evolution of the values of the
blend tolerance parameter. If this value is zero like in Figure 8(a), then line
blending is not carried out. The input trajectories are insufficiently processed, so
the output flow map contains too many road segments. Whilst each discrepancy to
the true road network is small (low bias), whenever the input trajectories are
perturbed slightly, this would lead to a different flow map (high variability). If
the blend tolerance is large (e.g. 10 m in Figure 8(d)), the action of line blending is
extended to a large radius. When the blend tolerance is larger than the distance
between two distinct neighbouring road segments, then input trajectories which
belong to different segments on the true road network can be erroneously
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Figure 8. Effect of blend tolerance ¢ on synthetic Culver City flow maps. (a) Unblended flow map with
& = 0m. (b) Flow map with € = 1 m. (c) Flow map with € = 5 m. (d) Flow map with ¢ = 10 m. Colour
scale/label is traffic flow (author’s work).

blended together, and the output flow map contains an estimated road segment
with a large discrepancy from any true road segment. Whilst the discrepancy is
large (high bias), whenever the input trajectories are perturbed slightly, this would
lead to a similar flow map (low variability). If the blend tolerance is between these
two extremes (e.g. 1 or 5m in Figure 8(b—c)), then we achieve a trade-off between
bias and variability.

To complement the above heuristic comparisons, we define a quantitative discre-
pancy between a flow map F and the reference flow map F . Whilst there are some
promising discrepancy measures, such as graph edit distance (Zeng et al. 2009), none
are able to satisfy both theoretical closeness and computational efficiency for general
networks. So we provide ad hoc own discrepancy measures for our purposes. For each
linestring f; in F, we begin by interpolating the point f;; at tlen(f;) length along f;.
That is, T = 0.1 yields an interpolated point f;o1 which is 10% of the length of f; from

the start point. We define the flow discrepancy to be Errpiow,r = |fir — f5r ;.| Where

f..¢ ;. is the closest reference linestring in F . to the interpolated point f;;. We reverse
the order of the comparison to obtain the errors Erteigwjr = |frerjr — 1;*, , and concate-

nate these errors. In Figure 9, we display the flow errors for T = 0.1,0.9. Figure 9(a) is
the unblended flow map, Figures 9(b-d) are the locally aligned flow maps with blend
tolerance € = 1,5,10 m, and Figure 9(e) is the rasterised flow map. The unblended
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Figure 9. Flow errors for T = 0.1, 0.9 for synthetic Culver City flow maps (n = 1000). (a) Unblended
flow map with € = 0 m. (b) Flow map with e = 1 m. (c) Flow map with € = 5 m. (d) Flow map with
& = 10 m. (e) Rasterised flow map with &g = 2 m. Colour scale is traffic flow, label is traffic flow error
(author’s work).

flow map, the line-blended with € = 10 m and the rasterised flow map lead to some
high flow error values; whereas the flow errors remain low for the line-blended flow
maps with e = 1,5 m.

In addition to this flow discrepancy, we define a topological discrepancy
EffNodeir = }deg (v(fir)) — deg (v( r’gf’“))’ where v(f;;) is the closest node in F to f;.

and v(f ;) is the closest node in Fr to fir; and °(-) is the degree of the node (i.e. the
number of incident edges). We reverse the order of the comparison to obtain the errors

Effhodejr = ‘deg(v(frem,)) — deg <v<1j*,)> , and concatenate these errors. The flow/
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Table 1. Error discrepancies for flow maps, for N = 10 re-samples, sample sizes n = 100, 1000, 10000
and noise levels 0 = 5,10 m. Upper half is flow errors Errg oy, lower half is topological errors Erryoge-
Each value is 10% trimmed mean error + sd, lowest mean values for each row are in bold. First to
fourth columns are line blended flow maps € = 0, 1,5, 10 m, fifth column is rasterised flow map with
&g=2m.

Line blended flow maps

Rasterised
Sample size Noise e=0 e=1 e=5 e=10 g =2
Flow errors
n =100 0= 0.14 £ 0.48 0.09 £ 0.42 0.09 + 0.44 0.13 £ 0.55 0.36 £ 0.96
0=10 0.15 £ 0.47 0.09 + 0.41 0.09 £+ 0.41 0.13 £ 0.54 0.37 £ 0.96
n = 1000 0= 0.30 £ 0.69 0.24 + 0.68 0.24 £0.73 0.33 £ 0.98 0.66 £ 1.69
o=10 035+ 0.79 0.27 + 0.74 0.29 £ 0.79 0.37 £+ 1.04 0.72 £1.77
n = 10000 0= 0.92 £ 1.80 0.85 £+ 1.88 0.81 +1.84 0.96 £+ 2.23 1.11 £+ 249

o=10 1.29 £ 2.66 094 £ 1.93 0.93 +1.95 1.06 £+ 2.38 1.27 £ 2.64
Topological errors

n =100 o=5 0.41 £ 0.85 0.01 + 0.23 0.04 £ 0.35 0.11 £ 0.45 137 £ 0.64
0=10 041 £0.85 0.01 + 0.20 0.05 £ 0.35 0.11 £ 0.45 1.36 + 0.64
n = 1000 o=5 0.44 + 0.96 0.04 + 0.34 0.06 £ 0.36 0.10 £ 0.42 1.27 £ 0.61
o=10 0.48 + 0.97 0.06 + 0.35 0.08 £+ 0.38 0.12 £ 0.43 1.26 £ 0.60
n = 10000 o=5 0.83 + 1.38 0.10 £ 0.38 0.10 - 0.39 0.15 £ 0.45 1.21 £0.58

0=10 0.94 £ 1.40 0.12 + 0.39 0.13 £ 0.41 0.16 £+ 0.46 1.20 £+ 0.57

topological discrepancy is close to zero whenever the flow map F has flow values/node
connectivities, which resemble those in the reference flow map F.r.

We draw N =10 re-samples of n = 100,1000, 10000 noise-free Culver City tra-
jectories. To these trajectories, we add random uniform noise 0 =5,10 m, and
carry out map matching. From these map-matched routes, we compute line-
blended flows maps with € =0,1,5,10 m and rasterised flow maps with & =2
m. We calculate the flow and topological errors with 7=0.1,0.9 for these flow
maps with respect the noise-free flow map, as shown in Table 1. The flow errors
are in the upper half and the topological errors in the lower half. Because these
error values have a highly right-skewed distribution, each value in the table is the
10% trimmed mean error &+ standard deviation, and the lowest values for each row
are in bold. Due to the robustness of the map matching, the overall performance
between the noise levels 0 =5,10 m are similar so we focus on 0 =5 m. All
rasterised maps, since they are limited by their rasterisation grid resolution, per-
form poorly in comparison to the line-blended flow maps, for both flow and
topological errors. Among the line blended flow maps, € = 0,10 m have uniformly
larger errors than € =1,5 m. The optimal line blended flow maps with e=1,5
m behave similarly for all sample sizes. So we tentatively recommend a value
between 1 and 5m for the blend tolerance parameter € since it leads to optimal
line blending in terms of the flow and topological discrepancies.

3.2. Empirical trajectories

We return to the empirical Hannover trajectories. From the 1183 trajectories, we keep
1180 trajectories with length greater than 0 m, and follow the workflow in Figure 6. After
some trial and error, we set the blend tolerance € = 2 m, which is consistent with the
tentative recommendation of € between 1 and 5m from the synthetic trajectories
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computations above. The workflow leads to a locally aligned flow map displayed in
Figure 10(a). The corresponding unblended flow map is Figure 10(b) and the rasterised
flow map is Figure 10(c). At the city level, all these flow maps visualise well the traffic
flows.

If we zoom into LoebensteinstraBe (solid cyan circle), then we observe that in
Figure 11(a) the locally aligned map displays the aggregated flows on single linear road
segments in comparison to the multiple road segments of the unblended flow map in
Figure 11(b), and the pixelated road segments of the rasterised flow map in Figure 11(c).
Whilst we do not have a reference flow map for these empirical trajectories, like we had
for the synthetic Los Angeles trajectories, we are still able to compute proxy flows based
on empirical counts of the map-matched routes with orthogonal line transects from the
flow map road segments. Along Loebensteinstralle, the locally aligned flow map is
composed to two road segments (in pink) with 0 and 2 flow errors corresponding to
the proxy flows 71 and 58. For the unblended and rasterised maps, the flow errors vary
from 0 to over 200. Without any line blending, near the cyan circle, there is an unblended
line segment with estimated flow 3, whereas the proxy flow is 225, so the flow error is 222.
Rasterisation some times leads to double counting, e.g. in the orange region near the cyan
circle, the estimated flow is 365 whereas the proxy flow is 225, so the flow error is 140. The
locally aligned map does not suffer from an insufficiently line-blended topology or from
rasterisation effects, so its flow aggregation is more accurate.

For our purposes, the synthetic trajectories in Los Angeles, and the empirical trajec-
tories collected from a single driver in Hannover, can be considered to represent the
complete driver population. So the resulting flow maps describe the complete traffic
flows. This is not the case for the usual crowd-sourced trajectory data which are drawn
from a biased sample of the complete driver population, and so the resulting flow map is
a biased estimate of the complete traffic flow. We leave it to future work to apply the
necessary adjustments to compute an unbiased estimate of the complete traffic flow map
(Igbal et al. 2014; Miller, Vander Laan, and Markovi¢ 2020).

3.3. Computation

We report the execution times for the flow map computations for the synthetic and
empirical trajectories. Since it is difficult to reliably reproduce execution times on different
systems, we provide our execution times in Table 2 as a guide only. These are obtained on
a stand-alone set-up running Ubuntu 24.04 with 16Gb RAM and 4 Intel i5 CPU @3.10 GHz.
We deploy a local dockerised Valhalla routing engine API (https://github.com/gis-ops
/docker-valhalla.) (GIS OPS 2023) rather than relying on a web-based service. The upper
rows in Table 2 are for the synthetic Culver City trajectories, and the lower rows for the
empirical Hannover trajectories. Each value is the mean execution time in seconds.

For the synthetic Culver City trajectories, in the first column of Table 2, the map
matching carried out in ST_ROUTE executes in ~14 s for n = 100, ~90 s for n = 1000,
and ~850 s for n = 10000 which is approximately a 10-fold increase in execution time for
each 10-fold increase in the number of trajectories n. So it is straightforward to infer
a precise execution time of ST_ROUTE for large sample sizes from a smaller sample size. In
the second column, the unblended flow map relies only on the fast flow aggregation of
ST_OVERLINE_PLANR (Lovelace and Ellison 2018). The line-blended flow maps € = 1,5, 10


https://github.com/gis-ops/docker-valhalla
https://github.com/gis-ops/docker-valhalla
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Figure 10. Hannover flow maps at city level. (a) Locally aligned flow map. (b) Unblended flow map. (c)
Rasterised flow map. Solid cyan circle is Loebensteinstral3e. Colour scale is traffic flow (author’s work).
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Figure 11. Hannover flow maps at road segment level. (a) Locally aligned flow map. (b) Unblended
flow map. (c) Rasterised flow map. Solid cyan circle is Loebensteinstral3e. Colour scale is traffic flow,
label is traffic flow error (author’'s work).

Table 2. Execution times for map matching and flow map computations, for N = 10 re-samples,
sample sizes n = 100, 1000, 10000 and noise levels 0 = 5,10 m. Upper table is for Culver City
trajectories, lower table is for Hannover trajectories. Each value is mean execution time (seconds).
First column is map matching, second to fifth columns are line blended flow maps, sixth column is
rasterised flow map.

Line blended flow maps

Rasterised
Sample size Noise Map match =0 e=1 =5 =10 &g =2
Culver City
n =100 0=>5 13.56 0.55 43.52 52.67 65.12 139.34
o=10 14.12 0.56 44.40 53.50 64.71 138.52
n = 1000 o=>5 88.88 1.92 237.08 194.75 246.64 294.90
o=10 93.97 1.91 25433 257.15 256.10 298.06
n = 10000 0=>5 819.76 8.90 1900.01 986.88 855.36 606.88
o=10 847.76 9.16 2244.08 1574.49 1101.33 608.63
Hannover
Sample size Map match Line blended flow maps Rasterised
e=0 e=2 &g =2
n=1180 105.03 2.19 396.73 378.65

m require an iterative procedure which is around 100 times longer than the initial e = 0
m flow map computation. As the number of the trajectories n increases, the execution
time increases at about 5-fold, which is slower than the 10-fold increase for the map
matching. For a 10-fold increase in the number of trajectories, many of them will overlap
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each other so flow aggregation does not require to a 10-fold increase in execution time.
For the sixth column, the execution time for rasterised maps increase more slowly than for
line-blended flow maps, as the former depend more strongly on the rasterisation grid
resolution than on the number of trajectories, at least up till n = 10000.

For the n = 1180 empirical Hannover trajectories, the map matching and initial flow
map (e =0 m) have similar execution times to the n = 1000 synthetic Los Angeles
trajectories. For the line-blended flow map with € =2 m, and the rasterised map with
&g = 2 m, the execution times are higher due to the increased topological complexity of
empirical trajectories as compared to synthetic trajectories.

For n = 100,1000,10000, map matching and line blending require ~1, ~5-10,
~30-50 min, respectively, which are feasible execution times for offline analyses of these
small to moderate-sized data sets. For n >> 10000, a promising approach to expedite the
line blending computations is regionalisation. This consists of partitioning the study area
into smaller regions, computing the flow map for each region, and then stitching these
regionalised flow maps. This regionalisation is successfully employed for exact flow aggre-
gation (Lovelace and Ellison 2018). Since all regionalised exact flow aggregations remain
aligned to each other, it is straightforward to carry out the post hoc stitching. In contrast,
different regionalised line-blended flow maps are not guaranteed to be aligned to each
other, and it is an open question how to carry out this stitching. So we leave for future
development the analysis of (a) data sets with a larger number of trajectories (like the full set
of 1.5 million synthetic Los Angeles trajectories) and (b) online computations.

Our other future goal is the integration of the local alignment algorithms into an
industry standard web GIS. In the mean time, we make available interactive web maps at
https://mvstat.net/traj which allow the user to freely explore our proposed multi-scale
traffic flow maps from the individual road to the city-wide level.

4. Conclusion

We have introduced an iterative workflow, which takes noisy GNSS vehicle trajectories as
input and gives an accurate traffic flow map as output. Local alignment of flow segments
is the key innovation. To carry out this local alignment, we defined a spatial relation to set
up local reference flow segments, which then allowed us to align other nearby flow
segments to this local reference segment. We presented solid evidence for the high level
of spatial resolution and accuracy for our proposed locally aligned flow map for both
synthetic and empirical trajectories. We demonstrated that they effectively reduce the
noise of the input trajectories, and accurately aggregate the traffic flows on all road
segments, and so they are a valuable addition to the toolkit for multi-scale traffic flow
analysis.
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Appendix A. Details of algorithms

A1. Map matched route

The inputs to ST_ROUTE are the trajectory G and the map matching APl M. The output is a map
matched route M(G). In Step 1, we compute the map matched route M(G) from the trajectory G by
calling the map matching API M. This map matched route M(G) = {my,...,m,, } is a linestring with
ny edges, with ny + 1 points.

Algorithm 1. ST ROUTE - Map matched route

Input: G trajectory, M map matching API
Output: M(G) map matched route
1: Compute map matched route M(G) from empirical trajectory G

A2. Snap node clustering of linestrings

The inputs to ST_SNAPNODE are the nx flow linestrings F = {(fi,f1),..., (fa;,fn,)} and the snap
tolerance &s. The output are the snapped linestrings F*. In Step 1, we extract the boundary points of
all flow linestrings. In Steps 2-3, we compute a single linkage clustering on all boundary points, and
cut the dendrogram at height &, resulting in C' clusters. In Steps 4-7, within each of these single
linkage clusters, we compute a complete linkage clustering, and cut the dendrogram at height &s.
This divides each single linkage cluster into C"’ clusters, where all cluster members are at most &s
distance from each other. In Steps 8-11, we compute the weighted spatial centroid in each of the C”
complete linkage clusters, weighted by the traffic flow values. In Step 12, we renumber the cluster
labels from the above nested clusterings to approximate a 1-pass complete linkage clustering into
C* clusters. In Steps 13-16, within each of these C* clusters, for all points of the corresponding flow
linestrings which are closer than &5 distance to the centroid, we snap them to the centroid. In Steps
17-18, we collate and sort all the nx snapped linestrings F* = {(f{, f;),..., (f ,f; )}

npe )t ngs

Algorithm 2. ST SNAPNODE - Snap node clustering of linestrings

Input: F flow linestrings, g snap tolerance
Output: F* snap node clustered flow linestrings
: Extract boundary points B(F) := {Start(f1), End(f1),...,Start(f,,), End(f.-)}
: Compute hierarchical clustering with single linkage on B(F)
. Cut single linkage dendrogram at height g to compute C’ cluster labels
for i:=1to C’' do
Extract ith cluster of boundary points B} := {bj,..., b}, }
Compute hierarchical clustering with complete linkage on B
Cut complete linkage dendrogram at height €5 to compute C” cluster labels
for j:=1to C"” do
Extract jth cluster of boundary points B := {b{,..., by ,}
Extract corresponding flows {f{,.... f, ,} from F
Compute b} := weighted centroid of {f7,..., f;,_,}, weights := f',.... fy

sdnpgn »Ingn
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12: Renumber collated complete linkage cluster labels to unique C* labels

13: for i :=1 to C* do

14: Extract corresponding flow linestrings ;" := {(f{, f1), ..., (fi,., f1,.)} from F
15: Snap points of {f;,..., _f;,‘m} within eg distance of cluster centroid to b

16: F} = rejoin snapped and unsnapped points into linestrings

17: Collate snapped linestrings {77, ... F&u} into F* o= {(f1, f1)s - (fopes Fr i)}
18: Sort F* by descending flow and length
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A3. Split nodes at interior intersections of linestrings

The inputs to ST_SPLITNODE are the flow linestrings F and the node splitting type S. The output are
the split linestrings with added nodes F*. We deploy, for S = ‘subdivision’ in Steps 1-3, to_spa-
tial_subdivision in the sfnetworks package (van der Meer et al. 2021), and for S = ‘unary’ in Steps
4-5, geos unary union in the geos package (Dunnington and Pebesma 2020).

Algorithm 3. ST SPLITNODE - Split nodes at interior intersections of linestrings

Input: F flow linestrings, S node splitting type
Output: F* node split flow linestrings
: Initialise local network AN* with linestrings F
if S == “subdivision” then
F* := sfnetworks: :to_spatial_subdivision(N™)
: else if S == “unary” then
F* := geos: :geos_unary_union(N*)

ot

AA4. Blend candidate linestrings onto reference linestring

The inputs to ST_LINEBLEND are the reference linestring f,f, the nr_ , candidate linestrings Fcand.
and the blend tolerance €. The output are the modified reference linestring and nx_,, modified
candidate flow linestrings, all with added interior points for accurate calculation of exactly equal
linestring segments. In Step 1, we initialize a local network graph N with the reference linestring. In
Steps 2-3, we extract all points of the candidate linestrings, and use the network_blend function in
the sfnetworks package (which we denote as ST_NETWORK_BLEND) to blend efficiently these points
into the reference linestring (van der Meer et al. 2021). ST_NETWORK_BLEND projects the candidate
linestrings onto the reference linestring, and explicitly adds them to the network, thereby creating
new edges in A/*. The result is a local network graph with more, shorter edges and with nodes at the
projected candidate points, and whose union is the reference linestring. In Steps 4-5, we extract the
ng... blended candidate linestrings with these added interior points by applying the shortest path
search between the start and end point of each blended candidate linestring along the network
graph N, Step 6 involves collating the blended candidate linestrings. Step 7 is the equivalent for
the blended reference linestring.

Algorithm 4. ST LINEBLEND - Blend candidate linestrings onto reference linestring

Input: fif reference, Feang candidate flow linestrings, € blend tolerance
Output: f}; blended reference, 7}, ; blended candidate flow linestrings
: Initialise local network graph N* with fief
. Extract all points Gcanq of candidate linestrings and flow values feang from Feang
: Update network by blending candidate points N* := ST_.NETWORK_BLEND(N™*, Gcand, €)
for i:=1tongr,,6 do

f := shortest path from Start(feand,i) to End(fcand,;) along network N*

cand,i
: Collate ‘F:and = {f:andJ’ et f:and,nfcand}
. f*; = shortest path from Start(fer) to End(fef) along network N*

ref *

=W N

ot

N

A5. Snap candidate-touching linestrings onto reference linestring

The inputs to ST_SNAP_CAND_TOUCH are the reference linestring fy.r, the nr_ , candidate line-
strings F cana, the nz, candidate-touching linestrings F, and the snap tolerance &s. The output are
F7, the snapped candidate-touching flow linestrings. In Steps 1-8, we iterate over each candidate-
touching linestring. In Steps 2-3, we compute the intersections between the candidate-touching
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Algorithm 5. ST SNAP CAND TOUCH - Snap candidate-touching linestrings onto reference linestring

Input: fer reference, Feang candidate, F; candidate-touching flow linestrings, eg
snap tolerance
Output: F}; snapped candidate-touching flow linestrings
1: for i :=1tong, do
2: 9 = feri N {Start(Feana), End(Feana) }
%

3: 7 Start = STDIST(gy ;» Start(frer)); d; ppa = ST DIST(gy; ;> End(fref))
4 if (d;Start <es and d;’istart < d;End) then

5: féi = snap feri to Start(frer)

6: else if (d}p 4 < esand dfp 4 < dfg,.) then

7: i o= snap feg; to End(frer)

8: else fl ;= snap fct; to nearest point of fier

9: Collate 7 == {f& 1, fone, }

linestring and the boundary points of the candidate linestrings, and the respective distances. In
Steps 4-7, if this intersection point is within &5 distance to the boundary points of f..¢, then we snap
the candidate-touching linestring to the closest boundary point. In Step 8, if the intersection point is
not within & distance, then we snap it to the nearest point on f,.¢. These snapping operations are
similar to those in Steps 15-16 in ST_SNAPNODE in Algorithm 2, and ensure that we maintain
connectivity between F and ff. In Step 9, we collate these snapped linestrings.

A6. Compute line blending priority

The inputs to ST_LINEBLEND_PRIORITY are the flow linestrings F, the number of connected
edges for the reference linestrings k, and the blend tolerance &. The output is a set of non-
overlapping reference linestrings Fyf, a set of unique candidate linestrings Fcunqg, and a set
of (potentially repeated) candidate-touching F linestrings. In Steps 1-2, we set up
a network graph from the linestrings F, and then extract K, all simple paths (i.e. all paths
composed of connected, unique edges) with k-edges. In Steps 3-4, we compute the

Algorithm 6. ST LINEBLEND PRIORITY — Compute line blending priority

Input: F flow linestrings, k& #edges, € blend tolerance
Output: (Fref, Feand, Fet) reference, candidate, candidate-touching linestrings
. Initialise network graph N* from linestrings F
: Extract all simple paths of length & edges K := {k1, ..., kn.} from N*
: for i :=1 to ng do
fi := weighted mean of k flows, weight := len(Edge(k;))

N

5: Sort K by descending flow and combined length
6: Initialise K* := {k1}

7: for i := 2 to nx do

8: if (k;NK* ={}) then K* := K* U {k;}

9: Initialise Q := Frer := Feand := Fet := {}

10: for i :=1 to nx+ do

11: if (Edge(k}) ¢ Feana) then

12: Set reference linestring kyer := k

13: Search Fy, 4 = {f € F\(Edge(Fref) U {Kkret} U Fcand): f © STBUFFER(Kef, €)}
14: if 77 4 # {} then

15: Update Fret := Fret U {Kret}, Feand := Feand U Fland

16: Search Fe := {f € F\{Edge(Fret) U Feanda }: ST-TOUCHES(F 4, f)}

17: Update Q := QU {({kret}, Fopnd> For)}

18: Extract Feand = {Fipq1s---»

andng )
cand,ng S

Fev = A{F 15+ ,]-'C*t’ng} from Q
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weighted mean of the k flow values, weighted by the length of individual edges, and assign
this to the entire k-edge path. The function Edge(-) extracts the component edges from a k-
edge path. In Step 5, we sort the flow linestrings, in descending order of their flow values
and length. In Steps 6-8, we construct a maximal set of non-overlapping k-edge paths K*.
We initialise K* to contain the first path. We iterate through K and, if this path in K does
not overlap the current K*, then we add it to K£*. For k = 1, we bypass Steps 2-8. In Steps
9-18, we step through the ki € K7, starting from the linestring with the highest flow and
length. In Steps 11-13, if the current flow linestring ki has no incident edges in the
candidate linestrings Fcang, then we set it to be a reference linestring. In Step 13, we search
for candidate linestrings for k;, from those linestrings which are not already reference or
candidate linestrings, according to Equation (1). In Steps 14-17, if there is at least one
candidate linestring, then we update Fief, Feang, and Fe. In Step 18, we extract the
candidate Fun¢ and candidate-touching F linestring sets.

A7. Locally align segment flows using line blending

The inputs to ST_OVERLINE_LINEBLEND are the flow linestrings F, the split node type S, the number
of connected edges k, the blend tolerance €, and the snap tolerance &s. The output are the modified
reference linestring f;,; and projected candidate flow linestrings 7,4 all with added interior
points. In Step 1, we node split the flow linestrings F. In Step 2, we node snap the flow linestrings.
In Step 3, we set up the priority for the line blending, and in Step 4 we store all the linestrings that
will not be modified by the line blending in F<. In Steps 5-8, we iterate over each reference
linestring. In Step 6, we update the reference and candidate flow linestrings by blending the
candidate linestrings. In Step 7, we apply ST_OVERLINE_PLANR within each of the k-edges of the
updated reference linestrings. In Step 8, we compute the weighted mean flow, weighted by the
length of the corresponding sub-segments, and assign it as the flow value to all sub-segments. The
result from Steps 6-8 is a modified k-edge reference linestring with k aggregated flows. In Step 9, we
snap the candidate-touching linestrings to the reference linestring to maintain connectivity. In
Steps 10-11, we collate the modified linestrings from Steps 5-9, with the unmodified linestrings F¢
from Step 4, and sort them in descending flow and length.

Algorithm 7. ST OVERLINE LINEBLEND - Locally align segment flows using line blending

Input: F flow linestrings, S split node, k #edges, € blend tolerance, g snap tolerance
Output: F* aggregated aligned flow linestrings

1: F := ST_SPLITNODE(F, S)

2: F := ST_SNAPNODE(F,eg)

3: {Fret, Feands Fer} := ST_LINEBLEND_PRIORITY(F, k, )

4: F¢:= F\(Edge(Fret) U Feand U Fet)

5: for i :=1 to ng,, do

6 {Figs Fianas} = STLINEBLEND(fref.i, Feand,i: €)

7. fi;; = ST.OVERLINE PLANR(fe, U Fia)

8: fr*ef,’i := weighted mean of fy ;, weight = len(Edge(f ;)
9:  Fj,; = ST_SNAP_CAND_TOUCH(£}.; ;> Feand,i» Fet.irE5) '
10: F* = Fr g UFSE UFe

—
—

: Sort F* in descending order of flow and length

A8. Compute initial locally aligned flow map

The inputs to ST_OVERLINE_INITIAL are the map matched routes M, the split node type S. The
output is an initial aligned flow map. In Step 1, we apply ST_OVERLINE_PLANR to the map matched
routes to produce a flow map F. In Step 2, we apply ST_SPLITNODE to this flow map.
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Algorithm 8. ST OVERLINE INITIAL — Compute initial locally aligned flow map

Input: M map matched routes, S split node, ep simplify tolerance
Output: F initial aligned flow map

1: F := ST_OVERLINE_PLANR(M)

2: F := ST_SPLITNODE(F, S)

A9. Compute iterated locally aligned flow map

The inputs of ST_OVERLINE are the initial flow map F, the split node type S, the blend tolerance &,
the snap tolerance &, the number of connected edges k, and the maximum number of iterations
jmax- The output is an iteration of a locally aligned flow map. Steps 1-6 is the iteration of
ST_OVERLINE_LINEBLEND for the k-edge reference linestrings. For each k in k, we iterate until jiyax
is reached or two consecutive flow maps are identical. Within each iteration, we search for the k-
edge reference linestrings, blend the candidate linestrings, and snap the candidate-touching line-
strings, and compute the flow aggregation. In Steps 7-10 is some housekeeping in
ST_OVERLINE_PRUNE, where we remove pseudo nodes, remove leaf edges with low flow values,
and replace thin loops with non-looped linestrings.

Algorithm 9. ST OVERLINE — Compute iterated locally aligned flow map

Input: F initial flow map, S split node, k #edges, jmax max #iterations, € blend
tolerance, €g snap tolerance

1: for k£ in k do

2 ]:prev = {}7 7 =0

3 while j < jmax and Fprey # F do

4: Fprev = F;ji=75+1

5: F := ST_OVERLINE LINEBLEND(F,k,¢,¢eg)

6: F := ST_OVERLINE_PLANR(F)

7 Fprev i=1{}; j:=0

8: while j < jmax and ]:prev # F do

9: Fprev = F;ji=7+1

10:  F := ST OVERLINE PRUNE(F)




