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Abstract. Traffic-volume estimates are needed far beyond
the limited set of roads covered by permanent or periodic
count stations. This paper tests whether the publicly avail-
able OpenStreetMap (OSM) Planet GPX archive can help
fill that gap. We map-match 676 million OSM GPS track-
points from 2013 to road segments in the United States,
Germany, and a UK trace extract, calibrate a length-
normalised trace-density model against annual average
daily traffic (AADT) counts, and compare its performance
with both an attribute-only OSM baseline and an indepen-
dent global AADT estimate.

The trace signal is present but limited. At the 25 km cali-
bration scale, agreement with the independent AADT es-
timate is moderate to strong in Germany and Great Britain
(r =0.78 and 0.89) but weaker in the US (r = 0.56); per-
segment accuracy is much weaker (r = 0.12-0.43; typi-
cal errors of roughly a factor of four or more). OSM road
attributes alone already explain most count-station varia-
tion (R? = 0.72-0.79), and trace density adds only 0.6—
6.3 percentage points. Timestamped traces also do not re-
cover reliable hour-of-day traffic profiles: their daily shape
is dominated by contributor upload behaviour rather than
vehicle movement. OSM GPX traces can therefore support
coarse consistency checks or serve as a small auxiliary fea-
ture where trace coverage and count networks are dense,
but they are not a stand-alone substitute for calibrated traf-
fic counts or attribute-based AADT models.
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1 Introduction

Traffic volume is a core input to transportation planning,
emissions inventories, and road-safety analysis. Yet na-
tional monitoring programmes observe only part of the
road network. The US HPMS reports AADT for the
federal-aid system, about 24 % of US road mileage, us-
ing a mixture of counted and modelled state submissions
(Federal Highway Administration, 2026, 2019). The Ger-
man BASt Dauerzdhlstellen mainly cover motorways and
federal trunk roads (Fitschen and Nordmann, 2014), and
the DfT AADF for Great Britain, while denser, is still
built from discrete count points (Department for Transport,
2014).

Crowdsourced OSM GPS traces are a possible additional
source because they record contributed movement on
roads rather than static OSM road attributes such as class,
lane count, or speed tags. Like other volunteered geo-
graphic information, however, OSM traces are spatially
uneven and shaped by contributor behaviour (Zhang and
Zhu, 2018; Haklay, 2010; Neis and Zielstra, 2014). A us-
able traffic-volume signal would therefore require local
calibration; analogous scaling has been shown for crowd-
sourced bicycle data (Jestico et al., 2016; Dadashova et al.,
2020; Roy et al., 2019), but vehicle-volume studies usually
depend on commercial or access-restricted probe datasets.
It remains unclear whether the public OSM Planet GPX
archive can support a similar AADT estimation approach.

We examine this question with a three-region bench-
mark. We calibrate OSM-GPX trace density against count
data in the US, Germany, and Great Britain and evalu-
ate per-way estimates; measure how much trace density
adds beyond a tag-only OSM attribute baseline, using the
movement-data-free global GRIP4/QRF AADT estimate
by van Strien and Grét-Regamey (2024) as an indepen-
dent comparator; and test whether OSM trace timestamps
contain a usable hour-of-day traffic signal.

We use the 2013-04-09 OSM Planet GPX dump together
with same-year AADT data from HPMS (US), BASt (DE),
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and DfT AADF (Great Britain). We harmonise roads to
three tiers (motorway / arterial / local), map-match track-
points to OSM ways, and calibrate a length-normalised
trace-density model on a 25 km grid. We use cell-scale re-
sults as calibration diagnostics, validate applied per-way
estimates at segment scale, compare trace density with
OSM attribute models, and test hourly profiles against in-
dependent count networks. Road geometry for matching
comes from March 2026 Geofabrik extracts.

2 Data
OSM GPS traces. We use the publicly re-
leased OSM Planet GPX dump of 2013-04-09

(gpx-planet-2013-04-09.tar.xz, 21 GB
compressed). This dump contains all trace files that
contributors have flagged as public or identifiable.
We extract trackpoints with a custom Python pipeline
(scripts/extract_planet_gpx.py) and assign
them to countries using Natural Earth 1:110m polygons.
The extractor parsed 2.676 billion trackpoints globally;
our study area contains 83.8 M in the continental US,
411 M in Germany, and 181 M in the UK trace extract
(676 M total; Fig. 1).

Ground truth. We pair the traces with AADT data from
2013. For the US, we use HPMS shapefiles for the 48
contiguous states and the District of Columbia (columns
aadt_vn / f_system_v). For Germany, we use BASt
Dauerzihlstellen Jawe records on Autobahnen (A) and
Bundesstrafien (B); 1,399 records provide valid 2013 an-
nual DTV values. For Great Britain, we use DfT AADF-
by-direction records, with 22,706 unique count points
yielding 43,082 directional records. The OSM trace ex-
traction uses the UK country polygon, but DfT count-
backed calibration and validation exclude Northern Ire-
land.

Harmonisation. We map road classes to {motorway, arte-
rial, local} per Table 1. By construction the DE local tier is
empty (BASt Jawe measures motorway and federal-trunk
only). DfT Trunk A-road records (TA), although admin-
istratively classified as A-roads in the British numbering
scheme, sit physically on roads that OpenStreetMap tags
highway=trunk, which our OSM harmonisation places
in the motorway tier; we therefore assign TA to motorway
to match the OSM-side trace counts.

Table 1. Road-class harmonisation across the three ground-truth
datasets. Empty cells indicate classes that are not measured by
that programme.

Harmonised US (HPMS) DE (BASt) GB (DfT)
motorway f-system 1-2 A PM, TM, TA
arterial f-system 34 B PA, MB
local f-system 5-7 — MCU

Equal-area grid. Each study area is projected to its re-
spective equal-area CRS' and gridded on aligned 25 km
cells whose bounds match the ground-truth extent. Track-
points are binned to cells with a vectorised pyproj +
np.bincount pipeline. Cells with zero AADT records
or zero traces are dropped.

Data availability. Planet dump: https:/planet.
openstreetmap.org/gps/. HPMS: https://www.
thwa.dot.gov/policyinformation/hpms.cfm. BASt:

https://www.bast.de/DE/Themen/Digitales/HF_1/
Massnahmen/verkehrszaehlung/zaehl_node.html. DFT:
https://roadtraffic.dft.gov.uk/downloads.

3 Methodology

Map-matching. We snap every trackpoint to its near-
est OSM drivable way using perpendicular point-to-
line-segment distance with a 30 m buffer. The matcher
(gpx—-analyzer—-core, an R-tree-indexed Rust crate
bound to Python via PyO3) keeps motorway, trunk, pri-
mary, secondary, tertiary, unclassified, and residential
ways, including link roads for the major classes; service,
track, and pedestrian ways are excluded. Each matched
trackpoint inherits the harmonised class of its OSM way
(Table 1).

The 30 m buffer matches 63—-69 % of trackpoints across
the three study areas; the median matched distance is 3 m.

Calibration aggregation. Matched trackpoints are first
assigned to OSM ways. For calibration, we aggregate
matched trace counts and total mapped road length by
25 km cell ¢ and harmonised class j, producing a trace
density traces; ;/L; ;. Ground-truth AADT; ; is the mean
count-station AADT for class j in the same cell; for US
HPMS line features, we use a length-weighted mean. The
cells therefore define local calibration neighbourhoods,
not final traffic-volume outputs.

Local-calibration predictor. The calibration decom-
poses AADT into a per-class scaling factor, a per-cell
contributor-density correction, and a length-normalised
trace density:

traces; ;

KADT,, = o, -6,
J Q; I

— (D
i,

where o is a study-area-wide scaling factor per class, ¢;
corrects for uneven contributor coverage in cell 4, and L; ;
is the total length in kilometres of class-j ways in cell
i. Taking logs gives an additive model log(AADT, ;) —
log(traces; ;/L; ;) = log a;+log d; +¢; ;, which we fit by
OLS with class and cell indicator variables. We then apply
the fitted factors to individual OSM ways as AADT (w) =
Qelass(w) Oceli(w) traces(w)/L(w). Length normalisation
makes the calibration unit-consistent with per-way appli-
cation.

'EPSG:5070 (US), EPSG:3035 (DE), EPSG:27700 (Great
Britain).
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OSM GPS trackpoint density, 2013-04-09 planet dump (H3 cells drawn to full extent; res 5 for US, res 6 for DE/UK; full data)

US (83.8M pts, H3 res 5, 15,607 cells)

DE (410.7M pts, H3 res 6, 11,204 cells)

UK (181.0M pts, H3 res 6, 7,295 cells)
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Figure 1. OSM GPS trackpoint density in the 2013-04-09 Planet dump. H3 resolution is 5 for the US (=253 km?/cell) and 6 for
DE and the UK trace extract (=36 km?/cell). Colour encodes trackpoint count per cell (log scale). Contributor concentration follows
metropolitan corridors and major roads, with distinct study-area patterns.

Validation. We calibrate at 25 km because finer grids
leave too few count stations per cell to estimate d; reli-
ably. The fitted model is then applied to individual OSM
ways. We report cell-scale R? only as a calibration diag-
nostic and per-segment log-log r against the 2015 layer
of van Strien and Grét-Regamey (2024) as the main val-
idation of per-way estimates. Because this comparator is
two years later than the GPX and count data, we treat it as
a cross-estimate consistency check rather than same-year
ground truth. A continuous spatial smoother for the cali-
bration factor could reduce hard cell-boundary effects, but
is not evaluated here.

4 Results
4.1 Within-class correlations after map-matching

The first test is whether map-matched trace density is
ordered like traffic volume within each road class. Ta-
ble 2 shows a positive relationship for motorways in every
study area (r = 0.26-0.64) and for arterials in Germany
and Great Britain (r = 0.21-0.34), but the US arterial sig-
nal is essentially zero. Local roads in the US and Great
Britain are similar to arterials. Germany has no local-road
counts because BASt monitors only Autobahnen and Bun-
desstrafien.

Table 2. Within-class Pearson correlation between log trace den-
sity (traces / road length per cell-class) and log(AADT) per
study area and harmonised class after 30 m perpendicular-buffer
map-matching. n/a: class not measured by the ground-truth pro-
gramme.

Class US DE GB

motorway  0.26 0.64 0.28
arterial 0.00 034 0.21
local 0.22 n/a 033
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Trace count vs AADT by harmonised class
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Figure 2. Map-matched trace count vs mean AADT, log-log,
per 25 km cell, faceted by study area (rows) and class (columns).
Empty panels reflect classes not measured by the ground-truth
programme.

4.2 Local-calibration diagnostics

Local calibration improves the cell-scale diagnostic fit, es-
pecially where count stations are dense. Figure 3 compares
fitted and observed AADT under eq. 1 for the cell-class
units used to estimate the calibration factors. These val-
ues are not proposed as a deployed traffic-volume map;
they test whether the calibration is stable enough to ap-
ply to individual ways. In-sample log-space R? is 0.86 in
Great Britain, 0.86 in Germany, and 0.32 in the US. Under
5-fold cross-validation, held-out R? remains positive in
Great Britain (0.48) and Germany (0.17) but falls to —1.50
in the US, where trace density is much lower (Sect. 5).

Diagnostic fit follows the density and breadth of the count
programme. The DfT AADF for Great Britain covers all
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Local-calibration diagnostic: ATDTM = Qlass * Ocelr - traces; j/L; ;
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Figure 3. Local-calibration diagnostic, per study area and harmonised class. Points are individual (cell, class) calibration units; dashed
line is 1:1. In-sample and 5-fold cross-validated log-space R? are annotated in each panel.

three tiers and gives the strongest cross-validated fit. Ger-
many’s motorway-plus-federal-trunk coverage supports a
strong in-sample fit but weaker held-out prediction be-
cause many cells contain only one measured class. The
US result is limited by sparse trace coverage, especially
outside the highest-volume network.

4.3 Aggregate cross-comparison with the van Strien
2015 AADT estimate

As a second aggregate diagnostic, we compare the trace-
based estimates with the 2015 extra-urban AADT predic-
tions of van Strien and Grét-Regamey (2024) at 25 km
cell scale (Table3). Each GRIP4 line is assigned to a
cell by majority vote across five sample points along the
line. Raw trace density correlates only moderately with
the van Strien layer (r = 0.37-0.51). Adding class scaling
improves Germany and Great Britain, and the full local-
calibration model reaches » = 0.56 (US), 0.78 (DE), and
0.89 (GB). The same comparison between ground truth
and the van Strien layer gives r = 0.92 (US), 0.80 (DE),
and 0.93 (GB), which provides a practical ceiling for this
cross-estimate comparison. The trace model approaches
that ceiling in Germany and Great Britain, but remains
weaker in the US.

Table 3. Log-log Pearson correlation with the van Strien and
Grét-Regamey (2024) 2015 AADT layer per 25 km cell. Three
trace-based predictors are length-normalised; GT vs VS is the
2013 ground truth compared with the 2015 van Strien layer.
Lines are assigned to cells by majority vote across five sample
points per line.

Area n traces/L class local GT-VS
US 8,312 0.40 032 0.56 0.92
DE 684 0.51 0.68 0.78 0.80
GB 701 0.37 0.50 0.89 0.93
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4.4 Per-segment validation against van Strien

Aggregate agreement averages over many road segments,
so it can overstate the accuracy available to users who need
segment-level AADT. We therefore repeat the van Strien
comparison at native segment resolution. Each GRIP4
line is sampled at five points and snapped to the near-
est OSM way within a 100 m buffer; the line is as-
signed to the OSM way receiving the most votes. We re-
tain only class-consistent matches (van Strien highway —
OSM motorway; van Strien primary/secondary — OSM
arterial) and compare van Strien’s 2015 per-segment me-
dian AADT with our per-way predictor m(w) =
Qclass(w) “Oceli(w) - traces(w) /L(w). This step is the main
validation of the trace-based AADT estimate because it
evaluates the scale at which road-volume estimates are
normally used.

The segment-level comparison is much weaker than the
aggregate result. Log-log 7 is 0.41 in Great Britain, 0.43
in Germany, and 0.12 in the US (n = 46,113, 73,404, and
75,358, respectively). Log-space RMSE is 1.4-1.9, mean-
ing typical segment predictions differ from the van Strien
layer by factors of 4-7. Median ratios are closer: 0.48
(GB), 0.73 (Germany), and 1.30 (US). The very low US
r is consistent with the trace-density boundary case dis-
cussed in Sect. 5.

4.5 How much signal is distinct from OSM
attributes?

The previous results show that trace density carries traf-
fic information, but not whether that information is dis-
tinct from ordinary OSM road attributes. We test this by
training random forests on count stations with three fea-
ture sets: OSM attributes only (harmonised class, highway
tag, lanes, maxspeed, oneway, presence of an OSM ref
tag, length), trace density plus class and length, and the
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Per-segment validation: local-calibration AADT vs van Strien (2024)
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Figure 4. Per-segment validation: length-normalised local-calibration AADT predictions vs van Strien and Grét-Regamey (2024) 2015
median AADT, log—log, for every OSM way matched to a van Strien GRIP4 line by majority vote across five sample points within a

100 m buffer. Dashed line is 1:1.

union of both. Under 5-fold CV on log-AADT, attributes
alone reach R% =0.727 in the US (n = 1,000,000, ran-
dom subsample of national HPMS), 0.789 in Great Britain
(n =43,006), and 0.717 in Germany (n = 1,397). Adding
trace density raises these scores to 0.732, 0.818, and 0.780,
respectively. Thus traces add a small but measurable im-
provement beyond OSM attributes: +0.6 percentage points
in the US, +2.8 in Great Britain, and +6.3 in Germany.

4.6 Temporal resolution: contributor upload bias
dominates the trace signal

Finally, we test whether trace timestamps provide usable
hourly traffic profiles. We compare trace-derived hour-of-
day shapes with two independent hourly count datasets:
BASt Stundenwerte 2022 for Germany (1,391 stations)
and FHWA TMAS 2013 for the US (299 stations with
trace coverage out of 6,879 stations with weekday hour-of-
day profiles). We compare within-day percentages rather
than absolute volumes, since the BASt hourly file we ob-
tained covers 2022 only. For each station, we compare
three non-uniform predictors against the station’s hourly
profile with Pearson r: the class-mean profile from ground
truth, the country-mean profile, and the trace-based pro-
file. In Germany, the class-mean profile reaches median
r=0.98 and the country mean reaches 0.97, while the
trace-based profile reaches only 0.36. In the US, class and
country means both reach 0.97, while the trace-based pro-
file reaches 0.25.

Trace timestamps peak at 15-16 local hour at German and
US count-station locations (the UK trace extract peaks
at 12-13) and miss the morning commute (Fig.5). The
dominant hourly signal in OSM traces is contributor up-
load behaviour, not vehicle movement. Shin et al. (2025)
studied OSM contributor timing differences with survey-
linked contribution data; here we quantify a related times-
tamp bias against national hourly count networks. Recov-

ering an hour-of-day signal from traces would therefore
require a contributor-activity correction calibrated against
external hourly counts.

5 Discussion and Conclusions

Overall finding. The evidence is mixed. OSM Planet GPX
traces contain a traffic-volume signal, and local calibration
can recover that signal at coarse spatial scales where both
trace coverage and count coverage are dense. However,
the public trace archive is not sufficient as a stand-alone
AADT estimate. Segment-level accuracy remains modest,
the gain over OSM road attributes is small, and timestamp-
derived hourly profiles are dominated by contributor be-
haviour.

The trace signal is mostly redundant with OSM at-
tributes. For AADT magnitude estimation, OSM road
tags are strong predictors. Class, lanes, maxspeed,
oneway, presence of an OSM ref tag, highway tag,
and length predict log-AADT with R? = 0.72-0.79 un-
der random forests on count stations. For context, van
Strien and Grét-Regamey (2024)’s movement-data-free
GRIP4/QRF model reports pseudo-R? = 0.74. Length-
normalised trace density adds 0.6 (US), 2.8 (GB), and 6.3
(DE) percentage points. The open trace signal is there-
fore useful, but mostly as a small supplement to attributes
rather than as the primary predictor.

Hourly profiles need separate calibration. The times-
tamps in the GPX archive should not be interpreted as an
hourly traffic sensor without additional correction. In the
two-country comparison, trace-based profiles reach r =
0.36 in Germany and 0.25 in the US, while simple class-
mean baselines from count data reach r > 0.97 in both.
The traces miss the morning commute and peak in mid-
afternoon, consistent with upload-time bias rather than
vehicle-movement timing. Operational hourly use would
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Weekday hour-of-day shape: BASt ground truth vs OSM traces
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Figure 5. Left: weekday hour-of-day shape from BASt 2022 ground truth (solid) and from 2013 OSM traces matched to each station
(dashed), averaged per class. Red bands mark canonical 07-09 and 16-19 commute windows. BASt shows the expected double-peak;
traces show a single afternoon bulge, missing the morning commute. Right: per-station r vs BASt, n = 1,391.

require a contributor-activity correction calibrated against
external counts.

Limitations. The 25 km grid is coarser than the scale at
which contributor density actually varies, but finer grids
require denser count data than most countries provide. A
continuous spatial smoother or interpolation of the cal-
ibration factor around count stations may be preferable
to hard grid cells, especially near cell boundaries; this
benchmark does not test that extension. The systematic
US weakness is a trace-density boundary case: the 2013
Planet GPX dump has only ~10pts/km? in the conti-
nental US, compared with ~742 in the UK trace extract
and ~1,151 in Germany. The median valid calibration-
unit trace count in the US is 409, vs. 53,206-89,749 in
Great Britain and Germany (~130-219 x lower); the local
d; correction becomes noise-dominated, and held-out pre-
dictive performance collapses. The calibration therefore
generalises only where trace coverage is dense enough;
the 2013 US dump does not meet that threshold. Great
Britain also has class heterogeneity: some Principal A-
road records are harmonised to arterial but snap physi-
cally to OSM highway=t runk segments, adding resid-
ual variance. Finally, calibration constants («, J) are year-
specific and must be refit for other OSM trace archive
snapshots.
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