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Precision of Wearable GPS in Marathon Races
Javier Lluch, Miguel Rebollo, Ángeles Calduch-Losa and Ramón Mollá

Universitat Politècnica de València

Abstract—This study determines the precision of
the most relevant GPS models used in marathon
races. It uses public data of the participants in the
leading marathons. We have retrieved 73,865 records
from 85 GPS models. There are differences in the
precision obtained by road GPS models compared
with models designed for trail races and mobile
phones. The precision also depends on the finish time:
the longer the race takes, the higher the error is.
No evidence of differences among the studied brands
appear. The results can be helpful for manufacturers
to get field information about the behavior of the
devices in real conditions. And it can be beneficial for
end-users also since the data help the buy decision.
On the other hand, with this information, athletes
could have available more accurate measures about
their pace and other data during a marathon.

I. OVERVIEW

The evolution of technology and the rise of
sportive practice have favored an active industry
for the development of technological devices that
improves the performance of athletes providing data
regarding the execution of their training sessions.
The use of wearables is increasingly widespread.
Systems that can detect posture and the heart rate
are essential for the monitoring of athletes1. They
store the data on websites for later analysis2. The
data extracted from both daily and sports activities
help monitor the health care of the users3.

Among the most common devices, GPS watches
provide relevant information for a race, such as
pace, distance, or height. GPS is not safe from
making mistakes when calculating the mileage trav-
eled. It is usual, especially in novice runners, to
raise questions arguing that the race was wrongly
measured. Many factors affect the accuracy of a
GPS: width of the streets, altitude of buildings,
unevenness, the existence of high voltage cables,
trees, cloudy skies, and any other that hinders a
good reception from satellites (Fig. 1).

Fig. 1: Multiple sources affect the GPS precision

The aim of this work is (i) to evaluate the
precision of the different models of GPS with more
presence in the most relevant marathons; and (ii)
validate empirically the results of other studies that
affirm that the finish time sways to the total distance
measured by the GPS.

II. BACKGROUND

To determine the precision of the GPS devices
is relevant since runners take seriously the values
thrown by their devices. This fact has health impli-
cations for having correct lectures to avoid unnec-
essary injuries4. Given the difficulty of obtaining
significant samples, there are few references in the
scientific literature that analyze exhaustive sample
sets. Bauer5 has studied the precision of the nine
apps for smartphones, making a 500-meter round
trip, measuring it with a single phone model. Leong
Lee et al.6 carried out a more exhaustive study
on the accuracy and precision of six smartphone
models. They used 810 measurements, defining
three different protocols. Pobichurin et al.7 carry
out a study similar to ours in which they investigate
the precision of the measures taken by smartphones
and GPS watches with a sample of 262 runners
for the Trollinger-Marathon with half and marathon
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Fig. 2: All these laps were run over the same line.
The deviations in the measure are noticeable

distances. This race has the characteristic that it is
disputed in an open zone with good satellite recep-
tion. The average distances obtained were 21.154
km for the half and 42.385 km for the marathon.

Besides the precision of GPS, the time needed
to finish the race is another factor that affects
the final measure. Haney and Mercer8 found a
relation between the variability of the pace and
the performance on the marathon using data from
GPS readings. However, they had to remove many
records due to lousy precision. Hubble and Zhao9

analyze the difference in the performance of men
and women in the Houston Marathon using the data
provided by the organizers at different kilometric
points. The relevant conclusion of both works is the
existence of a correlation between pace and finish
time. Schipperijn et al.10 compared the precision
of one GPS model with walking, cycling, and
vehicle lane. They combined several high-precision
methods and calculated the differences in alterna-
tive scenarios from open spaces to narrow urban
’canyons.’ The results confirm that higher speeds
increase the precision.

With a smartphone, the signal of GNSS com-
bined with NRTK (Network Real-Time Kinematics)
positioning reduces distance-dependent error11, but
it is not available for watches. Besides, there are
new chips like the BCM47755, that achieves an
accuracy of 30 cms, but no sports device uses it12.

III. METHODS

The data for this observational research has been
obtained from the public information for tracking
sportive activities. The analyzed races have been
the marathons of Berlin, Boston, Chicago, London,

Fig. 3: A popular athlete can run 1 km in 4’10”
This is 8 m in 2 seconds. With an error 2 m, it
can give a measure of 12 m, which means run at a
2’45” pace, faster than the marathon WR.

New York, and Valencia. For each one of them,
we have obtained the two last editions among
the three available at the moment of the analysis
(years 2016, 2017, or 2018). The subjects of the
study are popular athletics that have participated
in the mentioned marathons and have published
their results voluntarily. The retrieved information
has been: race, runner id (anonymized), covered
distance, finish time, and GPS model.

TABLE I: Participants and distance (mean± SD)

city year #finishers #retrieved distance (km)

Berlin 2016 36 054 3 769 42.74 ± 0.26
Berlin 2017 39 101 6 403 42.71 ± 0.27
Boston 2017 26 400 5 278 42.52 ± 0.11
Boston 2018 25 831 5 904 42.53 ± 0.12
Chicago 2016 40 608 3 714 44.22 ± 0.97
Chicago 2017 44 508 7 023 44.65 ± 1.27
London 2017 39 281 9 929 42.93 ± 0.52
London 2018 40 255 12 185 43.02 ± 0.56
New York 2016 51 388 5 505 42.89 ± 0.58
New York 2017 50 766 8 528 42.89 ± 0.62
Valencia 2016 15 858 2 113 42.70 ± 0.22
Valencia 2017 16 169 3 547 42.74 ± 0.27

Total 426 219 73 898

The results have been filtered to discount the
effect of anomalous data. This deviation can be
due to human causes, such as delay in starting
the reading, involuntarily pauses, forgetfulness in
the provisioning of after passing the finish line, or
other reasons not attributable to the GPS. We have
been filtered the data using the interquartile range,
keeping the lectures in Q3 ± 1.5(Q3 −Q1).
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The final data comprises 73,898 records after fil-
tering outliers. Chicago gives the longest distances,
followed by New York and London. Berlin, Boston,
and Valencia through a similar result (see Table I).
In total, 85 different GPS models have been identi-
fied. To select the GPS models to analyze, we have
followed the 80-20 Pareto’s law. We have chosen
those devices whose apparition in the races sum the
80% of the total records. With these models, we
have more than 63,000 readings. Similar models,
such as Garmin Forerunner 220 and 225, appear
reunited as 22x.

IV. RESULTS

A. Device Classification

The devices have been classified according to
their usage. Initially, we have considered four cate-
gories: road, triathlon, trail, and mobile apps. How-
ever, after a Tukey–Kramer’s test over the ANOVA
with level of significance α = 0.05, there is no evi-
dence to separate road and triathlon-specific models
(p = 0.94) (see Table II). Therefore, we maintain
three categories: road models, trail running, and cell
phones. Despite there is no evidence for significa-
tive differences between trail and phone-based ones
(p = 0.15), we keep the classification because (i)
they are different devices, and (ii) when it has been
analyzed in an individual race, small differences
become significant.

B. Precision of the Devices

The second analysis calculates the average dis-
tances, aggregated by model. We pose a hypothesis
test with a level of confidence of 95% (α = 0.05).
The null hypothesis is H0: there are no significant
differences in the averages, whereas the alternative
is Ha: at least one of the averages is significantly

TABLE II: Result of the confidence intervals.

diff conf. int. p–value

road-phone -0.55 [-0.60, -0.49] 0.00
trail-phone -0.05 [-0.11, 0.01] 0.15
tri-phone -0.55 [-0.61, -0.49] 0.000
trail-road 0.50 [0.48, 0.52] 0.00
tri-road 0.00 [-0.02, 0.01] 0.94
tri-trail -0.50 [-0.53, -0.48] 0.00
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Fig. 4: Measured distance and relative error before
(top) and after (bottom) the correction

different from the other. Figure 4 (top) shows the
average distances in Valencia 2017 Marathon. The
error bars represent the standard error of the data.
Mobile apps have the highest distances, followed
by trail devices (Garmin Fenix models).

An ANOVA and Tukey–Kramer’s test indicates
that the differences observed in the Figure 4 are
significant, with a difference of −0.35 between the
last road model (Garmin FR 910XT) and the first
trail model (Garmin FE), being p = 1e−5. Results
show similar behavior in different races. When the
data are aggregated by type, the three groups: mo-
bile, trail, and road models, reject the hypothesis of
equality of means (see Table II), with differences of
−0.55 between road and mobile, 0.50 between trail
and road (both with p = 1e−7). Still, the difference
between trail and mobile −0.05 is not significant
(p = 0.15). We can conclude that the GPS model
is a factor that affects the measured distance, and
there are substantial differences between road and
trail models.
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Fig. 5: Correlation among the time involved in the
marathon and the distance measured by the GPS

C. Dependence from the Time/Pace

A third test consists of determining if the time
needed to finish the marathon affects the measure.
In this case, we make a correlation study to see if
the more prolonged the runner lasts, the longer is
the measure of the GPS.

Figure 5 shows the correlation between the time
involved and the total distance in Marathon of
Valencia. All the cases through similar results. In
the case of Valencia, the correlation index is low
(r = 0.17, R2 = 2.89%), but the low p-value
p = 1.2e − 15, suggests that it is a small but
significant effect, despite it do not explain the
complete variability of the data. The same effect
appears in the rest of the analyzed races. Therefore,
we have to discount the effect of the time in the
error obtained by the GPS. The three populations
identified correspond to each type of watch.

There is evidence that GPS devices introduce an
excess systematically in the measures. Our results
indicate that there is a significant effect that de-
pends on the time runners have needed to finish
the race and the total distance given by their de-
vices, being a positive correlation. That implies that
slower runners obtain, in general, longer distances
than the fastest ones. This effect has been observed
in all races, with a coefficient of R2 between 0.6%
and 4%. It is a low correlation, but the small p-
value p = 1e − 15 in all cases indicates that the
effect is significant. Therefore, we can conclude that

there are other factors, besides time, that affect the
distances, so dedicated time does not explain the
variability of the data altogether.

D. Precision after Distance Correction

To correct the effect on the distance covered in
the race, the effect of the involved time has been
discounted as follows. For each runner, the total
official distance (42.195 km) is increased using the
regression model obtained for the current marathon
taking into account the time. Therefore, each partic-
ipant has a different length, which depends on the
time he or she has invested to finish the marathon.
Then, the relative error is the difference between the
measure from the GPS and this estimated distance.

Figure 4 shows the difference between the first
measure and the results adjusted for each par-
ticipant. The average error obtained changes in
the order of the GPS. Nevertheless, the difference
between road models and the rest maintains. After
correcting the deviation, the hypothesis still fulfills.
There is a change in the order of the GPS models,
but the differences obtained in the confidence inter-
vals among the three groups (road, trail, and phone)
are significant (see Table III).

V. CONCLUSIONS

We have analyzed the data available from two
editions of six marathons: Berlin, Boston, Chicago,
London, New York, and Valencia.

An ANOVA over the type of device separates
them into three categories: road, trail, and mo-
bile devices. The differences obtained by the road
models are not significant, but we observe a clear
separation with trail and mobile models. Probably
it is due to changes in the design to include other
elements, such as a barometer, or use process time
in the calculation of health and performance data
(e.g., V O2 max), with a smaller size and weight13.
There are algorithms such as that use inertial sen-
sors to increase accuracy significantly, but with a
computational cost that is not acceptable for this
type of device. Newer devices do not increase the
precision, and the brand is not relevant. Mobile
phones are the devices with the highest deviation.

In the second place, a positive correlation be-
tween the time involved in the race and the distance
measured by the GPS has been observed. Despite
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Fig. 6: Error obtained by the 12 most used devices in once the effect of the time has been discounted.
In general, There is a significative difference between road models and the rest (trail and phone apps)

a low coefficient, the effect can be considered as
significant. This effect has been taken into account
to calculate the average error of each GPS model.

The knowledge of the devices has a direct impact
on the performance of popular athletics. It allows
correcting the results obtained in training, giving
a more accurate view of their performance. As
the measures overestimate the distance, the real
pace is always faster. Furthermore, we can create
applications that take into account the effect to
provide the fittest feedback to the athletes while
they are training. There are many factors to consider
when purchasing a running watch: the kind of
activity (indoor, outdoor, multisport, trail, ultra),
battery life, map display, and tracking, monitoring
daily activity, size, or design. Following the study
data for a runner, the best choice would be a FR
235, to multisport a FR 920XT or FR 735. For
trail races, it is difficult to choose any since all
of them have a significant error. Anyway, Garmin
Fenix 5 is one of the most popular models and it
throws the best results in its group. Nevertheless, it
is severely affected by the height of the buildings,

which explains the bad results in cities such as NY
and Chicago.
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