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Highly resolved pollution maps are a valuable resource for many issues related to air quality including
exposure modelling and urban planning. We present an approach for their generation based on data
from a mobile sensor network and statistical modelling.
An extensive record of particle number concentrations (PNCs) spanning more than 1.5 years was
compiled by the tram-based OpenSense mobile sensor network in the City of Zurich. The sensor network
consists of 10 sensor nodes installed on the roof of trams operating on different services according to
their regular operation schedules. We developed a statistical modelling approach based on Generalized
Additive models (GAMs) utilizing the PNC data obtained along the tram tracks as well as georeferenced
information as predictor variables. Our approach includes a variable selection algorithm to ensure that
individual models rely on the optimal set of predictor variables. Our models have high temporal and
spatial resolutions of 30 min and 10 m by 10 m, respectively, and allow the spatial prediction of PNC in
the municipal area of Zurich.
We applied our approach to PNC data from two dedicated time periods: JulyeSept. 2013 and Dec. 2013
eFeb. 2014. The models strongly rely on trafﬁc related predictor variables (vehicle counts) and, due to the
hilly topography of Zurich, on elevation. We assessed the model performance by leave-one-out crossvalidation and by comparing PNC predictions to measurements at ﬁxed reference sites and to PNC
measurements obtained by pedestrians. Model predictions reproduce well the main features of the PNC
ﬁeld in environment types similar to those passed by individual trams. Model performance is worse at
elevated background locations probably due to the weak coverage of similar spots by the tram network.
We end the paper by outlining a route ﬁnding algorithm which utilizes the highly resolved PNC maps
providing the exposure minimal route for cyclists.
© 2015 Elsevier Ltd. All rights reserved.
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Particle number concentration (PNC) in ambient air has obtained increased attention in recent time. The number distribution
of ambient particles is clearly dominated by particles with a
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diameter less than 300 nm (Kumar et al., 2010). Particles, especially
those of the smallest size fraction, potentially impair human health.
Ambient particles can be of primary origin (e.g. combustion
processes) or result from secondary formation (e.g. atmospheric
photochemistry, condensation of semi-volatile vapours). In many
cities, road vehicles are the dominant source of ambient particles.
Contributions from other sources such as combustion by-products
from industries, ship exhausts, construction works, cooking,
biomass burning, sea spray and photochemical nucleation are less
important in general (Heal et al., 2012; Kumar et al., 2010).
The effect of ultraﬁne particles (UFPs; often deﬁned as particles
with a diameter less than 100 nm) on human health is being
intensively investigated, particularly due to the increasing use of
engineered nanoparticles (nanotechnologically produced solid
particles). Recent studies point out that inhaled UFPs may enter the
lung tissues and systemically spread in the human body reaching
many organs including the heart, liver, kidneys and brain (Heal
et al. (2012); Cassee et al. (2013), and references therein). Health
effects caused by ultraﬁne particles in ambient air have been
investigated in several studies. However, their ﬁndings are not
consistent concerning the impact (Heal et al. (2012), and references
therein). This might be related to difﬁculties in obtaining accurate
personal UFP exposure estimates as required in epidemiological
studies.
Routine monitoring programs for ambient PNC are less
comprehensive than for particle mass, addressed e.g. by PM2.5 and
PM10 (mass of particles with a diameter less than 2.5 mm and
10 mm, respectively). One reason for this is that PNC is not regulated, i.e. ambient limit values do not exist. However, the spatial and
temporal variability of PNC is considerably higher than for particle
mass, especially in cities with small-scale variances in source activities (e.g. trafﬁc) and the density of the built environment.
Therefore, a small number of highly precise and costly PNC
measuring instruments yields accurate time-series but information
about the spatial variability remains limited. Nevertheless, PNC is at
one site permanently measured in Zurich.
Options for improving the knowledge of the small-scale PNC
ﬁeld are the use of a larger number of instruments and mobile
measurement platforms. Several studies discuss the development
of mobile platforms for the measurement of PNC and point out the
spatial variability of the concentration ﬁeld in urban environments
(Bukowiecki et al., 2002, 2003; Kittelson et al., 2004; Pirjola et al.,
2004; Weijers et al., 2004). Kehl (2007) and Hagemann et al.
(2014) explored the potential of tram-based measurements of air
pollutants including particulate matter in Zurich and Karlsruhe,
respectively. In principle, by installing a sensor box on top of a tram
Kehl (2007) used a similar measuring concept as applied in this
study. Utilizing the vehicle ﬂeet of a public transport company is a
feasible component of an operational system for long-term routine
measurements.
Progress in instrument and sensor technology has yielded
enhanced devices with respect to usability, cost and size (Fierz
et al., 2011; Mead et al., 2013). These developments lead to viable
sensor networks. In the framework of the OpenSense project
initiated in 2012 a mobile sensor network has been developed and
maintained in the city of Zurich (Hasenfratz et al., 2015). This effort
resulted in an extensive record of PNC data spanning about 1.5
years (~50 million samples).
Several methods have been applied to derive pollutant concentration ﬁelds from measurements (e.g. Jerrett et al., 2005). A
widespread approach is statistical modelling, and in particular
land-use regression (LUR) modelling. LUR models assume a (linear)
dependency of the pollutant concentration on spatial predictors
(Briggs et al., 1997; Hoek et al., 2008). Typically, existing LUR
models are based on measurements obtained during campaigns

and yield seasonal or annual mean concentrations. Such LUR
models for the UFP number concentration were presented by
Abernethy et al. (2013); Hoek et al. (2011); Ragettli et al. (2014);
Rivera et al. (2012); Sabaliaukas et al. (2015); Saraswat et al. (2013).
PNC maps for Zurich with seasonal to semi-diurnal resolution
have been derived based on the PNC data set of the OpenSense
network using LUR (Hasenfratz et al., 2015) and Gaussian Process
Models (Li et al., 2014). Both models employed a spatial resolution
of 100 m by 100 m.
In this study, we generate PNC maps with 10 m by 10 m spatial
and 30 min temporal resolution based on statistical modelling
utilizing measurements from the OpenSense mobile sensor
network and georeferenced data. We selected two time periods
directly succeeding instrument maintenance for our study: July
2013 to September 2013 and December 2013 to February 2014. Our
study explores the potential of statistical models to reveal smallscale differences in PNC in the urban environment.
2. Data and methods
2.1. Modelling domain
The modelling domain comprises the municipal area of Zurich
(91.9 km2) which is located in the Swiss plateau at the northern end
of lake Zurich (Fig. 1). Elevation in this domain ranges from 390 to
870 m a.s.l. Zurich had a population of 3980 575 in 2013. Its urban
area is dominated by service industry and residential areas. There
are no heavy industry and only few industrial emission sources.
Woodlands and agricultural areas make up more than 25% of the
municipal area.
2.2. Particle number concentration (PNC) data
2.2.1. Tram-based PNC measurements
The PNC measurements used in this study were obtained by the
OpenSense mobile sensor network (Li et al., 2012; Hasenfratz et al.,
2015). This network was initially deployed in July 2012 and
extended from 5 to 10 sensor nodes in January 2013. The sensor

Fig. 1. Map of the municipal area of Zurich. The white triangles depict the locations of
the permanent monitoring sites (Table 1). The reddish colors depict elevation above
sea level. (For interpretation of the references to colour in this ﬁgure legend, the reader
is referred to the web version of this article.)
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nodes are installed on the roof of trams. Each node is equipped with
sensors measuring ozone (O3), carbon monoxide (CO), particle
number concentration (PNC), humidity and temperature as well as
a GPS receiver and devices for data transmission (GSM, WiFi). More
detailed information on the sensor nodes are presented in
Hasenfratz et al. (2015).
PNC was measured by using modiﬁed unipolar diffusion chargers (MiniDiSCs, Fierz et al. (2011)). They are able to measure
concentrations in the range between 103 and 106 particles/ccm.
PNC is measured for particle size distributions with average diameters between 10 and 200 nm. PNC measurements are averaged
to 5 s mean values before being transmitted to the central database.
Dedicated ﬁlters are applied to the raw data in order to correct
drifts of the offset of the measured particle concentration and to
exclude data during the warm-up phase of the instrument as well
as data of low quality indicated by status variables of the instrument (e.g. too low air ﬂow).
The tram system of Zurich operates permanently from 5 a.m. to
1 a.m. The nodes are conﬁgured such that measurements are taken
whenever the tram is powered. The GPS positions were improved
by applying a map matching algorithm which projects the obtained
positions orthogonally to the nearest tram track. A preprocessing
routine applied to the PNC data ensures high reliability: PNC
measurements were rejected for concentration readings below 102
and above 106 particles/ccm and for position corrections exceeding
50 m. Measurements within depot areas, in tunnels and in areas
where the tram tracks were crossed by road bridges were excluded.
Most tracks of the tram network are located on urban roads that
are also used by motorized trafﬁc. Nonetheless, several route segments are exposed to none or only a small amount of motorized
trafﬁc (e.g. passage through car-free roads, sports grounds, turning
loops at the terminal stations). The assignment of the ”OpenSense”trams to particular tram lines, and thereby the locations and dates
of the obtained measurements, is subject to the operation schedule
of the transport company of Zurich. It may alter from day to day.

2.2.2. PNC measurements at permanent sites
We use PNC data obtained at four ﬁxed regulatory air quality
monitoring sites in the city of Zurich for model validation. Local
authorities provided PNC data at the monitoring station Schimmelstrasse (SCH), where the only routinely operated condensation
particle counter (CPC) in Zurich is located. Furthermore, we performed additional PNC measurements at three existing monitoring
facilities (Table 1). PNC readings may differ depending on the
employed instrument. CPC instruments (model CPC 3775, TSI Inc.,
Shoreview, MN) count particles as small as 4 nm (product speciﬁcations) resulting in a slightly higher PNC than provided by the
MiniDiSC which has a lower cutoff size of approximately 10 nm. We
encountered in various test settings differences between the two
instruments in the order of 10%.

2.3. Geo-referenced data
Spatial data used origins from different departments of the City
and the Canton of Zurich. The trafﬁc data obtained for the City of
Zurich (provider: Ofﬁce of Environmental and Health Protection
(UGZ), City of Zurich) and directly adjacent regions (provider: Ofﬁce
of Waste, Water, Energy and Air (AWEL), Canton of Zurich) includes
the network geometry and the average daily number of light and
heavy vehicles on particular roads, respectively. Further, we
received the digital elevation model (provider: AWEL) and the
three-dimensional building model of the city of Zurich (provider:
Ofﬁce of Geomatics and Surveying (GeoZ), City of Zurich) as well as
detailed emission data of building heating systems used in emission inventories (provider: UGZ).
Based on the spatial information we computed a set of predictor
variables to be used in the regression analysis of the instantaneous
PNC measurements (Table 2). All the predictors cover the whole
municipal area of Zurich in a 10 m by 10 m cell resolution.
Trafﬁc intensities were derived using the following procedure:
First, the cumulated distance CDLT/HT,i travelled by all light (LT) and
heavy (HT) vehicles, respectively, within a cell i is computed. Second, moving ﬁlters based on different weighting functions wij are
applied to this data. The ﬁltering corresponds to a dilution of particles in basic dispersion. In summary, trafﬁc intensities T in a cell j
w.r.t. light (LT) and heavy (HT) vehicles, respectively, are formally
expressed by

TLT=HT;j ¼

X
i

CDLT=HT;i $wij ¼

X

d

#dij

CDLT=HT;i $exp

0

(1)

i

where dij is the distance between cell i and cell j and d0 is the
distance where wij equals 1/e.
We use two types of distances for dij:
(a) 2-D Grid distance. dij is the shortest path between cell i and
cell j. The path is constrained to pass the centre of grid cells
(queen's case contiguity) and is not allowed to cross buildings. The weights wij are multiplied by the factor
P
P
wij;uba = wij where wij,uba are the corresponding weights
for the case of an unbuilt area. The factor is related to the
building density and, hence, the potential trapping of pollutants at a given location.
(b) 2-D Euclidean distance.
We set wij ¼ 0 for dij > 0.5 km (a) and dij > 2.0 km (b). Moreover,
we formally distinguish near ﬁeld (NF) and far ﬁeld (FF) trafﬁc
predictors with d0 $ 50 m and d0 > 50 m, respectively (only relevant
w.r.t. the predictor selection). The daily number of light and heavy
vehicles on different roads in Zurich is strongly correlated
(r z 0.92).
The second type of trafﬁc predictor which represents the

Table 1
Description of the PNC data set obtained at four air quality monitoring sites. The number vehicles per day includes all vehicles on roads within a 60 m radius. Date format: dd/
mm/yy.
Site

Heubeeribueel
(HEUB)

Kaserne
(ZUE)

Schimmelstrasse
(SCH)

Rosengartenstrasse
(RGST)

Position (X/Y/H) [m]
Site characteristic

685125/248460/615
Urban background
~1450 veh./day
(Next road at 35 m)
03/02/14e02/03/14
MiniDiSC
1s

682450/247990/408
Urban background
~17,600 veh./day
(Courtyard situation)
25/06/13e01/04/14
CPC 3775
1 min

681941/247245/412
Urban roadside
~35,500 veh./day

682095/249940/433
Urban roadside
~63,750 veh./day

Routinely operated
CPC 3775
1 min

17/01/14e18/02/14
MiniDiSC
1s

Measurement period
Measuring instrument
Measurement interval
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Table 2
Summary of the predictors used in the regression analyses. Only one predictor out of a group G is selectable for an individual model. #: Number of predictor variables of a
category, LT: Light trafﬁc, HT: Heavy trafﬁc, NF: Near ﬁeld, FF: Far ﬁeld, a: Grid distance, b: Euclidean distance.
Category

G

#

Remark

Trafﬁc intensity NF [LT,a]
Trafﬁc intensity NF [HT,a]
Trafﬁc intensity NF [LT,b]
Trafﬁc intensity NF [HT,b]
Trafﬁc intensity FF [LT,b]
Trafﬁc intensity FF [HT,b]
Distance to nearest crossroad
Heating systems (PM10)
Elevation a.s.l.

1
1
1
1
2
2
3
4
5

4
4
4
4
8
8
1
5
1

Eq.
Eq.
Eq.
Eq.
Eq.
Eq.

distance to the nearest crossroad is based solely on the geometry of
the trafﬁc network.
PM10 emissions from building heating systems are available
from an inventory. We use this data as a proxy for describing the
impact of this source on ambient PNC. We are aware of the limited
correlation between PNC and PM10 at Swiss air quality monitoring
sites. We test if higher PM10 emissions are an indicator for an
increased PNC concentration. PM10 emissions from particular
heating systems with a heat input less than 1 MW are calculated
based on information on the heat input, the fuel type and the
respective emission factors. Fuel consumption depends approximately linearly on heat input for this type of systems. Emissions of
heating systems with a heat input exceeding 1 MW were omitted as
we have no information on the respective fuel consumption (applies to ~0.7% of the heating systems, ~27% of the heat input).
Spatial PM10 distributions were obtained by using Eq. (1) with 2D
euclidean distances for dij and by replacing the term CDLT/HT,i by the
PM10 emissions within the respective 10 m by 10 m grid cells.
2.4. Modelling approach
2.4.1. Generalized additive models
The PNC in Zurich is modelled by using Generalized Additive
Models (GAM) (Hastie and Tibshirani, 1996; Wood, 2006). We estimate a constant and independent PNC model for every 30 min. All
available tram-based PNC measurements (5 s measuring interval)
within such a time period are used for the parameter estimation (up
to 360 measurements per sensor and modelling interval). Note that
each measurement relates to a time stamp and a position and, thus,
to a covariate value. A single PNC measurement is expressed by
n
X

logPNC ¼ c þ

i¼1

si ðgeoi ðx; yÞÞ þ ε

(2)

where c is the model intercept, si are thin plate regression splines,
geoi are predictor variables, x, y are the coordinates of the measurement and ε is the error. The GAMs were computed by using the
mgcv library of R (Wood, 2011).
The PNC measurements in Eq. (2) are logarithmised due to their
skewed distribution. Hence, the PNC is the product of exp(c) and the
particular impact factors exp(si(geoi)). Further, the model estimates
in the logarithmic domain correspond to the median PNC instead of
the mean PNC. Therefore, the obtained values were adjusted by

!

mPNC;adj ¼ exp

mPNC þ12s2PNC

"

(3)

where mPNC and sPNC denote the estimated model value and its
accuracy, respectively, in the logarithmic domain (cmp. e.g. Miller,
1984). The trams were operating and collecting data depending

(1),
(1),
(1),
(1),
(1),
(1),

type
type
type
type
type
type

a, with d02{10,20,30,50m}
a, with d02{10,20,30,50m}
b, with d02{10,20,30,50m}
b, with d02{10,20,30,50m}
b, with d02{75,100,150,200,250,300,350,400m}
b, with d02{75,100,150,200,250,300,350,400m}

Based on Eq. (1) with d02{100,150,200,300,400m}

on the timetable of the public transport in Zurich and on maintenance and repair. Consequently, the number of measurements in
30 min time intervals varies. Models were computed only for intervals including at least 3 sensors (2 for cross-validation models)
and 50 measurements.
2.4.2. Variable selection process
We perform an automatic variable selection algorithm for every
30 min model in order to account for the varying activity of emission sources and different meteorological conditions. It is an iterative process based on the minimization of the Akaike information
criterion (AIC) (Sakamoto et al., 1986). It follows the predictor selection processes outlined in Jackson et al. (2009), Barmpadimos
et al. (2011) and Mueller et al. (2015).
The selection algorithm contains two main steps:
1. Selection of the ﬁrst variable: Consecutively, n individual GAMs
are computed based on a single explanatory variable. The variable corresponding to the GAM with the lowest AIC is selected.
The parameter n denotes the number of predictor variables.
2. Selection of additional variables: n # 1 GAMs are computed
including the already selected and one of the remaining predictor variables. The additional predictor variable corresponding
to the model with the lowest AIC is selected in case that the AIC
of this model is lower than the AIC of the best model derived in
the preceding step.
Step 2 is repeated as long as the AIC can be reduced by the selection of an additional variable.
Three constraints were imposed on the variable selection process in Step 2. First, the predictor variables were grouped. Only one
predictor variable out of a group is selectable for an individual
model (Table 2). Second, a variable can only be selected for a model
if a minimum part of its parameter range is associated with PNC
measurements. This is most relevant for elevation which is only
selectable for a particular model if the trams provide measurements at locations spanning an altitude range of 100 m. It was kept
less demanding for trafﬁc (100 m) and PM10 (6e32% of total range)
predictors. Third, predictor variables with a variance inﬂation factor
(VIF) (Freund et al., 2006) exceeding 2.5 w.r.t. previously selected
variables are excluded.
In addition, we increase the penalization term in the AIC from
the standard value 2 to 65. Hence, a larger improvement of the
model ﬁt is required for the selection of an additional predictor
variable (compare Section 2.4.3).
2.4.3. PNC model predictions
The spline functions describing the impact of predictor variables
on the PNC are not based on physical laws and increased uncertainty is associated with extrapolations. Therefore, we only
compute predictions P for the locations xP, yP for which the
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following applies:

$
#
%
&
PðxP ; yP Þ2 cgeos ðxP ; yP Þ $ min geos;m $ geos ðxP ; yP Þ
&'
%
$ max geos;m

(4)

where geos,m denotes the values of a selected predictor associated
with PNC measurements in the particular interval. Thus, model
predictions usually do not cover the whole municipal area of Zurich. Each additionally selected predictor in a model improves the
model ﬁt but reduces the number of predictions.
3. Results
We applied our statistical modelling approach to PNC data
captured by the OpenSense network in the periods 29/07/2013 to
30/09/2013 (summer period) and 12/12/2013 to 28/02/2014
(winter period). 2246 and 2826 models, respectively, were
computed for the two periods.
3.1. Selected variables
Table 3 shows the number of predictors that were selected for
individual models. On average, the models in the winter period rely
on slightly more predictors than those in the summer period. The
number of times a variable is selected at all, as the best ﬁtting
predictor and as single predictor of an individual model is depicted
in Fig. 2.
Individual predictors with smooth gradients over the settlement
area (elevation, trafﬁc intensities/PM10 with d0 ¼ 400 m) are
selected most frequently. Proportionally, they are rarely selected
exclusively. Selection frequency of near ﬁeld trafﬁc predictors taking into account the building density is similar to that of the basic
versions for models in summer season. It is recognizably higher for
models in winter season. The predictors based on PM10 emissions
from heating systems are of minor importance except of the one
with d0 ¼ 400 m.
3.2. Model performance
3.2.1. Comparison with measurements at ﬁxed monitoring sites
Model predictions for the locations of the permanent air quality
monitoring sites ZUE, SCH, RGST and HEUB (Table 1) were
compared to reference measurements (30 min mean values) in
order to assess model performance. The agreement is quantiﬁed in
terms of RMSE, correlation, factor of 2 and bias. The results of this
comparison are shown in Table 4 and depicted in Fig. 3. The predicted and observed PNC correspond best at sites SCH and ZUE and
slightly worse at site RGST. The model considerably overestimates
the PNC at site HEUB (location characteristics: elevated, at the slope
of a hill surrounding the city, less trafﬁc impact; compare Figs. 1 and
6).
3.2.2. Comparison with measurements obtained by pedestrians
Model predictions were compared with measurements
Table 3
Number of selected predictors per model. Average number of selected predictors per
model: 1.5 in summer period, 1.7 in winter period.
Predictors per model

Summer period

Winter period

1
2
3
4
5

1435
617
176
18
e

1278
1076
423
47
2

[63.9%]
[27.5%]
[7.8%]
[0.8%]
[-]

[45.2%]
[38.1%]
[15.0%]
[1.7%]
[0.1%]

Fig. 2. Frequency a particular predictor is selected in total, is selected ﬁrst and is
selected as exclusive predictor. D2CR denotes the distance to the next crossroad. The
coloring corresponds to the groups deﬁned in Table 2.

Table 4
Comparison of model predictions and corresponding 30 min mean PNC observed at
the permanent sites RGST, SCH, ZUE and HEUB. RMSE and correlation denote the
root mean square error and the correlation coefﬁcient (Pearson correlation),
respectively. FAC2 and DEV25 denote the fraction of model predictions within a
factor of 2 and 25% of the measurements, respectively. The parameter a denotes the
slope of a linear regression through the origin. N denotes the number of 30 min
samples. Compare also Fig. 3.
RGST

RMSE [pts/ccm]
Correlation [e]
FAC2 [%]
DEV25 [%]
a [e]
N [e]

10980
0.59
87.2
43.4
0.98
857

SCH

ZUE

HEUB

Summer

Winter

Summer

Winter

4473
0.74
96.7
58.7
0.98
2058

6046
0.84
97.5
59.6
1.05
2761

3890
0.81
98.4
69.4
0.88
2237

4603
0.86
98.2
62.8
1.00
2815

6665
0.65
74.5
19.1
1.61
314

obtained by pedestrians during 17 walking tours in Zurich. The
comparison of measured and predicted 20 min mean PNC reveals a
reasonable agreement (values within a factor of two: 90.1%, correlation: 0.65, N: 91). More details are included in the supplementary materials.
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Fig. 3. Comparison of model predictions and corresponding 30 min mean PNC observed at the permanent sites RGST, SCH, ZUE and HEUB. The parameter cor denotes the correlation
coefﬁcient (Pearson-correlation), RMSE denotes the root mean square error, N denotes the number of measurements.

3.2.3. Leave-one-out cross-validation
We performed a leave-one-out cross-validation where data of
one particular sensor is excluded from the model estimation process. PNC was predicted based on these models for every point in
time and location the sensor left out provided a measurement. The
comparison between predictions and measurements is based on
mean PNC in 15 min intervals, respectively (Table 5, Fig. 4). A
fraction of 94.3/94.9% of the predicted mean concentrations is
within a factor of 2 two of the observations. The models slightly

underestimate the PNC.
In addition, the 15 min mean PNC measured by the sensors left
out were compared to observations obtained at the permanent
monitoring sites ZUE and SCH. Model predictions exhibit a better
agreement with the tram observations than the observations at the
ﬁxed sites, albeit the ﬁxed monitoring sites catch the temporal
variation to the limit of the aggregation (15 min aggregation periods; 30 min modelling periods; 1 min sampling interval at sites
ZUE and SCH). This shows that the models capture well the

M.D. Mueller et al. / Atmospheric Environment 126 (2016) 171e181
Table 5
Results of the leave-one-out cross-validation. Measurements and predictions are
aggregated to 15 min mean concentrations, respectively. See Table 4 for the explanation of the statistical parameters. Compare also Fig. 4.
Summer

RMSE [pts/cc]
Correlation [e]
FAC2 [%]
DEV25 [%]
a [e]
N [e]

Winter

Model

ZUE

SCH

Model

ZUE

SCH

5776
0.67
94.3
59.5
0.80
20686

6937
0.56
88.0
46.5
0.78
20686

6708
0.54
88.7
46.1
0.86
19794

7837
0.77
94.9
60.0
0.83
32633

10018
0.67
85.7
42.8
0.70
32518

9007
0.67
90.2
48.1
0.86
32168

temporal and large-scale variations of the PNC ﬁeld while also
reproducing small-scale variations.
3.3. Intra-urban differences in PNC
We computed for eight locations in the centre of Zurich the
average diurnal PNC between 29/07/2013 and 30/09/2013 and between 12/12/2013 and 28/02/2014, separately for working days and
weekends/public holidays (Fig. 5(a)). This aggregation focuses on
location characteristics omitting any day-to-day variations (up to
±104 particles/ccm for hourly values). The results are depicted in
Fig. 5(b) and (c) together with vehicle counts obtained at three
automatic count locations (bi-hourly aggregated data; data provided by the police department of the City of Zurich).
The ﬁgures reveal the following aspects for PNC in Zurich: (a)
PNC is strongly time dependent in terms of time of day, weekday
and season. PNC may exceed three times the early-morning level at
locations heavily impacted by trafﬁc. (b) Intra-urban variations in
PNC are rather small in time periods with little source activity (e.g.
trafﬁc). (c) Meteorological conditions heavily impact PNC. PNC is
generally higher during the morning than during the evening rush
hour despite similar trafﬁc counts.
4. Discussion
The presented methodology of generating PNC maps based on
measurements of a mobile sensor network consists of three main
parts: network operation and measuring technique, computation of
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spatial predictors and statistical modelling.
4.1. Network operation and measuring technique
The PNC measurements of the OpenSense mobile sensor
network form a unique data set in terms of spatial and temporal
resolution and the time span of continuous operation. The
employed MiniDiSCs are not designed for continuous autonomous
operation and, therefore, require regular maintenance for optimal
performance. Both selected data periods directly follow maintenance of all the installed devices.
Measurements of the OpenSense mobile sensor network are
spatially restricted to the tram tracks. The tram network in Zurich is
most dense in the city centre as most tram lines are cross-city
services (Fig. 1). We compared the distribution of predictor values
in the municipal area of Zurich and associated with measurements
obtained by the OpenSense network. The comparison revealed that
the OpenSense network does not provide a uniform measurement
distribution w.r.t. spatial information types (Fig. 6). Moreover, some
spatial features such as elevation are only partly captured by the
network. As an example, measurements for locations with an altitude exceeding 520 m a.s.l. are obtained only when an OpenSense
tram operates on tram line No. 6 connecting the Zoo (altitude:
650 m a.s.l.). Extending the mobile network by static nodes at locations with distinct spatial characteristics (e.g. heavily trafﬁcked,
urban background at different altitudes such as parks and side
streets) would remove these limitations. Moreover, such nodes
would provide data also in times of day where the tram network
does not operate. These limitations in network design most likely
contribute to the worse ﬁt of the model predictions to measurements obtained at site HEUB compared to those obtained at sites
ZUE, SCH and RGST (Table 4).
4.2. Spatial predictors
The predictors most frequently selected as the ﬁrst variable of a
model are characterized by relatively smooth spatial variation
(elevation, trafﬁc intensities/PM10 with d0 ¼ 400 m). However,
these predictors are predominantly selected in models which rely
on more than one variable (Fig. 2). Measurements performed at
HEUB indicate that PNC in Zurich is considerably lower at higher

Fig. 4. Results of the leave-one-out cross-validation. The ﬁgure depicts the comparison of observed and predicted 15 min mean PNC in the winter period. The parameter cor denotes
the correlation coefﬁcient (Pearson-correlation), RMSE denotes the root mean square error, N denotes the number of measurements, Q denote the corresponding quantiles. FAC2 and
DEV25 denote the fraction of predictions within a factor 2 and 25% of the measurements, respectively.
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Fig. 5. (a) Map of the city centre of Zurich depicting the locations for which the diurnal variations in PNC are analysed during the summer and the winter periods. T denotes the
number of vehicles per day on the closest road (up to a distance of 30 m), H denotes the altitude in meters. (b) Diurnal PNC variations in August/September 2013. Vehicle counts at
[6] and [8] are depicted as dashed lines. (c) Diurnal PNC variations in the period December 2013 to February 2014. Vehicle counts at [6], [7] and [8] are depicted as dashed lines. On
average, there are about 20% less predictions available for locations 1, 2 and 4 than for the remaining ones in both seasons. There are no PNC models between 1 and 4 a.m.

altitudes than in the city centre. Smooth predictors representing
the impact of trafﬁc and heating systems and elevation are all
suitable to model these concentration differences as trafﬁc volume
and building density both decline with increasing altitude (Fig. 1).
Our models do not reveal a large impact of heating activities on
PNC concurring with results of Weimer et al. (2009). The frequent
selection of the PM10 predictor with d0 ¼ 400 m is most likely a
statistical artefact as this predictor is selected likewise frequently in
the summer and in the winter period. Possibly, the computation of
the heating system related predictors using Eq. (1) is not adequate,
there is no distinct pollution signal on the ground since the point of
emission is at roof level and/or the correlation between PM10 and
PNC is too low.
Our statistical modelling represents an elementary approach
w.r.t. particle dispersion and aerosol physics (cmp. e.g. Ketzel and
Berkowicz (2004)). Three-dimensionality is only partly incorporated, i.e. in the computation of a predictor series representing the
near-ﬁeld trafﬁc impact and by means of the elevation of a location.
Other aspects such as elevated or lowered roads, artiﬁcial structures not included in the building models and vegetation were not
considered. In addition, we do not employ meteorological parameters such as wind speed and wind direction. Such features were
shown to have a clear impact on the pollutant concentration ﬁeld
(cmp. e.g. Bowker et al., 2007; Riley et al., 2014; Karner et al., 2010).
Nevertheless, changes in meteorology are implicitly incorporated
in our modelling approach by the predictor selection performed for
every 30 min interval (compare also Fig. 5).

4.3. Statistical modelling
The applied statistical modelling includes some arbitrary elements, namely the constraints on eligibility of predictors (i.e. predictor groups, minimal parameter ranges associated with
measurements, variance inﬂation factor) and the increase of the
penalization parameter in the Akaike information criterion. We
performed computations with modiﬁed parameter settings for the
analysis period in the winter in order to assess the impact of the
imposed constraints on the results.
Alternative versions A and B employ both minimal constraints
(no groups and minimum parameter ranges, VIF ¼ 2.5). The AIC
penalization parameter equals 2 in version A and 65 in version B.
On average, 6.4 predictors are selected in individual models of
version A, 2.0 in models of version B and 1.7 in the basic version,
respectively. Versions A and B both perform worse than the basic
version in terms of cross-validation and the comparison to measurements at ﬁxed sites (Table 6).
The choice of the temporal resolution of the models is a tradeoff between capturing the short-term signatures of the PNC ﬁeld
and the aggregation of a spatially representative data set for the
entire urban area. The time span of 30 min corresponds approximately to the travel time between the two terminal stops of most
tram services in Zurich. Measurements obtained at permanent sites
show that PNC may rapidly change in shorter time periods, for
example at the beginning of the morning rush hour. Models with an
increased temporal resolution of 15 min (Version C in Table 6) do
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application ﬁelds. We brieﬂy outline an application related to
minimizing a cyclist's exposure to particles.
Travelling by bicycle from location A to location B on different
routes is associated with unequal exposure given a spatially variable pollution concentration ﬁeld (Hertel et al., 2008). However, a
person's ﬂexibility in the selection of his daily destinations (e.g.
home, workplace, recreation) is limited. Hence, the search for a
route where minimum exposure is expected is a reasonable
concern.
Route ﬁnding algorithms reveal the optimal path between two
nodes in case that the costs for travelling the edges of a graph are
known (e.g. Dijkstra, 1959). The costs can be based on travel distance, travel time or travel expenses. Further, the costs can also be
derived based on pollution concentration maps (Hasenfratz et al.,
2015).
We compute human exposure and the costs for travelling a road
segment by using the following approach: We assume both the
respiratory frequency fr and the volume of inhaled air Vinh proportional to the power Pcy raised by the cyclist. We let Pcy be constant during the ride. Consequently, the total number of inhaled
particles Nt along a path is
n
X
Nt ¼ fr $Vinh $ PNCi $Dti
i¼1

¼ const$

n
P

i¼1

PNCi $

(5)

si
vi

Hereby, PNCi , si, Dti, and vi denote average PNC, length, travel
time and velocity associated with a particular road segment i. n
denotes the number of road segments travelled. The velocity vi of a
cyclist results from

Fig. 6. Comparison of the distributions of predictor values within the city of Zurich
(ZH) and associated with the measurements of the OpenSense network (OS) between
12/12/2013 and 26/02/2014. The shape of the distributions w.r.t. the OpenSense
network depicted in (c) and (d) are connected to the large residence time of OpenSense
trams in the city center. The symbols depict the characteristics of the four reference
sites (compare Table 1). The measurements on the trams cover sufﬁciently the location
characteristics of sites ZUE, SCH and RGS but only sparsely those of site HEUB.

Table 6
Results of the cross-validation for the alternative versions A, B and C and for the
basic version outlined in Section 2.4. Aggregation period: 15 min. See Table 4 for the
explanation of the statistical parameters.

RMSE [pts/cc]
Correlation [e]
FAC2 [%]
DEV25 [%]
a [e]
N [e]

Basic version

Version A

Version B

Version C

7837
0.77
94.9
60.0
0.83
32633

7926
0.76
95.1
60.8
0.84
30359

7876
0.76
94.9
60.1
0.84
32287

8055
0.75
94.7
58.6
0.83
32259

not perform better in terms of cross-validation results and comparison to observations obtained at ﬁxed sites compared to the
models of the basic version.
5. Example application using PNC maps with high spatiotemporal resolution
A series of maps containing highly resolved information on the
PNC ﬁeld is a valuable resource for air quality assessment, exposure
analysis and land use planning in the urban environment. Its
combination with other (spatial) data sets opens up multifaceted

Pcy ¼

(r

air

2

)
$cair $Acy $v2i þ m$g$ðsinai þ cosai $croll Þ $vi

(6)

The used parameters are described in Table 7. The optimal path
features the minimum for Nt (Eq. (5)). We used the R package igraph
(Csardi and Nepusz, 2006) for the search of the optimal path. The
utilized network graph is directed and was constructed based on
the bicycle tracks including the bans on turns obtained from the
City of Zurich (publicly available). Most tracks are identical with
regular roads.
A cyclist will probably not analyse his routeing options on a daily
basis for the pollution situation encountered in Zurich. More likely
are general inquiries, e.g. for the optimal route to work or to school
within a certain time of day for a particular season. We examined
this application for several routes but pick one route only for discussion as comparability of individual routes is limited (e.g. due to
differences in length and location).
An example of a routeing analysis (A to B: 7e9 a.m. on working
days (WD) and on weekends/public holidays (WE/PH) in winter
period) is presented in Fig. 7. Hereby, a set of optimal routes w.r.t.
particles exposure was computed based on all the maps meeting
the speciﬁed time criteria. A fraction of 20.5% (WD) and 5.9% (WE/
Table 7
Parameters used in Eq. 6 for the computation of the velocity of a cyclist.
Density of air
Drag coefﬁcient
Cyclist's front area
Mass of bike and cyclist
Rolling resistance
Power raised by cyclist
Gravity acceleration
Slope of road segment i

rair
cair
Acy
m
croll
Pcy
g

ai

1.2
0.8
0.56
85
0.0050
100
9.81

kg/m3
m2
kg
W
m/s2
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PH), respectively, of the minimum exposure paths feature an up to
10% lower exposure to particles while they require at maximum
10% more travel time compared to the fastest path. The most
frequently selected path is likely exposure minimal if most of its
segments are selected with high frequency (Fig. 7(a)). If several
paths are selected with similar frequencies no clear recommendation can be provided. Nevertheless, the user is advised of a set of
alternative routes (Fig. 7(b)).
The computations show that exposure to particles can often be
reduced by expending a reasonable amount of extra time when
travelling through Zurich. Admittedly, in many cases the fastest
route is just the route with minimum exposure as indirections
cause a travel time extension or as the fastest route is simply least
impacted by trafﬁc. This application requires a PNC ﬁeld with a
spatial resolution adequate to the distances between and the
lengths of the roads (~50 m) and with a temporal resolution
catching the diurnal and weekday variations (~1 h).
The effect of ambient particles on human health has not been
completely established yet. Accordingly, the best target variable
(e.g. average or maximum PNC) to be minimized in a route ﬁnding
algorithm remains arguable.
6. Conclusions
We presented a method for modelling particle number concentrations in the urban environment which relies on measurements from a mobile sensor network and georeferenced
information. The performance analysis evidence that our modelling
approach reasonably predicts the main features of the PNC ﬁeld.
Results of the leave-one-out cross-validation shows that modelled
PNC acceptably agree with observations. Agreement of predicted
PNC values with measurements obtained at inner-urban monitoring sites is good whereas it is suboptimal at an elevated background site which location characteristics were not well captured
by the mobile sensor network.
The tram-based OpenSense mobile sensor network does not
provide equally distributed measurements in terms of the
employed predictor variables. Some location types within the city
are not captured by measurements at all. Consequently, the data set
is representative for a limited area only. An extension of the
network by static sensor nodes at selected locations such as heavily
congested or background locations could remove these limitations.
However, this study leaves open the impact of an optimised
network on the accuracy of the results.
Moreover, we showed the feasibility of computing the PNC as
encountered by pedestrians as well as a route ﬁnding algorithm for
cyclists based on PNC maps. Both applications require information
on the concentration ﬁeld with spatial (~50 m) and temporal (~1 h)
resolutions adequate to the variations in the PNC ﬁeld.
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