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ABSTRACT
Up-to-date information on urban air pollution, such as reli-
able pollution maps, is of great importance for health pro-
tection agencies to timely assess the air quality situation
and provide advice to the general public. Ultrafine parti-
cles (UFPs) are widely spread in urban environments and
believed to have severe impact on the human health. How-
ever, the lack of spatially resolved data hampers profound
evaluation of these effects. In this work, we introduce one of
the largest spatially resolved UFP data set available today,
with over 25 million measurements to build high-resolution
pollution maps for an urban area of 100 km2. The data is
collected throughout more than one year using mobile sensor
nodes, which are installed on top of public transport vehicles
in the city of Zurich, Switzerland. We develop land-use re-
gression models to create pollution maps with a high spatial
resolution and study their temporal resolution limit.

Categories and Subject Descriptors
I.5.1 [Pattern Recognition]: Models—Statistical

Keywords
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1. INTRODUCTION
Air pollution is a major concern in urban environments.

Reliable air pollution maps are valuable information sources
for the general public as well as environmental scientists to
craft and evaluate new policies. Nowadays, air pollution is
monitored by networks of static measurement stations oper-
ated by official authorities. These stations are very accurate
and highly reliable. However, their extensive cost severely
limits the number of installations, resulting in a limited spa-
tial resolution of today’s state-of-the-art pollution maps.
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(a) Data coverage.

 

 

2 km

P
a
rt

ic
le

 c
o
n
c
e
n
tr

a
ti
o
n
 [
p
a
rt

ic
le

s
/c

m
3
]

0.5

1

1.5

2

2.5
x 10

4

(b) Pollution map.

Figure 1: The sensor nodes, deployed on top of pub-
lic transport vehicles, achieve a good coverage (black
dots) of Zurich, Switzerland. The UFP data is used
to derive high-resolution pollution maps.

Spatio-temporal trade-off. The concentration of air pol-
lutants, especially in urban regions, has a high temporal
and spatial variability. To create pollution maps with a
high spatial resolution, it is essential to have highly spa-
tially resolved measurements at hand. This can be achieved
by using compact low-cost sensors, which can be integrated
into mobile sensor nodes. Node mobility trades off temporal
coverage for an increased spatial coverage and makes it pos-
sible to obtain a high spatial measurement resolution and to
increase the covered area without the need of hundreds or
thousands of sensors. However, compared to static stations
the temporal resolution of individual locations is consider-
ably lower. Hence, a network of mobile sensor nodes allows
to derive pollution maps with a high spatial resolution. The
attainable temporal resolution (e.g., daily, hourly), however,
depends on the quantity, quality, and temporal and spatial
distribution of the data. In this work, we develop pollution
maps with yearly to semi-daily time scales and study their
resolution limit.

2. MONITORING ULTRAFINE PARTICLES
Ultrafine particles (UFPs) are particles with a diameter

of less than 100 nm. They are believed to have a more se-
vere impact on human health than the traditionally moni-
tored PM10 and PM2.5 [1]. The uncertainty in the estimated
health effects is mainly due to the small database of epi-
demiological studies quantifying the effects of UFP, a result
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Figure 2: Huge amount of data is collected over the
course of 14 months with three service phases.

of the high acquisition cost of traditional UFP measurement
devices and paucity of spatially resolved exposure data [4].
Air Pollution Monitoring System. Starting in 2012, we
gradually equipped ten public transport vehicles in Zurich,
Switzerland, with air quality measurement stations [5]. The
sensor nodes regularly traverse, on top of streetcars, a large
urban area of 100 km2, as depicted in Fig. 1(a). The nodes
are equipped with MiniDiSCs [2], a novel handheld device for
UFP monitoring. The MiniDiSCs sample UFP every 50 ms
and aggregate 100 measurements to one sample per 5 s. The
geotagged measurements are transmitted in real-time over
the GSM network to the back-end server.1

Data set. In total we collected over the course of 14 months
more than 25 million measurements, as shown in Fig. 2. The
raw measurements undergo filtering and null-offset calibra-
tion processes. This helps achieve high data quality, but in-
validates around 40 % of the measurements. Periodic main-
tenance phases reduce this gap, as noticeable after service
phase (2) in Fig. 2. However, due to device aging consider-
ably more data is filtered out in 2013 than in 2012.

3. LAND-USE REGRESSION MODELS
Land-use regression models (LURs) use a set of explana-

tory variables (land-use and traffic characteristics) to model
pollution concentrations. In a first step, the dependency
between the explanatory variables and the measurements is
evaluated. Then, this relationship is used to predict the pol-
lution levels for all locations without measurements but with
available land-use information.

We derive separate models for diverse temporal subsets
of our data set for maps with yearly, seasonal, monthly, bi-
weekly, weekly, daily, and semi-daily temporal resolutions.
The models use a set of nine explanatory variables, e.g., in-
dustry density, traffic volume, building heights, and terrain
elevation. The predicted pollution maps have a resolution
of 100 m, such as the map depicted in Fig. 1(b). Typically,
terrain elevation, building heights, and traffic density have
the highest impact on the modeled pollution concentration.

4. TEMPORAL RESOLUTION LIMIT
We analyze the quality of the models by comparing mea-

sured with predicted concentrations. We calculate the co-
efficient of determination (R2) and the root-mean-square
error (RMSE) values for in total 989 pollution maps with
yearly to semi-daily temporal resolutions. The (adjusted)
R2 indicates from 0–1 how good the predicted values fit
the observations (1 denotes the perfect fit). The RMSE
measures the difference between the predicted and observed
concentrations.

1Data is available at http://www.opensense.ethz.ch.
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(a) Coefficient of determination (R2).
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(b) Root-mean-square error (RMSE).

Figure 3: Maps with yearly, seasonal, and monthly
time scales have a good quality with acceptable R2

values and low RMSEs. Maps with high temporal
resolutions (e.g., semi-daily maps) perform less well.

The median R2 of yearly to monthly maps is around 0.38,
and slightly decreases for shorter time scales, as shown in
Fig. 3(a). This is an acceptable value given our mobile set-
ting with low-cost sensors. Recently published PM2.5 LUR
models have R2s from 0.17–0.82 [3].

Fig. 3(b) shows that the RMSEs grow with increasing tem-
poral resolution. Yearly to biweekly maps have low RMSEs,
which are in the same range as those of recently published
models [3]. Daily and semi-daily maps have on average 40 %
higher RMSEs than yearly and seasonal maps.

5. OUTLOOK
With the introduced modeling approach, we are able to

create reliable pollution maps with a high spatial resolution
for yearly to monthly time scales. For shorter time scales,
such as daily maps, the quality of the model predictions suf-
fers from the limited numbers of measurements available to
the LUR model. We plan to tackle this problem by incorpo-
rating past measurements that satisfy specific criteria into
the modeling process. Therewith, we increase the data set
available to derive the model, and with that hopefully the
quality of the pollution maps with high temporal resolutions.
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