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Abstract. We consider hourly PM10 measurements from 22 monitoring stations located in Basse-
Normandie and Haute-Normandie regions (France) and also in the neighboring regions. All consid-
ered monitoring stations are either urban background stations or rural ones. The paper focused on the
outlier statistical detection of the hourly PM10 concentrations from a spatial point of view.
The general strategy uses a jackknife type approach and is based on the comparison of the actual
measure with some robust prediction. Two ways to handle spatial prediction are considered: the first
one is based on the nearest neighbors weighted median which directly consider concentrations while
the second one is based on kriging increments, instead of more traditional pseudo-innovations.
The two methods are applied to the PM10 monitoring network in Normandy and are fully implemented
by Air Normand (the official association for air quality monitoring in Haute-Normandie) in the Mea-
surements Quality Control process. Some numerical results are provided on recent data from January
1, 2013 to May 31, 2013 to illustrate and compare the two methods.
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1 Pollution context

In France, the air quality is supported in each region by an official association (approved by the Min-
istry of Ecology). In the Normandy, consisting of two regions, Air Normand, based in Rouen (Haute-
Normandie), and Air C.O.M. (Air COM for short in the sequel), based in Caen (Basse-Normandie),
monitor air quality. In addition to their supervisory functions, their role is to inform the public regarding
the air he breathes. Thus, to fulfill their missions, Air Normand and Air COM measure air quality with
automatic analyzers scattered throughout the region, and publicize these measures, including by using a
website to inform the public on exposure to air pollution. Air Normand and Air COM work closely to
publish their measurements on a common website. In particular, measurements are spatially interpolated
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to produce maps of air quality. These maps are also published on the website.

However, it is important to prevent false maps due to outliers. Indeed, Air Normand provides a
mapping of air quality on the Normandy region updated every hour. The air quality is derived hourly
concentrations of four pollutants (O3, PM10, NO2 and SO2) and the maps provided by the numerical
model outputs. Each pollutant is mapped by correcting the numerical model outputs by the concentra-
tions measured in the network stations, using assimilation methods (see for example de Fouquet et al.
2011). Thus undiagnosed measurement errors can seriously affect the quality of the spatial reconstruction
of concentrations leading to give bad information to the public.

2 Statistical context

Thus, the aim of this work is twofold. First, to build tools in real time to detect the presence of outliers
generating an incorrect map, this would be valuable to validate obtained maps. Second, additionally
tools for outlier detection could also help in the measure validation of a specific pollutant network (here
the PM10 measure network). We consider in this work carried out with Air Normand, the problem of
spatial outlier detection in the context of particulate matter and more precisely the one of PM10, which
is the more crucial pollutant in Normandy.

A short survey of the literature about outliers among a large number of references can be quickly
performed. For example, we can first highlight the classical book of Barnett (2004), which contains
a chapter especially dedicated to this topic as well as some survey papers Planchon (2005), Ben-Gal
(2005) or more recently Chandola et al. (2009). However, these references are mainly concerned by
univariate or multivariate outliers but not specifically dedicated to the spatial nature of the data. Haslett
et al. (1991) as well as Laurent et al. (2006) explore spatial data analytic tools and deduce some outlier
detection procedures (see for example Filzmoser et al. 2012). In the case of spatial data, a classical
distinction is of interest: between a "global" atypical value, which consists in reasoning starting from
the behavior of the majority of data and a "local" atypical value which consists in reasoning from the
behavior of the observations that are geographical neighbors. Then four classes of observations can be
defined: typical, global atypical only (distinguished by standard tools), local atypical only and the last
one: local and global atypical. In this paper, we are interested in detecting local atypical observations.
Let us remark that a local atypical observation is often defined as an observation that differs from the
closer observations, so it is implicitly assumed that the data exhibit a positive spatial autocorrelation.
Of course it is important to check that it is realistic in each specific application. Some references are
particularly useful in our case: Cerioli et al. (1999) define a procedure based on kriging schemes and
dedicated to multiple outliers while Kou. et al., (2006), Shekhar et al. (2003) and Lu et al., (2003)
develop some simple, intuitive and robust ways to detect spatial outliers. Let us finally mention the very
recent paper of Li (2013).

3 Spatial outlier detection procedures

The basic idea of the detection algorithm we proposed is based on comparing the measured concentration
to some robust spatial prediction, following a classical jackknife type approach. The decision rule is then
based on thresholds coming from the distributions of prediction residuals along time. We consider two
ways to handle spatial outlier detection depending on the prediction method. The first one, inspired
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by Kou et al. (2006) and by Lu et al. (2003), is a nonstationary spatial way by comparing directly the
concentration of a given site with the weighted median of the concentrations of its neighbors with respect
to a pre specified neighborhood system. The second one is based on kriging the innovations, namely the
difference between the current observations and a reference set of past observations or numerical model
outputs, and not directly on concentrations.

In addition to an effective implementation of real-world solution and an example of successful col-
laboration between academics and experts in air quality, the originality of our statistical contribution
is, to our knowledge, double. First, about the nearest neighbors method, our idea is to introduce the
historical data, that is to say the time, both in the choice of limits of detection and the definition of the
neighborhoods by station with the weights associated to neighbors. Second, about the kriging method of
pseudo-innovations, our idea is to introduce time for the calculation of detection bounds and to work on
kriging increments, which is equivalent to an autoregressive modeling of the map of concentrations.

Our talk will be organized as follows. We describe the PM10 monitoring network, the Measurements
Quality Control process, the PM10 data and finally we recall some basics about kriging methodology.
Then we give the general principle of the outlier detection procedure and the two methods for spatial out-
lier detection: one based on the nearest neighbors weighted median and one based on kriging increments
instead of pseudo-innovations. Finally we present the outlier detection results on some recent database
and then we propose a discussion and some concluding remarks.

4 Conclusion

We have developed a general statistical outlier detection strategy from a spatial point of view. It uses a
jackknife type approach and is based on the comparison of the actual measure with some robust predic-
tion. Two ways to handle spatial prediction are considered: the first one is based on the nearest neighbors
weighted median which directly considers concentrations while the second one is based on kriging in-
crements, instead of more traditional pseudo-innovations, with two different variants. The proposed
methods have been applied to the hourly PM10 concentrations of the monitoring network in Normandy
(France). As a result, the actual situation is to compute all the three indicators coming from the different
variants and to alert the technicians, which take the final decision to keep or not the data, when it is
possible. In off-line mode, the provided methods are currently used as new tools for data validation.
In a fully automatic mode for the construction of maps during the night especially, the problem of the
decision rule is under consideration. An adaptive solution could be to follow the best method up to the
current hour for each station.
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