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The need to determine outliers in analytical data sets is important to ensure data
quality. More sophisticated techniques are required when the checking of
individual results is not possible, for instance with very large data sets. This paper
outlines a novel method for the detection of possible outliers in multivariate sets
of air quality monitoring data, here the metals content of ambient particulate
matter. Principal component analysis has been used to take advantage of the
expected correlation between metals concentrations at individual monitoring sites
to produce a summary statistic based on the deviation of each observation from
the expected pattern, which can then be interrogated using one-dimensional
robust statistical techniques to identify possible outliers. The sensitivity of this
statistic to the number of principal components included in the summary statistic
has been examined, and the method has been demonstrated on exemplar data
from the UK Heavy Metals Monitoring Network where it has produced very
accurate predictions of outlying data.

Keywords: principal component analysis; analytical chemistry; data screening;
ambient air; air quality networks

1. Introduction

The need to ensure the robustness of very large data sets produced by analytical
measurement processes is ever present. This requires data screening techniques that can
identify outliers in large analytical data sets that have undergone multiple data-handling
and manipulation procedures as well as being affected by errors introduced by sample
collection, preparation and analysis procedures. An example of the requirement for the
screening of complicated analytical data sets is an air quality network measuring multiple
pollutants at a number of monitoring sites. Outliers in such measured mass concentration
data could be caused by a number of factors, including sample contamination, incorrect
transcription or manipulation of sampling or analytical data, or an analytical error.
Outliers may also be introduced by monitoring at local ‘hot-spots’ or by medium or long-
range transport events. It is important to remove such outliers as they may bias summary
air quality statistics such as time-averaged concentration values. Once a possible outlier is
identified, it is important to investigate fully the suspect observation in order to determine
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whether there is an identifiable cause for the unexpected value. If such a reason is found

then these values may be removed from the data set. Outlying values occurring from ‘hot

spot’ events or long range transport episodes should be retained for separate analysis of

the event in question. The main difficulty with spotting outliers in the concentration values

of pollutants in ambient air is that one expects the true concentrations of these pollutants

at a specific monitoring location to vary in a very complex manner which will depend on

changes in emission rates from local and remote, diffuse and point sources, and variations

in meteorological conditions.
It is very difficult to judge whether any given value in a series of individual

measurements of a single pollutant constitutes an outlier, if a detailed study of emissions

and meteorological parameters is not carried out. Fortunately several ambient pollutants

are usually measured at once at air quality monitoring stations–for instance, this paper

will discuss the concentration of various metals in ambient particulate matter, 12 of which

are measured at each location on the UK Heavy Metals Monitoring Network [1]. The

expectation is that the concentrations of many of these metals will show some correlation

with each other because they originate from the same sources. Deviation from this

expected correlation, rather than changes in the absolute measured values is therefore

proposed here as a method to identify possible outliers requiring further examination.
The analysis of correlation in multivariate data is the basis of principal component

analysis (PCA). However, other simpler techniques have been previously used to detect

outliers in ambient pollutant data. It has been shown previously [2] that Benford’s law

is useful for screening measurements of one pollutant at many measurements sites or of

many pollutants at one measurements site provided the measured quantities span a large

range. However, Benford’s law cannot effectively screen data sets which are small or do

not span large ranges. Moreover, Benford’s law does not specifically use the correlations

between the multiple components measured at one site, which can provide added value to

the screening process. Zipf’s law [3] has also been proposed as a data screening technique

for analytical data. Zipf’s law is able to take account of correlations between pollutants

at one site, and is also effective for small data sets, which show a small range of values, and

for mishandled data that cannot be effectively detected using Benford’s law. However,

Zipf’s law requires prior ‘calibration’ with an unbiased data set before it can be used

effectively in this regard. For data sets with a large number of outliers, or whose

characteristics are not well known, this is not possible. The use of PCA as an outlier

detection tool requires no prior ‘calibration’ with a known data set. PCA has previously

been used directly as an outlier detection technique using complex statistical and

mathematical methods [4–6], and in air quality studies to optimise the design of air quality

networks [7], and for source apportionment studies [8]. However, to the best of the

authors’ knowledge no significant studies have used PCA to identify outliers in data

from air quality monitoring networks. Moreover, the motivation in this work is to provide

a simple and user-tuneable technique using PCA to identify potential outliers in air quality

studies, particularly for large data sets produced by air quality networks, where over-

complicated and time consuming mathematical techniques are not appropriate.
Therefore, in this paper PCA is used in a two part process with simple robust statistics

to identify possible outliers in sets of ambient pollutant data from an air quality network.

It is shown that often several principal components (PCs) must be considered in order to

ensure that possible outliers are properly captured.
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2. Experimental

Individual UK air quality monitoring networks are operated on behalf of the Department
of the Environment, Food and Rural Affairs (Defra) by scientific contractors who
are responsible for reporting measured pollutant concentrations to Defra and the
public Air Quality Archive [9]. It is advantageous, both to Defra, and to contractors of
the monitoring networks, to have a simple and robust procedure to screen data sets.
In 2006 the UK Heavy Metals Monitoring Network consisted of 17 sites situated around
the UK at roadside, industrial, rural and urban background locations [1] (this has since
risen to 24 sites following a reorganisation and expansion in 2007–2008 in order to ensure
compliance with the EC Fourth Air Quality Daughter Directive [10]). Particulate samples
are taken at all sites using Partisol 2000 instruments, fitted with PM10 (defined as: air
pollutants consisting of particles with an aerodynamic diameter less than or equal to
10 micrometers) size selective heads, operating at a calibrated flow rate of approximately
1m3 h�1. Samples are collected for a period of one week onto 0.8mm pore size mixed
cellulose ester membrane filters (Pall, GNMetricel). After sampling, the filters are digested
in acid and analysed for their As, Cd, Cr, Cu, Fe, Mn, Ni, Pb, Pt, V, Zn and Hg content
using a PerkinElmer Elan DRC II ICP-MS and the standard procedure detailed in EN
14902 [11] and previously described [12]. (The analysis of Pt and Hg requires a slightly
different digestion procedure.) This produces a maximum of 52 sets of results for
12 metals at each site every year. Usually fewer than 52 sets of data are produced
because of instrument servicing, or breakdown. Therefore the data matrices analysed by
PCA for each of the 17 monitoring sites consisted of between 52 and 44 observations
(depending on location), with each observation comprising measurements of 10 analytes.
For the purposes of this data analysis, results for Pt and Hg at all sites have been
discarded since these are commonly below the detection limit and would bias the outcomes
of this study. ‘Concentration’ is used to refer to ‘mass concentration’ throughout this
study.

Data analysis was rapid and straightforward, and used widely available PC software
such as Microsoft Excel, with the PCA performed using commercially available XLSTAT
(Addinsoft) add-in software. Weekly concentration data (expressed as ngm�3, in ambient
air) acquired by the UK Heavy Metals Monitoring Network in 2006 for 10 elements
at 17 monitoring sites was used to demonstrate the applicability of detecting outliers.
Before performing PCA the data were pre-processed using variance scaling and
mean centring–known as auto-scaling when combined. The auto-scaling pre-processing
equalised the importance of each metal (as a result of the variance scaling), and ensured
that the sum of the scores for each PC is zero (as a result of the mean centring). In the
analysis each network site was considered separately. The method described in this
manuscript is based on the first order approximation that all measured values at an
individual site are expected to be influenced mainly by the local sources and meteorology,
so that significant correlation is expected. Furthermore it is assumed for the purposes
of this demonstration that there is little or no correlation expected between different
sites, since metals are primary pollutants with localised sources and the overlap of
sources for any two sites is small compared to the contributions from the local source.
This approximation is supported by modelling studies of heavy metals in the UK [13],
although it is acknowledged that the complete picture is significantly more complex and
contributions from medium and long-range transport may be significant [14,15].
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3. Results and discussion

PCA allows the quantity of data considered to be reduced when correlation is present such

that the data is re-plotted with respect to new axes which best describe the variability of the

data set. This notwithstanding, PCA does not in itself identify possible outliers, but may

be used to display the data in a way that standard quantitative outlier tests may be used

to identify possible outliers.
In this way the process aims to identify individual sample filters or ‘observations’ that

are outlying, because the relative proportions of metals measured on them is not consistent

with the expected relative proportions. Once a filter is identified as a potential outlier, it is

then necessary to review the data for that filter to identify which individual metals may

have the problem associated with them. However, between filters, the metals identified as

outlying may change. These changes may affect the position of the individual filters with

respect to their scores on the first two PCs in different ways and so it is often necessary to

examine more than just the first two PCs to ensure potential outliers are captured, as shall

be demonstrated. The requirement therefore is to provide a single statistic following PCA

analysis that combines the information from several PCs.
The results of the PCA for the observations (each comprising the concentrations of

10 elements) at each monitoring site on the UK Heavy Metals Monitoring Network in

2006 are displayed as a plot of eigenvalue against principal component (scree plot) for each

monitoring site in Figure 1. As can be seen the monitoring sites show similar relative

profiles. Often in PCA the number of useful PCs is determined from such a plot either

qualitatively, by examining the point at which the curve, when plotted on linear axes,

shallows out (the point at which the steep slope of ‘mountain’ becomes the shallow ‘scree’

at the base of the mountain), or quantitatively by using all PCs with eigenvalues of 1 or

greater. Observing the data in Figure 1, this latter criterion would imply the use of only the

Figure 1. ‘Scree plot’ of eigenvalues (on a log scale) against principal components for the weekly
observations of the concentration of 10 metals in ambient particulate matter in 2006 at 17
monitoring sites on the UK Heavy Metals Monitoring Network, each site being represented by
a different line on the plot.
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first three or four PCs. However, this may not be sufficient when attempting to minimise
false negatives (i.e. outliers not picked up by the process).

The results of the PCA have been expressed as the vector distance of the individual
observations from the origin of the principal component space, similarly to a technique
previously outlined [16], such that:

Di,m ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiXm
k¼1

u2i,k

s
ð1Þ

where Di,m is the vector distance of observation i from the origin of the principal
component space over the first m PCs, and ui,k is the principal component score of
observation i on principal component k. As a result of the mean centring pre-processingPn

i¼1 ui,k ¼ 0. This vector distance can then be expressed in relative terms as the
proportion of the total deviation expressed by all observations attributable to one
observation. This is given by:

Drel,i,m ¼
Di,mPn
i¼1 Di,m

ð2Þ

where
Xn

i¼1
Di,m is the sum of the vector distances from the origin of the principal

component space of all n observations, over the first m PCs.
Since the data set ensemble considered using this technique is from a single monitoring

site we would not expect several discreet clusters of observations, but a single cluster
around the origin of the principal component space. Outlying observations would sit
further away from this cluster and thus the proposed statistic in Equation (2) is a useful
measure to detect such observations. This gives a simple summary statistic encompassing
information from the first m PCs that can then be used to determine outlying observations
(here representing suspect sampled filters) using traditional one-dimensional outlier tests.

This procedure has been undertaken for the data at the London Cromwell Road site in
2006 and this data is displayed in Figure 2. (There are fewer than 52 observations because
of incomplete time coverage during the year.) As can be seen, as the number of PCs
included in the analysis increases, the profile of the plot changes consistently up until
about four or five PCs are used, after which point the profile of the plot remains fairly
constant, but the relative magnitudes decrease. The important point to notice from this is
that it is essential to include more than just the first two PCs to ensure that all significant
outliers have been captured. Including extra PCs after the profile of the plot remains
invariant and serves only to decrease the signal to noise ratio of outliers to the other
observations.

In simple terms we want to include enough PCs to ensure that all outliers have been
captured, but not so many that the prominence of the outliers becomes diluted by the
random variability encompassed by the higher PCs. Deciding on the number of PCs that
should be retained for outlier analysis is important. Retention of too few components can
distort the output of the analysis giving both false positives and negatives, whereas
retention of too many PCs diminishes the signal-to-noise giving false negatives. We will
work on the general principle in this study that the optimum number of PCs will identify
the maximum number of outliers and is likely to be greater than one. In the context of the
analysis being considered here it is preferable to identify false positives, and discount these
during later investigation, rather than allow false negatives to escape investigation. Since
the potential discrepant values when they occur are generally extreme compared to the
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Figure 2. Percentage of the total deviation, Drel,i,m, expressed by each observation (sampled filter)
at Cromwell Road in 2006 (in chronological order), calculated with Equation (2) using a varying
number of principal components from 1 to 8 (as displayed in the top right of each graph). The off-
scale values for the plots using 1 and 2 principal components are 36 and 27, respectively.
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mean value, the most appropriate method for outlier detection from the summary statistics

will involve robust statistical methods that are not biased by extreme outliers [17].
In this way, for each plot in Figure 2 (including the analogous ones for 9 and 10 PCs

not shown in Figure 2) the median and median absolute deviation of the set of Drel,i,m

values have been calculated. The robust standard deviation has then been estimated

(assuming the underlying concentration distributions to be normal) as 1.5 times the

median absolute deviation. A possible outlier is then indicated if for observation i:

Drel,i,m � �̂
�� ��

�̂
� z ð3Þ

where �̂ and �̂ are the median and robust standard deviations, respectively, of the set of n

values of Drel,i,m, and z is the outlier criterion. The results of this analysis for observations

at Cromwell Road, Sheffield and Walsall, respectively, in 2006 are displayed in Figures

3(a), 3(b) and 3(c). As expected the number of possible outliers detected decreases as the

value of z increases, however there is clearly some additional structure associated with the

number of PCs included. In general the number of possible outliers detected is high when

one PC only is included, but then falls initially as multiple PCs are included, before

increasing again and reaching a maximum for the inclusion of about five PCs. After this

point the number of possible outliers detected falls once more as the model moves towards

including all the PCs. The results in Figures 2, 3(a), 3(b) and 3(c) support the earlier

assertion that the optimum number of PCs to include is likely to maximise the predicted

potential outliers, and be greater than one. At low numbers of PCs, high numbers of

predicted outliers are observed but this is expected to include many false positives and false

negatives. As more PCs are included, up to the number giving the most possible outliers,

the number of false positives is minimised, whilst the number of false negatives falls

further. As the number of PCs used increases further and the signal to noise decreases

there is a large increase in false positives, but the number of false negatives does not show

such a dramatic increase. Hence it seems sensible to err on the side of including slightly too

many PCs, rather than too few. The effectiveness of the technique may additionally be

tuned by variation of the outlier criterion, z. Unlike changing the number of PCs used in

the analysis, the effect on the number of outliers predicted as z changes is monotonic.

When z is too low too many false positives will be detected, and if z is too high there will be

too many false negatives. False positives may be tolerated, as they may be re-examined and

then discarded, but they act to increase the quantity of work required to be performed on the

data set. False negatives, however, are more serious as they allow discrepant data to pass

unnoticed. The sensitivity of the technique to the number of PCs included in the analysis is

highlighted in Figures 4(a), 4(b) and 4(c), which display the observations identified as

possible outliers for m¼ 4, 5 and 6, when z¼ 3, for observations at Cromwell Road,

Sheffield and Walsall, respectively, in 2006. Considering the Cromwell Road data, as we

move from 4 to 5 PCs an extra observation is identified as a potential outlier (which turns

out to be a genuine outlier, see Table 1), and then as wemove from 5 to 6 PCs a further extra

observation is included (which turns out to be a false positive upon investigation), but two

observations are dropped (which are genuine outliers – see Table 1 – thereby becoming

false negatives). Similar trends are observed for the Sheffield and Walsall data, with 5 PCs

predicting the maximum number of outliers in all cases, and non-identical sets of

observations being predicted for the different PCs. This strongly supports the hypothesis

that under these conditions the use of the first 5 PCs is the optimum configuration.
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Figure 3. (a) The number of possible outliers predicted for the observations at Cromwell Road
during 2006 using the method described in the text, as a function of the number of principal
components, m, included and the outlier criterion, z. The outliers predicted decrease from 18
(bottom centre) to 3 (top right) with each contour line representing a change of 1 in this value – as
additionally indicated by the contour markers. The contour lines have been smoothed for clarity.
(b) The number of possible outliers predicted for the observations at Sheffield during 2006 using
the method described in the text, as a function of the number of principal components, m, included
and the outlier criterion, z. The outliers predicted decrease from 14 (bottom centre) to 5 (top left)
with each contour line representing a change of 1 in this value – as additionally indicated by the
contour markers. The contour lines have been smoothed for clarity. (c) The number of possible
outliers predicted for the observations at Walsall during 2006 using the method described in the
text, as a function of the number of principal components, m, included and the outlier criterion, z.
The outliers predicted decrease from 16 (bottom centre) to 2 (top right) with each contour line
representing a change of 1 in this value – as additionally indicated by the contour markers. The
contour lines have been smoothed for clarity.
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(This may not necessarily be exactly the same for other pollutant data sets, but the
similarities of the plots in Figure 1 suggest that this conclusion is transferable for other sites
on the UK Heavy Metals Network.)

From the data in Figures 2, 3(a), 3(b) and 3(c) values of z andm of 3 and 5, respectively,
have been chosen as appropriate criteria for the test data sets presented here. Table 1
shows the results of this analysis for the Cromwell Road monitoring site. The procedure

Figure 4. (a) Venn diagram displaying the observation numbers predicted as possible outliers at
Cromwell Road during 2006 by the procedure described in the text using 4, 5 and 6 PCs when z¼ 3.
(b) Venn diagram displaying the observation numbers predicted as possible outliers at Sheffield
during 2006 by the procedure described in the text using 4, 5 and 6 PCs when z¼ 3. (c) Venn diagram
displaying the observation numbers predicted as possible outliers at Walsall during 2006 by the
procedure described in the text using 4, 5 and 6 PCs when z¼ 3.

Table 1. The possible outlying observations at Cromwell Road in 2006 identified using the
procedure described in the text for m¼ 5 and z¼ 3, their outlying characteristics, the results of an
investigation into the observation, and the action taken as a result of this investigation.

Observation
number

Outlying
characteristics Results of investigation Action taken

5 Cd (high) High standard deviation on
analytical measurement

Uncertainty of value
increased accordingly

13 All elements (high) Exposure volume under
reported

All values corrected

18 Ni (high) Likely filter contamination Ni value removed
20 Ni (high) Likely filter contamination Ni value removed
39 All elements (low) Sampler failure resulted in

very low exposure volume
Observation removed

40 Cr, Mn (high) No obvious problem Values retained
42 As, Pb (high) High standard deviation on

analytical measurements
Uncertainty of values

increased accordingly
44 All elements (low) Sampler failure resulted in

very low exposure volume
Observation removed
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suggested eight possible outliers. These are plotted in Figure 5 along with the normalised
concentration data for the 10 elements measured at the monitoring site, for comparison. All
the observations in Figure 5 have been investigated fully to determine whether there were
problems with the sampling or analysis procedure. This identified seven values in the year,
which were subject to likely filter contamination, sampling problems, data reporting errors,
or analytical problems. The results of the novel method described above identified all seven
of these observations, and additionally one false positive result for which no problem
could be found. Figure 5 also gives a good indication of the value added to the outlier
determination by using PCA. Robust outlier tests on the individual element concentrations
alone would have produced many different possible sets of outliers, ultimately resulting in
increased numbers of false positive and false negatives. The use of PCA prior to the use of
robust statistics enables the expected correlation of the concentrations of individual
elements to be taken into consideration.

4. Conclusions

The requirement to identify outliers in analytical data sets is always present. The need
to do this for large and multivariate data sets requires more sophisticated methods.
This paper has presented a novel method for the determination of outliers in multivariate
air quality data sets. This technique involves the use of PCA to provide a summary
parameter equal to the vector distance of the observation from the origin of principal

Figure 5. Concentrations for the 10 metals measured at Cromwell Road in 2006, normalised to the
relevant 2006 average at Cromwell Road for each metal, in the order: As (bottom), Cd, Cr, Cu, Fe,
Mn, Ni, Pb, V and Zn (top) with each plot offset by þ1 from the plot beneath it. The possible
outliers identified using the procedure described in the text for m¼ 5 and z¼ 3 are indicated by the
vertical dotted lines.
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component space. Robust outlier tests have then been applied to the values produced for
each observation in order to identify possible outliers. It has been shown that the number
of possible outliers identified is a function of the number of PCs included in the summary
statistics for each observation and the number of robust standards deviations chosen as
the outlier criterion. The number of PCs is chosen so as to minimise the number of false
positive and false negatives (with false negatives being more serious). It has been observed
that the specific observations identified as outliers change initially as extra PCs are
included, but once the outliers identified are stable the addition of extra PCs acts only to
decrease the signal to noise ratio of the summary statistics for a set of observations –
ultimately decreasing the number of observations identified as outliers. This method has
been demonstrated on exemplar data from the UK Heavy Metals Monitoring Network
where it successfully predicted all the known outlying observations with only a small false
positive rate. It has been shown that the proposed method is more effective and faster than
the examination of trends of each of the individual metal concentrations for a set of
observations, as it uses the expected correlation between the concentrations of different
metals as a basis against which possible outlying data is judged, rather than the absolute
deviation from the mean or median used by traditional outlier tests. It is proposed that this
technique could be very useful in air quality networks that measure multiple pollutant
species at each site, and where the concentrations of these pollutants are expected to show
correlation. In particular it will be most useful at industrial and urban sites where
correlations between primary pollutants from common sources are expected to be strong.
The technique will be less useful at background and rural sites where secondary pollutants
are being measured, or where long-range transport is significant, so strong correlation
between observed values would not be expected. Further testing of this method on other
monitoring sites, and for other pollutants, is essential to confirm the promising potential
of this method demonstrated in the study presented here.
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