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Uncertainty assessment of PM, .
contamination mapping using
spatiotemporal sequential indicator
e e simulations and multi-temporal
e monitoring data

YongYang!?, George Christakos**, Wei Huang'2, Chengda Lin'?, Peihong Fu'2 & Yang Mei’2

Because of the rapid economic growth in China, many regions are subjected to severe particulate
matter pollution. Thus, improving the methods of determining the spatiotemporal distribution and
uncertainty of air pollution can provide considerable benefits when developing risk assessments and
environmental policies. The uncertainty assessment methods currently in use include the sequential
indicator simulation (SIS) and indicator kriging techniques. However, these methods cannot be
employed to assess multi-temporal data. In this work, a spatiotemporal sequential indicator simulation
(STSIS) based on a non-separable spatiotemporal semivariogram model was used to assimilate multi-
temporal data in the mapping and uncertainty assessment of PM, ; distributions in a contaminated
atmosphere. PM, s concentrations recorded throughout 2014 in Shandong Province, China were used
as the experimental dataset. Based on the number of STSIS procedures, we assessed various types

of mapping uncertainties, including single-location uncertainties over one day and multiple days and
multi-location uncertainties over one day and multiple days. A comparison of the STSIS technique with
the SIS technique indicate that a better performance was obtained with the STSIS method.

Numerous studies have indicated that particulate matter (PM) in the atmosphere is related to various adverse
impacts on human health!?. China has experienced rapid economic growth and industrialization as well as a
surge in car usage and urbanization, and these changes have generated severe amounts of particulate matter
(PM) pollution® and caused serious health impacts on China’s populace. For example, the statistical data from the
National Health and Family Planning Commission of China showed that the current lung cancer incidence rate in
China is growing by approximately 26.9% a year®. To evaluate the PM pollution conditions in China, the Chinese
government has investigated the underlying characteristics of PM pollution. On February 29%, 2012, the third
revision of the “Ambient Air Quality Standard” (AAQS) (GB 3095-2012) was released®, and starting in January
2013, 113 of the major cities in China began releasing the recorded concentrations of seven pollutants, including
sulfur dioxide (SO,), nitrogen dioxide (NO,), particulate matter with aerodynamic diameters equal to or less
than 10 pum (PM,), particulate matter with aerodynamic diameters equal to or less than 2.5 um (PM, ), carbon
monoxide (CO), 1 h peak ozone (O,), and 8 h peak O°. Based on these monitoring data, a number of studies have
been performed to determine the spatiotemporal variability of pollutants in the air®”#. In addition, a number of
studies have used spatio-temporal geostatistical methods, including Bayesian maximum entropy (BME)°-!! and
kriging interpolations'?, to determine the spatiotemporal distribution of pollutants. However, a smoothing effect
commonly occurs in maps generated by these techniques, and it can cause underestimations or overestimations
of pollutants'® and misclassifications of polluted areas. However, the kriging estimate at each unsampled location
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Figure 1. Location of the study area and the spatial distribution of the monitoring sites. (Created by
ArcMap, version 10.2, http://www.esri.com/).

includes a kriging variance that measures the estimation uncertainty. A contaminated area cannot be reliably clas-
sified without considering this uncertainty'; thus, estimation uncertainty is an important factor when assessing
the level of risk resulting from a pollutant!®.

Generally, risk assessments are based on the quantification of specific uncertainties involved in classifying
contaminated sites, and the results are expressed in terms of exceedance probabilities. In certain cases, quanti-
tative uncertainty assessments can be performed using two main groups of techniques: the first group includes
non-linear geostatistics techniques, such as disjunctive kriging (DK) and indicator kriging (IK)'6"'%; and the sec-
ond group includes stochastic simulation algorithms, such as sequential indicator simulations (SISs) and sequen-
tial Gaussian simulations (SGSs), which generate a set of equiprobable representations (realizations) of the spatial
distribution of target attribute values and uses the differences among the simulated maps as a measure of uncer-
tainty!>?. In general, SIS is more commonly used (or perhaps is more “fashionable”) than IK for uncertainty
modeling?'. Moreover, SIS can overcome the limitations inherent in IK, such as the smoothing effect’” and an
inability to consider variation in estimations at unsampled locations or simultaneously reproduce multi-points
of uncertainty?!.

However, long-term uncertainty information related to PM in the atmosphere for a region may be more mean-
ingful because a number of studies have linked long-term exposure to PM with certain diseases?**. Nevertheless,
the uncertainty assessment methods listed above are generally used for processing data in a single period because
they are incapable of integrating multi-temporal data. Therefore, we cannot determine the spatial distribu-
tion of exceedance probabilities over a long period of time. Furthermore, it is important to determine whether
multi-temporal data for an environmental variable can improve the accuracy of uncertainty models when the
environmental variable is monitored continuously over many sites.

Based on these considerations, the aim of the present work was to use the spatiotemporal sequential indica-
tor simulation (STSIS) technique® to assimilate multi-period data and generate many realizations. The many
realizations generated by STSIS were subsequently used to estimate the various uncertainties associated with the
delineation of PM, 5, and the results were compared with those obtained using the SIS. For illustration purposes,
we used a data set of PM, ; concentrations in the air recorded in 2014.

Materials and Methods

Study area and data sources. The study area is located in Shandong Province, China, and it covers a
national territorial area of 157.9 thousand Km?. The data presented in this study were obtained from 96 national
air quality monitoring sites during the period from January 1, 2014 to December 31, 2014 (data were obtained
from the following website: http://113.108.142.147:20035/emcpublish). The spatial distribution of monitorting
was shonw in Fig. 1. The ambient concentration of PM, ; was measured according to the China Environmental
Protection Standard HJ655-2013%. At each site, the daily PM, 5 concentration was calculated by averaging the
hourly data.

Spatiotemporal sequential indicator simulation (STSIS) algorithm.  To distinguish between space
(S) and time (T), let Z(x) = {Z(s, t)|s € S, t € T} represent a variable defined on a geographical domain S € R* and
a time interval T€R. The STSIS algorithm used in this study involves the following steps. The first step is to code
each PM, ; concentration observation value z(s, t) into vector K indicator values using the indicator transforma-
tion function I(s, £; z,):

L » 1) <
I(s, t;2,) = z(s ) <z c=1,..,K
0, otherwise (1)
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where z, is a desired cutoff value of PM, 5 concentrations. In this study, the cutoff values were set to 34 pg-m=—3

(20% percentile), 53 pg-m~> (40% percentile), 74 pg- m~> (60% percentile), and 106 ug- m > (80% percentile). For
each of the four PM, ; concentration cutoff values (z,), the experimental spatio-temporal (ST) semivariogram of
the indicator code was calculated using the following equation:

1 N (hg, hy)

_ . _ . 2
Ai(hg, hy) = 72N(hs, ) ,2=:1 [I(s,t;2,) —I(s+ hg, t + hy; 2.)] @

where hgand A are the spatial and temporal lags, respectively, and N(h,, hy) is the number of pairs in the ST lag
for the indicator codes of PM, ; concentrations.

There are two main approaches to fitting a theoretical model to the spatiotemporal experimental variogram.
The first approach relies on separable variogram modeling, which assumes separate spatial and temporal variation
structures and represents the total ST variogram as the sum of these structures. This approach facilitates struc-
tural analyses; however, it presents a number of important drawbacks caused by assumption of a strict separation
of spatial and temporal structures. For example, this approach implies that the spatial behavior must be the same
for all time points and the temporal behavior must be the same at all spatial locations. However, such consistency
is not observed in practice, where different spatial patterns emerge at different times and time series at different
locations show different behaviors*”?%. The second approach relies on a non-separable model that can overcome
some of the above drawbacks. There are various non-separable covariance and variogram models®-32. In this
study, the experimental ST semivariogram was modeled using a non-separable spatiotemporal semivariogram
model.

v
2 _1
Yilhg hy) = ¢y 4 c{1 — [1 + Lz(hs +ahp)?| e ¢ lns+aha]
w

(3)
The parameters ¢, ¢, v, w, { and « should be calculated from the data. The parameters of the model (3) were

calculated simultaneously using a genetic algorithm to simultaneously estimate the parameters® using a fitness
minimization function, such as the root mean square error (RMSE):

RMSE = \/ZZ [31(hs: hy) = 7k, hy) P
i=1j=1 4)

where 7, and n, denote the number of spatial and temporal data pairs, respectively.
A random path visiting each ST node of a grid defined over the study area was established. Base on the proce-
dures of SIS***, at each unsampled location, the following procedures were employed.

(i) The probability that the PM, 5 concentration will not exceed 34, 53, 74 and 106 pg- m > was estimated at
each point (s;, t;) of the random path as a linear combination of the neighboring indicator values using ST
ordinary kriging. These probabilities were formally expressed by the corresponding conditional cumulative
distribution function (CCDF), whereas the spatiotemporal distances between (s;, t;) and the neighboring
indicator data points were determined by h,+ ahy.

(ii) 'The order relation deviations of the obtained probabilities were corrected, and a continuous model of the pri-
or CCDF of the PM, 5 concentration at location (s;, t;) was built by interpolating or extrapolating the CCDF
values.

(iii) A simulated PM, 5 concentration value was randomly drawn from the prior CCDF at each spatiotemporal
point (s, t;).

(iv) The indicator code of the simulated value at location (s;, t;) was added to the prior CCDF modelling at the
next point (s;; ;, £, 1)-

(v) Following the random path, the procedure (i)-(iv) above was repeated until all of the nodes were visited and
each node was assigned a simulated value, thus obtaining a STSIS realization.

By selecting various random paths, a number of STSIS realizations were generated. Each realization used a
different path to visit all of the nodes of the grid covering the study area, thus representing a possible spatiotem-
poral distribution of PM, 5 concentrations. In this way, the mapping uncertainty was determined using a number
of STSIS realizations. In the present study, 1000 realizations were generated using STSIS.

Uncertainty Assessment

Single location uncertainty for one day. The uncertainty of PM, ; estimation at a single spatiotemporal
location p’ = (s, '), which indicates that the probability of a PM, ;5 concentration z(p’) is higher than the thresh-
old level of contamination (z,; e.g., 75 g - m~>), can be represented by the following exceedance probability:

n(p’)
1000 (5)

Proslz(p’) >z, = 75pg - m ] =

where the threshold value of 75 ug- m ™ represents the lower limit of light pollution for PM, 5 concentrations
according to the China National Ambient Air Quality Standards® and n(p’) is the number of PM, 5 realizations
generated by STSIS in which the concentration values were greater than the threshold z, (out of a total of 1000

SCIENTIFIC REPORTS | 6:24335 | DOI: 10.1038/srep24335 3



www.nature.com/scientificreports/

realizations). The exceedance probability of Eq. (5) expresses the likelihood that a designated value (z,.) will be
exceeded. In addition, the variance s; (p”) of Pgrgis[z(p’) > 2] is obtained as follows:

2 /) = p(1 —p)

5! 1000 (6)

where p is the value of Pggs[2(p’) > 2]
Single-location uncertainty for multi-days. A single-location uncertainty refers to the joint PM, ; esti-

mation uncertainty at a spatial location over multiple days, and it indicates that the probability of PM, 5 concen-
trations z(p’) over multi-days may be higher than the contamination threshold z,:

n,(p’)
1000 (7)

Pgrarslz, (p') >z oo , th(p’) >z, ]=

where n,(p’) is the number of realizations in which the PM, 5 concentrations generated by STSIS over the
multi-day period were greater than the threshold in each one of the 1000 realizations. A location with multi-day
uncertainties can reveal the pollution risk over the long term. The variance of Eq. (7) can also be obtained from

Eq. (6).

Multi-location uncertainty for one day. A one-day multi-location uncertainty represents the joint
uncertainty at several specified locations over a single day, and it can be used to measure the reliability of con-
tamination assessments based on the probability map of Py s[z(p’) > z.] for a given critical probability p,. For
example, for a given p. and PM, ; concentrations z,, the number of points p’ where the following condition applies
should be determined:

Porgs(z(p”) > 2z.] > p, (8)

Accordingly, the probability that the PM, ; concentrations at # locations in an area will all be greater than the
threshold z, can be calculated based on the following equation:

n@,.....p,)

P [z(p) >z, ..., z(pl) > 2] =
STSIS p1 c pm c 1000 (9)
wheren pi, s P yis the number of realizations in which all of the simulated PM, 5 values at the m locations
are greater than z, (in this case, out of a total of 1000 realizations). The variance can also be calculated as follows:
) = p;d—p)
b 1000 (10)

where p; is the value of the probability in Eq. (9).

Multi-location uncertainty over multi-days. Multi-day multi-location uncertainties represent the joint
uncertainty at a set of specified locations over the multi-day period of interest, and they can be used to assess the
reliability of contamination assessments based on the following probability map for a given p,:

Pgraslz, (P') > zeo ... th(p’) > z.]
Based on Eq. (9), the multi-day multi-location uncertainty can be calculated as follows:

n(py, ... » )

Porsislz o (B) > Zor oo 2 (B),) > 2] = 500 (11)

where n (pi, s p:n ) is the number of realizations in which all of the simulated PM, ; concentration values at m
locations in an area exceed z, over a multi-day period (out of a total of 1000 realizations). The variance can also be
calculated as in Eq. (10).

Goodness of uncertainty assessment. For comparative analysis purposes, the SIS technique?' was used
to assess single-location PM, 5 uncertainties using data recorded for the same day only. Then, we compared the
results obtained by SIS with those obtained by STSIS.

Based on the CCDF F (u; z|(n)) at any test location u (where the notation |(n) expresses conditioning to the
local information, such as #n neighboring data), the series of symmetric p probability intervals (PI) considered
were bounded by the corresponding p-percentile. For example, the 0.5 P1 is expressed as F~!(u; 0.5|(n), + oo] or
as F~1(u; 0.5|(n), 2,4, in practice. Adequate local uncertainty modeling requires that 50% of the true values over
the study area locally exceed the CCDF median. Given a set of sampling points and independently generated
CCDFs by the STSIS and SIS techniques at the corresponding N sampling locations u;,
{[z(u), F(u;z|(n)], j=1,.... N}, where |(n) denotes the conditioning to the local information (e.g., n
neighboring data), the fraction of true values falling into the symmetric p PI was calculated as follows:

SCIENTIFIC REPORTS | 6:24335 | DOI: 10.1038/srep24335 4



www.nature.com/scientificreports/

12 4

10 Minimum : 1
Maximum : 1000
Mean: 74.84
SD: 51.7

CV :0.69
Skewness : 2.31
Kurtosis : 14.95

Frequency (%)

10 60 110 160 210 >250

PM, 5 (ug'm?)

Figure 2. Statistical characteristics of the PM, ; concentrations for all of the collected data from Shandong
Province in 2014. (SD, standard deviation; CV, coefficient of variation).
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Figure 3. Daily variation of the PM, ; means for all of the monitoring sites from 2014.1.1 to 2014.12.31.

Nj=1 (12)
forall p € [0, 1], with
e—1 1 .
f(uj; ) = {1 if F (usl—p)< z(u])
0 otherwise (13)

At this point, the root mean squared error (RMSE) for the T technique (in this case, T'= SIS and STSIS) was
defined as follows:

1 -
RMSE; = J—Z{[pi ~Ep)T}

iy (14)
where T=SISand STSISand p, = —~ L(i=1,..., n; n = 50). Smaller RMSE values suggest more accurate assess-
ments of PM, s contamination uncertainty. The true value should fall into the PT according to the expected prob-
ability, and this interval should be as narrow as possible to reduce the value’s uncertainty. Therefore, a better
probabilistic model would generate a smaller spread (less uncertain). In this study, the average width of the PIs for
a series of probabilities p, W (p), was calculated as follows:

— l[u; I%P” )

Smaller W (p) values indicate that the PIs are narrower and the method has greater accuracy.

w ;
®) = NG )Zé( 5Pz

Results and Discussion

Preliminary data description. A summary of the descriptive statistics of the PM, ; concentrations recorded
in 2014 is presented in Fig. 2. The temporal trend of the average values for all of the monitoring sites is presented
in Fig. 3. Figure 2 shows that the PM, ; concentrations for all of the collected data ranged from 1 to 1000, and the
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Figure 4. ST indicator semivariograms for (a) z, (b) z,, (€) z3, and (d) z.,, and (e) ST semivariograms for
Lg(PM, ;). Dots represent experimental semivariogram data. Curved surfaces depict the fitted theoretical
models.

Zq 0.0299 0.1188 0.6298 150000 148900 89980 0.0259
Zo 0.03384 0.1739 0.7331 150000 150000 90000 0.0131
Z3 0.03338 0.1663 0.1 150000 150000 135200 0.0159
Ze 0.02604 0.09751 0.1045 150000 150000 128400 0.0175
Lg(PM,5) 0.04135 0.3132 97.26 3219000 530700 231400 0.0299

Table 1. Parameters of the non-separable spatiotemporal semivariogram model.

mean concentration was 74.84. The coeflicient of variation (CV) was 0.69, which indicates that the PM, ; for all of
the monitoring data presented a medium variability (i.e., 0.1 < CV < 1). The skewness and kurtosis values were
2.31 and 14.95, respectively, indicating that the null hypothesis of normality was rejected for the monitoring data.

Figure 3 shows that a characteristic seasonal variation in the PM, 5 occurs in the study area, with elevated con-
centrations occurring in spring and winter. These variations are related to seasonal fluctuations in the emissions
as well as to meteorological effects®2.

Spatiotemporal indicator semivariograms. Egq. (1) was used to obtain the indicator values for all of the
original values, and then Eq. (2) was used to calculate the experimental spatiotemporal indicator semivariograms
and fit the models of Eq. (3) to the four cutoff values. These models were subsequently used with the STSIS tech-
nique to build the prior CCDE In Fig. 4, the indicator semivariograms of the non-separable models of Eq. (3) are
fit to the experimental semivariograms. The values of the model parameters are listed in Table 1.

Mapping PM2.5 concentrations: STSIS vs. STOK. To compare the results generated by STSIS and a
general ST prediction method, spatiotemporal ordinary kriging (STOK)?¢ was employed to predict the ST dis-
tribution of PM, 5. As shown in Fig. 2, the null hypothesis of normality was rejected for the original monitoring
data. Thus, before performing the STOK, the data were logarithmically transformed. After the logarithmical
transformation, the K-S test value, the skewness value and the kurtosis value were 4.725, —0.252, and 0.145,
respectively. Thus, the PM, 5 concentrations after the logarithmical transformation followed a normal distribu-
tion. The experimental ST variograms were calculated, and the theoretical model was fit. The results are shown
in the last row of Table 1 and Fig. 4(e). A STOK prediction was then performed on the LgPM, 5 concentration
data based on the ST theoretical variogram model. Finally, the predicted LgPM, 5 values were translated into the
original values by antilogarithms (Fig. 5(a)). Three randomly selected STSIS realizations out of 1000 realizations
are shown in Fig. 5(b-d).

A comparison of the summary statistics is shown in Table 2. The maximum value, the standard deviation (SD)
and coefficient of variation (CV) of the STOK were obviously smaller than those of the STSIS and original data,
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Figure 5. 3-D plots of the spatiotemporal distribution of PM, 5 obtained by the (a) STOK, and (b-d) three
randomly selected STSIS realizations (out of 1000 realizations).

STOK 0.84 538.16 79.77 49.01 0.61 1.722 4.649
STSIS_162 1 993.11 76.89 56.53 0.73 2.144 3.393
STSIS_369 1 992.77 75.86 60.39 0.80 2.143 3.387
STSIS_489 1 992.61 77.02 58.36 0.76 2.138 3.36
Original 1 1000 74.84 51.7 0.69 2.31 14.95

Table 2. PM, ; concentration summary statistics of (a) the original data, (b) the STOK estimates, and
(c) the three randomly selected STSIS realizations (out of 1000 realizations). SD: standard deviation; CV:
coefficient of variation.

indicating an obvious smoothing effect of the STOK. However, the maximum value, SD and CV of the STSIS
realizations were close to those of original data, indicating a similar variability in the STSIS results with that of
the original data. As shown in Fig. 5. The STSIS polygons were more fragmented relative to those of the STOK
because of the smoothing effect of the STOK. Thus, the STOK results only present a simplistic spatial pattern and
do not capture important information that is revealed in the more detailed STSIS maps, such as hot PM, ; spots.
Moreover, the STSIS realizations covered all possible spatial patterns, indicating that mapping uncertainties can
be fully assessed by using a sufficient number of STSIS realizations.

Contaminated sited classifications based on single-location uncertainties. In this study, 1000
STSIS simulated realizations were used to determine the single-location uncertainties, which are measured on
four time scales: one day, one month, one season, and one year. In addition, the uncertainties are expressed by
the probabilities of the PM, 5 concentrations being higher than a certain threshold value. Figure 6 shows that the
probability that the PM, ; concentration will exceed 75 pg- m~2 for most of the study locations on the 1% day and
100t day is close to 1, whereas the probability that the PM, 5 concentration will exceed 75 pg-m~> for most of the

SCIENTIFIC REPORTS | 6:24335 | DOI: 10.1038/srep24335 7
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(a) B!

(d)

Figure 6. STSIS-generated maps of the PM, 5 exceedance probabilities (probabilities of PM, 5 concentrations
exceeding 75 ug- m~*) on the (a) 1* day, (b) 100" day, (c) 200" day, and (d) 300* day. (Created by ArcMap,
version 10.2, http://www.esri.com/).

study locations on the 200" day and 300" day is close to 0. Moreover, the highest probabilities on the 200 day
and 300%™ day are 0.98 and 0.99, respectively, indicating that none of the study sites will present a PM, ; concentra-
tion that will definitely exceed 75 pg-m =2 for these two days.

Figure 7 shows the spatial distribution of the probabilities in which the PM, 5 concentrations will exceed
25 pg-m~ (guideline provided by the WHO)¥ for each month of 2014. These maps show the points with high or
low Probgrgg[z,(p’) > 25, ... ... » 2,(p’) > 25 ]values according to Eq. (7). As shown in Figs 7 and 8, the highest
probabilities from January to September are 0.88, 0.91, 0.91, 0.86, 0.8, 0.8, 0.77, 0.84, 0.53, 0.87, 0.89, and 0.83,
indicating that there are a number of areas in which the PM, 5 concentrations might always exceed 25 ug-m™—
during each month. The smallest probability is 0, and 12.7%, 46.6%, 8.7%, 37.6%, 41.5%, 33.6%, 54.9%, 47.5%,
58.5%, 50.3%, 28.1%, and 28.8% of the study locations presented a probability of 0 from January to December,
indicating that the PM, s concentrations in these areas are not always >25 ug-m~? during the corresponding
month. As shown in Fig. 8, the low mean values with high coefficients of variation (CVs) are found in May, July
and September, and these values indicate lower PM, ; pollution risks and high variation. Furthermore, the highest
mean value and lowest CV are found in March, indicating that the highest PM, ; pollution risk occurs for almost
the entire study area in this month. In terms of spatial distribution, a high PM, ; pollution risk (Fig. 7) is observed
in the southwestern region of the study area during January, February, March, October, and November; and an
absence of PM, 5 pollution risk is observed in the eastern region of the study area at the month scale for the entire
year.

Contaminated site classification with multi-location uncertainty. The CCDF generated by the
STSIS can be used to measure the local uncertainty at a single location; however, a series of single-point CCDFs
cannot be used to measure multi-point spatial uncertainties?'. Therefore, an adequate reliability assessment of
PM, s contamination distributions requires a multi-location uncertainty assessment for 1 day (multi-location/
single-day uncertainty) and multiple days (multi-location/multi-day uncertainty) at a set of locations in the con-
taminated area based on the corresponding single-location uncertainty for 1 and multi-days (single-location/
single-day uncertainty and single-location/multi-day uncertainty, respectively).

Figure 9 shows two types of maps for different days classified as contaminated based on the probability maps
determined by

Porgis[z(p”) > 75] > p, (16)

where the critical probabilities p.= 0.9 and 0.8. Figure 10 shows the maps for every month classified as contami-
nated based on the exceedance probability maps determined by

SCIENTIFIC REPORTS | 6:24335 | DOI: 10.1038/srep24335 8
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Figure 7. STSIS-generated maps of the PM, ; exceedance probabilities (probabilities of PM, 5
concentrations exceeding 25 pg - m=3) in each month of 2014. (Created by ArcMap, version 10.2, http://www.

esri.com/).
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Figure 8. Maximum, mean and coefficient of variation of the PM, ; exceedance probabilities (probabilities
of the PM, ; concentration exceeding 25 pug- m—>) for each month of 2014.

Psrsis(2a(p’) > 25, ..., 2,,(p') > 25] > p, (17)

where the critical probability p, = 0.5.

Tables 3 and 4 list the multi-location uncertainties for different days and different months (given p ) expressed
by the corresponding p; (i.e., the joint probablhtles of the PM, 5 concentrations at m 51mulated locations of the
contaminated sites all exceeding 75 ug-m~> over different days). The associated variances SPJ (p’) of Eq. (10) are
also listed. The p; value can be used to represent the reliability of the contaminated site classification. For example,
the joint probability p; is 0.76 based on 9234 simulated locations of the contaminated sites based on a given critical
probability p,= 0.8 for day 1, which means that for day 1, the probability of the PM, ; concentration at all 9234
simulated locations exceeding the threshold (75 pg- m ™) is 76%. If the critical probability p.=0.9is adopted, the
joint probability is p;=0. 9in day 1, and the likelihood that the PM, ; concentrations in the contaminated area will
exceed 75 ug- m? is greater. However, the joint probabilities of all months are p;= 0, indicating a zero likelihood
that the PM, ; concentrations at all of the simulated locations will exceed 25 pg-m 2 for each month.
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Figure 9. Contaminated sites determined by the conditions in Eq. (12) for (a) day 1 at p.=0.8; (b) day 1 at
p.=0.9 (c) day 100 at p.= 0.8; (d) day 100 at p.= 0.9; (e) day 200 at p. = 0.8; (f) day 200 at p.= 0.9; (g) day 300 at
p.=0.8 and (h) day 300 at p.= 0.9. (Created by ArcMap, version 10.2, http://www.esri.com/).
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Figure 10. Contaminated sites determined by the conditions in Eq. (13) for each month (p.=0.5). (Created
by ArcMap, version 10.2, http://www.esri.com/).
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) 0.9 7724 0.9 0.03
0.8 9234 0.76 0.04
0.9 5533 0.88 0.03
100
0.8 6405 0.76 0.04
0.9 49 0.29 0.05
200
0.8 162 0.09 0.03
0.9 5 1 0.00
300
0.8 5 1 0.00

Table 3. Uncertainty assessment of the sites where the PM, ; concentrations are >75 ug-m~> based on the
joint probabilities.

January 0.5 3976 0 0
February 0.5 1150 0 0
March 0.5 4236 0 0
April 0.5 1174 0 0
May 0.5 331 0 0
June 0.5 1048 0 0
July 05 38 0 0
August 0.5 315 0 0
September 0.5 1 0 0
October 0.5 1628 0 0
November 0.5 798 0 0
December 0.5 648 0 0

Table 4. Uncertainty assessment of the sites where the PM, ; concentrations are >25mg/Kgbased on the
joint probabilities.
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Figure 11. Plots of the (a) proportion of the actual PM, 5 concentrations falling within the PIs (accuracy plot);
and the (b) PI widths vs. probability interval p. The STSIS and SIS algorithms were used to generate the CCDF
models using cross validation.

Goodness of uncertainty assessment: STSIS vs. SIS.  To assess the improvements provided by using
multi-temporal data, we first applied the purely spatial SIS technique to the original data recorded for each day
of interest. In addition, to determine the effect of performing a composite spatiotemporal data analysis, we used
the STSIS technique. The results of the SIS and STSIS techniques were assessed using the methods introduced in
section 2.4. The CCDFs were obtained using the SIS and STSIS techniques and a cross validation of the monitor-
ing points recorded during 2014.

As shown in Fig. 11(a), the distance between the estimated points on the plots and the 45° line was smaller
for the STSIS technique than for the SIS techniques, and the RMSE values of Eq. (14) for the STSIS and SIS
were 0.031 and 0.14, respectively. Hence, the STSIS probability analysis is more accurate than the SIS analysis.
Figure 11(b) shows the PI widths, which in this case correspond to the differences between the maximum value
and the (1-p)-quintile of the CCDE All of the points of the STSIS analysis fall below the points of the SIS analysis,
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indicating that the PIs obtained by the STSIS are narrower than those of the SIS. Thus, the STSIS performs better
than the SIS.

Conclusions

In this work, the STSIS technique was used to perform uncertainty assessments for the PM, 5 concentrations in
Shandong Province, China. The results suggest that the STSIS can represent composite spatiotemporal variations
of PM, 5 concentrations using a non-separable semivariogram model as well as assimilate multi-temporal mon-
itoring data.

A comparison of the results of the STSIS with that of the STOK showed that the map of PM, 5 concentrations
generated by the STSIS exhibits more realistic variations and is closer to the experimental data than the map gen-
erated by the STOK. In addition, the PM, s maps for 2014 revealed marked spatial and temporal trends. In terms
of the spatial trends, the western part of the study area was heavily polluted with PM, 5, whereas the eastern part
of the study area presented relatively good air quality. In terms of the temporal trends, a significant seasonal trend
was observed, with high concentrations observed in spring and winter and relatively low concentrations observed
in summer and autumn.

The STSIS realizations can be used to determine various types of site classification uncertainties in terms of
exceedance probabilities, including single-location/single-day uncertainties, single-location/multi-day uncertain-
ties, multi-location/single-day uncertainties, and multi-location/multi-day uncertainties. A comparative analysis
showed that by using multi-temporal data, the STSIS provided a better performance than the SIS because the
corresponding probability intervals of the STSIS were consistently narrower than those of the SIS.

References

1. Ko, E W. S. et al. Effects of air pollution on asthma hospitalization rates in different age groups in Hong Kong. Clinical and
Experimental Allergy. 37, 1312-1319 (2007).

2. Lippmann, M. et al. The US Environmental Protection Agency particulate matter health effects research centers program: a
midcourse report of status, progress, and plans. Environmental Health Perspectives. 111, 1074-1092 (2003).

3. Hu,J. L, Wang, Y. G,, Ying, Q. & Zhang, H. L. Spatial and temporal variability of PM, 5 and PM,, over the North China Plain and the
Yangtze River Delta, China. Atmospheric Environment. 95, 598-609 (2014).

4. National Health and Family Planning Commission of China (NHFPCC). Chinese health and Family Planning Statistical yearbook for
2013. (2014) Available at: http://www.nhfpc.gov.cn/htmlfiles/zwgkzt/ptjnj/year2013/index2013.html (Accessed: 26™ April 2014).

5. Ministry of Environmental Protection of the People’s Republic of China, China National Ambient Air Quality Standards. (2012)
Available at: http://kjs.mep.gov.cn/hjbhbz/bzwb/dqhjbh/dqhjzlbz/201203/W020120410330232398521.pdf. (Accessed: 29" February
2012).

6. Ministry of Environmental Protection of the People’s Republic of China, Technical regulation for ambient air quality assessment (On
trail). (2013) Available at: http://kjs.mep.gov.cn/hjbhbz/bzwb/dghjbh/jcgfffbz/201309/W020131105548549111863.pdf (Accessed:
22 September 2013).

7. Juneng, L., Latif, M. T, Tangang, F. T. & Mansor, H. Spatio-temporal characteristics of PM,, concenttration across Malaysia.
Atmospheric Environment. 43, 4584-4594 (2009).

8. Chu, H.J, Yu, H. L. & Kuo, Y. M. Identifying spatial mixture distributionsof PM, 5 and PM,, in Taiwan during and after a dust storm.
Atmospheric Environment. 54, 728-737 (2012).

9. Akita, Y., Chen, J. C. & Serre, M. L. The moving-window Bayesian maximum entropy framework: estimaton of PM, 5 yearly average
concentration across the contiguous United States. Journal of Exposure Science and Environmental Epidemiology. 22, 496-501
(2012).

10. Yu, H. L. & Wang, C. H. Quantile-based Bayesian maximum entropy approach for spatiotemporal modeling of ambient air quality
levels. Environmental Science & Technology. 47, 1416-1424 (2013).

11. Christakos, G. & Serre, M. L. BME analysis of spatiotemporal particulate matter distributions in North Carolina. Atmospheric
Environment. 34, 3393-3406 (2000).

12. Pearce, J. L., Rathbun, S. L., Aguilar-Villalobos, M. & Naeher, L. P. Characterizing the spatiotemporal variability of PM, 5 in Cusco,
Peru using kriging with external drift. Atmospheric Environment. 43, 2060-2069 (2009).

13. Webster, R. & Oliver, M. A. In Geostatistics for Environmental Scientists 2" edn. (eds Barnett, Vic) Ch. 8, 180-194 (John Wiley &
Sons, Ltd, 2007).

14. Juang, K. W, Chen, Y. S. & Lee, D. Y. Using sequential indicator simulation to assess the uncertainty of delineating heavy-metal
contaminated soils. Environmental Pollution. 127, 229-238 (2004).

15. Juang, K. W. & Lee, D. Y. Simple indicator kriging for estimating the probability of incorrectly delineating hazardous areas in a
contaminated site. Environ Science & Technology. 32, 2487-2493 (1998).

16. Webster, R. & Oliver, M. A. Optimal interpolation and isarithmic mapping of soil properties: VI. Disjunctive kriging and mappling
the conditional probability. Journal of Soil Science. 40, 497-512 (1989).

17. Smith, J. L., Halvorson, J. J. & Papendick, R. L. Using multiple-variable indicator kriging for evaluating soil quality. Soil Science
Society of America Journal. 57, 743-749 (1993).

18. Goovaerts, P. & Journel, A. G. Integrating soil map information in modeling the spatial variation of continuous soil properties.
European Journal of Soil Science. 46, 397-414 (1995).

19. Zhao, Y. C,, Shi, X. Z,, Yu, D. S., Wang, H. J. & Sun, W. X. Uncertainty assessment of spatial patterns of soil organic carbon density
using sequential indicator simulation, a case study of Hebei province, China. Chemoshpere. 59, 1527-1535 (2005).

20. Broos, M. ], Aarts, L., van Tooren, C. F. & Stein, A. Quantification of the effects of spatially varying environmental contaminants
into a cost model for soil remediation. Journal of Environmental Management. 56, 133-145 (1999).

21. Goovaerts, P. Geostatistical modeling of uncertainty in soil science. Geoderma. 103, 3-26 (2001).

22. Wang, G., Gertner, G., Parysow, P. & Anderson, A. B. Spatial prediction and uncertainty analysis of topographic factors for the
revised universal soil loss equation (RUSEL). Journal of Soil Water Conservation. 55, 374-384 (2000).

23. Wyzga, R. E. & Rohr, A. C. Long-term particulate matter exposure: Attributing health effects to individual PM components. Journal
of the Air & Waste Management Associaton. 65, 523-543 (2015).

24. Adam, M. et al. Long-term exposure to traffic-related PM,, and decreased heart rate variability: Is the association retricted to
subjects taking ACE inhibitors? Environmental International. 48, 9-16 (2012).

25. Yang, Y. & Christakos, G. Uncertainty assessment of heavy metal soil contamination mapping using spatiotemporal sequential
indicator simulation with multi-temporal sampling points. Environmental Monitoring and Assessment. 187, 571 (2015).

26. Ministry of Environmental Protection of the People’s Republic of China, Technical specifications for installation and acceptance of
ambient air quality continuous automated monitoring system for PM,, and PM, 5. (2013) Available at: http://kjs.mep.gov.cn/hjbhbz/
bzwb/dqhjbh/jcgffbz/201308/W020130802492823718666.pdf (Accessed: 30% July 2013).

SCIENTIFIC REPORTS | 6:24335 | DOI: 10.1038/srep24335 12


http://www.nhfpc.gov.cn/htmlfiles/zwgkzt/ptjnj/year2013/index2013.html
http://kjs.mep.gov.cn/hjbhbz/bzwb/dqhjbh/dqhjzlbz/201203/W020120410330232398521.pdf
http://kjs.mep.gov.cn/hjbhbz/bzwb/dqhjbh/jcgfffbz/201309/W020131105548549111863.pdf
http://kjs.mep.gov.cn/hjbhbz/bzwb/dqhjbh/jcgfffbz/201308/W020130802492823718666.pdf
http://kjs.mep.gov.cn/hjbhbz/bzwb/dqhjbh/jcgfffbz/201308/W020130802492823718666.pdf

www.nature.com/scientificreports/

27. Vyas, V. & Christakos, G. Spatiotemporal analysis and mapping of sulfate deposition data over the conterminous USA. Atmospheric
Environment. 31, 3623-3633 (1997).

28. Snepvangers, J. J. ]. C., Heuvelink, G. B. M. & Huisman, J. A. Soil water content interpolation using spatio-temporal kriging with
external drift. Geoderma. 112, 253-271 (2003).

29. Cressie, N. & Huang, H. C. Classes of nonseparable, spatio-temporal stationary covariance functions. J. of the American Statistical
Association. 94, 1330-1339 (1999).

30. Kolovos, A., Christakos, G., Hristopulos, D. T. & Serre, M. L. Methods for generating non-separable spatiotemporal covariance
models with potential environmental applications. Advances in Water Resources. 27, 815-830 (2004).

31. Gneiting, T. Nonseparable, stationary covariance functions for space-time data. J. of the American Statistical Association. 97,
590-600 (2002).

32. Porcu, E., Mateu, J. & Saura, F. New classes of covariance and spectral density functions for spatio-temporal modeling. Stochastic
Environmental Research and Risk Assessment. 22, S65-S79 (2008).

33. Yang, Y., Li, W. D. & He, L. Y. Uniform expression of variogram nested model and parameter estimation in spatial prediction of soil
properties. Trans. of the CSAE. 27, 85-89 (2011).

34. Goovaerts, P. Geostatistcs in soil science: state-of-the-art and perspectives. Geoderma 89, 1-45 (1999).

35. Zhao, C. X., Wang, Y. Q., Wang, Y. J., Zhang, H. L. & Zhao, B. Q. Temporal and spatial distribution of PM, 5 and PM,, pollution status
and the correlation of particulate matters and meteorological factors during winter and spring in Beijing. Environmental Science. 35,
418-427 (2014).

36. Kyriakidis, P. C. & Journel, A. G. Geostatistical space-time models: a review. Mathematical Geology. 31, 651-684 (1999).

37. World Health Organization. 2005. Air quality guidelines - globa update 2005. (2005) Available at: http://www.who.int/phe/health_
topics/outdoorair/outdoorair_aqg/en/. (Accessed: 19th February 2007).

Acknowledgements

This research was supported by the Fundamental Research Funds for the Central Universities (Grant No.
2662014PY062), the National Natural Science Foundation of China (Grant No. 41101193, 41171174, 41201571
and 41301522). Opinions in the paper do not constitute an endorsement or approval by the funding agencies and
only reflect the personal views of the authors.

Author Contributions
Y.Y. and G.C. designed the study; Y.M. and W.H. collected the data; P.F. and C.L. analyzed the results; and Y.Y.
wrote the main manuscript text. All authors reviewed the manuscript.

Additional Information
Competing financial interests: The authors declare no competing financial interests.

How to cite this article: Yang, Y. et al. Uncertainty assessment of PM, ; contamination mapping using
spatiotemporal sequential indicator simulations and multi-temporal monitoring data. Sci. Rep. 6, 24335;
doi: 10.1038/srep24335 (2016).

This work is licensed under a Creative Commons Attribution 4.0 International License. The images

G or other third party material in this article are included in the article’s Creative Commons license,
unless indicated otherwise in the credit line; if the material is not included under the Creative Commons license,
users will need to obtain permission from the license holder to reproduce the material. To view a copy of this
license, visit http://creativecommons.org/licenses/by/4.0/

SCIENTIFIC REPORTS | 6:24335 | DOI: 10.1038/srep24335 13


http://www.who.int/phe/health_topics/outdoorair/outdoorair_aqg/en/
http://www.who.int/phe/health_topics/outdoorair/outdoorair_aqg/en/
http://creativecommons.org/licenses/by/4.0/

	Uncertainty assessment of PM2.5 contamination mapping using spatiotemporal sequential indicator simulations and multi-tempo ...
	Materials and Methods

	Study area and data sources. 
	Spatiotemporal sequential indicator simulation (STSIS) algorithm. 

	Uncertainty Assessment

	Single location uncertainty for one day. 
	Single-location uncertainty for multi-days. 
	Multi-location uncertainty for one day. 
	Multi-location uncertainty over multi-days. 
	Goodness of uncertainty assessment. 

	Results and Discussion

	Preliminary data description. 
	Spatiotemporal indicator semivariograms. 
	Mapping PM2.5 concentrations: STSIS vs. STOK. 
	Contaminated sited classifications based on single-location uncertainties. 
	Contaminated site classification with multi-location uncertainty. 
	Goodness of uncertainty assessment: STSIS vs. SIS. 

	Conclusions

	Acknowledgements
	Author Contributions
	﻿Figure 1﻿﻿.﻿﻿ ﻿ Location of the study area and the spatial distribution of the monitoring sites.
	﻿Figure 2﻿﻿.﻿﻿ ﻿ Statistical characteristics of the PM2.
	﻿Figure 3﻿﻿.﻿﻿ ﻿ Daily variation of the PM2.
	﻿Figure 4﻿﻿.﻿﻿ ﻿ ST indicator semivariograms for (a) zc1, (b) zc2, (c) zc3, and (d) zc4, and (e) ST semivariograms for Lg(PM2.
	﻿Figure 5﻿﻿.﻿﻿ ﻿ 3-D plots of the spatiotemporal distribution of PM2.
	﻿Figure 6﻿﻿.﻿﻿ ﻿ STSIS-generated maps of the PM2.
	﻿Figure 7﻿﻿.﻿﻿ ﻿ STSIS-generated maps of the PM2.
	﻿Figure 8﻿﻿.﻿﻿ ﻿ Maximum, mean and coefficient of variation of the PM2.
	﻿Figure 9﻿﻿.﻿﻿ ﻿ Contaminated sites determined by the conditions in Eq.
	﻿Figure 10﻿﻿.﻿﻿ ﻿ Contaminated sites determined by the conditions in Eq.
	﻿Figure 11﻿﻿.﻿﻿ ﻿ Plots of the (a) proportion of the actual PM2.
	﻿Table 1﻿﻿. ﻿  Parameters of the non-separable spatiotemporal semivariogram model.
	﻿Table 2﻿﻿. ﻿  PM2.
	﻿Table 3﻿﻿. ﻿  Uncertainty assessment of the sites where the PM2.
	﻿Table 4﻿﻿. ﻿  Uncertainty assessment of the sites where the PM2.



 
    
       
          application/pdf
          
             
                Uncertainty assessment of PM2.5 contamination mapping using spatiotemporal sequential indicator simulations and multi-temporal monitoring data
            
         
          
             
                srep ,  (2016). doi:10.1038/srep24335
            
         
          
             
                Yong Yang
                George Christakos
                Wei Huang
                Chengda Lin
                Peihong Fu
                Yang Mei
            
         
          doi:10.1038/srep24335
          
             
                Nature Publishing Group
            
         
          
             
                © 2016 Nature Publishing Group
            
         
      
       
          
      
       
          © 2016 Macmillan Publishers Limited
          10.1038/srep24335
          2045-2322
          
          Nature Publishing Group
          
             
                permissions@nature.com
            
         
          
             
                http://dx.doi.org/10.1038/srep24335
            
         
      
       
          
          
          
             
                doi:10.1038/srep24335
            
         
          
             
                srep ,  (2016). doi:10.1038/srep24335
            
         
          
          
      
       
       
          True
      
   




