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Abstract

Purpose. This paper focuses on the comparison of Ni and Pb concentrations in air and soil pollution in the Zagreb area.
Due to the very limited amount of publicly available data from soil analysis samples, 2016 and 2019 were chosen as the best
possible indicators of related changes in metal concentrations in soil and air.

Methods. Testing the normality of Ni and Pb concentrations in the total deposited matter (TDM) confirmed the feasibility
of using two parametric statistical tools — the Pearson correlation coefficient and the t-test. The Inverse Distance Weighting
(IDW) interpolation method was selected as the best approach for a small number of measurements.

Findings. The insufficient amount of data is the main shortcoming for urban health policy in a large area like Zagreb. The
small number of air measurement stations and especially soil sampling sites cannot lead to any reliable conclusions about ur-
ban pollutants, their activity over time and direct links to soil toxic degradation based on statistical or geological methods and
analyses. However, there is no doubt that urban pollution sources fill the soil with accumulated toxic elements such as Ni and
Pb, especially in suburban areas located along the paths of the dominant wind directions.

Originality. This is an original research that for the first time statistically analyzes and maps publicly available air and soil
pollution data for the period 2016-2019.

Practical implications. This research is a necessary step in determining the future planning of air and soil measurement

stations in the Zagreb urban area.

Keywords: pollution, Ni, Pb, statistical testing, geostatistical mapping, Zagreb, Croatia

1. Introduction

Soil and air pollution continues to be a major problem in
urban areas such as Zagreb. As the largest city in Croatia, it
faces high population density and heavy traffic, which has a
significant impact on air and soil quality. The total mass of
pollutants transferred from the air to surfaces is called the
total deposited matter (TDM). The TDM is one of the pa-
rameters for assessing environmental air quality. As part of
TDM determination, TDM metal concentrations are also
determined (Pb, Cd, As, Ni, Tl, etc.). Considering that air
particles settle to the ground as a result of deposition in the
air, it can be concluded that there is a correlation between the
concentrations of metals in air and soil.

Air quality is an important environmental variable that
determines the spatial accumulation of heavy metals in the
soil. Some results have shown that there is a sources-receptor
relationship mechanism between air quality and heavy metals
in soil. Industry releases heavy metal particles into the at-
mosphere, which then enter the soil through atmospheric
deposition and precipitation [1].

However, soil pollution in urban or rural areas can be af-
fected by both air and water streams. Even more, both me-
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chanisms are generally the most active in mining areas, in-
creasing the concentrations of heavy metals, for example, in
industrial discharged water or gases. So Kadriu et al. in [2]
proved for several sampling sites that the industrial activity
(mine and flotation) of the Trepga Mine is the main cause of
environmental pollution. Their analysis of discharged water
from the mine and the flotation showed concentrations of
heavy metals in the surrounding environment.

Moreover, Polishchuk et al. in [3] defined the problem of
assessing the guaranteed atmospheric air quality for a point
source. Such point(s) can be defined in various fields such as
mining, metallurgy, chemistry etc., but are always described
as a vector random field and a variable with multidimension-
al distribution density. Consequently, there is a clear link
between air quality and industrial sources.

Skrobala et al. in [4] presented mining as one of the most
dangerous sources of environmental pollution using the case
study of the Nadiya mine rock dumps in Ukraine. Pollution
depends on the relief and slope exposure, which affect the
distribution of chemical elements and their increase com-
pared to the background values. Dispersion (according to the
Principal Component Analysis) influenced by anthropogenic
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activity is the most intense for Mg, Pb, Sn, Fe, Al, Cu, P, Ni,
Zn, affecting vegetation near dumps.

However, in Croatia, mining activities do not have a di-
rect influence on the environment due to the closure of all
active coal mines several decades ago (last in 1999). Only a
few relatively small quarries are still active, but their influ-
ence is not chemical, like the accumulation of heavy metals,
dissolved ions etc., but in air quality due to the large quanti-
ties and volumes of mining dust. Gravel and clay pits do not
have any influence on local inhabited areas, except for aqui-
fers (unless they are properly planned).

Consequently, the biggest air pollutant in the city of Za-
greb is traffic [5], in addition to several industrial plants in
the eastern part of the city, a heating plants, a waste disposal
site and an airport near the city. Of course, pollution can also
occur when a pollutant enters the soil directly. However, this
data is not considered in this work, since the main goal is to
monitor where most wind-blown pollutants (mostly caused
by traffic) settle, so that we can better adapt the measurement
stations in further research. Polluting substances are carried
by the wind and, depending on the particle size, direction and
speed of the wind, settle on the soil surface near the source of
pollution or are carried to more distant areas (primarily if
they are small particles PMs and smaller, ultrafine parti-
cles). Many papers study the relationship between pollutants
and the influence of meteorology on the behaviour of pollu-
tants, the direction of their trajectories and, ultimately, depo-
sition [6]-[8]. The general conclusion of all the papers is that
wind direction plays a key role in pollutant migration from
its source to deposition. The mechanisms that explain this
relationship are complex, since many other phenomena influ-
ence the path of particles from the source to the soil surface,
such as the size of the particles themselves, wind direction
and speed, rainfall, vegetation, tall buildings, etc. [9].

Heavy metals are very dangerous for the environment and
organisms. Through the food chain, humans suffer the con-
sequences of soil pollution. If soil is contaminated with
heavy metals, it is difficult to rehabilitate it [10]. These
heavy metals are persistent and bioaccumulative, do not
biodegrade or metabolize in the environment [11].

Within the framework of this paper, Ni and Pb were se-
lected as potentially toxic elements in high concentrations.
These elements were chosen because of the same elements
measured in soil near air measurement stations during two
years of observations.

Nickel (Ni) is a toxic and carcinogenic heavy metal. It
enters the soil with diesel fuel, smelters, city effluent and
mining [12]. The average concentration of Ni in soils is
20-30 mg/kg [13]. Spatial distribution of Ni in central Croa-
tia area ranges within 12 and 427 mg/kg with an average
value of 33 mg/kg, which is lower than the average value for
the entire Croatia (48 mg/kg) (Fig. 1) [14].

Lead (Pb) is a heavy metal mostly presented in the top layer
of soil due to the deposition from air containing smoke from
vehicles. In uncontaminated soils, Pb concentrations are gene-
rally below 50 mg/kg [15]. Also, industrial activities have a
large impact on heavy metal pollution, ecological and health
risks. When the trace element concentration exceeds the critical
threshold, it may have a potentially toxic effect on human health
and the ecosystem [16]. According to the International Agency
for Research on Cancer (IARC), high concentrations or ex-
treme exposure to Pb can cause severe neurological and hema-
tological disorders in the exposed population, mainly children.
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Figure 1. Regional spatial distribution of Ni [10]

On the other hand, short-term exposure to a high Ni con-
centration via inhalation can cause kidney and lung disor-
ders. Exposure to high levels via ingestion can lead to neuro-
logical disorders and gastrointestinal discomfort. Moreover,
long-term exposure through dermal contact may result in
dermatitis, while inhalation can cause many respiratory dis-
eases, such as nasal and lung cancer [17]. Lead content in
this region varies between 14 and 217 mg/kg, with an aver-
age value of 27 mg/kg, which signi-ficantly exceeds the state
average content of this element in soils (Fig. 2) [14].
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Figure 2. Regional spatial distribution of Pb [14]

Soil enrichment with Cd, Zn, As, and Pb is attributed to
high-temperature coal combustion [18]. In the areas of
large cities, there are mixed sources of pollution from in-
dustrial emissions, the burning of fossil fuels, emissions
from vehicles, irrigation with wastewater, as well as the
disposal of solid waste and natural sources of parent soil
materials in urban soils [19].

The major methods for the prevention and control of
heavy metals in soils are focused on the identification of
heavy metals in the soil from different pollution sources. The
average contribution rates of the soil-forming process in Cd,
Hg, As, and Pb are around 80-90%, and those of anthropo-
genic activities are 10-20% [20]. Certain papers come to the
conclusion that the source material plays a very important
role in the distribution and quantity of metals in soil hori-
zons. Based on the example of Cd, it was concluded that the
parent material is the decisive factor determining the magni-
tude and depth of exogenous Cd accumulation in the soil
profile. These findings suggest that the parent material-
induced Cd fraction distribution and accumulation should be
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considered in order to effectively explore remediation strate-
gies for Cd pollution [21].

However, how pollutants behave in an unsaturated zone is
a very complex question. Their carrier is affected by many
physical, chemical and microbiological processes, such as
advection, dispersion, diffusion, sorption, cation exchange,
etc. [22]. Sorption processes of potentially toxic metals in soils
differ at different soil pH values, and the soil ability to retain
them depends on its resistance to any soil pH changes [23].

A total of 420 surface soil layer samples (0-15 cm) were
sampled in Zagreb and surrounding areas using systematic
sampling on a 2 km grid [24]. The conclusion of this work is
that the influence of the anthropogenic urban environment on
the distribution of heavy metals in the soils of Zagreb is
noticeable only for Hg, Pb and Zn, while pollution caused by
Cr, Ni and Mn has not revealed. When investigating the
movement of pollutants in the unsaturated zone of the Zagreb
aquifer [25], the highest concentrations of potentially toxic
elements (Pb, Cd, Zn) were determined in the shallowest part
of the soil profile. Considering the obtained results of the
predicted transport model, in this case, the initial concentra-
tion of potentially toxic elements on the soil profile surface is
about 10% of the elements carried into the aquifer. There-
fore, the soil surface layer can be considered the most signi-
ficantly polluted with potentially toxic metals from the air.

An interesting research was published by Saeiti et
al. [26], where the authors pointed out mixed models as a
useful way of longitudinal discriminant data analyses. Alt-
hough the model was applied to specific patient deviations
from the general trend over time (i.e., in biostatistics), they
introduced a so called “joint distribution” to include all mod-
el random effects and assumed as multivariate normal distri-
bution. Two sample sets are tested (n = 250 and 2500), where
misspecification of the random effect distributions is found.
Authors [26] stated that “when there is severe departure from
normality, more flexible mixture distributions can give better
classification accuracy. However, in many cases, the incorrect
assumption of a single multivariate normal distribution has
little impact on the classification accuracy”. Although analysis
considered time-shifted medical data, an important general
conclusion can be drawn. If there is a slight deviation (for
random effects) from a normal distribution, then assuming a
single Gaussian distribution will not lead to significantly less
accuracy. However, if the deviation is larger, more accurate
classifications will be reached with “a more flexible random
effects distributions”, but it is only possible for larger datasets.

In a similar study, also in the field of medicine, presented
by Sheng et al. [27], a correlation is analysed in clustered
data (formed by two ears of the same individual). They also
propose a linear mixed-effects model for analysing the multi-
level data structures. Generally, they concluded that more
efficient models are mixed, multivariate, with a larger num-
ber of inputs (in this case, method for both ears, including
participants, audiologists and confounder).

Also often in geology there is an approach to increase ar-
tificially the data using bootstrap as a nonparametric statisti-
cal method. Iv§inovi¢ and Litvi¢ [28] show that resampling
an input dataset can provide a chance to reach a new set
which is characterised by normal distribution. However, this
method is based on a large number of resampling. The
authors show that at least 1000 (new) subsurface porosity
artificial data were necessary to obtain a normal distribution.
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All these approaches deal with distribution of data and
can be tested for both small and large datasets in different
fields of science and engineering. They all have their limita-
tions, especially bootstrap when resampled datasets may not
be statistical representative, but they all can help to make
decision how to spatially represent variability.

2. Methods

2.1. Study area description

The study area includes six measurement stations in Za-
greb for observing air quality (A1-A6). The behaviour of air
pollutants in the environment, as well as human exposure to
air pollutants in Croatia, are investigated and monitored by
the Institute for Medical Research and Occupational Health
(IMI). During the two-year period, 2016 and 2019, daily
samples of Ni and Pb concentrations in the total deposited
matter were taken, and monthly and annual averages are
considered for mapping and statistical analyses. Additional-
ly, soil samples were taken from two locations (S1 and S2),
and values in 2016 and 2019 were compared with air pollu-
tants. These 2 years are the only ones when mutual air and
soil measurements exist. Moreover, locations S1 and S2 were
chosen due to their proximity to possible pollution sources.
S1 is the location of the Zagreb wastewater facility and S2 is
close to the city landfill. The entire observed area (air meas-
urement and soil sampling stations) covers approximately
300 km?. The sampled locations are shown in Figure 3.

Figure 3. Study areas with measurement stations (A — air meas-
urement stations, S — soil sampling stations)

Soil samples were taken at a depth of 20 cm and subse-
quently subjected to drying, sieving and preparation for se-
guential extraction analysis (BCR) [29]. The BCR method
was used to determine the overall distribution of heavy met-
als in sediments.

2.2. Geological settings

The study area consists primarily of Quaternary deposits
composed of Pleistocene non-carbonate loess and Holocene
alluvium, flooded and splay sediments [30]. It is represented
by lowlands located at the very southwestern margin of the
Pannonian Basin System, below Medvednica Mt. These Holo-
cene sediments are carried by the Sava River in numerous
redeposition cycles originating from the Alpine regions [31].
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Table 1. Annual Pb concentrations in the TDM (mg/m?d)

Al A2 A3 A4 A5 Ab

2016 2019 2016 2019 2016 2019 2016 2019 2016 2019 2016 2019
1.89 0.55 8.03 10.9 1.54 0.95 1.99 1.34 1.20 0.76 1.37 0.63
3.27 1.27 10.5 5.89 4.80 2.02 4.25 3.14 3.29 1.01 3.28 1.31
2.46 1.19 4.53 7.92 2.59 3.37 4.50 4.04 2.58 1.32 5.80 2.03
3.66 5.11 4.10 155 157 4.17 7.42 4.97 1.59 3.12 3.27 3.35
3.42 1.22 8.76 2.85 3.99 0.47 4.62 1.72 2.38 0.95 3.21 0.81
247 242 13.1 8.49 3.47 3.91 5.06 3.64 3.70 2.40 3.39 0.84
1.85 1.65 3.86 6.38 / / 4.07 2.70 1.96 1.28 2.13 1.78
5.42 1.06 4.30 5.97 2.06 1.79 2.19 2.92 2.29 2.36 1.66 1.88
1.05 1.65 4.41 3.73 1.50 1.99 1.73 2.81 1.32 1.83 1.37 3.23
5.94 0.53 7.70 1.66 2.55 0.93 3.38 1.29 2.76 0.73 2.25 0.77
/ / 4.92 1.84 2.52 1.16 4.52 1.46 / / 2.68 111
0.90 0.46 2.74 741 2.09 1.05 4.54 1.07 2.09 0.74 1.25 1.04

Table 2. Annual Ni concentrations in the TDM (mg/m?d)

Al A2 A3 A4 A5 Ab

2016 2019 2016 2019 2016 2019 2016 2019 2016 2019 2016 2019
9.67 0.33 3.05 2.15 2.82 0.66 2.85 0.54 2.74 0.64 5.18 0.65
7.24 0.26 4.25 2.35 1.24 0.97 3.00 1.39 2.17 0.83 3.14 0.89
1.83 0.65 2.81 5.30 1.30 1.32 1.55 1.56 1.06 0.64 1.87 1.27
3.60 2.08 3.25 5.37 1.28 2.26 3.38 2.06 1.52 1.32 2.56 1.72
5.84 0.86 22.0 2.05 2.86 0.32 241 0.72 1.59 0.61 2.10 0.61
6.17 1.44 3.49 3.26 2.27 2.32 4.88 1.90 2.05 1.22 1.97 0.64
1.56 0.82 1.71 1.90 / / 1.22 0.86 0.90 0.69 1.16 0.97
5.96 0.69 0.62 241 0.94 1.02 0.89 1.22 1.16 1.46 0.89 1.02
1.29 0.89 247 1.93 1.08 1.06 1.42 121 0.84 1.00 0.93 1.89
3.45 0.30 3.35 1.22 2.29 0.67 2.45 4.78 2.08 0.38 1.64 0.87
/ / 3.97 1.33 1.84 1.37 2.51 1.18 / / 3.06 1.05
142 0.27 0.38 0.94 1.33 1.11 1.34 0.83 2.54 0.44 1.10 0.64

The measurement data included in the calculations are the Z Z Z

. . i L A, %2, L en
values within the search radius/radii, i.e. inside the P 4P gP
circle/ellipsoid of spatial dependency. Zy =— 2 n_ (1)

The mathematical expression for inverse distance 1.1 +i

estimation is: df df dy
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where:
Zy — estimated value; di-distance to the “i-th” location;
p — power of distance;
Z; — measured values at “i-th” location (i=1,..., n) [40].

Table 3. Average annual metal concentrations in the TDM and

soil samples
Metal concentrations in the total deposited matter (mg/m?d)
2016 2019
Pb Ni Pb Ni
Al 2.94 4.37 15 0.8
A2 6.42 4.28 6.6 25
A3 2.61 1.75 2.1 1.2
Ad 4.02 2.33 2.6 15
A5 2.29 1.7 15 0.8
A6 2.64 2.13 1.6 1
Metal concentrations in soil samples (mg/kg)
2016 2019
Pb Ni Pb Ni
Sl 18.24 205.07
S2 18.26 27.1 38.3

The result of IDW interpolation depends on the value of
the exponent p, which is obtained experimentally and has a
different value in different fields of science [38]. Specifical-
ly, in this work, the value of 2 was used as the exponent p,
which in previous studies in similar areas was shown to be
optimal [38], [39]. This means that the weight given to each
point is inversely proportional to the square of the distance
between the unknown point and the known point. This gives
more weight to nearby points and less weight to distant
points, resulting in a smoother and more accurate interpola-
tion surface. However, the choice of power exponent de-
pends on the nature of the data and the desired accuracy of
the interpolation. For example, a power exponent of 1 will
give equal weight to all neighbouring points, while a higher
power exponent will give more weight to the closest points.

To investigate the correlation between variables (in this
case, metal concentrations), it is useful to check the normality
of the TDM annual data distribution. In the limited datasets, a
normality check is quite an unreliable analysis. However, the
amount of data for normality analyses, t-test and interpolation
was different. Statistical data were checked based on monthly
averages for two compared years (t-test) or single years (nor-
mality check). It included 24 or 12 values, respectively.
Oppositely, for interpolation, the datasets included 6 points
and 2 auxiliary (for interpretation) data. So, 10+ data points
are considered the minimum for the logical selection of for-
mal normality tests, where also one was “stricter” (Shapiro-
Wilk) and another “lighter” (Kolmogorov-Smirnov). One of
the most frequently used and reliable (strong) tests for con-
firming the hypothesis of a normal distribution, the Shapiro-
Wilk (SW) test is expressed by the Equation:

2
(Z?zl'ai 'X(i))
- \2
(% -X)
where:
X — the i-th smallest number in the sample;
X —asample mean;
aj — a constant.
This is a hypothesis test that is applied to a sample and
whose null hypothesis is that the sample was generated from

, O]
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a normal distribution. If the p-value is low, we can reject
such a null hypothesis and say that the sample was not gen-
erated from a normal distribution [41].

Due to the small number of data (monthly averages), we
additionally check the normality with another test called the
Kolmogorov-Smirnov (KS) test [42]. The test is based on the
empirical distribution function (ECDF). Given N ordered
data points Y1, Y2, ..., YN, the ECDF is defined as:

©)

where:

n(i) — the number of points less than Yi;

Yi — ordered from the smallest to the largest value.

This is a step function that increases by 1/N at the value
of each ordered data point.

For groups where normality is confirmed by at least one
formal test, the parametric t-test was made to compare the
means of the two groups of monthly values between 2016
and 2019. The paired sample t-test was chosen to determine
whether the mean difference between two sets of observa-
tions is zero [43]. In the t-test, we used the p-value as a
measure of the statistical significance of the observed result.
If the p-value is small (less than 0.05), it suggests that the
observed result is unlikely to have occurred by chance, and
we reject the null hypothesis. On the other hand, if the
p-value is large, this suggests that the observed result could
have been obtained by chance (the concentration of individu-
al metals in different years is statistically significant). It is
important to note that the p-value does not provide infor-
mation on the magnitude of the effect or the size of the dif-
ference between groups; it only shows us whether the ob-
served effect is statistically significant. Two sets of observa-
tions are paired if each observation in one set has a special
correspondence of relationship with exactly one observation
in the other data set [44]. The formula for estimating the
paired t-test is:

t=— 4)
9
Jn

where:

m — the mean of the group;

o — the standard deviation of the group;

n — the sample size.

Also, for samples with a normal distribution, a correlation
was made using Pearson correlation coefficient [45]. The
Pearson correlation coefficient is a measure of the strength of
a linear relationship between two variables [46]. It is com-
monly denoted by the Greek letter p (rho) and may be re-
ferred to as the population correlation coefficient. Given a
pair of random variables (X, Y), the formula for p [44] is:

cov(X,Y)

PXY =———— >
Ox Oy

®)

where:

cov — the covariance;

ox — the standard deviation of X;

oy — the standard deviation of Y [47].

When applied to a sample, it is commonly represented as
r and may be referred to as the sample correlation coefficient
or the sample Pearson correlation coefficient.
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where:
r — correlation coefficient;
xi — values of the x-variable in a sample;
X —a mean of the values of the x-variable;
yi — values of the y-variable in a sample;
X —a mean of the values of the y-variable.

3. Results and discussion

In order to check the normality of the distribution of month-
ly values of Pb and Ni concentrations in the air during 2016 and
2019, Shapiro-Wilks and Kolmogorov-Smirnov formal tests
were performed. The results are presented in Table 4.

Table 4. Results of the statistical tests of Pb, Ni concentration in
the TDM (green — normal distribution is confirmed, red —
is not confirmed)

Al A2 A3 A4 A5 Ab
Pb Ni Pb Ni Pb Ni Pb Ni Pb Ni Pb Ni
KS
2016 test
SW
N
KS

test
2019 SW
test

Most monthly concentrations have a normal distribution,
especially when analysed using the KS test. It was expected
because the KS test is not as strict as the SW test. The month-
ly Ni concentrations at the A2 measurement site in 2016 are
an exception, since there was one extreme value, which was
probably real and not a measurement error. Based on this, we
can compare the monthly concentrations of individual meas-
urement stations in 2016 and 2019 (except for Ni at A2) using
the t-test and Person correlation coefficient (Table 5).

Table 5. Results of statistical paired t-test (p-value) and Pearson
correlation coefficient (r) between concentrations
in 2016 and 2019

Al A2 A3 A4 A5 A6
Pb Ni_ Pb Ni Pb Ni Pb Ni Pb Ni Pb Ni
r 0.04 -0.12-0.07 -0.05 -0.06 -0.32 0.49 0.24 -0.02 -0.37 0.09 -0.26

p 0.93 0.33 0.26 0.12 0.07
In the t-test, we used the p-value as a measure of the sta-
tistical significance of the observed result. If the

p-value is less than 0.05, it suggests that the observed result
is unlikely to have occurred by chance, and we reject the null
hypothesis (the concentration of individual metals in differ-
rent years is not statistically significant). When normality is
not satisfied, this means that the data distribution is not
Gaussian, and therefore statistical methods based on this
assumption may not be valid. In the context of air pollution
data, this may happen because air pollution sources are not
evenly distributed in space and time, or because some pollu-
tants are more persistent in the atmosphere than others. In
this case it is important to use non-parametric methods, such as
the Wilcoxon rank-sum test, the Kruskal-Wallis test, Spear-
man’s rank correlation or Robust regression, which do not
assume a specific data distribution. Alternatively, one can
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transform the data using a suitable transformation, such as
logarithmic or square root transformation, to make the distri-
bution more normal before applying parametric methods.

Pearson correlation coefficient does not significantly dif-
fer from zero. According to this correlation coefficient, there
is not significant linear relationship between monthly con-
centrations of Ni in 2016 and 2019, as well as between re-
spective Pb concentrations. A paired t-test is used because it
can be assumed that, without additional external pollutants,
the sample means will be similar, i.e., statistically related.
The null hypothesis assuming similarity between 2016 and
2019 monthly means is rejected based on the p value at loca-
tions A1, A5 and A6 for both Pb and Ni concentrations. At
measurement station A4, the null hypothesis is not rejected
for Ni concentrations, and it is rejected for Pb. At measure-
ment station A2 and measurement station A3, null hypothesis
is not rejected for both Pb and Ni concentrations.

In short, using an additional t-test, the hypothesis of equa-
lity of their means is mostly rejected (H1 : ul # p2), which
places the time-shifted data of majority of air samples in dif-
ferent weather and soil conditions. This can be compared to
negative correlations often calculated between the same da-
tasets, where both values mask any relationship between
stations, which probably cannot be the prevailing statement.
However, finding the critical value of the rock petrophysical
values when applying t-test in geological research could be a
tentative process [48], and an increase in the number of data
can help reach the representativeness of the statistics, i.e.,
belonging to the so called “parent population”. This means
that increasing the network of stations probably improve the
relationship between different stations, expressed by statisti-
cal values such as correlation coefficient or t-test values.

Significant differences in the sample means are also visi-
ble geographically on maps of Ni and Pb concentrations in
both analysed years (Figs. 5 and 6). Measurement stations
A3 and A2, for which null hypothesis is not rejected, are
adjacent and geographically located from the central to the
western side of the mapped area. Mapped Pb concentrations
in 2016 and 2019 show the highest values in the central area
(A3, A4) as well as at the western margin (A2). The average
annual Pb concentration reaches 4.02 ug/m?d at the meas-
urement A4 station in 2016 and 2.59 pg/m?d at the same
station in 2019. At A2 station, an average annual concentra-
tion of Pb in 2016 is 6.42 pg/m?d and 6.55 ug/m?d in 2019.
Pb concentrations of soil samples from S1 and S2 locations
are 18.24 mg/kg and 18.26 mg/kg in 2016, respectively.
Although S1 data for 2019 is not available, S2 reaches a high
of 27.1 mg/kg in 2019.

Unlike Pb, the average annual concentrations of Ni are
maximal only at the margin of the mapped area in 2016. The
Al and A2 stations show 4.37 and 4.28 pg/m?d, respectively.
This changed in 2019, with station A2 retained the highest
mapped concentration, while Ni concentration at station Al
became the lowest mapped concentration. Soil samples from
location S1 show a value of 205.07 mg/kg in 2016, and no
data is available for 2019. Similarly, location S2 shows a
sample concentration of 38.3 mg/kg in 2019, while data at S1
for 2016 is not available.

Since the spatial distribution of these potentially toxic
elements (Pb and Ni) can be significantly affected by wind
direction and speed, both factors were observed using an
annual wind rose valid for Zagreb (meteorological station
located in the uptown).
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Figure 5. Map of Pb concentration in the TDM and soil (Gauss-
Kriiger projection): (a) 2016; (b) 2019

The data for measured wind properties reflect the same
time frames (2016 and 2019) as the Pb and Ni concentration
measurements from the air. The length of each wind direction
spike is the cardinal direction frequency in which the wind
blows. It is represented as a percentage (0, 10, 20, 30...).

In both years (Fig. 7), the wind direction was predomi-
nantly towards the NE with speed of 0-2 m/s. In addition, the
second spike was directed towards the SE with speed of
mostly 0-1 m/s, rarely higher. Wind roses for 2016 and 2019
are very comparable.

Moreover, we used points S1 and S2 for a quantitative
comparison of mapping results (A1-A6) and dominant wind
directions (Figs. 9 and 10). Two soil samples were taken as
an example to see if metal concentrations in soils increase
or decrease over the years, as metals from the TDM settle
and accumulate in the topsoil over the years. Of course, this
is an assumption that cannot be precisely confirmed with
such a small amount of data, and this paper is precisely a
guide for further research into the relationship between air
and soil metal pollution.
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Figure 7. The wind rose: (a) 2016; (b) 2019

4, Conclusions

This paper is focused on the comparison of Ni and Pb
concentrations in air and soil pollution in the Zagreb area.
Due to the very limited amount of publicly available data
from soil analysis samples, 2016 and 2019 were chosen as
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the best possible indicators of related changes in metal con-
centrations in soil and air.

The main problem was that the input data contained only
six measurement stations for air quality and, more important-
ly, just two analysed soil sampling sites for the same metals
(measured in total deposited matter). As can be seen on the
maps, the only area defined by the air measurement stations
can be mapped, due to the inadequate number of soil sam-
pling sites. Moreover, those two subareas cannot be mapped
simultaneously, but each by itself due to different physical
values, but they are interpreted as possibly dependent.

Moreover, a larger dataset of air concentrations was sta-
tistically analysed by itself, based on monthly averages for
2016 and 2019 used to calculate the (mapped) annual aver-
ages. This included formal normal distribution testing, linear
correlation calculations, and t-test.

Testing the normality of Ni and Pb concentrations in the
TDM confirmed the feasibility of using two parametric sta-
tistical tools — the Pearson correlation coefficient and the
t-test. Interestingly, the Pearson correlation coefficient does
not significantly differ from zero, i.e., the “r” is “not signifi-
cant” and there is no significant linear relationship between
the monthly concentrations of Ni and Pb in 2016 and 20109.

Furthermore, the t-test for most of the data shows that the
null hypothesis is rejected. Thus, it can be concluded that the
environment, i.e., the pollutant sources operating in the ob-
served area, have changed over the three years. This is also
confirmed by the absence of a linear correlation. In the loca-
tions where the null hypothesis was not rejected (A2 and
A3), it is concluded that the area is still potentially polluted
by the same sources in similar proportions.

Since the mean values of Pb and Ni concentrations in the
air in 2019 are lower compared to 2016, while the Pb con-
centration in soil, on the contrary, increased in 2019, it can
be concluded that, as expected, pollution from the air is ac-
cumulated in the surface soil layers. From the graphic display
of wind directions and speeds, it is evident that the most
dominant wind directions were in the northeast and southeast
directions. The influence of the NE direction cannot be con-
firmed due to the absence of soil samplings, but the SE is
clearly reflected in the increase in Pb in S1 and S2, although
the air concentration in the Zagreb urban area decreased over
the analysed years.

The deposition of particles from the air, their accumula-
tion and behaviour within soil horizons is a very complex
issue. Some analytical methods on how to deal with them are
shown in this work. However, the most substantial conclu-
sion is probably that the insufficient amount of data is the
main shortcoming for urban health policy in a large area like
Zagreb. The small number of air measurement stations and
especially soil sampling sites cannot lead to any reliable
conclusions about urban pollutants, their activity over time
and direct links to soil toxic degradation based on statistical
or geological methods and analyses. There is no doubt that
urban pollution sources fill the soil with accumulated toxic
elements such as Ni and Pb, especially in suburban areas
located along the paths of the dominant wind directions.

However, with a rather restricted dataset and no meaning-
ful spatial network of stations, normality and t-test could be
used as some of the rare available statistical tools that could
help to explain meaningless correlation values (all were in
the range of r = +/-0.25, which was very strange depending
on the number of calculations, where at least one pair could
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randomly reach a high correlation). Such an approach could
be much more effective if the sampling network were ex-
panded in the future. This is considered a necessary condition
for any proper protection of urban soils and waters, and es-
pecially citizens, and is crucial for any reliable health policy
that people can trust based on qualitative and quantitative
statistical and geological tools, methods, and facts.
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3B’s130K Mik 32a0pyIHEHHSAM NOBITPS Ta IPYHTY HA OCHOBI CTATHCTHUYHOIO aHANI3Y Ta iHTepnoJsaLii
nikemo (Ni) i ceunio (Pb): TemaTnune gocaipkeHHs Ha npukiaani 3arpedy, Xopsaris

H. Paunu, T. Manbsiu

Mera. [TopiBusiHHs KoHIeHTpalii Ni Ta Pb y 3a0pyaHeHH] NOBITPs Ta IPYHTY AJIs BCTAHOBJICHHS 1X B3a€MO3B’s3Ka y paiioHi 3arpeba.

Metoauka. TectyBanHs HOpManbHOCTI KoHIeHTpalii Ni ta Pb y 3aransHomy o6cs3i Binknanenoi pedoBunu (TDM) miareepauino moii-
JBHICTh BUKOPHCTAHHS JJBOX MapaMEeTPUYHHX CTATUCTHYHMX IHCTPYMEHTIB — KoedinienTta kopessiuii [Tlipcona ta t-recty. Meron iHTepmos-
il 3i 3BaxyBaHHsAM 3BopoTHOI Bigcrani (IDW) OyB oOpaHuii sk HaWKpalluid Miaxig A HeBEIHKOi KiIbKOCTi BHMiproBaHb. Uepes nayxe
00MeKeHY KUTbKICTh 3arajbHOIOCTYITHHUX JaHUX 3 aHawi3y 3paskiB IpyHTY 2016 ta 2019 poku Oynm oOpaHi sIK HaWKpaml MOXIUBI iHAUKa-
TOPH BiJIOBITHUX 3MiH KOHIIEHTpAIlii METANIIB Y TPYHTI Ta MOBITPi.

PesyabTaTn. BusHaueHo, 110 HEAOCTATHINA 00CAT JaHUX € TOJIOBHUM HEJOTIKOM MICHKOT HOJITHKH B TaTy31 OXOPOHH 370pOB’sl Ha TaKii
BeNUKIiH TepuTopii six 3arpe6. 3a3HaueHo, M0 HEBEIHKa KUIBKICTh CTAHIlIF BUMIPIOBAHHS MOBITPS Ta 0COOIMBO MicIb Bibopy mpob IpyHTY
HE MOJKE NMPHU3BECTH 10 OyAb-SIKHUX TOCTOBIPHUX BHUCHOBKIB II0JI0 MiCBKMX 3a0pyAHIOBAYiB, iXHBOI aKTUBHOCTI B Yaci Ta MPsIMOTo 3B 53Ky 3
TOKCHYHOIO JIerpa/ialli€lo IPYHTY Ha OCHOBI CTATHCTMYHUX YW TEOJIOTIYHMX METOJIB Ta aHawi3iB. BcTaHoBNIEeHO, 1110 MiChKi Jkepena 3a0py -
HEHHs 3alIOBHUJIM IPYHT HaKOMMYCHHUMH TOKCHYHHMH eJIeMeHTaMu, TakuMu sk Ni ta Pb, 0co0IMBO B IPUMICHKUX paiiOHaX, pO3TAIIOBaHMX
Y3IOBX LUIAXiB MaHIBHUX HANPSAMKIB BITPY.

HaykoBa HoBu3Ha. L{e opHriHajgbHe TOCIIKEHHS, B SKOMY BIIEpLIE TPOBOUTHCS CTATUCTHYHHIN aHANI3 Ta HAIAIOTHCS 3aralIbHOIOCTY-
HI 1aHi Ipo 3a0pyIHEHHS MOBITPs Ta IpyHTY 3a nepion 2016-2019 pokis.

IpakTnyna 3Ha4YMMicTb. JlaHe DOCTIPKeHHS € HEOOXiTHUM KPOKOM Yy BH3HA4YEHHI MalOyTHBOTO IUIAHYBAaHHS CTAHILIN IS BEMIipIO-
BaHHS ITOBITPs TA IPYHTY Y MiCBKilf 30Hi 3arpeba.

Kniouogi cnosa: 3abpyonenns, Ni, Pb, cmamucmuune mecmysanusi, 2eocmamucmuyne kapmozpagyeannsi, 3azpe6, Xopsamis
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