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Dzheni KARADZHOVA!, Miroslav VASILEV?, Petya VELEVA and Zlatin ZLATEV

DEFINITION OF AREAS WITH HIGH
AND LOW ENVIRONMENTAL POLLUTION
BY PASSIVE BIO-MONITORING

Abstract: In this work, zones with high and low air pollutievere determined by passive bio-monitoring. Four
classes of zones were defined, which differ indbgree of pollution. In these zones, spectral ftata mulberry
and linden leaves were collected. It was found thair spectral indices, reduced to three princgahponents
using Principal Component Analysis (PCA), refldw tifferent levels of pollution. The relationshiptween the
spectral indices of the leaves and the degree laftjpm in the considered zones was proven usiegSihouette
Method - a classification assessment techniquedbarecluster analysis. The present study demosstrite
possibility of passively assessing air quality lasm the condition of the leaves of trees grownuiban
conditions. The results obtained will support trevelopment of continuous monitoring programs ineortb
control pollution and its effects.
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Introduction

Global environmental pollution is one of the mosticus challenges of the modern
world, affecting not only natural ecosystems bsbgbublic health. The dimensions of the
problem are many, including social, economic amgislative, and it is directly related to
increasing urbanisation and industrialisation A3.a result of human activity and climate
change, air pollution levels are reaching critleakls, which poses a significant risk to the
health of the population [2]. In this regard, theach for effective and sustainable
techniques for monitoring the environment, and djpadly air, creates a need to address
the complexity of environmental problems on ourrgdiag planet [3]. Traditional methods
for monitoring changes in air quality often rely osophisticated equipment and
infrastructure, posing challenges in terms of cestjability and accessibility, especially in
resource-limited regions [4]. In addition, in macgses, the location of monitoring stations
does not reflect the real need, which leads toszomiception, most often of lower pollution
values than the real ones.

In response to these challenges, attention is asangly being paid to nature itself,
seeking solutions that use the inherent abilitids/img organisms to respond to changes in
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their environment [5]. Biomonitoring relies on thbility of biological organisms to reflect
the state of their environment. It can be divideto two types: active and passive. In active
biomonitoring, indicators are exposed in a conglmanner under different conditions,
while passive biomonitoring relies on biomonitoegurally occurring in the studied areas.
The first type is suitable when a high level of wohover the experiment is aimed for, as
the type, time and place of exposure can be chdsehe second, the control is lower and
is based on the available conditions, with the defiecting longer-term accumulations of
pollutants [6-8], indicators indicative of enviroemtal changes related to pollution
monitoring in passive biomonitoring are mainly bhan bioaccumulation, biochemical
changes and morphological changes in the monitoicddicators [9].

Mulberry and linden are common in urban areas, ngaitiem potential indicator trees
for passive biomonitoring. Their leaves have thiitalto accumulate pollutants such as
heavy metals, fine particulate matter (PM) and dogases, providing an opportunity to
analyse pollution trends and establish their spdt&ribution. A number of studies have
highlighted the applicability of mulberry and lindéeaves in air quality assessment, with
an emphasis on their optical properties [10, 11eyl change in response to various
stressors, including atmospheric pollutants, tesmpee fluctuations and humidity
variations. Despite the successful applicationeaf-level optical reflectance techniques to
monitor plant responses to environmental streshes, application in urban biomonitoring
remains limited [12, 13].

The leaf surface absorbs, reflects and transngtet &t different wavelengths, which
makes spectral analysis possible and preferred asdecator method for the physiological
and biochemical changes occurring in tree leavedewrhe influence of pollutants.
Nebesnyi and Grodzynska [11] state that using apticeasurements, the step-by-step
responses of plants to both natural and anthropogsress factors could be observed,
which allows the diagnosis of different phases t#np adaptation and progression of
pollution stress. In another study, [14], relatedhe deposition of atmospheric pollutants
on the leaf surface of 12 tree species, it wasddhat the natural spectral characteristics of
leaves for the purpose of air biomonitoring aresely related to the spectral response in the
range 400 nm - 800 nm. The authors directly useahespectral features, while calculating
spectral indices extracted from spectral featunete VIS region of leaves would have the
potential to improve the accuracy and efficiencyaaf pollution biomonitoring. Using
laser-induced spectroscopy in the range of 219 8 7-nm, Yang et al. [15] and Yu et al.
[16] successfully predicted the Cu and Cr valuesniriberry leavesR? = 0.98 for both
elements.

The diagnosis of airborne elements is also possibteugh biomonitoring based on
lime leaves. In confirmation of this, using sma&led lime leaves, a research team [17]
found that high concentrations of heavy metalseeigly Fe, Zn, Al and Cr, were mainly
associated with road traffic, while Pb was assediatith industrial pollution. The same
authors diagnosed a decrease of about 27 % inathterd of photosynthetic pigments in
areas with high traffic and industrial pollutionfiading confirming the stress response of
plants to adverse conditions.

Air quality in populated areas is a key elementha analysis of environmental and
health risks posed by urbanisation and increasidgstrialisation. Biological monitoring of
air pollutants is becoming a vital tool for assegsihe impact of air pollution on human
health and the environment [18]. Mulberries andebnare tree species that respond to
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pollutants through changes in their anatomical phgsiological properties, which can
serve as indicators of environmental stress and@mmental quality.

Using diagnostic signs of pollution, mainly changes leaf pigmentation, their
structure and moisture content, optical methodshedp map areas with different degrees
of air pollution. Techniques such as spectral aypketspectral analysis, thermography and
chlorophyll fluorescence have proven their poténtia automated, objective and
reproducible monitoring systems, allowing the id@dtion and quantification of
pollutants at early stages of accumulation in planganisms [19-21]. However, existing
studies on passive biomonitoring, focused on airadythe optical characteristics of tree
leaves, highlight the need for new and in-depthilist of the methodologies used so far
[22]. Such studies aim to improve both the efficiprand expediency of plant leaf trait
assessment, thereby streamlining the integratiothefobtained results into automated
systems. These requirements emphasise the impertahaneasuring, analysing, and
evaluating multiple parameters related to changes plant traits influenced by
environmental fluctuations.

Passive monitoring does not require sophisticatgdipment, making it a more
affordable alternative in cases where standardstaoke limited by high costs or
difficult-to-access locations. This method reliegsmaturally occurring interactions between
tree leaves and the environment. As a result, ipdssible to assess not only current
pollution, but also to predict future changes invimnmental conditions related to
anthropogenic or climatic factors. Through non-giva optical monitoring and the use of
spectral indices, it is possible to accurately ssgbe extent of pollution, as well as its
impact on plant indicators. This contributes to ioying biomonitoring strategies and
provides more effective methods for assessinguaility in urbanised and industrial areas.

The aim of this work is to define areas with higiddow air pollution from the
perspective of passive bio-monitoring.

Material and methods

The study measured key parameters related to #irtipa: concentrations of fine
particulate matter (PM2.5 and PM10), total volatitganic compounds (VOC), equivalent
carbon dioxide (eC§), as well as concentrations of nitrogen oxides (N6ulphur oxides
(SQ), and carbon monoxide (CO). These indicators aeerial when aiming to obtain
accurate results when assessing air quality, asaatiem plays a role in different aspects
of pollution and their impact on the environmentddmman health. The measurement
object is also the leaves of lime tredsli@ platyphyllos) and mulberriesMorus alba),
common trees in urban and suburban environments.

Table 1
Geographic coordinates of measurement areas, acgdoithe degree of pollution
Measurement area Geographic coordinates (WGS 84)
Z1 42.475868N, 26.518947E
Z2 42.474494N, 26.522722E
Z3 42.490862N, 26.459554E
Z4 42.490190N, 26.511425E
Z5 42.418299N, 26.932481E
Z6 42.501629N, 26.528357E
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Table 1 presents the data on the areas from whieketives were taken. The pollution
levels and geographical coordinates are indicalée. area is located in the southeastern
part of Bulgaria. The population of mulberries dimde trees in the studied geographical
region is significant.

Passive determination of environmental charactesidgiased on data from the leaves
of the studied plants corresponds to passive bidorimy in this case.

Figure 1 presents the measurement zones on ateatelge. Zones 1, 2, 3 and 4 are
located in the urban area, zone 6 is in an aresideuthe city, and zone 5 is located in
a settlement 40 km away from the city.

Measurements in highly and less urbanised areaslietated by the need to cover
a wide range of environmental conditions, whiclowl for a more accurate assessment of
the impact of pollution on different types of emriments.

Fig. 1. Measurement zones on a satellite imageg@are property of Google Inc.)

The criteria for determining the high and low lew#iresholds for the relevant
pollutants are presented in Table 2. These thrddbukls are defined by WHO, EPA and
are reported in various literature sources.

Table 2
Criteria for determining threshold levels of potiots
Pollutant Threshold Criteria Source
value
Levels above 35 pgfhare considered high according to health
PM2.5 35 ug/rh guidelines (e.g. WHO, EPA) for 24-hour average sxpe 23]
Levels above 50 pgfhare considered high based on 24-houf
PM10 50 pg/md L
average exposure guidelines
Total volatile organic compound levels above 1 @pm
voc 1 ppm considered high and may indicate poor air quality (24]
CO; equivalent levels above 410 ppm are considered hig
eCco 410 ppm indicating poor air quality [25]
Nitrogen oxide levels above 1 ppm are considergh Ahd may
NO, L ppm have adverse health effects [26]
Sulphur oxide levels above 0.6 ppm are consideigid kvith
SO 0.6 ppm potential health consequences (27]
co 0.6 ppm Carbon monoxide Ievelg above 0.6 ppm are considegid which 28]
is a health risk
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The environmental characteristics were determinild a'measuring device developed
at FTT-Yambol, Bulgaria [29].

Figure 2 shows images of mulberry and linden leavagpper and lower sides.
The adaxial (upper) surface and abaxial (lowereser of the leaves were analysed.

004

Adaxial part Abaxial part Adaxial part Abaxial part

Fig. 2. Images of: a) mulberry and b) linden leashewing both adaxial (upper) and abaxial (lower)
surfaces, which were analysed for spectral indices

Obtaining spectral characteristics in the VIS spectl range. The full spectrum of
the images was used in obtaining VIS spectral ctariatics. The conversion functions are
for observer 20 (Stiles and Burch 20, RGB (1958) #élumination D65 (average daylight
with UV component (6500 K)), according to mathemeltirelationships, in which the
conversion is possible in both directions of thaadity [30].

Calculation of spectral indices.Spectral indices were used [31, 32]. The indicated
wavelengths are in the visible range of the speattithe indices were calculated: REI, PTI,
CTI, TVI, G, NExG, NGRDI, RGBVI, GLI, VARI and ExGA vector of features was
formed from them.

Data reduction in feature vectors.The feature vector data was reduced using
Principal Component Analysis (PCA) [33]. This istatistical technique for dimensionality
reduction. It works easily with large data setsttansforming them into a smaller set of
variables, called principal components, each ot a linear combination of the original
variables, ordered by the amount of variance itwas in the data.

All data were processed at a significance level ©f0.05.

A check was made for the separation of classesricgvareas with different degrees
of environmental pollution using a classificatiomogedure based on cluster analysis.
The “S’ criterion was used, determined using the Silhmudtinction in the Matlab
(The Mathworks Inc., Natick, MA, USA) environmentinlike most procedures for
evaluating the effectiveness of clustering, Siltteudloes not require a preliminary set of
training data to provide reliable results for grimgpclasses, but focuses entirely on the
internal characteristics of the data. Table 3 prissthe stages of the check using Silhouette
analysis.
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Table 3
Stages of Silhouette analysis
Stage Description Meaning
E1 Data reduction Reduction of the volume of spectra_ll data, desagilirsignificant part of their
variance
E2 Visualisation Visualisation of potential clust@nd their overlap

Verification of the separability of the formed das according to pollution using
a basic classifier. Finding overlapping classesibyal assessment
Quantitative measure of the separability of thesda. High values indicate googd
separability, low and negative values - partialramof data distributions

E3 k-NN clustering

E4 Silhouette Scorg

Three distance functions are used in k-NN clustgrin
- sgEuclidean GE). It represents the Euclidean distance raisedesdicond power. It is
calculated using the following formula:

SE = ) (= %)’ ®

wherex andy are the data in the vectors being compandd;the length of the data vector.
- cityblock (CB) or Manhattan distance. It is calculated by thé&feing formula:

n
cB = lx =yl @
i=1
To calculatecosine CS), we use the equation:
n
. x .
cS=1-— Zl—l iVi (3)
\/Z?:lxiz x \/Zz'q:l yi?
- the “S’ criterion of the Silhouette method is calculatsdthe following formula:
- @
" max(a;, b;)

wherei is the number of data in both clusteasis the average distance from titlh point
to the other points in the same clusteris the minimum average distance from tk
point to the points in the other clusters. If th¢h point is the only point in the
corresponding cluster, then the silhouette val8e i taken as 1. The value & is
a dimensionless quantity and can be taken as teelait (a.u.).

The values of the silhouett&*vary from [-1;1]. If “S’ tends to 1, it indicates that the
corresponding point lies in its own cluster and gdoet coincide with the other clusters.
If “S’ has values tending to 0 or negative, this is radication of overlap between the
clusters. IfS = 0, the points are borderline between the clast@nd it cannot be clearly
defined to which of the clusters they belong [34].

The cluster silhouette plot visualises the silhteu@tlues for each point. Points with
high silhouette values are located on the right sifithe plot, indicating strong clustering,
while points with low values appear on the leffigating weaker clustering.

The average silhouette valug’‘for all points is an overall measure of the qtyabf
clustering of the data into clusters. For a corietgrpretation of the results obtained, the
following threshold values were adopted [35]:

1. If S> 0.7. The data fitting into their correspondirlgsters is high. The separation
between classes is also defined as high.
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2. If 0.561< S < 0.70. A significant part of the data is correctifassified into their
corresponding cluster. Moderate separation betwkesses is observed.
3. If S < 0.5. Significant overlap of data distriloms, leading to data being placed in the

wrong cluster. Clustering results are unsatisfgctor

Results

The measurement areas are divided into four claseg®ending on the levels of PM
and the degree of contamination by the other pothst measured. The division is made
according to whether the respective pollutant itoweor above the threshold value.

The threshold values and pollution levels are priegskin Table 4.

Table 4
Threshold levels of pollutants and pollution levefsneasurement areas
Measurement zone PM2.5 PM10 VOC eCp NOy SO CO
Threshold value 35 pg/m3 50 pg/m3| 1 ppmy 410 ppm Pm | 0.6 ppm | 0.6 ppm
Z1 H H L L H H H
Z2 H H H L L L L
Z3 H H L L L L L
Z4 L L L H L L H
Z5 L L H H H H H
Z6 L L L L L L L
H - high level of contaminant; L - low level of daminant

The resulting four classes of zones with differeleigrees of contamination are
presented in Table 5. Classes 1 and 3 cover ore gach, while classes 2 and 4 have two

zones each.

Table 5
Grouping of measurement areas into classes, degendithe degree of pollution
Class Degree of contamination Measurement zones
Class C1 H-PM, HLP Z1
Class C2 L-PM, LLP Z2,73
Class C3 L-PM, HLP Z5
Class C4 L-PM, LLP 74, 76
H-PM - high levels of fine particulate matter; L-RNbw levels of fine particulate matter; HLP - higevels of
other pollutants; LLP - low levels of other pollota

Table 6 shows the average values of pollutanthénféur classes. The pollutant data
highlight clear contrasts between the four clasaéth 1 and 2 being the most polluted,
especially in terms of fine particulate matter (R2PM10) and VOC, an indication of
emissions from heavy industry and vehicles. Clalsaslthe highest values of Nénd SQ,
indicative of its proximity to intensive or indusstk areas, while class 2 has the highest
concentration of VOC. On the other hand, classovstthe lowest values of all pollutants,
reflecting lightly polluted areas, such as rural suburban areas. Class 3 occupies
an intermediate position; the levels are relatialyderate for eC£and VOC, highlighting
suburban areas with average levels of harmful eomss
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Table 6
Measured values of pollutants in the four clas$e®oes (all data have a statistically significdifterence
atp < 0.05)
Pollutant
Class PM2.5 [ug/n?]|PM10 [ug/n7] [VOC [ppm] |eCO, [ppm] [NO [ppm] |SOx [ppm] [CO [ppm]

Class 1 45 82 60 +90 2.07 +0.68 401.6 +6/4 0.88 +0.130 £0.030.70 +0.04
Class 2 128 +98 143 +106 6 +13 403 +14 0.83 +0|837 +0.070.50 +0.04
Class 3 16.6 +3.5 28.5+9.4 4.0 £1.0 448 +41  0.79 +0.057 +0.030.73 +0.01
Class 4 51455 18.1 £9.8 1.02 £0.70 409 +14  0.57 +0.0%1 +0.030.60 +0.02

According to the adopted standardised criteriatifiveshold levels of environmental
pollutants, the following vector of features hasmdefined:

FVT = [PM2.5 PM10 VOC eCONO, SO, CO] (5)

Figure 3 visualises the four classes, based onfdatathe feature vector, covering the
measured air quality parameters, reduced to thrieipal components using Principal
Component Analysis (PCA). Some of the partial eyerdf data distributions, because not
all characteristics in the respective class hawedo high levels relative to their threshold
value.

QO class1
() Classz
QO ciasss
010 Class 4
0.06
0.00 «
o
O
& 0104
0.05 -
0.00 4]
0.04

F 0.005
pcz 0.000 0000 PC1

Fig. 3. Principal Component Analysis (PCA) visuafisn of feature vector data (PM2.5, PM10, VOC,
eCQ, NO,, SQ, CO), reduced to three principal components tgsithte separation between
pollution classes. All data are dimensionless

Figure 4 shows graphs for the separability of the tlasses into clusters.

The graphs show that the worst clustering is obthiwhen using cityblock distance
(CB). The best indicators of the Silhouette valueabserved in cluster analysis based on
cosine distance (CS), in which visually a very $malt of the data in cluster 3 overlaps
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with the rest of the data. With Euclidean distarasepverlap of part of the data for cluster 3
with the rest of the clusters is visible.

a) b) ©)

Cluster
Cluster

2

3
—

4
4

0.0 02 0.4 0.6 038 1.0 02 00 02 04 06 08 10 00 02 04 06 08 10
Silhouette value Silhouette value Silhouette value

Fig. 4. Separability of the four pollution classesing three distance functions: a) sqEuclidean,

b) cityblock, c) cosine. Higher Silhouette valueslicate stronger clustering. All data are
dimensionless

Table 7 presents results for the coefficie8t When dividing the four classes of areas
with different degrees of environmental pollution.

Table 7
Svalues between classes according to the air guaidracteristics. [-] all data are dimensionless
Distance function sqEuclidean cityblock cosine
Basic statistics . . .

Classes min. max. | mean | min. max. | mean| min. max.| mear
cl-c2 0.09 1.00 0.97 0.02 0.76 0.66 | —0.06 0.84 | 0.62
cl-c3 —0.50 099 | 0.91 0.16 0.87 | 0.78 0.06 0.95| 0.74
cl-c4 —0.50 099 | 0.91 | -0.63 0.87 | 0.25 0.09 0.96 0.88
c2-c3 -0.11 093 | 0.82 | —0.18 0.73 | 0.53 0.00 0.80 | 0.58
c2-c4 —0.09 094 | 0.84 | -0.23 0.79 | 0.69 0.02 0.89 0.70
c3-c4 -0.13 0.88 | 0.69 | -0.18 0.82 | 0.47 0.01 0.88 0.70

cl-c2-c3-c4 -0.49 087 | 0.64 | -0.14| 066 | 048 | -0.14| 0.96 | 0.73

In order to more accurately determine the boundar&tween closed classes and how
clearly they are distinguished from each other, dlustering using the Silhouette method
was evaluated, both between individual pairs ofdis classes and for all of them
simultaneously. This approach provides an oppdstiuior a more precise analysis of the
overall structure of the data and their interpietatithin the classes.

The squared Euclidean distance provides the bpatasility, with the highest average
silhouette values in most pairs of classes. Mogmificant overlap is observed in the
clustering, aiming at separability between all sésssimultaneously, 0.6.

The cosine distance shows moderate separabilitth tie highest values being
between cl-c4, the pair of classes differing mostthe degree of contamination.
With a value of thes criterion of 0.73, this distance function demoatgs the best results
in the sought separability between the four deficladses.

The CB distance presents the weakest overall separalibtyecially for the pair c1-c4,
where significant overlap is indicated by the nagaminimum silhouette value and the
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low mean value, 0.25. The mean silhouette valuseptirability of all classes with this
distance function falls in the low range of sepditgh0.4.

A vector containing 11 spectral indices of mulbelegves is formed. The data are
separate for the upper and lower parts of the kaMais vector has the form:

FVM = [REI PTI CTI TVI G NEXG NGRDI RGBVI GLI VARIEXG] (6)
Figure 5 visualises data for mulberry leaves. Alifio there is overlap between
classes, due to close values in some of the iradigathey are still grouped. Visually,
a more significant overlap is observed betweenutiderside of the leaves, an aspect that
will be verified by applying the selected clustgrimethod.

a) b)

Fig. 5. Principal components of mulberry leavesaf@a (a) vs. abaxial (b) surfaces) across four
pollution classes. Overlaps between classes at#esiparticularly in the abaxial data

Figure 6 shows graphs of the separability of the fdasses into clusters. The data are
for mulberries from the upper side of the leaves.

a) b) ©)

Cluster
Cluster

g,
04 02 00 02 04 06 08 10 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Silhouette value Silhouette value Silhouette value

Fig. 6. Separability of pollution classes based spectral indices of the adaxial (upper) surface of
mulberry leaves, using: a) sqEuclidean, b) citybl@nd c) cosine distance functions

The graphs show that all three distance functi@we Ipositive values of the Silhouette
criterion, an indicator of good grouping of datative respective clusters. Visually, only
when applying Euclidean distance does a small gortf class 1 data points become
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misclassified into other clusters. Classes 2 anitB the CB function show the lowest
average values of ticriterion, up to about 0.5.

Table 8 presents results for th®' ‘toefficient when dividing the four classes of ase
with different degrees of environmental pollution.

Table 8
Svalues between classes according to the adaxiabpmulberry leaves. [-] all data are dimensiasle
Distance function sgEuclidean cityblock cosine
Basic statistics| . . .

Classes min. max | mean | min. max | mean| min. max | mean
cl-c2 0.03 090 | 0.79 | -0.23| 0.66 | 0.46 0.01 0.88 | 0.71
cl-c3 -0.38| 093] 052 | -0.02| 0.76 | 0.66 0.02 091 | 0.76
cl-c4 -0.09| 093] 084 | -0.07| 0.76 | 0.65 0.00 0.82 | 0.58
c2-c3 -036| 089| 046 | -0.24| 0.70 | 0.49 0.00 0.84 | 0.59
c2-c4 -0.12| 090| 0.v8 | -0.17| 0.65| 0.44 | 0.02 0.82 | 0.62
c3-c4 -0.33| 084| 059 | 027 | 055| 034 | 0.01 0.84 | 0.65

cl-c2-c3-c4 -0.17| 0.76| 054 | -0.04| 0.75| 043 | -0.03| 0.78 | 0.47

The quantitative assessment of the separabilitydsst classes with data obtained
from the upper side of mulberry shows that usingusdidean, a moderate to high average
value of ‘'S’ is observed between pairs of classes. This imdication of good separability
and a clear distinction between them. Clusteringplving the simultaneous use of all
classes and its evaluation by th® ‘triterion, indicates moderate separability betwee
classes, due to overlap between classes withimitie complex structure of the data.
However, sqEuclidean provides the best separaliiitiyveen 4 classes compared to the
other two distance metrics. The obtained averafigeseof “S” for the pairs c1-c3, c2-c3
and c3-c4 indicate higher separability for the wesdistance, while for the remaining pairs,
the discriminability is lower compared to that abeal with sqEuclidean. ThéB distance
presents the weakest overall separability, espediat the c3-c4 pair, where significant
overlap is indicated by the negative minimum siktb® value and the low mean value,
0.34.

Figure 7 shows separability plots for the four stsin clusters. The data are for
mulberries on the underside of the leaves.

a) b)
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Fig. 7. Separability of the classes according &ahaxial part of mulberry leaves, using: a) sqiieah,
b) cityblock, and c) cosine distance functions
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The presented plot of class separability with datelusters using sqEuclidean shows
that a small part of the spectral data for clagd2sC3 and C4 fall incorrectly into the
others. Positive values of the coefficie® ‘are an indication of good overall separability
of the data in their respective clusters. A siguaifitly less accurate distinction between the
classes covering the different pollution zones isualised at the distanc€&B.
The separation of these classes is not clearlyesspd, which is a result of the similarity in
the characteristics of the data between the respeclusters, visualised by the negative
values of the silhouette. However, the impact esthvalues on the overall mean value of
the silhouette may be minimal if the misclassiffgints are a small part of the total data
volume. Quantitative assessment would provide eerdetailed picture of what part of the
data is misclassified. The cosine function presartigyh degree of clustering, confirmed by
its Silhouette graph, for all classes, above 0.7.

Table 9 presents results for the coefficie8t When dividing the four classes of areas
with different degrees of environmental pollution.

Table 9
Svalues between classes according to the abaxiabpmulberry leaves
Distance function sqEuclidean cityblock cosine
Classes Basic statistics min. max | mean | min. max | mean| min. max | mean
cl-c2 -036| 089| 072 | -0.22| 0.68]| 0.49 | 0.02 0.86 | 0.69
cl-c3 -040| 091| 075 | -0.06| 055| 0.36 | 0.00 0.86 | 0.70
cl-c4 —-040| 084 | 064 | -007| 044]| 026 | 0.01 0.84 | 0.62
c2-c3 -0.23| 082| 059 | -0.02| 0.68| 052 | 0.01 0.85 | 0.61
c2-c4 -0.10| 0.87| 058 | -0.20| 0.69 | 0.52 | 0.05 0.90 | 0.69
c3-c4 -0.17| 0.87| 068 | -0.17| 064 | 053 | 0.02 0.85 | 0.67
cl-c2-c3-c4 -046| 0.75| 049 | -042| 0.60| 0.27 | 0.00 0.79 | 047

The quantitative assessment of class separahiliws average values of the criterion
“S’ between individual classes using the sqEuclidaad CS distance functions in the
range from 0.58 to 0.75. As expected, the silheuettiue is lower for the overall class
discriminability: 0.49 and 0.47. Clustering basedtie CB function has the lowest values
of “S', a sign of limited efficiency in distinguishindasses with high heterogeneity. This is
especially clearly noticeable when examining thesjality of classification of all formed
classes. The average value 8fis 0.27.A vector containing 11 spectral indicégdinden
leaf was formed. The data are separate for therwgmklower parts of the leaves.

This vector has the form:

FVA = [REI PTI CTI TVI G NExG NGRDI RGBVI GLI VARIEXG] @)

Figure 8 visualises data for linden leaves. Thesda indicating different degrees of
air pollution are largely overlapping. A compacbgping of the data is observed for the
underside of linden leaves, as well as for cla8sasd 4 on the upper side. It is necessary to
perform a separability check to establish the pakof the spectral indices obtained from
linden, in order to define areas with differentlptibn.

Figure 9 shows graphs of the separability of the fdasses into clusters. The data are
for linden from the upper side of the leaves. Friva graphs presenting the value of
Silhouette, it is seen that it has the highestaesln the cluster analysis using sqEuclidean
andCS distance. In these cases, visually, the valudqef'®’ criterion is above 0.7 for all
classes. The use @B in the clustering task also shows negative valoeslasses C3 and
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C4, a sign of overlap with the other classes. Wther values of the silhouette are also its
positive values, not exceeding 0.6.

a) b)

Cluster

04 02 00 02 04 06 08 10 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Silhouette value Silhouette value Silhouette value

Fig. 9. Separability of the classes according ®dHaxial part of linden leaves, using: a) sqEeelid
b) cityblock, and c) cosine distance functions

Table 10 presents the results for the coeffici@itwhen dividing the four classes of
areas with different degrees of environmental pioliu

Table 10
Svalues between classes according to the adaxiabplinden leaves
Distance function sqEuclidean cityblock cosine
Classes asic statistics min. max | mean | min. max | mean| min. max | mean
cl-c2 -011| 092| 082 | -0.10| 0.78 | 0.67 | —0.01 0.76 | 0.62
cl-c3 -0.25| 090 | 0.76 | —0.02 0.57 | 0.42 0.01 0.83 | 0.68
cl-c4 -0.02| 086| 071 | -0.10| 0.71| 057 | -0.01 0.80 | 0.60
c2-c3 -0.12| 092 | 0.81 | —0.06 0.77 | 0.66 0.00 0.81 | 0.59
c2-c4 -0.25| 0.79 | 0.65 | —0.06 0.74| 0.61 0.02 0.87 | 0.62
c3-c4 -0.03| 0.86| 0.70 | —-0.12 0.68 | 0.55 0.00 0.84 | 0.68
cl-c2-c3-c4 -0.04| 087 | 0.68 | —0.13 0.59 | 041 | -0.06 0.81 | 051
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The highest average values of ti#& triterion are the separability achieved with the
sqEuclidean function, above 0.65 for all considgyails of classes. Distinctions with lower
maximum and average values are visualised @8lhdistance, and those obtained between
classes c1-c3 and c3-c4 can be considered sufficiaocurate from the point of view of
the classification task. As in the data considesedar for defining areas with different
pollution, the lowest values of the&™ criterion, showing strong overlap in the datag ar
obtained with clustering using theB distance. The exception is the separability betwee
classes cl-c2 and c2-c3, with a8’ ‘value higher than 0.65. In the general clustering
including all four classes, the average value & B’ criterion is the highest with
sqEuclidean, 0.68, while wit€S it can be defined as moderate, 0.51. Tk distance
function again has the lowest value of the silhtmyét.41.

Figure 10 shows the separability graphs of the fdasses into clusters. The data are
for linden on the underside of the leaves.

a) b) ©)

Cluster

05 0.0 05 1.0 02 00 02 04 06 08 10 0.0 0.2 0.4 0.6 08 1.0
Silhouette value Silhouette value Silhouette value

Fig. 10. Separability of the classes accordinchdbaxial part of linden leaves, using: a) sqBeeln,
b) cityblock, and c) cosine distance functions

The tendency to visualise significantly lower vaua “S’, observed in the clustering
with data obtained from the underside of the mulpéaf compared to the upper side, is
also preserved in the classes containing speauladds of lime. The negative values of the
silhouette, observed in the quadratic Euclidean @Bdlistances for some of the classes,
indicate overlapping data in the clusters. In thester analysis using th@S function, the
classes are well-defined with a value of tB&criterion reaching about 0.7.

Table 11 presents the results for the coeffici&itwhen dividing the four classes of
areas with different degrees of environmental piolu

Table 11
Svalues between classes according to the abaxiabplinden leaves. [-] all data are dimensionless
Distance function sgEuclidean cityblock cosine
asic statistics| . . )
min. max mean min. max mean min. max mean
Classes

cl-c2 -0.12 0.87 0.73 0.01 0.73 0.6 -0.01 0.81 0.8
cl-c3 -0.21 0.84 0.67 —0.22 0.67 0.51 0.05 0.80 0.p8
cl-c4 —-0.34 0.91 0.76 —0.07 0.64 0.52 0.00 0.84 0.63
c2-c3 -0.10 0.80 0.61 —0.2§ 0.62 0.3% -0.01 0.82 0.p0
c2-c4 -0.06 0.77 0.56 —0.22 0.66 0.50 0.0L 0.83 0.62
c3-c4 -0.17 0.90 0.76 -0.14 0.71 0.57 0.00 0.85 0.63
cl-c2-c3-c4 -0.47 0.86 0.59 —0.35 0.84 0.49 0.00 0.74 0.42
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The discriminability between pairs of classes usiggared Euclidean distance shows
moderate to high separability, based on the avevaye of the S’ criterion. It is lowest
among classes C2-C4, and highest for the stroriffgreint in their pollution value classes
C1-C4, 0.76. Moderate separability is characterisgdhe results obtained for clustering
with CB and CS distance functions, where the value of Silhoudties not exceed 0.63.
The average values of" for the separability of four classes are from2Dwuith theCS
function to 0.59 in the cluster analysis using sgdd&uclidean distance.

Figure 11 shows a summarised diagram of the vahfeshe ‘S’ criterion for
separability between classes using the environhpatameters, upper and lower sides of
mulberry and linden leaves, depending on the distdunction used in the cluster analysis.

0.85
0.80
0.75

_ 070

= 0.65
3
T 0.60
“
0.55
0.50
0.45
0.40

AIR Mulberry adaxial part Mulberry abaxila part  Linden adaxial part Linden abaxial part

Separation between classes

EsqEuclidean MEcityblock Hcosine
Fig. 11. Summary diagram 8fvalues

In terms of the data used to perform class separatiovering different areas of
pollution, the directly obtained pollution value8IR class) with the highest predictive
ability are. In addition to the data used, theatise function used to perform the cluster
analysis also has an impact on the accuracy ofragpa Higher values, above 0.6, are
visualised when applying the sqEuclidean metrids Thseen in all data used except those
obtained from the underside of mulberry, whereateuracy is comparable to that obtained
using theCS function. The cosine distance provides moderaparsgion (from 0.58 to
0.71), with consisterfs-values across samples, although it does not rimchfficiency of
the Euclidean square. Ti@B (Manhattan) distance shows the lowBstalues, especially
for the underside of mulberry and lime leaves, Wwhidicates significant overlap and poor
distinction between classes.

Based on the S criterion, lindens are more informative in defigi areas with
different pollution. The data obtained from the eppide of the leaves of these plants
shows a silhouette value above 0.7. In both plaeties, the spectra obtained from the
upper side of the leaves provide a higher predictiility. This is especially clear in the
case of linden leaves.
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Discussion

The four defined classes represent different avédts different levels of pollution.
These classes are determined based on proximitygltstrial areas, traffic density, or rural
versus urban environments.

Class 1 shows elevated levels of multiple pollwgaparticularly PM2.5, PM10, NQ
and SQ. This indicates a heavily polluted area, likelyanéndustrial sites or heavily
trafficked urban areas.

Class 2 has the highest levels of particulate mgR&2.5 and PM10) and VOCs,
suggesting an area with significant industrial esmiss or heavy vehicle pollution. This
may represent an industrial or densely populatbdnuarea.

Class 3 shows moderate pollution, with higher Iswal eCQ and VOC compared to
other areas. This may represent a moderately pdllatea, such as a suburban area with
moderate vehicle or industrial emissions.

Class 4 includes the lowest pollution areas, whith lowest levels of most pollutants.
It likely represents rural or low-density areashwininimal industrial or traffic-related
pollution.

The class distinction, carried out in order to eotly define areas with different
pollution, shows that AIR data presents a highessification accuracy, compared to the
spectral indices obtained from lime and mulbertyisTis an expected result, given that, in
this way, data is provided that directly reflecte tphysical and chemical properties of
pollutants in the studied areas. Spectral data fe@mwes is an indirect indicator of pollution
and can be influenced by many external factorglitegto lower predictive abilities. In this
regard, Khavanin Zadeh et al. [12] found that thhead use of spectral features for passive
determination of air pollution is more effective evhusing lime leaves and less effective
for mulberry. They explain the obtained results hwihe species specificity of the
physiological and structural responses of treedsdw the quality of habitats. In the present
study, the spectral indices reduced to principahponents using Principal Component
Analysis (PCA), show a clear distinction betweer tought differences in the data
obtained from areas with different levels of patiat

Between individual classes, thS function provides higher separability results, ethi
can be explained by the nature of the data andiffexent ways in which distance metrics
process information. For classes with large diffees in values (e.g. ¢l and c4), the
sqEuclidean distance works better. For classesalotfe scales but different orientations in
space (c3 with the others}S provides a clearer segregation due to the empbasasgular
differences.

In almost all cases of separability studied, thgbtbck distance function does not
capture the global structure of the data well, assalt of which it also indicates the lowest
average value among the three distance functions.

The clustering performed between all defined classienultaneously shows lower
average values of the criterion compared to the separability betweenviddal pairs of
classes. This result can be explained by the momgptex structure of the data, leading to
difficulties in defining clear boundaries betweendasses in conditions of high
heterogeneity. These conditions increase the pifityadif overlap between clusters, which
in turn has a negative impact on the overall sdplitsabetween classes.

Dineva et al. [10] propose a method for determirtimg degree of air pollution using
spectral characteristics of mulberry leaves, sigtédr integration into mobile applications.
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By optimising the classification algorithms basedkernel PCA and LDA to distinguish
polluted and unpolluted areas, they achieve anr arod exceeding 1 %. Although the
mentioned methods offer more precise classificatompared to the results obtained
in the present study, they require significant catapional resources, which is unjustified if
the main goal is to quickly distinguish polluteddampolluted areas in large urban spaces.
As a limitation of the study, its focus on localllption differentiation can also be
indicated.

Correa-Ochoa et al. [36] also obtained data on pailution through passive
biomonitoring, including the use of 6 tree speci€bey used the APTI (Air Pollution
Tolerance Index) and API (Anticipated Performanuael) indices to assess the resistance
of plants to atmospheric pollutants and their pidéfor use as natural air filters.

The present study demonstrates the possibilityaséely assessing air quality based
on the condition of urban tree leaves. This apgratiectly addresses global challenges of
urban air pollution, which remains a leading envimeental health risk according to WHO
and UNEP reports. Passive biomonitoring can comelgnconventional monitoring
networks, especially in rapidly urbanising regiomsere infrastructure is limited. Future
applications include integration into smart cityafibrms, citizen science programs for
community-based monitoring, and long-term datattetsinform urban planning and public
health policy.

The results of the present study highlight the irtgrzce of species specificity, which
plays a significant role in the selection of apprate bioindicators. The integrated
approach based on spectral analysis, chemometcitnities and machine learning
methods is an effective tool for assessing airiuaind the environment, allowing the
definition of areas with high and low pollution [37

Mulberry and linden are tree species that responmbliutants through changes in their
anatomical and physiological properties, which sarve as indicators of environmental
stress and environmental quality. However, the aofeonly two species represents
a limitation, as leaf morphology, pollutant accuatidn capacity, and physiological
responses vary across species [38]. Seasonaldastioh as leaf age, pigment composition,
and moisture content may also influence spectdites, potentially affecting classification
accuracy [39]. Physiological variations relatedgtowth stage or stress adaptation could
further alter spectral responses [40]. Future swdihould therefore expand the range of
species and incorporate seasonal monitoring tongnen the robustness and
generalisability of passive biomonitoring approache

Conclusion

In this work, zones with strong and weak environtakpollution are defined from the
point of view of passive bio-monitoring.

Four classes of zones with different degrees oirenmental pollution are defined.

Spectral data for mulberry and linden leaves weltected in the four zones. It was
found that their spectral indices, after reducethtee principal components using Principal
Component Analysis, reflect different degrees ofimmmental pollution.

An assessment of the separability between clasasp@rformed in order to accurately
define zones with different degrees of pollutiomeTclassification task was carried out
using the Silhouette method, based on cluster sisalyhe method using distance functions
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demonstrates significant potential for the appiaratof machine learning techniques in
environmental data analysis, resource managemematution monitoring.

This study presents the possibility of passivelytedmining the state of the

environment depending on the state of the leavesees grown in urban environments.
The results obtained will help create continuousitooing programs to control the level of
pollution and the impact of pollutants.
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