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ML	� Machine Learning
Ni	� Nickel
Pb	� Lead
PNS	� Nonpoint Source Pollution
RF	� Random Forest

Introduction

The urgent challenge of pollution caused by heavy metals 
(HMs), which is a by-product of increasing urbanization 
(Zheng et al. 2023; Swain 2024), has emerged as a crucial 
worldwide issue that presents severe threats to both the eco-
system and human health (Ahirvar et al. 2023; Zhang et al. 
2023). Monitoring HMs accumulation is a significant issue 
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Abstract
Nonpoint source pollution (PNS) poses a significant environmental challenge owing to its adverse impacts on public health 
and ecological sustainability. Knowing the spatial pattern of heavy metals (HMs), one of the toxic substances, in the orga-
nization of urban space and the production of zoning decisions, both in the selection of pollution sources and living spaces, 
is immensely guiding today and in the future. The city of Düzce may be susceptible to public health risks attributed to 
the accumulation of HMs from escalating urbanization activities. This study aims to reach the reasons of PNS by modeling 
nickel (Ni) and lead (Pb) concentrations, their spatial distributions, and how they may be spatially in the future. For Ni and 
Pb toxic substances, accumulation was analyzed based on annual tree rings (ATRs) of the same species, and future predic-
tions were made based on the complex structure of the spatial pattern. The concentrations accumulated in Picea orientalis 
L. ATRs between 2018 and 2023 were analyzed. Predictions of 2028 were produced according to the low > middle > high 
classification by dividing the space into 500 × 500 m grids via Geographic Information Systems (GIS). The accuracy of 
the produced model was determined as R2 = 0.9412 for Ni and R2=0.9882 for Pb. Design strategies at different scales were 
presented with a novel approach by examining the plan decisions of the area that reflected alarming results.

Highlights
	● Future Ni and Pb accumulation was modeled spatially in Türkiye.
	● CA-MC was used to model complex dynamics.
	● High risk was estimated in the northeast of the area.
	● Model results were tested as R2 = 0.9412 for Ni and R2 = 0.9882 for Pb.
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to prevent human exposure to emerging health risks and 
reduce the threats posed by new sources (Kadim and Risjani 
2022; Liu et al. 2023). Effective management is crucial in 
addressing the continuous urbanization trends, particularly 
in developing nations such as Türkiye. However, the EPA 
identifies nickel (Ni) and lead (Pb) as the 13 Priority Pollut-
ant Metals list (Attaelmanan et al. 2023). Ni levels of more 
than 1 mg m− 3 in the air and Pb levels of more than 10 µg 
dL− 1 in the blood are considered dangerous (Jain et al. 2020; 
Subri et al. 2024). Ni is a toxic metal, and Ni compounds, 
such as Ni sulfide, are suspected to cause cancer (Sulai-
man et al. 2023). Waste streams from Ni industries, such 
as electroplating or textiles, or soil remediation efforts may 
contain up to 1000 mg L− 1 of Ni. Environmental regula-
tions require this Ni concentration to be reduced to accept-
able levels before discharging the waste (Maus and Werner 
2024). Metals threaten the environment and human health 
by contaminating food chains due to their persistence, toxic-
ity, and bioaccumulation in living organisms (Moldovan et 
al. 2022). During electroplating, only 30–40% of the metal 
used is deposited on the articles, while the remaining metal 
contaminates the rinse waters (Dermentzis 2010). Exposure 
is vital at this point because of the danger of HMs accu-
mulating without being excreted from the body. Due to its 
structure, it does not break down and has high toxicity and 
carcinogenic effects. Pb causes high blood pressure, mem-
ory and learning difficulties, kidney failure, amnesia, brain 
damage, weakness, and nervous system damage; Exposure 
to Ni -contaminated soils and plants can lead to a range of 
health issues, including respiratory problems, skin irritation, 
and even cancer (Nielsen 2009; Moldovan et al. 2022; Bal-
bin et al. 2023; Wang et al. 2024). Therefore, it is necessary 
to monitor the presence and density of HMs, which can have 
complex distribution patterns, in spaces used by society and 
to predict their possible distribution in the future.

As the world converges on this urgent need to tackle vari-
ous environmental pollutants, traditional assessments, and 
many technologies are employed to monitor HMs world-
wide by utilizing plants as bioindicators. These techniques 
provide valuable insights into the environmental levels and 
distribution of HMs, enabling effective monitoring and 
management programs (Wang et al. 2022). However, air 
monitoring techniques are especially concerned about the 
reliability level due to the openness of the air to externali-
ties, and the analysis processes are expensive, affecting all 
parts of society (Idrees and Zheng 2020). Our research used 
the ATRs of woody trees to monitor the past. Looking at 
ATRs, we see the years represented by the trunk. Thus, esti-
mating the environmental conditions the ATRs have been 
exposed to throughout the tree’s life is possible. Based on 
the measurements determined depending on the years, a 
future prediction was made for the spatial distributions of Ni 

and Pb produced. There is a growing number of studies on 
estimating the spatial distribution of HMs, but these are lim-
ited worldwide (Córdoba-Tovar et al. 2023). In this study, 
measurements in ATRs provided with dendrochronological 
data were spatialized and modeled with an integrated Cellu-
lar Automata (CA)-Markov chain (MC) technique, which is 
widely preferred in modeling complex processes (Losiri et 
al. 2016). The CA-MC model is an integrated approach that 
plays an increasingly crucial role in modeling urban growth, 
especially in developing countries with different urban char-
acteristics, for forecasting the future based on temporal his-
tory. In HMs accumulation, one of the PNS, it is impossible 
to determine the source, analyze its distribution, and clearly 
define the dynamics in the cyclical order that can be carried 
through many channels. However, in this structure, where 
uncertainties are quite entangled, the temporal-spatial trend 
sheds light on the results that the complex system produces 
depending on the initial conditions (Zeng et al. 2023). With 
the advent of a CA-MC model, several studies have pre-
ferred methods for modeling land uses and urban growth 
(Isinkaralar 2024; Isinkaralar et al. 2024).

In many aspects, obtaining and predicting the closest 
maps to the real world regarding the spatial distribution 
of HM concentrations is necessary. First of all, it is indis-
pensable for practical agriculture and environmental man-
agement. Notably, urban areas in many cities struggle with 
serious HMs pollution, mainly due to rapid urbanization, 
industrial activities, and heavy traffic among contemporary 
researchers worldwide. Many methods have been applied to 
future predictions, including the nonparametric spatial pre-
diction method (Liu et al. 2024) and the machine learning 
(ML) model (Guo et al. 2024; Meng et al. 2024). Bhagat et 
al. (2021) used algorithms for sedimentary Pb prediction in 
Bramble and Deception Bays in Australia. Lu et al. (2022) 
proposed a data-driven concept to predict the flocculation 
efficiency of HMs ions with the help of an ML model. Xu 
et al. (2022) created a multi-emission sensor array to detect 
HMs ions. The prediction approach in these studies focuses 
on level determination.

This article contributes to the literature on the pollution 
pattern by using the CA-MC model. It is known that tra-
ditional methods that can be used to clean a polluted air, 
water, or soil environment require a lot of labor and eco-
nomic capital. In this context, our study has developed a 
CA-MC model to estimate the spatial pattern where the pos-
sible HM risk is high in the future. Thus, it offers strategies 
for precautions against pollution.

1 3

1088



Air Quality, Atmosphere & Health (2025) 18:1087–1099

Overview of modeling methodology

The analysis process of this research consists of three stages. 
Dendrochronology is the stage where samples are collected 
and prepared following the analysis. In this stage, first of 
all, it is determined from which locations samples will be 
considered. The most crucial factor that is effective in site 
selection is to find the same type of perennial plants. In the 
study, the pattern of HMs is created by considering the accu-
mulations of the same species in different locations.

For this reason, the plant type is kept constant. After the 
collected ATRs are cleaned and dried, they are ready for 
analysis. According to the results of the analysis, pollution 
levels are determined in the second stage, and spatial dis-
tribution maps are produced. Modeling is done in the third 
stage using the values in the produced maps. As a result of 
the modeling, pollution estimates are reached in Fig. 1.

Dendrochronology

Ni and Pb, accumulating in living beings, were determined 
quantitatively by standard dendrochronological methods, 
considering the tree growth tendency. At this stage, P. ori-
entalis L. was selected as the dominant species in the same 
age group, and the same species and samples were col-
lected from the area. Ni and Pb values represented the most 
extended ATR chronology since 2018. Trunk samples were 
taken from each tree at each sampling point, obtaining three 
samples for validity.

Site selection

Düzce city (40° 50’ 20” N / 31° 9’ 50” E), northwest of 
Türkiye, was chosen as a case study. Düzce province char-
acterized as an industrial city, is located between the most 
developed cities of the country: İstanbul and Ankara. It is a 
transit point in the transportation network connecting many 
cities to Istanbul. In the last 20 years, the population of the 
city center has increased 3.25 times. It has a center in a 

Fig. 1  A methodological 
framework outlining the steps 
to process and model data for 
forecasting Ni and Pb over space 
and time
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acid mixture, account for 6 mL of 65% HNO3 (Merck), 2 
mL of 30% H2O2 (Merck), 2 mL deionized water into the 
microwave (Ethos One, Milestone GmbH, Germany) for 
15 min, as follows: (a) 1 min at 1000 W-75 °C, (b) 4 min at 
1000 W-180 °C, (c) 10 min at 1000 W-180 °C, (d) 0 W for 
15 min according to 3052 Method USEPA (USEPA 1996). 
Ni and Pb concentration was measured using atomic emis-
sion spectrometry (ICP-OES from SpectroBlue, Spectro, 
Analytical Instruments GmbH, Germany) with a plasma 
source device (SpectroBlue, Spectro). For analytical quality 
control, the obtained sample was analyzed in triplicate, and 
total metal levels were determined on a dry weight basis. 
The detection limit for Ni and Pb was 0.81  µg L− 1 and 
2.54 µg L− 1.

Dataset

The average values of the measurement results for eight 
locations in the research area and the standard deviation 
values calculated based on the measurements made in three 
replicates are given in Table 2. Our results reveal the accu-
mulated structure of Ni and Pb in metabolism.

According to the analysis, the measurements’ concentra-
tion levels and standard deviations are presented in Fig. 3. 
Especially the increasing values for Loc3, where the main 
arteries are connected, indicate a critical position in the city 

depression in a rugged geography, is a coastal city, and has 
an altitude of 1830 m. In the study, samples were collected 
from 8 different locations (Loc1 to Loc8) in the city center 
(Table 1), on the main arteries, from non-urban areas where 
urban land use differs and can be a reference in measure-
ments in Fig. 2.

Data preparation

Two HMs were selected for this research (Ni and Pb), the 
most prevalent HMs worldwide and considerably detrimen-
tal to human and ecological health (Mngadi et al. 2024). For 
the Ni and Pb concentration in the tree ring, 0.5 g of each 
dry sample was utilized with a soft brush with silk bristles 
and a 5-mm-diameter increment borer at the breast height of 
different orientations. For each individual, two orthogonal 
tree cores were collected from the main trunk at a height 
of 1.2  m above the ground using 5.15  mm stainless steel 
manual increment borer(CO600, Haglof, Sweden). To vis-
ible ATRs (precision of 0.001 mm), polished with sandpa-
per and allowed to stand open-mouthed at room temperature 
for two weeks. They were heated again at 45  °C until no 
moisture for 48  h. Before analysis, the tree-ring fractions 
were crushed for 3  min (FW177, Pulverizer, China) and 
sieved through a 0.25  mm nylon mesh for analysis with-
out any contamination. The digestion was carried out with 

Fig. 2  Map of the modeled study 
area
 

Location Coordinates Urban Characteristics
Construction traffic 

density
Distance to 
city center

Dis-
tance to 
industry

Loc1 40°50'42.7"N 31°06'50.1"E L H M L
Loc2 40°50'58.4"N 31°06'58.8"E M M M H
Loc3 40°51'00.2"N 31°09'54.5"E NA H L M
Loc4 40°54'14.7"N 31°10'51.8"E NA L H H
Loc5 40°51'39.4"N 31°12'46.7"E NA M M H
Loc6 40°48'10.0"N 31°14'15.5"E NA H H M
Loc7 40°49'55.4"N 31°10'56.0"E H H L L
Loc8 40°50'23.6"N 31°10'48.8"E H H L M

Table 1  Coordinates and urban 
characteristics of the locations

L: Low, M: Medium, H: High; 
NA: Not available
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Validity of the model

Based on existing research, a model must be validated 
before it can be used in prediction. In this study, 2023 was 
selected as a year we know while validating. In the 2023 
prediction made using the data in 2018 and 2022, the values 
were obtained as R2=0.9412 for Ni and R2=0.9882 for Pb. 
There are uncertainties in the predictions, and the models 
cannot work perfectly. However, for this approach, which 
aims to produce the closest prediction pattern, the R2 values 
are within the acceptable range. Thus, the production of pre-
diction maps can be started, as seen in Fig. 6.

CA-MC modeling

The CA is a dynamic modeling method that can simulate 
spatial estimates and is one of the oldest known estima-
tion techniques. This approach models the quantity of land 
category transitions and their spatial distribution over time 
(Viana et al. 2023). It reveals the changes in neighboring 
cells by defining the rules in the movements of the past posi-
tions of the cells. MCs are effective in estimating the tempo-
ral processes using the CA technique. Thus, the advantages 
of the two methods are combined. In the study, estimates 
were produced for 2028 using IDRISI 17.0 software. Based 

center in the plain structure. It is observed that the standard 
deviation values generally do not reach 40–60 µg kg− 1 val-
ues and are between 0 and 10 µg kg− 1 and 20–40 µg kg− 1 
values throughout the land.

Spatialization: distribution analysis via ArcGIS

The measurement values in the samples taken from eight 
different points in the city center of Düzce were processed 
in their locations. Afterward, spatial distribution maps were 
produced using the spatial analysis tool for data manage-
ment available in ArcGIS software, version 10.7.1, in this 
study. The spatial distribution of the concentration of Ni is 
presented in Fig. 4. The critical increase in Ni distribution in 
the region located in the center of the field and at the same 
time at the intersection of urban transportation axes in 2018 
is remarkable.

Concentration along the north-south axis and in the east-
ern part of the area is prominent. In essence, the pollution, 
especially after 2020, reveals the impact of the increase in 
urban activities brought about by population accumulation. 
The spatial distribution of the Pb concentration across the 
study area is presented in Fig. 5.

Fig. 3  Concentration levels and standard deviations of the measurements i: Ni concentrations; ii: Pb concentrations; iii: standard deviation of Ni; 
iv: standard deviation of Pb
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where Pij denotes the probability of transitioning from land-
use type i to j.

The spatial prediction of Ni and Pb distribution for 2028 
is presented in Fig. 8, and 9. According to estimates pro-
duced using grid-based maps for 2018 and 2023, HM pol-
lution has emerged from the north to the southeast. It is 
seen that the transportation axes starting from the southwest 
direction and the industrial activities in the south are effec-
tive in the estimate. The effect of traffic and industrial activi-
ties, especially on Ni and Pb pollution, will also be reflected 
in future estimates. The topographic structure of the area is 
also effective in the formation of densities.

The integrated CA-MC model increases reliability by 
combining the MC model, which has advantages in tem-
poral processes, with the CA application, which is known 
for its spatial processability. The reliability of the obtained 
model was demonstrated by testing. With the method used, 

on the texture created by the spatial distributions in the area, 
the area was divided into 500 × 500 m grids in Fig. 7.

The MC model is a technique that allows us to analyze 
and reveal the change in land use. The MC process has a 
principle that can reveal the change prediction based on the 
probabilities in the transition processes of (t + 1) (Mogha-
dam and Helbich 2013):

S(t + 1) = Pij × S(t)� (1)

Where S(t) and S(t + 1) mean row vectors at time step t 
and time step t + 1; P stands for the transition probability 
matrix for the previous time interval calculated as follows 
(Adhikari and Southworth 2012):

∥Pij∥ =

∥∥∥∥∥
P11 P12 P1n
P21 P22 P2n
Pn1 Pn2 Pnn

∥∥∥∥∥ ,

(
o ≤ Pij < 1 ve

n∑
1

Pij = 1

)
� (2)

Fig. 4  Spatial distribution and 
patterns of Ni concentrations (i to 
vi:2018 to 2023)
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Fig. 6  Evaluating the validity 
and reliability of the concep-
tual model through graphical 
representations (It is a simulation 
map against the reference map of 
2023. Comparison was made for 
the areal grouping used in grid 
estimates. i: Ni and ii: Pb)

 

Fig. 5  Spatial distribution and 
patterns of Pb concentrations (i to 
vi:2018 to 2023)
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One promising approach to understanding and predict-
ing the spatial patterns of HMs contamination is the use of 
CA-MC modeling, which integrates CA and MC analysis 
(Mukherjee et al. 2024), coupled with the analysis of ATRs 
as a proxy for historical HMs deposition (Porru et al. 2024). 
These studies have highlighted HMs contamination’s com-
plex and heterogeneous nature (Goff et al. 2023), often with 
distinct spatial patterns driven by a combination of natural 
and anthropogenic factors (Vareda et al. 2019).

From the perspective of ATRs analysis, it has emerged 
as a valuable tool for reconstructing historical patterns 
of HM deposition, as the incorporation of metals into the 
annual growth layers of trees can provide a detailed tem-
poral and spatial record of pollution (Lepp 1975). These 
studies have highlighted HMs contamination’s complex and 

the spatial pattern of how the spatial distribution will be in 
the future was produced based on grids.

Discussion

Our research is designed to detect spatial patterns and under-
stand natural and anthropogenic sources. Environmental 
research has long been preoccupied with the spatial patterns 
of HMs contamination, given the significant consequences 
these pollutants can have on ecosystems and public health 
(Wang et al. 2024). The heterogeneous nature of HM distri-
bution in soils has posed a challenge for comprehensive risk 
assessment and remediation efforts.

Fig. 8  Spatial prediction of Ni 
distribution for 2028 (i: 2018; ii: 
2023; iii: 2028)

 

Fig. 7  Summary of the grid tech-
nique used in modeling
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activities and traffic are intense. For Ni concentrations, the 
effect of soil parent material was observed. In the last cen-
tury, with the economic development in the 80s and 90s, the 
high values of Ni and Pb toxic metal pollution in ATRs have 
caused fluctuations in the rings of different trees due to small 
and medium-sized enterprises with severe pollution, rapidly 
increasing traffic capacities. Chen et al. (2021) sampled P. 
massoniana ATRs for selected ten metals between 1848 and 
2016 in Gu Mountain, Fuzhou City. They were categorized 
into four classes based on a good correlation between envi-
ronmental pollution and climate conditions: (i) Mn and Sr, 
(ii) Co, Cd, Pb, (iii) Ni and Cu, (iv) Cr and Fe. Nechita et al. 
(2021) investigated ATRs of Q. robur L. for the deposition 
of 12 elements, including Ni and Pb, in Romania. Ni and Pb 
found an increasing trend over the years and indicated simi-
lar uptake pathways in trees from industrial activities. The 
southeast-oriented accumulation and pressure in the main 
artery in our study were spatially revealed and supported 
previous findings.

Limitations, future work, and concluding 
remarks

It is impossible to predict the distribution of HMs perfectly, 
which can easily change place under the influence of exter-
nal factors and can occur naturally and humanly. HMs are 
on the move by participating in many cycles in air, water, 
and soil and accumulating. Although we cannot reach per-
fect estimates of the exact value, we can benefit from trees 
that provide us with the past as a tool to understand urban 

heterogeneous nature, often with distinct spatial patterns 
driven by natural and anthropogenic sources (Taghizadeh-
Mehrjardi et al. 2021). Moreover, the application of mul-
tivariate geostatistical analysis has enabled researchers to 
uncover the underlying relationships between different 
HM species and their potential sources (Dai et al. 2018). 
Although Zhang et al. (2020) focus on spatial estimation, 
they relate the analysis findings to land use and focus on 
methodological performance. Liu et al. (2022) obtained a 
risk map for HMs and produced it spatially. However, these 
studies do not have a perspective on which places the con-
centrations will increase in the future. They detect high and 
low-risk areas at points. Jia et al. (2020) used the fuzzy 
k-means and random forest (RF) methods to determine 
potential risk areas for HMs pollution. In studies produced 
with the RF model focusing on spatial estimation (Tan et 
al. 2020; Wang et al. 2020; Zhang et al. 2021), the aim is to 
understand the current spatial pattern and temporal dynam-
ics instead of a future estimation. Therefore, the research 
offers an innovation in this respect.

Previous studies have attempted to show industrial 
activities and practicalities in HM accumulation. Studies 
conducted in urban areas of China have revealed the effect 
of industrial activities on Pb concentrations (Yang et al. 
2020). Adhikari et al. (2024) found high Pb concentrations 
in areas close to urban centers. They emphasize that the spa-
tial variation of Pb varies proportionally with the distance to 
industrial enterprises (Wu et al. 2020). The main reason is 
that Pb is an additive in gasoline, paints, and batteries and 
a by-product of coal combustion. The estimation revealed 
the tendency of accumulation in the urban center where 

Fig. 9  Spatial prediction of Pb 
distribution for 2028 (i: 2018; ii: 
2023; iii: 2028)
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2​4​.​1​7​1​9​8​6​​​​​​​
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Urban Growth: Spatiotemporal projections for Eskişehir, Tür-
kiye. Appl Spat Anal Policy 17(4):1485–1495. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​
1​0​0​7​/​s​1​2​0​6​1​-​0​2​4​-​0​9​5​9​2​-​9​​​​​​​

Isinkaralar O, Isinkaralar K, Yilmaz D, Öztürk S (2024) Multi-dimen-
sional analysis of land use/land cover and urbanization on sea-
sonal variation of land surface temperature in İzmir, Türkiye. 
Landscape Ecol Eng, 1–18.

Jain D, Kour R, Bhojiya AA, Meena RH, Singh A, Mohanty SR, Raj-
purohit D, Ameta KD (2020) Zinc tolerant plant growth promot-
ing bacteria alleviates phytotoxic effects of zinc on maize through 
zinc immobilization. Sci Rep 10(1):13865. ​h​t​t​​p​s​:​/​​/​d​o​​i​.​o​​r​g​/​1​0​.​1​0​3​
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environments. It is possible to see which exposure locations 
are high by measuring the accumulation in their metabolism 
over time. Our work has important implications for policy-
makers. However, there are some limitations to this study. 
First, only ATRs of the P. orientalis L. were included in the 
study to provide valuable information on long-term growth 
conditions. In future studies, different perennial plants that 
can be used for monitoring will be selected. The oldest plants 
in the research area were the same type of plants planted in 
2018. Estimates can be produced with a longer term in older 
settled areas. In addition, grid systems were studied while 
estimating the data obtained through distribution analyses. 
In this approach, the value in each grid was accepted as the 
same to obtain estimates. Finally, the CA-MC method was 
applied in the future estimate of this study. It is a subject 
open to research in different frameworks used in spatial esti-
mations and includes geographical features.

Based on the findings of this study help us understand a 
complex and uncertain subject and offer a new and origi-
nal methodology. In order for governments to effectively 
manage public health, it is essential that HM monitoring be 
carried out systematically. The currently applied detection-
based approaches are not sufficient to produce clear strate-
gies. Because in this state, it is impossible to predict the 
instantaneous exceedance of HMs limits. This research 
draws attention to the necessity of regular data processing 
while estimating the spatial pattern of HMs from the start-
ing point.
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