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Abstract

:

In the world, air pollution ranks among the primary sources of risk to human health and the environment. To assess the risk of impact of atmospheric pollution, a comprehensive research cycle was designed to develop a unified ecosystem for monitoring air pollution in industrial cities in Kazakhstan. Research involves analyzing data for the winter period from 20 automated monitoring stations (AMS) located in Almaty and conducting chemical-analytical studies of snowmelt water samples from 22 points to identify such pollutants as fine particulate matters, petroleum products, and heavy metals. Research includes a bio-experiment involving the cultivation of watercress on samples of melt water collected from snow cover to examine the effects of pollution on plants. In the framework of this research, we determined API based on data obtained from AMS. In order to determine the influence of atmospheric pollution on the environment, a multiple regression model was developed using machine learning algorithms to reveal the relationship between the bio-experiment data and data on pollutants of chemical-analytical research. The results revealed a wide spread of pollutants in the snow cover of the urban environment, a correlation between pollutants in the snow cover and the airspace of the city, and their negative impact on flora.
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1. Introduction


Almaty is the largest megalopolis of Kazakhstan located in the foothills of the Trans–Ili Alatau. Currently, the city is a cultural, economic, scientific, and educational center with a population of 2,147,113 people [1], which is about 12% of the total population of the country.



The city of Almaty is located at the foot of the Tien Shan Mountains (the Trans–Ili Alatau ridge), in the southeastern part of the Republic of Kazakhstan. Almaty is a unique city in terms of its physical, geographical, and climatic characteristics, which have a great influence on its ecological features.



The climate of the city of Almaty is sharply continental characterized by the influence of pronounced mountain–valley circulations and a sufficiently high belt, which is especially brightly felt in the northern part of the city located in the transition zones of mountain slopes to the plain [2,3].



With the altitude zone and the peculiarity of the location in the heart of the mainland, which cools down quickly in the winter, the climate of Almaty is cool unlike Tbilisi, Sofia, Barcelona, and other Mediterranean cities located on the same 43rd parallel [4].



In Almaty’s foothill zone, weak self-purification resources and low wind speeds are observed throughout the year, with up to 71% weak winds in summer and 79% in winter. The average annual wind speed is 1.7 m/s, rising to 2.2 m/s only in the warm season due to frontal processes and mining circulation. The mountains create resistance to the movement of air masses from the north, which hinders optimal aeration by mountain runoff, limiting it to the upper and southern parts within 20 km of the foothills. Polluted air is removed from the northern part of the city through airflows related to the general atmospheric circulation, but temperature inversions in the lower layer of the troposphere exacerbate the situation, leading to smog with a thickness of over 300 m under certain weather conditions [5,6]. The city experiences two main air flow directions—regional sublatitudinal, and local submeridional—caused by winds from the southwest to northeast, and mountain–valley wind circulation, respectively. However, the city’s location in an unventilated foothill basin results in poor air quality, as it is in an “aerodynamic shadow” regardless of wind direction. The atmosphere self-purification rate is only average for 2.4 h at night and 5.8 h in the daytime, and overall wind self-purification factors are insufficient to maintain acceptable air hygiene [7]. Another important factor is the mountain–valley circulation. Although mountain–valley circulation in general should contribute to the purification of the air basin, it can contribute to the transfer of pollutants [8]. During the daytime, the polluted air, together with the local wind from the high-pressure area above the city, is directed up the mountain gorges, reaching the high-altitude areas. At night, the opposite picture is observed—the air from the high-pressure area in the mountains descends the gorges and river valleys to the city, thereby displacing polluted air. The planning structure of Almaty is determined by the complex landscape and geographical conditions of the city location where residential areas predominate. More than 70% of industrial enterprises are located in the northern and central districts of the city. In recent years, there has been a tendency to increase the density and height of buildings in the southern part of the city, which is a transit zone of mountain air flow.



Rapid socio-economic development, constant population growth, lack of use of the best available technologies (BAT) in industrial enterprises and thermal power plants, undeveloped public transport infrastructure, and poor environmental education of the population have caused the city of Almaty to become one of the most polluted cities in Kazakhstan [9].



In 2021, Kazakhstan ranked 23rd in the list of the most polluted countries in the world [10]. Most cities in Kazakhstan are not included in the global air quality ratings due to the lack of monitoring data associated with global databases. This is typical for many cities of the post-Soviet space.



Air pollution, which is a major environmental health risk, is a particular problem. According to a study published by the World Bank [11], air pollution cost the globe about $8.1 trillion in 2019, which is equivalent to 6.1 percent of the global GDP. More than 95 percent of deaths caused by air pollution occur in low- and middle-income countries.



It was found that fine particulate matter (PM2.5) [12,13] is the fifth most important global mortality factor, causing 7.6% of the total number of deaths worldwide in 2015 [14].



In [15,16], the spread of chronic obstructive pulmonary disease (COPD) with concomitant diseases, such as cardiovascular diseases and a history of pneumonia, was investigated for some CIS countries. The prevalence of COPD “diagnosed by spirometry” was 31.9, 66.7, and 37.5 per 1000 people in Kiev (Ukraine), Almaty (Kazakhstan), and Baku (Azerbaijan), respectively. According to the results, it can be seen that the indicator in Almaty is 2.09 times higher than in Kiev and 1.77 times higher than in Baku.



In [17,18], the health risks associated with the level of atmospheric air pollution in twenty-six cities of Kazakhstan were considered. An extremely high risk of chronic effects of exposure to heavy metals was identified in Ust-Kamenogorsk, Almaty, and Balkhash. There was an increased level of heavy metals such as barium (Ba), manganese (Mn), lead (Pb), vanadium (V), and zinc (Zn) in the blood of residents of Aksu and Ust-Kamenogorsk, possibly due to the activities of metallurgical enterprises.



According to estimates, in 2019, atmospheric air pollution caused the premature death of 4.2 million people worldwide [19].



In 2015, the total volume of primary energy consumed in Almaty amounted to 42.4 billion kWh, of which coal, natural gas, and automobile fuel accounted for about 30% each, respectively [20]. Coal and gas are mainly used for heat generation or cogeneration of thermal and electric energy.



Additionally, increased concentrations of harmful substances such as nitrogen dioxide (NO2) and carbon monoxide (CO) in Almaty indicate the contribution of the urban transport sector [21]. The quality of petroleum products is one of the problems due to frequent cases of non-compliance with fuel quality standards.



Moreover, taking into account the fact that the number of registered passenger cars has been increasing in recent years, ultimately, as of May 2022, the number of passenger cars in Almaty has reached 508.7 thousand vehicles [22], excluding unregistered vehicles entering the city daily from suburban areas and regions.



The results of the study of air quality in industrial cities carried out by foreign and domestic scientists indicate a lack of information about atmospheric pollution and note the need for detailed studies [20,21,22].



The methods and approaches of atmospheric air research used in the scientific literature can be conditionally divided into physico-chemical methods of analysis, probabilistic and statistical methods, artificial intelligence methods with elements of machine learning, and methods of mathematical and computer modeling based on systems of differential equations.



In [23], the air quality in Almaty was assessed using the DPSIR approach. The focus is on the component of transport traffic, which is the main source of air pollution in the city. The driving forces and pressures were considered, and a detailed chemical analysis of samples of gasoline, car exhaust gases, and ambient air was carried out. A wide range of organic substances, including aliphatic, aromatic, and polycyclic aromatic hydrocarbons, was found in the urban air.



In [24], spatial and temporal patterns of pollutants such as PM10, PM2.5, NO2, SO2, and CO in Almaty in the period from 2013 to 2018 were investigated. Annual concentrations of pollutants were obtained from the newsletter on the state of the environment (Kazhydromet) [25]. The data showed that the average annual concentrations of PM10, PM2.5, and NO2 exceeded the WHO annual limits by 5.3, 3.9, and 3.2 times, respectively. The difference between winter and summer seasons was more noticeable for PM2.5 than for other pollutants.



The research in [26] is devoted to the study of various air pollutants in eight cities of Kazakhstan during the quarantine period due to COVID-19, using data from the National Air Quality Monitoring Network. A positive effect of the COVID-19 quarantine (spring 2020) on NO2 and CO levels was observed in five and three cities, respectively.



The authors of [26] claim that according to the results of the studied industrial cities (Ust-Kamenogorsk and Karaganda), quarantine measures had no effect on air quality, but seasonal changes were significant. In addition, despite some improvements during the quarantine period, air quality in seven of the eight cities remained below the safety level. In our opinion, this issue is debatable and requires further scientific research using methods of numerical modeling of the microclimate of the city and machine learning, which are well-established approaches used by the world’s leading centers in this direction.



Studies conducted at the Center for Physico-Chemical Methods of Analysis (CPCMA) of Al-Farabi Kazakh National University [23,24,25,26] show a qualitative result only for one-time experimental studies, but do not provide for constant monitoring of air quality.



A probabilistic statistical model proposed in [27,28] provides an alternative approach for modeling the spread of harmful impurities in the atmosphere. This method significantly reduces the number of calculations required without compromising accuracy. The Monte Carlo method is used to determine the intensity of impurity transitions in the atmosphere. The concentration fractions entering and leaving the cell in the expected directions are calculated. Computational experiments have demonstrated that this approach produces results in good agreement with those of other authors.



Probabilistic-statistical methods are practical when working with different types of data. However, a significant drawback in scientific research based on data analysis using probabilistic and statistical methods is that the non-stationarity of the process of atmospheric air pollution is not considered.



In recent years, with the development of computer technology, the use of deep machine learning using artificial neural networks has shown effective results in scientific research. Researchers all over the world are developing platforms for monitoring and forecasting atmospheric air quality using artificial intelligence and machine learning (ML).



The research in [29] presents the OSSO algorithm using a hybrid deep-learning model for monitoring air pollution (OSSO HDLAPM) in the environment.



The research in [30] is based on the development of an inexpensive real-time air quality monitoring system that uses an Arduino Nano development board equipped with a Wi-Fi module to efficiently send readings to the ThingSpeak online channel platform for instant display of air quality in real time.



In [31], PM10 concentrations in the Caribbean are predicted using machine learning models using six machine learning (ML) methods: support vector regression (SVR), k-nearest neighbor regression (kNN), random forest regression (RFR), gradient-enhanced regression (GBR), Tweedie regression (TR), and Bayesian ridge regression (BRR).



The use of machine learning methods is optimal in tasks for which it is impossible to create a rigorous mathematical model. The trained system, only with the available expert assessments, is able to reproduce a hidden pattern that is difficult and impossible to formalize.



A lot of scientific publications around the world, including in Kazakhstan, are devoted to various methods of modeling the spread of pollutants in the atmosphere. The works of Aidosov A. [32,33], Abdibekov U.S. [34], and Issakhov A.A. [35,36] are devoted to the mathematical modeling of the process of atmospheric air pollution.



In [37,38], a mathematical model of urban atmospheric air pollution is considered, taking into account photochemical transformations, and a set of application programs “Eco Modeling” has been developed to visualize the corresponding scenarios. The results of numerical modeling of the spread and transformation of harmful impurities against the background of mesometeorological processes, taking into account the terrain and water surfaces, are presented.



One of the main ways to reduce the impact of the main sources of atmospheric air pollution is the adoption of legislative and administrative measures that promote the development of more environmentally friendly vehicles, increase the energy efficiency of buildings, electric power, heat, and industrial production, as well as improve urban waste disposal systems, preventing exceeding the maximum permissible concentrations of harmful impurities in the atmosphere [39].



The main purpose of this study is to assess the spread of atmospheric pollutants in the urban environment using snow cover as a sampling method, as well as to study the effect of these pollutants on the flora of the environment by growing watercress. The level of influence of each pollutant on flora is determined using machine learning methods.



The purpose of our research cycle is to implement a program aimed at developing a unified ecosystem for collecting and processing air pollution monitoring data in industrial cities in Kazakhstan using modern monitoring systems, mathematical modeling, and information and communication technologies; in this work, the following parts are performed: (i) analyzing data for the winter period for 20 monitoring automated stations, which are located in the city of Almaty [40]; (ii) chemical-analytical study of samples of snowmelt water on 22 points to identify pollutants, petroleum products, and heavy metals; (iii) bio-experiment with the cultivation of watercress on samples of melt water-collected snow cover; (iv) determination of the index of atmospheric pollution and a comprehensive indicator of atmospheric pollution based on the data obtained with automated monitoring stations (AMS); and (v) development of a multiple regression model using ML algorithms, which reveals the relationship between the bio-experiment data and data on pollutants of chemical-analytical research.




2. Materials and Methods


2.1. Air Quality Data from Automated Monitoring Stations (AMS)


Atmospheric air pollution in large and industrial cities has a large spatial and temporal heterogeneity. This factor is due to the dispersed placement of emission sources, the meteorological situation, the terrain, and the heterogeneity of buildings, which affects the aerodynamics of air flows and affects the formation of technogenic anomalies.



Ecoservice-S LLP has a total of 20 AMS ecological posts (Figure 1) in the city of Almaty, the data of which are posted on the website [40]. These posts allow obtaining reliable information about the spatial distribution of pollutants throughout the city. The study of linear and nonlinear functional dependencies of the content of pollutants in the atmospheric air and their content in the snow cover allows the use of melt water for geochemical indications of urban pollution.



In the works on the assessment of the geochemical state of the snow cover, it was revealed that the concentration of pollutants in it is usually 2–3 orders of magnitude higher than in atmospheric air during the formation and precipitation of snow; therefore, chemical analyses of the content of these substances were carried out in the laboratory of chemical-analytical studies of LLP “Institute of Hydrogeology and Geoecology named after U.M. Akhmedsafin” (according to the agreement No. 18-09 dated 19 January 2023) with a high degree of reliability.



Numerical processing of the chemical analysis results has allowed obtaining a digitized map of the spread of harmful substances in the city.



Snow fell in Almaty on 10 January 2023. Representative samples of “stale” snow were taken throughout the entire thickness of the snow cover on 20–21 January 2023 at 22 points in the city. A total of 20 snow sampling points correspond to the location of AMS of Ecoservice-S LLP.



For the basis concentration, the Izveskovyi area (21st point in Figure 1) above the city of Kaskelen was selected. For comparative analysis, the selection of snow cover was carried out in the most polluted area along Al-Farabi Avenue (22nd point in Figure 1) in front of the Kazakhfilm microdistrict.




2.2. Chemical-Analytical Research


The snow cover has a high sorption quality and is an informative and convenient object for detecting technogenic pollution of the city territory. This paper presents the results of a study of the chemical composition of snow that fell in Almaty during the winter period of 2022–2023. The links between the level of anthropogenic impact on the atmosphere are analyzed.



The study covered the territories of Almaty where AMS of Ecoservice-S LLP are located.



A method of sampling snow and preparing melt water was chosen according to [41]. Snow sampling was carried out in areas where the snow cover remained intact. Snow removal was carried out using a shovel. To obtain an average sample, snow samples were taken at twenty points. Snow samples were taken on 21–22 January 2023 from all sites at the same time. The snow was placed in glass pots. Banks for obtaining melt water were placed in a warm room with a temperature of +20 °C.



The results of a chemical-analytical study to identify pollutants such as suspended solids, carbon dioxide, hydrogen sulfide, petroleum products, nitrites, sulfates, lead (Pb), zinc (Zn2+), copper (Cu), cadmium (Cd), cobalt (Co), and nickel (Ni) are presented in the following diagrams. The hydrogen index of the melt water samples was also studied.




2.3. Bio Experiment with the Cultivation of Watercress


The next method for studying the pollution of snow cover in Almaty was the method of biotesting using watercress (Lepidium sativum L.). The subject of the study is the bioindicator watercress. The experiment with the cultivation of watercress was carried out in laboratory conditions. Watercress is an annual short-fruited herbaceous plant, whose height during the ripening period is 20–50 cm. The leaves are pinnately dissected, and the upper ones are rectilinear. The plant has a thin taproot.



The experiment was conducted in a special room with natural light, at a temperature of 23–25 °C of heat. The study is aimed at studying the influence of the snow meltwater contamination level, taken at different points in Almaty, on the germination of watercress seeds.



The same melt water samples taken at 22 points in Almaty were used, which were subjected to chemical analysis in the laboratory of LLP “Institute of Hydrogeology and Geoecology named after U. M. Ahmadsafin”.



Seeds of watercress were placed in medical glass jars of 10 seeds each with an amount of snow melt water of 30 mL. Seeds of watercress were laid in 9 samples of melt water on 22 January 2023 and in 14 samples of melt water on 23 January 2023.




2.4. Building Models of Atmospheric Air Quality with Elements of Machine Learning


Based on the data on snow cover pollution obtained as a result of chemical analytical studies on seven pollutants, models were compiled using machine learning elements to identify the relationship between them and the parameters of the cultivated watercress. Three machine learning algorithms for building models were considered.



2.4.1. Problem Statement and Model Training


In this paragraph, the task of analyzing data on the impact of atmospheric air pollutants on the environment is considered. There is a need to choose the best combination of independent variables (pollutants) and dependent variables (environmental parameters) to build an optimal model.



For this purpose, data on the concentration of seven pollutants from a chemical-analytical study were selected, as well as the characteristics of the watercress bioindicator as an environmental parameter. Models describing the dependencies between them are constructed.



Data on the particulate matters (PM2.5/PM10) was selected as the independent variable X1, data on carbon dioxide (CO2) was selected as the variable X2, data on petroleum products (PP) was selected as X3, data on sulfates (SO42−) was selected as the variable X4, data on lead (Pb) was selected as the variable X5, data on zinc (Zn2+) was selected as the variable X6, and data on cadmium (Cd) was selected as the variable X7. These variables were used as input data. The data of grown watercress such as the number of germinated seeds (Y1) and the length of seedlings (Y2) and roots (Y3) were used as output data.



The task of monitoring atmospheric air quality was solved by several methods of machine learning multiple regression. Three methods were used for the study: random forest regression, AdaBoost regression, and Multilayer Perceptron regressor [42].




2.4.2. Implementation Algorithm


The analytical packages numpy, matplotlib, pandas, seaborn, scikit-learn, and keras for the Python programming language were used as tools.



The implementation algorithm is as follows:




	
Preparation of input data, reduction to a dimensionless form;



	
Getting input data;



	
Identification of the relationship between the parameters. This is done by calculating the correlation coefficients for all columns, that is, with a check for multicollinearity;



	
The following methods are considered for constructing regression models: Multilayer Perceptron Regressor (MLPR), Forest Regressor (RFR), and AdaBoost regression algorithm;



	
After preparing the models, the initial data is divided into 2 subsamples: test and training;



	
Model evaluation measures were carried out using the coefficient of determination (R-squared), MSE and MAE estimates;



	
The analysis of the results and conclusions were carried out.











3. Results


3.1. Air Pollution Index (API)


A comprehensive characteristic of the state of atmospheric air-air pollution index (API) was calculated according to the data of 20 AMS posts (Figure 1).



When calculating the complex indicator, the data of the main 5 substances were used, which make the maximum contribution to the level of atmospheric air pollution in the territory of the city of Almaty. It is set to 8 < Il < 15, which means that the level of atmospheric air pollution is above average. Figure 2 shows that the complex API is much higher than the permissible value.




3.2. Results and Analysis of Chemical-Analytical Research


Figure 3a–h shows diagrams of indicators of the most significant pollutants identified as a result of chemical analytical studies. According to Figure 3, the numbers of AMS posts are located horizontally, and the level of pollutants is located vertically.



Indicators of pollutants such as hydrogen sulfide, nitrites, as well as heavy metals such as copper (Cu), cobalt (Co), and nickel (Ni) were not detected during the analysis or were detected in very small and acceptable quantities.



According to the results of the hydrochemical analysis, it can be said that the indicators of pollutants in the snow cover collected near automated monitoring stations located on 97 Bokeikhanov Street (12), 33 Pavlodarskaya Street (13), as well as along al-Farabi Avenue (22) were much higher than at other snow cover collection points.



The reasons why the indicators of pollutants at these points are high are the location of nearby sources of pollution. For example, a large number of vehicles move along al-Farabi Avenue (22nd point in Figure 1); despite the standards introduced for vehicles and fuel, the indicators for all pollutants (22nd point in Figure 3b–h) in this area of the city are very high.



Additionally, low indicators of pollutants were obtained at the points of Saduakasuly str. 47 (school No. 176) (15), Kerey Zhanibek Khandar str. 276 (18), and on the territory of the Medeu Natural Park (20) according to the data.



Low readings of pollutants can be explained by the fact that these points are located outside the city or on its outskirts, as well as there are no sources of pollution nearby.




3.3. Results of the Bio Experiment with the Cultivation of Watercress


For 7 days, the seeds of watercress sprouted in melted snow water from different collection sites. During the experiment, the number of seedlings and seed roots were determined on these samples of melt water. The seeds began to sprout by the third day of the experiment, and their numbers by day are shown in Figure 4. The lengths of seedlings and roots of plants were also measured; their results are shown in Figure 5.



As a result of the experiment, it was revealed based on the seed germination table that the best growth rates of watercress seeds are observed on the territory of Medeu and (009) School 86. Further, 80% of germination was detected at points (018) Kerey and Zhanibek Khandar, (015) Saduakasuly str., 47, school No. 176, and (017) KazNMU. Moreover, 70% of germinated seeds are observed at points 013 Pavlodarskaya str. 33, (011) Kuldzhinsky tract, and (001) Kindergarten No. 130. The lowest germination rates are observed in the area 002 Kindergarten No. 11 as can be seen from Figure 4.



During the observation of the next 14 samples, the following conclusions can be drawn: the best indicators of seed germination were observed in the control sample and in the sample from point (014) of Sagadat Nurmagambetov. There was 90% seed germination in samples (021) Lime and (008) School No. 144. The indicators of germinated seeds in samples (012) Bokeikhanov, (007) School No. 150, and (004) Kensai Cemetery 1 were 80%. In two samples, (006) Kindergarten No. 149 and (003) Kindergarten No. 184, the percentage of germinated seeds was 70%. In samples (005) School No. 52 and (019) Tatibekov, 60% of seeds germinated. Seed germination in samples (010) Kindergarten No. 66 and (022) Al-Farabi ave. was only 50%. The lowest rate of lettuce germination was detected in the sample (016) Algabas (40%).



As a result, it can be said that prolonged exposure to atmospheric air pollution can lead to degradation of plant ecosystems, a decrease in biodiversity, and disruption of the ecological balance.




3.4. Relationship between AMS and Chemical-Analytical Research Indicators


Indicators of nitrogen dioxide NO2 with AMS were compared with indicators of petroleum products (PP) in a chemical analytical study, carbon monoxide CO indicators were compared with carbon dioxide CO2, and sulfur dioxide SO2 indicators were compared with indicators of sulfates.



According to Figure 6, the results of the constructed correlogram indicate that there is a relationship (48%) between CO2 from the chemical analytical research and CO data from the AMS. Similarly, for SO42− and SO2 data, the correlation coefficient in the case of these pollutants is 68%.



There is also a strong correlation between data of the carbon monooxide (CO) from the AMS and the data of PM10 (67%), PM2.5 (67%), NO2 (70%), and SO2 (63%) from chemical analytical research, which may indicate the presence of common sources of emissions of these substances in the environment.



In addition, a correlation was observed between SO42− data from chemical-analytical research and data on PM10 (42%) and PM2.5 (49%) from AMS. This may indicate a link between SO2 and dust emissions in the environment.



Thus, the results of the correlation suggest that there is some connection between the pollutants that are captured by AMS and the indicators of pollutants in the snowmelt water of the snow cover determined by chemical-analytical research.




3.5. Assessment of Model Quality in Various Metrics


When constructing regression models, the choice of metrics for evaluating the quality of the model is no less significant. The effectiveness of machine learning methods can be assessed using statistical indicators such as the coefficient of determination (R2), mean absolute error (MAE), and mean squared error (MSE). R2 represents the proportion of variance explained by the model. The quality of the model is significant when the R2 value is close to 1 (100%).



MAE and MSE were used to quantify forecast errors, which should be close to zero.



As mentioned above, the training was conducted on three data (Y1—the number of germinated seeds, Y2—the length of seedlings, and Y3—the length of roots). All data is randomly divided into two subsets: trainable and test data. According to the testing results presented in Table 1, the random forest and AdaBoost algorithms give very good results. The MLPR method for all models has very low coefficients of determination (for Y1, Y2, Y3 correspondingly 25%, 5%, 12%). The highest coefficients of determination for all models are in the case of the random forest algorithm (95%, 92%, 97% correspondingly for three models).



MSE and MAE were used to quantify learning errors, which should be close to zero. For data of Y1, the minimal number of germinated seeds is 4, for data of Y2, the minimal length of seedlings is 0.55 cm, and for data of Y3, the minimal length of roots is 0.36 cm; corresponding MSE and MAE values are presented in Table 1. In the random forest method, the MSE and MAE values are very close to its minimal values (Table 1), which is an indicator of the accuracy of the model.




3.6. Analysis of Model Construction Results


A correctly formulated task with correctly selected input and output parameters allowed us to quickly target a suitable model, use the correct learning algorithm, and choose the optimal set of hyperparameters for the existing task. The constructed stages of the algorithms made it possible to debug the program code faster and analyze the results using machine learning methods.



Based on the results of this study, which examines the effect of air pollution on the cultivation of watercress, it can be concluded that for all the models considered (Y1, Y2, Y3), the random forest method gave the best results.



According to Table 2, suspended particles PM10/PM2.5 (21%), carbon monoxide CO2 (15%), as well as sulfates SO42− (23%) have the greatest effect on the amount of cress seeds grown (Y1), totaling 59% of the effect. The length of the seedlings (Y2) is most affected by carbon monoxide CO2 (32%), sulfates SO42− (17%), and cadmium Cd (19%), totaling 68% of the effect. The root length (Y3) is most affected by carbon monoxide CO2 (20%), sulfates SO42− (37%), and cadmium Cd (21%), totaling 78% of the effect.



The results show that suspended particles PM10/PM22.5, carbon monoxide CO2, and sulfates SO42− have the greatest effect on the number of cress seeds, while the length of seedlings and roots are most affected by carbon monoxide CO2, sulfates SO42−, and cadmium Cd.



In addition, it can be noted that the total percentage of influence on each of the three aspects of growth is quite high (the amounts are 59%, 68%, and 78%, respectively), which indicates the significance of the factors under consideration.



This indicates that it is necessary to control the level of harmful substances in the air and develop a strategy to combat air pollution and maintain a healthy environment.





4. Discussion


From the presented data, it can be concluded that a high level of atmospheric air pollution is observed in the territory of Almaty, which exceeds the permissible value. According to the API indicator, the level of air pollution is above average, which indicates the presence of problems in the ecological situation of the city. High levels of pollutants in the snow cover near automated monitoring stations indicate the presence of certain sources of emissions that need to be identified and eliminated.



The results of the experiment on the cultivation of watercress show that the state of the environment on the territory of the Medeu Nature Park and in the area of School No. 86 is more favorable for flora growth than at other observation points. The germination rates of watercress seeds were low in other areas, which is an indicator of high levels of air and soil pollution.



The correlation matrix for AMS and chemical analytical study data showed a strong relationship between the CO data of the chemical analytical study and the PM10, PM2.5, NO2, and SO2 data with AMS. This may indicate the presence of common sources of emissions of these substances, which may be another cause of environmental pollution.



The results of the constructed models to identify the relationship between pollutants and the parameters of grown plants using machine learning algorithms show that atmospheric air pollution has a strong impact on the state of the environment and flora in the city.



Thus, in order to improve the environmental situation of the city, it is necessary to take measures to reduce emissions of harmful substances into the atmosphere and on the soil surface, as well as conduct a more detailed monitoring study to identify sources of pollution and develop an action plan to solve the problem.



Overall, the presented data suggests that the environmental situation in Almaty is alarming and urgent measures are required to address the issue. Reducing emissions of harmful substances into the atmosphere and soil surface is crucial to improve the situation, and a detailed monitoring study should be conducted to identify the sources of pollution. Based on this information, an action plan must be developed to mitigate the impact of pollution on the environment and public health. The findings of this study can be used as a valuable input for policymakers to implement appropriate measures to improve the ecological situation of the city.
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Figure 1. Addresses of AMS posts located in the city of Almaty, where samples of snow cover were collected. 
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Figure 2. Complex characteristics of the state of atmospheric air-air pollution index (API) for 20 AMS posts. 
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Figure 3. Levels of pollutants of the chemical-analytical study of snowmelt water in the vicinity of AMS posts: (a) Hydrogen index (pH), (b) Particulate matters (PM10, PM2.5), (c) Carbon dioxide (CO2), (d) Petroleum products, (e) Sulfates, (f) Lead (Pb), (g) Zinc (Zn), (h) Cadmium (Cd) are measured in mg/dm3. 
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Figure 4. The number of sprung cress seeds on 23 samples. 
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Figure 5. Average length of seedlings and roots of watercress (in cm) on 23 samples. 
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Figure 6. Correlation matrix of AMS data and chemical-analytical research. 
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Table 1. Performance estimates of machine learning models based on the metrics coefficient of determination R2, root-mean-square error (MSE), and mean-absolute error (MAE).
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Y1

	
Y2

	
Y3




	
Methods

	
R2

	
MSE

	
MAE

	
R2

	
MSE

	
MAE

	
R2

	
MSE

	
MAE






	
Random Forest

	
95%

	
0.02 cm

	
0.12 cm

	
92%

	
0.025 cm

	
0.12 cm

	
97%

	
0.017 cm

	
0.14 cm




	
AdaBoost

	
85%

	
0.05 cm

	
0.443 cm

	
84%

	
0.052 cm

	
0.31 cm

	
92%

	
0.054 cm

	
0.535 cm




	
MLPR

	
25%

	
0.27 cm

	
0.9 cm

	
5%

	
0.3 cm

	
0.86 cm

	
12%

	
0.61 cm

	
1.73 cm
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Table 2. Data on the weight multipliers of the constructed models by the random forest method (RFR) for three models.
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	Concentrations of Pollutants
	PM10/PM2.5
	CO2
	PP
	SO42−
	Pb
	Zn
	Cd





	Y1 (number of germinated seeds)
	0.21
	0.15
	0.13
	0.23
	0.12
	0.03
	0.13



	Y2 (length of seedlings)
	0.13
	0.32
	0.1
	0.17
	0.02
	0.07
	0.19



	Y3 (length of roots)
	0.11
	0.2
	0.05
	0.37
	0.03
	0.03
	0.21
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