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Abstract


Aerosol Optical Depth (AOD) is closely related to PM10 (mass concentration of particulate matter with aero dynamical diameter less than 10 μm) and visibility; and all of these three parameters are so important and useful to studies connected to aerosols, troposphere dust, air pollution and atmospheric radiation budget. This study analyzed the mathematic relations between AOD, PM10 and visibility whit separation of 05, 06 and 07 synoptic conditions; whit using evolutional Genetic Algorithm. The area's case study has been Yazd city as representative of central of Iran for 5 years (2011-2015). The aim of this analysis has been to reach relations that can estimate lack quantities of mentions data parameters from another existence data whit the least error. To attain these mathematic relations, liner regression equation and several kind of famous function has been comparison; which the Polynomial function selected as the best fitness function. The conclusion of this study was four function based on polynomial liner model with 95% confidence bounds that presented. These presented equations are for estimate AOD from PM10 and visibility quantities in general condition; and in 05, 06 and 07 synoptic codes separations.
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Introduction


Troposphere aerosols which are well known as particulate matter (PM) consist one of the regulatory parameters in the atmosphere by changing the Earth's radiation budget and thus aerosols have an extensive impact on our climate and our environment. The PM concentration has become an important index of air pollution, and gained more and more attention from the organizations and administrations of environmental protection, public health and science all over the world. Short and long term exposure to PM causes ascending mortality rates, and morbidities such as variety of cardiovascular diseases [1-4]. PMs with aerodynamic diameters less than 10 microns (|im) known as PM10; that is a major component of air pollution that threatens both our health and our environment.

Visibility is defined as the greatest distance in a given direction at which an object can be visually identified whit unaided eyesight [5]. Horizontal visibility is an indicator of air quality, and PM adversely associated with visibility impairment. Also, 05 (Haze), 06 (widespread dust in suspension not raised by wind) and 07 (dust or sand raised by wind) are some of the most important synoptic condition effective to horizontal visibility. As reported by previous studies, aerosol concentration variability can change particle extinction properties and thus affect visibility [6,7]. On the other hand, Aerosol Optical Depth (AOD) is defined for the entire column of atmosphere and is a measure of the extinction of light from the surface to the top of the atmosphere. AOD is an aerosol optical property which is now well retrieved from numerous sensors such as Moderate Resolution Imaging Spectro radiometer (MODIS) [8,9]. It can be measured by MODIS as well as by ground based instruments (sun photometers) at multiple wavelengths [10]. Therefore, it seems that we can establish some equations to estimate these parameters to define some lack data from other existence.

Previous researches have examined the correlation between visibility and the aerosol characteristic, and have made it clear that the heterogeneous concentration of aerosols in the atmosphere, changes atmospheric optical conditions and consequently, visibility. Various studies have been carried out using the AOD to estimate the troposphere particle matters concentration in the world. The earlier studies suggested simple linear regression as the simplest type of statistical models resulting in a wide range of performance for PM predictions (correlation coefficients of 0.2 ~ 0.6) [11,12]. Some researchers have used linear models and some have also used non-linear models. Some researchers like also estimate the concentration of suspended particles using AOD based on empirical physical relationships [13-18]. In 1986, a two-year study on a turbidity network covering 11 stations on the coastline of southern Sahara in Africa, using a regression model, which uses the following equation to estimate the horizontal visibility of the aerosol mass concentration [19,20].
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This equation permits the horizontal visibility VV in km to be expressed in terms of aerosol mass concentration C in ng m-3 and vice versa. Even in some cases, the greatest change in horizontal visibility is attributed to the PM10 range [21]. In Shao et al. [22] in a study on North East Asian dust storms, found two equations for estimating dust concentration from visibility with following separation.
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In these equations, V is the horizontal visibility in km, and C is the dust concentration in ng m-3. In 2006, during a study in the Athens metropolitan area, hourly PM10 concentration was predicted by using the genetic algorithm on meteorological parameters [23,24]. In this research, the efficiency of neural network models was evaluated more than linear regression models (r2 in the multiple liner regression models was between 0.29 and 0.35, but in the neural network models it was estimated between 0.50 and 0.70). In 2008, a study that sought to find the relation between PM10 concentrations and visibility in Israel used the Ln function [25]. That function is as follows:
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where y is the PM10 concentration, in ng m-3, and x is the visibility, in 100 m units. Studied the relationship between AOD from Tera and Aqua sensors from the MODIS, and the PM10 surveyed the ground at 12 Croatian air quality control stations over a five-year period [26]. In this study, AOD and PM10 have been considered as independent and dependent sequences; and the linear multivariate model and artificial neural network have been diagnosed for estimating the relationship between these two parameters. Some Chinese researchers also presented an experimental non-linear model for estimating PM10 concentration in 2015 using AOD from MODIS [27]. This study was based on three years daily PM10 concentration from 13 air quality control stations and ground meteorological measurements in northwestern China the results of this study shown that there is almost a threefold improvement from 0.28 to 0.78 in the correlation coefficient when using the nonlinear model compared to using a linear regression model of AOD and PM . The root-mean-square error (RMSE) is reduced from 34.42 to 21.33 ng/m3 using the nonlinear model over the linear model. In 2017, several Malaysian and Greek researchers, using the artificial neural network and multiple linear regressions, tried to estimate PM10 from the 550 nm AOD data from the MODIS and some meteorological parameters [28]. Their relationship is as follows:
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Where RH is relative humidity in percent; and k index is atmospheric stability index. The aim of our research is analyzing and finding the mathematic relationship between AOD obtained from Aqua and Terra, PM10 obtained from ground air quality stations, and visibility in separation of 05, 06 and 07 synoptic conditions; using Genetic Algorithm in Yazd in representation of Central Iran.







Data Collection and Reprocessing


The present study was focused on Yazd province located in unique arid area in center of Iran. The reason for choosing a city in the central part of Iran is that this part of Iran is affected by dust and aerosols both from the outside (atmospheric conditions recorded with 06 code at synoptic stations) and from the local origin (atmospheric conditions recorded with 07 code); and in a urban area, the occurrence of the Haze or the air darkness caused by air pollution (05 synoptic code) will be more noticeable than an ineffective area of human occupation. A number of data sets from various sources were collected for this research; including five years (2011- 2015) of hourly PM10 mass concentration from 2 ground air quality monitoring stations in Yazd, Terra and Aqua- MODIS AOD at 0.55 μm, and local ground-based meteorological station in Yazd. Table 1 provides main information on different data sets and below Sections describes each data set in more detail.



Ground-Based PM10 Concentration Data

Five years hourly PM10 mass concentration were collected from two air quality control stations affiliated to the environmental protection organization of Yazd province (31° 51 31 N & E 54° 21 40; 31° 53 6 N & 54° 18 52 E) in ng/m3. These stations monitor the mass concentration of particulate air pollutants on the ground. PM10 concentration values are measured at a height of approximately 4m in a relatively open area, away from high buildings.


MODIS Satellite Data

Over the past few years, the algorithm for data retrieval has continued to evolve to achieve better accuracy, and various studies have shown that the MODIS AOD products are quite accurate when compared to ground-based AOD such as the Aerosol Robotic Network AOD. MODIS-derived AOD represents the extinction of incoming solar radiation by aerosols over the whole atmospheric column [29-31]. Two MODIS instruments were put onboard the EOS-Terra satellite in December 1999 and the EOS-Aqua satellite in May 2002, respectively. Both instruments collect AOD data. AOD represents columnar aerosol loading of the atmosphere, and is retrieved as a level-2 product (5 minute swath granules) at a spatial resolution of 10 km at nadir. The ambient AOD is obtained through the MODIS aerosol algorithm over the oceans and over dark land surfaces In this study, we use the values of both MOD04 and MYD04 AOD, which were extracted at 550 nm (MODIS parameter name: Optical_Depth_Land_And_Ocean). The data acquired during the daytime passes of both MODIS instruments are used.



Ground-Based Synoptic Meteorological Data


Visibility is an important factor of air masses movement as well as mixing and thus affects PM10 concentration. Between all of meteorological data related to Visibility that recorded from Yazd meteorological organization (31° 54 18 N, 54° 16 35 E), we use 3-hourly horizontal visibility observations by separation 05, 06 and 07 synoptic codes.


Data Preprocessing and Integration

Since the data from the three sources have different temporal and spatial resolution, all the data sets were re-processed to be consistent in space and time to form a complete data set that can be used as the basis for the following analyses. For the retrieved AOD data from both Terra and Aqua satellites, we have tested the impacts of three different window sizes (1x1, 3x3 and 5x5 pixels) of AOD values on PM10. We found that the nearest of AOD pixel over a window size of 1x1 pixels (~110 km) centered at a given PM10 station is appropriate for our analysis. We used a combination of the AOD data retrieved using dark-target and deep blue algorithms. To avoid possible cloud contamination, we eliminated all the AOD-PM10 pairs where the number of pixels is less than two. As the Terra and Aqua satellites cross Yazd near 07:30 and 10:00 Coordinated Universal Time (UTC) respectively, we use Terra's AOD data at 07:30 and Aqua's data at 10:00 UTC. The data acquired during the daytime passes of both MODIS instruments are used.

The surface synoptically data from the closest distance between the meteorological station and the monitoring station were used to represent the meteorological condition for each PM10 monitoring station. The tow per day (11:00 and 13:30 LST, corresponding to the satellite overpass times) PM10 for each air-quality monitoring station, AOD, and ground-based meteorological values are matches together. In this manner that, at the first, the days that happens 05, 06 and 07 synoptic code observations around the 11:00 until 13:30 LST selected. Then, AOD and PM10 values at the same time from Aqua, Terra and air- quality monitoring stations respectively matches together.

Modeling Techniques


Artificial neural networks: Artificial neural network (ANN) is a modeling technique which can determine non-linear relationships between variables in input datasets and variables in output datasets. ANNs modeling is based on a learning (training; calibration) process, after which the ANN network can estimate values of output variables for input datasets. ANNs need a considerable amount of historical data to be trained; upon satisfactory training, an ANN should be able to provide output for previously "unseen" inputs. Often, there can be some uncertainty about precisely which input variables to use. The selection of input variables for an ANN forecasting model is a key issue, since irrelevant or noisy variables may have negative effects on the training process, resulting unnecessarily complex model structure and poor generalization power [32,33].

Genetic Algorithm: The Genetic Algorithm (GA) is a method for solving both constrained and unconstrained optimization problems that is based on natural selection, the process that drives biological evolution. The genetic algorithm repeatedly modifies a population of individual solutions. At each step, the genetic algorithm selects individuals at random from the current population to be parents and uses them produce the children for the next generation. Over successive generations, the population "evolves" toward an optimal solution. You can apply the genetic algorithm to solve a variety of optimization problems that are not well suited for standard optimization algorithms, including problems in which the objective function is discontinuous, non differentiable, stochastic, or highly nonlinear (GA and Direct Search Toolbox). GA is one of the advanced problem solving tools and the best selection of fitness functionality in MATLAB software.


Results and Discussions





Table 1:  Information on various surface and satellite data sets used for estimating equations.
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Information on various surface and satellite data sets used for estimating equations are given in (Table 1). Also, statistical analysis of AODs, PM10s and visibilities; whit their normal frequency distribution graphs are shown in sections of (Figure 1). Pierson correlation between PM10 _ AOD, PM10 _ visibility, and visibility _ AOD data in 95% confidence level was 0.741, -0.58 and -0.773 respectively. The most connection and relation had seen between PM10, AOD and visibility data whit 05 and 07 synoptic codes; whit 0.87 and 0.76 correlation respectively. Also, Comparison of the trend of PM10 variations and horizontal visibility compared with the AOD values (Figure 2), shown a very high connection especially in less than 500 μm/m3 PM10 quantities and from 4000 - 9000 m visibility quantities. Additionally, in comparison of frequency and distribution quality of synoptic codes and visibility quantities, great frequency of 05 synoptic code especially in 5, 6, 6.5, 7 and 8 km visibility quantities, proportional equality to happen of 06 and 07 synoptic conditions; and low frequency of less than 2.5 km visibility quantities are seeable. 
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Figure 1:  Statistical analysis of visibilities (A), PM10s (B) and AODs (C), whit their normal frequency distribution graphs.
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Figure 2:  Comparison of the trend of PM10 variations and horizontal visibility compared with the AOD values.
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Figure 3:   Simple two- parameter regression between visibility and AOD parameters.
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Figure 4:   Simple two- parameter regression between visibility and PM10 parameters.



We use the least square graph for simple two parameter regression between visibility and AOD parameters (Figure 3) and between visibility and PM10 parameters (Figures 4). These graphs are appearance of correlation and regression line equation between mentioned parameters. This is right that by estimate of regression line equation coefficients (X and Y coefficients) you can assessment the action of each parameter on other (in liner connections), but in here, whit due attention to the number of parameters used in this research and prospected accuracy from mathematic connections between parameters, has been used from genetic algorithm After the PM10 data, visibility and AOD data were identified in the three-matrix formulation with the names X, Y and Z in the genetic algorithm respectively, 70% of these data were considered for the training transaction and 30% for the test transaction. Because the most accurate collection of dust and aerosol data is done with air quality control devices in the environmental organization (due to their presence in the context of this air pollution - contrary to satellite sensors - and their remoteness from errors caused by The involvement of humans in the data acquisition - contrary to the visibility data at the Yazd synoptic station -) It was decided to introduce Z and Y values which are AOD and visibility respectively, as dependent variables and PM10 as an independent variable to the genetic algorithm. Additionally, synoptic codes should also be presented as conditions for the algorithm, which was done by programming. In optimization problems that are implemented in the context of the genetic algorithm, the goal is to minimize the error or minimize the cost function. In most optimization problems, the cost function is defined as the Sum Square Errors (SSE), and Relative Sum Square Error (RSSE). These functions are represented in relations (Function 6,7):
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Factuali is the function of the estimated values based on the optimization parameters displayed by the genetic algorithm. When the SSE is less than 0.0001 or the RSSE is less than 0.01, this defined as the convergence criterion. After testing various functions such as the Wei bull, Gaussian, Power, Binomial, Exponential, Linear, Furrier and Gaussian functions, according to SSE, RMSE and r2, the best function and model for optimization The math transitions between PM10, AOD and visibility were evaluated based on the 05, 06 and 07 synoptic codes, the linear model of the binomial function was evaluated. In Table 2, the statistical characteristics of the paired parameters are presented in this paper. In Figure 5, the binomial fitness graph between PM10, AOD and visibility in general and without regard to the synoptic codes depicted by MATLAB software, has been shown. The color range shows the best response border of the mathematical relations presented in this study based on the coefficients derived from the application of the genetic algorithm. The binomial fitness graph between PM, AOD and visibility during the occurrence of synoptic codes 05, 06 and 07 are also given in (Figures 6-8).

 



Table 2:  The statistical characteristics of the paired parameters.
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Figure 5:  The binomial fitness graph between PM10, AOD and visibility in general and without regard to the synoptic codes.
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Figure 6:  The binomial fitness graph between PM10, AOD and visibility in general and without regard to the synoptic codes.
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Figure 7:  The binomial fitness graph between PM10, AOD and visibility during the occurrence of 06 synoptic codes
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Figure 8:  The binomial fitness graph between PM10, AOD and visibility during the occurrence of 07 synoptic codes.





Conclusion




After mentioned calculations, four functions and mathematical formulas based on binomial linear model with a 95% confidence level are presented as follows for the first time to dear researchers in the field of dust and aerosols:
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Function 8 shows the relationship between PM , AOD and horizontal visibility in general. In this function and other forward mathematical functions, PM10 is expressed in grams per cubic meter (ng/m3), the visibility (V) in meters, and the AOD,  as previously mentioned, is a dimensionless quantity. Function 9 shows the relationship between PM10, AOD and horizontal visibility in the event of 05 synoptic code:
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Function 10 shows the relationship between the PM , AOD and horizontal visibility when 06 synoptic conditions occurs:
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And finally, the Function 11, which correlates the relationship between the PM, AOD and horizontal visibility when 06 synoptic conditions occurs:
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According to the similarity of climate and topography between the natural and urban parts of central Iran, eastern and southeastern Iran, it seems that the presented relations in this study have the generalized efficiency in all of these regions and can be used in these areas. And in the end, now that the geographical phenomena such as dust and aerosol are so important and widespread in a vast section of Iran, and are among the most harmful natural hazards in the country, it is hoped that the relationships offered in this collection could be useful to researchers interested in researching these breathtaking geographic features.
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