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Abstract 

In this article, we present a new study for the analysis and classification of atmospheric aerosols in remote sensing LIDAR data. 

Information on particle size and associated properties are extracted from these remote sensing atmospheric data which are 

collected by a ground-based LIDAR system. This study first considers optical LIDAR parameter-based classification methods for 

clustering and classification of different types of harmful aerosol particles in the atmosphere. Since accurate methods for aerosol 

prediction behaviors are based upon observed data, computational approaches must overcome design limitations, and consider 

appropriate calibration and estimation accuracy. Consequently, two statistical methods based on generalized linear models (GLM) 

and regression tree techniques are used to further analyze the performance of the LIDAR parameter-based aerosol classification 

methods. The goal of GLM and regression tree analyses is to compare and contrast distinct classification data schemes, and compare 

the results with the measured aerosol reflection data in the atmosphere. The detailed statistical comparisons and analyses shows 

that the optical methods adopted in this study for classification and prediction of various harmful aerosol types such as soot, carbon 

monoxide (CO), sulfates (SOx), and nitrates (NOx) are efficient under appropriate functional distributions. The articleoffers a method 

for natural ordering of the aerosol types.   
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1. Introduction  

Aerosol particles play a central role in the atmosphere. Changes of their physical and chemical properties induces 

feedback mechanisms, with combined impacts ranging from air pollution-related health effects to Earth’s energy 

balance. Tropospheric aerosols contain sulfates, nitrates, carbon monoxide, and soot with their sizes spanning over 

more than four orders of magnitude, from a few nanometers to several micrometers [1]. 

 

This article first employs a sophisticated ground-based LIDAR system to acquire atmospheric aerosol reflection data 

over a heavy traffic area in Hampton Roads near the campus of Old Dominion University (ODU). This area is chosen for 

the study because of its proximity to Virginia International Sea Port, where many diesel engine trucks travel on the 

streets near ODU campus. The LIDAR system is deployed to collect aerosol data in the atmosphere for analysis and 

classification of harmful aerosol particles. Two-step aerosol classification is performed using the remote sensing data. 

The first step involves aerosol particle type classification from the measured remote sensing data with the help of two 

well-known methods in the literature [2] and [3]. It was observed that these two optical LIDAR parameter-based 

approaches did not produce the same aerosol particle classification results. Consequently, in the second step, statistical 

and regression analysis techniques were proposed to ascertain which of the two classification approaches should be 

preferred in identifying each specific aerosol. In order to accomplish this objective, generalized linear model (GLM) 

analysis and regression tree are then used to infer whether there are significant differences between the approaches 

adopted by [2] and [3] to identify the aerosols and then recommend which approach is suitable for specific aerosols 

from the measured LIDAR data. 

 

The first classification method as described in [2] used intensive parameters of aerosol (LIDAR ratio and backscatter 

color ratio) which vary with aerosol type. The aerosols have optical parameters, such as LIDAR ratio, which varies with 

aerosol size, shape and composition. Aerosols found in the atmosphere have low values of LIDAR ratios for coarse mode 

particles and higher LIDAR ratios for small and highly absorbing mode particles. Another parameter that is used is 

backscatter color ratio, which is defined by the ratio of aerosol backscatter coefficient of the 532 nm to that of the 1064 

nm channel. Backscatter color ratios are inversely related to aerosol particle sizes [4] and [5]. Another intensive 

parameter, the depolarization ratio is used to distinguish between fine aerosol particles such as dust [6]. Low values of 

depolarization ratio usually indicate the presence of spherical particles [7] and [8]. High values of depolarization ratio 

are also indicative of the presence of pure dust. The fourth aerosol optical parameter is the depolarization spectral ratio 

is found to be dependent on particle size in the case of ice particles and on mixing ratio, and spherical and non-spherical 

particle sizes in mixtures of dust and non-spherical particles [9]. The combination of these aerosol optical parameters 

is used to indicate the likely presence of specific aerosol particles in the environment. For this first classification method, 

the optical parameters used are the LIDAR ratio and backscatter color ratio. 

 

The second classification method to identify aerosols in the atmosphere as described in [3] is based on their spectral 

properties. A paradigm based on scattering Angstrom exponent (SAE), absorption Angstrom exponent (AAE), extinction 

Angstrom exponent (EAE), and single scattering albedo (SSA) are found to be suitable to identify the presence of 

aerosols such as soot, biomass burning, dust and organic particles. Absorption coefficient decreases monotonically with 

wavelength and it is approximated by a power law expression which is described by an absorption Angstrom exponent 
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(AAE) [1]. SAE and AAE are used to distinguish between dust, urban aerosol and biomass burning [10]. Also [11] 

proposed the use of spectral SSA variability to differentiate between dust and black carbon absorption. The separation 

of days with minimal pollution from polluted days is achieved using SAE and AAE with SSA as performed in [12]. 

 

Some combinations of the intensive parameters AAE, EAE, SSA, and SAE are used to optically distinguish between 

aerosols. Some of those classifications of aerosols are based on EAE vs. AAE plots. It is advantageous in using EAE as it 

takes into account SAE and AAE, however it also fails in separating particle size effects attributed to SAE from particle 

composition attribute to AAE. To distinguish particle size from particle composition SAE is used instead of EAE [13]. 

Through the combined analysis of spectral optical properties, the method used in [3] provides understanding of the 

aerosol composition and particle size. This suggested combination of parameters aid in distinguishing between dust 

and polluted dust, polluted and clean days or showing the contribution of absorption in classifying aerosol particles. 

Aerosol particles have spectral optical properties which contain information on their size and composition. The 

knowledge of these information help in the classification of aerosols. The approach based on SAE, AAE, EAE, and SSA is 

used to classify the aerosols found in the atmosphere. 

 

The types of aerosols that we intend to identify are NOx, SOx, CO and soot which are likely to be observed in an urban 

environment. The two factors that are employed in the analysis of the data collected are the altitude and duration. The 

altitude is the vertical distance the LIDAR pulses reached before they are scattered by the aerosols in the atmosphere. 

The duration is also the amount of time used by the LIDAR to collect data from the atmosphere. 

The statistical analysis of the data asks if the layers for these aerosol types change or are independent under some 

random mechanism. 

 

The rest of this article is organized as follows. In Section 2, we introduce the methods of classifications. In Section 3, we 

review analysis of variance (ANOVA) and GLM procedure.   Section 4 presents the regression tree. In Section 5, we apply 

GLM and regression tree to the collected data and the results are presented in Section 6. Finally, Section 7 concludes 

this article. 

 

2. Proposed Analyses 

The analysis for the classification of aerosols was based on the measured optical properties from the LIDAR in Vision 

Lab at Old Dominion University [14]. We used two classification schemes on the collected data.  The data were collected 

at several locations to cover the study area. The data were collected on one day and then we repeated the collection on 

another day. The two classification schemes are then analyzed with the aid of Analysis of Variance (ANOVA) to classify 

the particles in the atmosphere into their component aerosols. While applying the first classification method [2], we 

used only the LIDAR ratio and backscatter color ratio. This is due to the fact that such LIDAR does not generate 

depolarization ratio and spectral depolarization ratio. The LIDAR ratio, 𝑆𝑎  is calculated on the 532nm channel as the 

ratio of extinction coefficient to the backscatter coefficient. The expression for 𝑆𝑎  is as follows: 

𝑆𝑎 =
𝜎𝑎

532

𝛽𝑎
532         (1) 
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where 𝑆𝑎  is the lidar ratio, 𝜎𝑎
532 is the aerosol extinction coefficient at 532nm and 𝛽𝑎

532 is the backscatter coefficient at 

532nm. The backscatter color ratio is defined as the ratio of backscattering coefficient at 532nm to 1064 nm. 

𝐵𝐶𝑅 =
𝛽𝑎

532

𝛽𝑎
1064                  (2) 

 

where 𝐵𝐶𝑅 is the backscatter color ratio, 𝛽𝑎
532 is the aerosol backscatter coefficient at 532 nm and 𝛽𝑎

1064 is the aerosol 

backscatter coefficient at 1064 nm. 

 

For the second method of aerosols classification [3], we calculate the parameters SAE, AAE, EAE and SSA which are then 

combined to identify the presence of aerosols in the data. The four parameters are obtained through the following 

equations. To obtain the extinction Angstrom exponent, the equation used is 

𝐸𝐴𝐸 = −
𝑙𝑛(

𝜎532
𝜎1064

)

𝑙𝑛(
532

1064
)

                          (3) 

 

where 𝜎532 is the extinction coefficient at 532nm and 𝜎1064 is the extinction coefficient at 1064 nm. For the scattering 

Angstrom exponent, the next equation is used: 

𝑆𝐴𝐸 = −
𝑙𝑛(

𝛽532
𝛽1064

)

𝑙𝑛(
532

1064
)

                      (4) 

 

where 𝛽532 is the backscatter coefficient at 532nm and 𝛽1064 is the backscatter coefficient at 1064 nm. The sum of 

absorption and scattering is the extinction. From equation below we obtain the absorption Angstrom exponent, 

𝐴𝐴𝐸 = −
𝑙𝑛(

𝛾532
𝛾1064

)

𝑙𝑛(
532

1064
)

                        (5) 

 

where 𝛾532 is the absorption coefficient at 532nm and 𝛾1064 is the absorption coefficient at 1064 nm. The single 

scattering albedo is defined as the ratio of the backscatter coefficient to the extinction coefficient, 

𝑆𝑆𝐴 =
𝛽532

𝛽532+𝛾532
=

𝛽532

𝜎532
 .               (6) 

 

Using the two methods to obtain classified aerosols in the atmosphere, the results from the two methods are compared 

to identify the differences or similarities of the aerosols. Since sampling methodology of data collection is complex and 

classification can be misleading, initiatives are employed in statistical analysis to extract the most reliable information 

from data through the model and its parameters.  In other words, we use GLM of the ANOVA technique and regression 

tree as statistical analysis tools for data analysis. The analysis is performed by assigning classification labels or the 

number 1, 2, 3, 4, and 5 to the aerosols - NOx, SOx, CO, Soot, and No Aerosol found in our remote sensing data, 

respectively. Due to the dominance of aerosol value of 5, we decided to remove it from the model and build predictions 

on the remaining data. 

 

 

 



www.gnoscience.com | February-2021 

5 

3. Analysis of Variance (Anova) 

Analysis of Variance (ANOVA) is a common statistical method for testing the differences among group of means [15]. 

The inferences about the means are made by analyzing variance. This statistical method for making simultaneous 

comparisons among multiple means yields values that can be tested to build a classifier and test significant relationship 

between the variables of altitude and duration. 

 

The Generalized Linear Models (GLM) procedure was adopted for analysis [16-18]. We modeled the identified aerosols 

and classification profiles using such procedure. Our goal is to find if there exists significant difference between the 

methods used to record the aerosols based on the altitudes and duration that have been conducted. This model is based 

on the fact that the classification is a function of many factors and nuisance or errors. A mixed effect model was first 

used and this model may be described as follows: 

𝑌𝑖𝑗 = 𝜇 + 𝛼𝑖 + 𝛿𝑗 + 𝜖𝑖𝑗                       (7) 

 

where 𝑌𝑖𝑗  corresponds to the recorded aerosol at the   𝑖𝑡ℎ altitude level and at the    𝑗𝑡ℎduration, 𝜇 is the overall intensity, 

𝛼𝑖  represents the effect due to altitude, and 𝛿𝑗 represents the effect due to duration for each method, ∈𝑖𝑗  represents the 

error terms, 𝑗 defined as the number of altitude levels with 𝑗 = 1,2, … ,128, and  𝑖 defines the number of aerosols profile 

measurements in a given duration 𝑖 = 1,2, … , 𝑛𝑘 where 𝑘 =1,2,3,4, and 5 denotes the locations of data collection and 𝑛𝑘 

is number of aerosols profile measurements in location 𝑘. For example,  𝑛1 = 63  means the number of aerosols profile 

measurements in a given duration is 63 at location 1. Altitude and duration at location 1 span to 3840 meters and 14 

minutes, respectively. This is because every altitude level is 30 meters apart from each other and the number of aerosols 

profile measurements is 63 within the 14 minutes duration. 

The model can be expressed as, 

𝑌 = 𝑋𝜑 + 𝜀                             (8) 

 

where 𝑌 is the vector of measured intensity by altitude and duration, 𝑋 is the design matrix, 𝜑 is the vector of regression 

coefficients and 𝜀 is the vector of error terms. Assumptions are made that the errors are normally distributed. 

Estimation of the parameter set 𝜑 is such that: 

𝜑̂ = (𝑋′𝑋)−1𝑋′𝑌                      (9) 

 

assuming that the design matrix 𝑋 is invertible. If not, using the generalized equation will allow us to obtain solution, 

even though they will not be unique. Normality is a strong assumption made and transformation techniques may be 

considered to achieve such assumptions and reduce biases. Because of that, we also adopt another prediction technique 

called regression tree. 

 

4. Regression Tree 

Although ANOVA is typically the first choice for prediction, an alternative method to perform prediction is in ensemble 

learning methods, which include classification and regression tree. The latter were first introduced by [19]. Several 

techniques are proposed as in [20-22]. However, the uncertainty analysis is present in one way or another. Solutions 
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are provided, “under trade-off between accuracy and meaningful solution” [22]. Such concerns prompted us to analyze 

the data as it is. The data here consists of the two predictors altitude and duration and the response aerosol values. 

Suppose the data has 𝑁 observations: that is, (𝐱𝑖, 𝑦𝑖) for 𝑖 = 1, 2, . . . , 𝑁, where 𝐱𝑖 = (𝑥𝑖1, 𝑥2𝑖)
′, 𝑥𝑖1 is the 𝑖th observation 

from the first predictor, 𝑥𝑖2 is the 𝑖th observation from the second predictor, and 𝑦𝑖  is the 𝑖th observation from the 

response. To grow the tree, the algorithm needs to decide on the important variables (predictors) and splits points. If 

the predictors are equally important, the choice would be arbitrary. Now, suppose the data is partitioned into 𝑀 regions 

𝑅1, … , 𝑅𝑀 and the response is modeled as a constant 𝑐𝑗  for 𝑗 = 1, … , 𝑀: 

 

𝑓(𝑥) = ∑ 𝑐𝑗
𝑀
𝑗=1 𝐼(𝑥 ∈ 𝑅𝑗)                  (10) 

 

If the adopted criterion is minimizing the sum of squares ∑(𝑦𝑖 − 𝑓(𝑥𝑖))
2
, it can be shown that the best choice of 𝑐𝑗  is the 

average of 𝑦𝑖  in 𝑅𝑗. That is,  

𝑐̂𝑗 = ave(𝑦𝑖|𝑥𝑖 ∈ 𝑅𝑗)                       (11) 

 

Therefore, the sum of square errors for a tree is  

𝑆 = ∑ ∑ (𝑦𝑖 − 𝑐̂𝑗)
2𝑛𝑗

𝑖=1
𝑀
𝑗=1                  (12) 

 

For 𝑀 = 2, an algorithm suggested by [20] stated that starting with all of the data, consider a splitting variable 𝑘 and a 

split point 𝑠, and define the pair of the half-planes 

𝑅1(𝑘, 𝑠) = {𝑥|𝑥𝑘 ≤ 𝑠}, 𝑅2(𝑘, 𝑠) = {𝑥|𝑥𝑘 > 𝑠}            (13) 

 

Then choose the variable 𝑘 and split point 𝑠 that minimizes  

∑ (𝑦𝑖 − 𝑐̂1)2
𝑥𝑖∈𝑅1(𝑘,𝑠) + ∑ (𝑦𝑖 − 𝑐̂2)2

𝑥𝑖∈𝑅2(𝑘,𝑠)                  (14) 

 

After finding 𝑘 and 𝑠, the data is partitioned into the two resulting regions. The same splitting process is repeated again 

on each of the two regions, then on all the resulting regions until the region has values that are the same.  

The above model will be trained on a sub-sample of the data known as the training sample. Then, it will be validated on 

a testing sample, which is what is left of the data after selecting the training sample. Typically, the training sample takes 

75% of the data, and the testing sample takes the rest, i.e. 25% of the data. 

 

5. Application of Statistical Methods 

To validate the difference in the two classification methods in aerosol, GLM and regression tree models are considered. 

For our analysis, we use the identified aerosols: NOx, SOx, CO, Soot and No Aerosol by assigning values of 1, 2, 3, 4 and 5 

to them respectively. For the aerosol described as “No Aerosol”, it means there is the absence of the four originally 

described aerosols. The first classification method to collect the data is based on the calculated LIDAR ratio and 

backscatter color ratio. It is completed by assigning a particular aerosol to a location and duration when the aerosol 

optical parameter condition for that aerosol is met as seen from Table1.  
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Table 1: Method 1. 

Aerosol Optical Parameter 

𝑆𝑎  𝐵𝐶𝑅 

NOx 70 - 80 3.3±10% 

Sox 70 - 100 3.3±15% 

CO 43 - 52 0.7±10% 

Soot 60 - 65 1.4±10% 

 

The classified aerosols for LIDAR remote sensing data using Method 1 is shown in Fig.1. 

 

Fig. 1. Aerosols detected using method 1. 

 

Fig. 1 shows the aerosols – NOx, SOx, CO, and soot as classified from our data using the first classification approach. The 

second classification method is done by using SSA, SAE, AAE, and EAE as our parameters. From Table 2, the aerosols are 

assigned when the parameter conditions for that particular aerosol are met.  

 

Table 2: Method 2. 

Aerosol Spectral Parameter 

𝑆𝑆𝐴 𝐴𝐴𝐸 𝐸𝐴𝐸 𝑆𝐴𝐸 

NOx > 0.85 > 2.5 1.8- 2 1.5-3.5 

SOx > 0.95 ≈ 2 1.5– 1.9 0.5-3 

CO < 0.85 < 2 1.75- 2.1 1-3 

Soot < 0.8 < 1.5 < 2 ≈ 4 

 

The classified aerosols from the LIDAR data using Method 2 are shown in Fig.2. 
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Fig. 2. Aerosols Detected using method 2. 

 

Fig. 2 shows the aerosols – NOx, SOx, CO, and soot as classified from our data using the second classification approach. 

The plots of the aerosol distribution show a wide and scattered representation. Identification and estimation of aerosols 

is highly unpredictable because there is no clear separation based on duration and altitude. 

 

Although standard algorithms are used, the analysis encounters major challenges in scaling up to massive datasets with 

most of them being at aerosol value 5. Because of that, thinning is applied to the data, and values of 5 have to be removed. 

The predictions are made on the remaining observations. Even though some of the observations can be 5, the 

predictions will be made on the first four values of aerosols. 

 

The GLM is extended to the both methods of classification. GLM analysis is performed to find the significance of altitude 

and duration. The analysis is performed using the SAS 9.3®software [23]. 

 

6. Results 

The results of GLM and regression tree models are presented in this section. The figures displayed in this section show 

the effects of altitud and duration on the model. The tables of the GLM and regression tree results show that the variable 

altitude has more of an effect on the differences in the aerosols identified than the duration. Summaries of effects of 

altitude and duration are presented. 

 

6.1 Altitude coefficient model 

The GLM model in Equation 8 shows that the altitude has a significant effect on the types of observed aerosols as seen 

in Figs. 3 and 4. There appears to be a clear separation of the aerosols based on altitude and a mix of the aerosols when 

compared with duration. These findings match the results that are published by [2] which shows that the classification 

results are used together with the measurements of aerosol optical depth to apportion the aerosol optical depth among 

the various aerosol types. It is observed that the dominant aerosol types in terms of aerosol optical depth vary 

significantly with altitude. 
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Fig. 3. 3-D view of detected aerosols using method 1. 

 

6.2 Duration varying coefficient model 

From Figs. 3 and 4, we observe that duration does not have a significant effect on the type of aerosols classification 

found in the environment. The plot is quite scattered and does not lead to any pattern. 

 

Fig. 4. 3-D view of detected aerosols using method 2. 

 

The following subsections show detail statistical comparison of the two methods (1 and 2) on multiple datasets, which 

are collected in different days at ODU campus.   

 

6.3 First dataset  

The first dataset is collected on July 21, 2017 at ODU campus. The ANOVA Tables for each of the method types are 

displayed in Tables 3 and 4.  

Table 3. ANOVA for Method 1. 

Source DF SS MS F P value 

Altitude 1 134.17 134.17 206.00 <0.0001 

Duration 1 0.26 0.26 0.39 0.53 
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Error 657 427.90 0.65 X X 

Total 659 562.33 X X X 

 

Table 4. ANOVA for Method 2. 

Source DF SS MS F P value 

Altitude 1 56.05 56.05 88.54 <0.0001 

Duration 1 0.46 0.46 0.73 0.39 

Error 246 155.73 0.63 X X 

Total 248 212.24 X X X 

 

The analogous analysis shows that in both methods, duration is not found to be a significant indicator of aerosol due to 

its larger p-value, whereas altitude is due to its smaller p-value as observed in all the ANOVA tables regardless of date 

and location. Altitude has associated significant p-value reported that is less than 0.05, compared to p-values that are 

higher than 0.05 for duration. The results show that the proportions of correct classification are high for both methods.  

Overall, the use of Methods 1 and 2 did not show any significant difference in predicting aerosol value 2 (SOx).  

 

However, Method 1 showed less accuracy for aerosol value 1 (NOx) than Method 2. Classification at value 2 (SOx) is 

perfect for both methods. At aerosol value 3 (CO), both methods have uncertainty but they seem to predict equally well. 

At value 4 (Soot), Method 1 works better. It is to be noted that prediction is made for aerosol value 5 (No Aerosol) even 

though it was not part of the selection. This suggests that some of the aerosol at value 4 may be classified as value 5 and 

vice versa and then the method has less misclassification at aerosol value 5 than method 2. 

 

The regression tree technique shows similar results as the ANOVA analysis, that is, in both methods altitude significantly 

affects the types of observed aerosols whereas the duration is not significant. We begin by training regression tree 

models on 75% of the full data from both methods, i.e. 495 and 187 data points from Method 1 and Method 2, 

respectively. Then, we test the model prediction accuracy on the testing samples which are 165 and 62 data points from 

Method 1 and Method 2, respectively. The variable importance is as follows: the most important variable is altitude 

with a value equals to 98 that is much greater than the one corresponding to the duration variable, which is 2. Similarly, 

Method 2 shows that the most important variable is altitude with a value equals to 94 which is much greater than 6 the 

value corresponding to duration.  

 

Tables of classification/count of misclassification were also computed and they indicate the model incorrectly classified 

records in the testing data, which is a simple random sample of 25% (165) of the full data from Method 1 and Method 

2. For Method 1, the error rate, or the proportion of incorrectly classified aerosols levels is 0.03, while the proportion 

of incorrectly classified aerosols levels for Method 2 is 0.18. Although the misclassification corresponding to the first 

method is much smaller than the one from the second method, both are acceptable, and the difference might be due the 

smaller training sample of Method 2 compared to the one from Method 1.  
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The first three aerosol values of Method 1 show perfect accuracy while Method 2 has some errors especially at aerosol 

value 3. In aerosol value 4 both methods have some errors, but Method 1 performs better. As in the ANOVA analysis, 

note that prediction is made for aerosol value 5 even though it was not part of the selection. This again suggests that 

some of the aerosol at value 4 should have been classified as aerosol value 5. 

 

6.4 Second dataset  

Similar analysis was performed on the second dataset collected on August 16, 2016. The ANOVA tables for each of the 

method types showed significance only for the Altitude variable. 

 

Additionally, the use of the regression tree technique showed similar results as the ANOVA analysis and  a 

classification/count of misclassification that is a cross-tabulation that indicates the model incorrectly classified records 

in the testing data, which is a simple random sample of 25% (596) of the full data from Method 1.  

 

6.5 Third dataset  

Additionally, the third dataset is collected on August 17, 2016 was similarly analyzed. The ANOVA tables for each of the 

method types were studied and results were comparable to the first and second datasets. Similarly, the 

classification/count of misclassification based on the ANOVA analysis using the first method and second method were 

computed.  

 

The use of the regression tree technique showed similar results as the ANOVA analysis as seen in earlier and shows a 

classification/count of misclassification that is a cross-tabulation that indicates the model incorrectly classified records 

in the testing data, which is a simple random sample of 25% (455) of the full data from Method 1.  

 

6. Conclusion 

The statistical analysis of the two distinct classification methods showed that results and predicted aerosol values were 

overall equivalent. However, although predictions always lead to misclassifications, method 1 performs better at the 

classifications of SOx particle and CO particle. Both methods 1 and 2 perform equally well for NOx and Soot. Based on 

this observation, the use of optical parameters of LIDAR (i.e. ratio and backscatter color ratio) to classify these aerosols 

in the environment and also the use of other parameters (i.e. SSA, SAE, EAE and AAE) to also perform the classification 

need adjustments. Thus, the optical parameters obtained from the LIDAR data are appropriate for the classification of 

some aerosols in the environment. The analysis provided consistent estimations of the underlying aerosol distributions 

between the methods and locations. As illustrated, the functional connectivity between the regions is shown to provide 

evidence that parameters are significantly different. Three datasets of LIDAR data were considered for this analysis and 

altitude was of significant interest within the datasets. In the use of classification and regression tree to find predictive 

accuracy, classification under Method 1 appears to have a higher accuracy than the classification under Method 2, except 

for the third dataset. Although we have presented a practical way of describing the data, other algorithms such as the 

Bayesian methods or the Zero inflated Poisson may be considered as other alternatives for accurate classification of the 

aerosols. 
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