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Texas is the second largest state in U.S.A. based on geographical area, 

population and the economy. Studies conducted in the southern coastal region of TX 

have identified long range transport as a major contributor of particulate matter (PM) 

pollution along with local emissions. Biomass burns, secondary sulfates and diesel 

emissions sources are comprise as the dominant mass of PM2.5 have been noted to be 

formed. Thus, the primary objective of this study was to identify and quantify local as 

well as regional sources contributing to the PM pollution. 

 Source apportionment techniques such as principal component analysis (PCA) 

and positive matrix factorization (PMF) were to identify and quantify local and regional 

sources affecting this coastal region. As a supplemental analysis, conditional probability 

function (CPF) analysis and potential source contribution function (PSCF) analysis were 

employed to characterize the meteorological influences for PM events. PCA identified 

an optimal solution of 6 sources affecting the region of study, while PMF resolved 8 

sources. Biomass comingled with sea salt was identified to be the dominant contributor 

from the PCA analysis with 30.2% of the apportioned PM mass in Brownsville, 

meanwhile PMF account secondary sulfates I & II with 27.6%. The other common 

sources identified included, biomass burning, crustal dust, secondary sulfate, oil 

combustion, mobile sources and miscellaneous traffic sources. 
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CHAPTER 1 

INTRODUCTION 

1.1 The Problem and Its Purpose 

To understand the air quality in a specific location, practical questions need to be 

answered and addressed when implementing any emission control strategy. Questions 

such as: What emissions are affecting the region? Which areas are being affected? 

Where do these emissions come from? And who can we approach for the solution of 

these emissions? The answer to such questions require an integral knowledge of the 

ambient chemistry and the local meteorology, the latter knowledge being needed for 

describing the interaction and the path followed by the air parcels carrying the emission 

of concern in the location being studied.  

When looking at the different elements and compounds that affect the air 

quality in any major urban area, pollutants such as ozone, oxides of nitrogen, volatile 

organic compound (VOC) and particulate matter (PM) are the most critical for human 

health if the concentrations exceed certain values. The health effects of airborne 

particles have been studied extensively and a strong correlation between human health, 

mortality and morbidity has been observed (Dockery, 1996). A concern about the air 

quality, drove the promulgation of the new national ambient air quality standards 

(NAAQS) for airborne particulate matter. This has result in a renewed interest in 
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identifying and quantifying sources of particulate matter affecting major urban areas 

around the world. 

 In the state of Texas, the air quality is monitored by the Texas Commission on 

Environmental Quality (TCEQ). The implementation of abatement strategies to diminish 

particulate matter (PM) levels is only conceivable when the emissions have been 

distinctively identified and characterized. However, it is not simply for legal purposes 

implications that the levels for PM must be observed and evaluated, but especially 

because of their effect on human health in localized regions, which have been observed 

through a number of studies (Verrier, 1999; Pope, 1996). 

During several studies of both urban (Kim, 2004; Lee, 2008; Xie, 2005) and rural 

(Raman, 2007) areas in the US, it has been found that the fine airborne PM are 

responsible for producing adverse health effects as well as environmental degradation. 

Most of these studies have been performed in major urban areas and inland rural areas. 

Brownsville, Texas, is experiencing a rapid growth and is located on an international 

border region (US-Mexico). 

Considering the different number of methods that are being currently used to 

model the emission inventories, it is found that methods such as positive matrix 

factorization (PMF) (Paatero, 1997), chemical mass balance (CMB) (Hopke, 1997), 

principal component analysis (PCA) (Thurston, 1985), and UNMIX (Henry, 2000), are 

various tools that the research community uses to approach the study of these 

problems. 
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In this study, the application of PCA and PMF for the identification of PM sources 

in selected coastal locations of Brownsville, Texas, has been considered. Brownsville is 

the 16th largest city in the state of Texas, with numerous big manufacturing factories 

and industries on both sides of the border with Mexico. The region in which this city is 

located is an attainment area according to the various air quality standards for criteria 

pollutants. Being in an attainment area, it is important and beneficial to control and 

identify the sources of emission of pollutants and its places of origin. 

The objectives of this study are to identify PM sources and estimate their 

contribution to the particle mass concentrations and to understand their origin. For the 

present study, daily samples collected during a 5-year period from 2005-2010 will be 

used as an input for the PMF and PCA methods. 

1.2 Definition of Terms 

Particulate matter (PM) in urban areas in United States is a combination of the 

transported aerosols and increments of additional particles from local emissions. PM 

particles produce adverse health effects and the association may be stronger for PM2.5.  

As a result of the effects of PM in human health, the U.S. Environmental 

Protection Agency (EPA) issued designations for the establishment a new national 

ambient air quality standard (NAAQS). EPA names areas as “nonattainment” (when the 

measurements are not meeting the standard), “unclassifiable/attainment” (when 

meeting the standard or expected to be meeting the standard despite a lack of 

monitoring data), or “unclassifiable” (when there is not sufficient data to classify). 
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Once a designation is made upon a city, or region, the state and local 

governments have three years to develop abatement strategies plans outlining how 

these areas will attain and maintain the standards by reducing air pollutant emissions 

contributing to fine particle concentrations. 

Therefore, PM transport and deposition models that are based on the emissions 

inventory data have greatly improved in recent years, although there still is need for a 

better fit between the measured data and modeled levels in the emission inventory. In 

order to improve and validate with more accurate results, the idea of using different 

methods to process the same data has been well accepted within the research 

community.  

Researchers have used the technique of PMF for a vast amount of different 

locations such as urban and rural cities, and different kinds of targeted population 

(Raman, 2007). However, PMF of source apportionment and spatial analysis for 

locations near the coastal area of Texas is a brand new field of research opportunities 

due to all the different atmospheric and environmental effects that occur in that region 

of the Gulf of Mexico (Karnae, 2011). 

In order to identify the sources of PM, characterization and grouping together of 

certain species and chemical compounds need to be performed. Identifying specific 

groups of the monitored species is the key for PCA and PMF use to distinguish between 

possible sources of pollution. Studies by Kim (2003) for an arid northwest U.S. showed 

the identification of sources by the mass concentration of certain species with PMF have 
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allowed the author to identify seven specific factors such as: vegetative burning, sulfate 

aerosol, motor vehicle, nitrate aerosol, airborne soil, chlorine-rich and metal processing. 

Following the same approach the identification of a factor is achieved by looking at the 

highest mass concentration of species per factor after the data has been processed in 

each particular site.  

Often, PMF is either compared or used alongside with other analytical 

techniques such as PCA, CMB (Lee, 2008), PSCF (Raman, 2007) and CPF (Kim, 2004) 

among other methods in order to have a more valid support for the identification of PM 

sources. 

CPF has been a useful tool for this type of spatial analysis, combined with the 

PMF technique (Xie, 2005). One of the most challenging parts is determining the sources 

profile origins based on the wind velocity and direction. Therefore the combination of 

different techniques and models, specifically PMF, PCA and CPF analysis, has been used 

to develop a refined source apportionment of the coastal area of south Texas. 

1.3 Study Region 

In this study, the city of Brownsville is the target location for the air quality 

analysis using PMF and PCA. Brownsville is located in the south of the state of Texas 

near the border with Mexico in the U.S. This city is considered as the 16th largest city of 

the state of Texas and the 4th largest metropolitan area in the Mexico-US border, with a 

population of 175,023. Brownsville is one of the fastest growing urban areas in the 

United States due to its proximity with the border of Mexico, the city of Matamoros 

http://en.wikipedia.org/wiki/United_States
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and a commercial sea port. Its economy is mainly based on international trade with 

Mexico, and the city and its surroundings count with numerous manufacturing 

factories and industries on both sides of the border. 

Texas commission on environmental quality (TCEQ) is the agency that is in 

charge of the monitoring and regulation of the environmental quality in this state. With 

the use of continuous monitoring stations, TCEQ operates and measures various 

pollutants including ozone, PM2.5, PM10, SO-2, organic carbon, elemental carbon and 

meteorological parameters in the atmosphere. The climatology of this region is a 

tropical dry climate, with an average temperature of 85°F year around.  

 

Figure 1 Brownsville, Texas. United States Partial Map 
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Based on the TCEQ nomenclature for their continuous monitoring stations, the 

data analyzed for this study was gathered from CAMS 323. This monitoring station is 

located in the far south end of the South Padre Island, located at latitude: 26° 4' 11'' 

North, longitude: -97° 9' 44'' West, along the Gulf of Mexico, shown in Fig. 1.  

The current monitoring site is dedicated to PM2.5 speciation, temperature and 

wind monitoring in the region of Harlingen, located in the extreme corner of the south 

Padre Island, and it has been continuously monitoring the PM2.5 speciation since 

summer 1993. This location is within 1 mile range of the entrance of the sea channel 

that goes to the port of Brownsville, and in its proximity are marinas, RV parks, the 

Laguna Madre, Brazos island state park and Boca Chica state park. The CAMS 323 

station is in a centric location for the collection of emissions from the gulf, the sugar 

cane fields that are north of it, the influence of the vessel traffic and the city of 

Matamoros that is south of the monitoring site. 

In this study, a dataset containing PM2.5 concentration for the period of Aug 

2005 to March 2010 was used. In this set of data from TCEQ, a sample of 275 days 

containing monitored data from every 6th day, and the corresponding concentrations of 

65 species within the sampled PM were acquired for the present study. 
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1.4 Method of Procedure for Data Collection 

The data collected from the CAMS 323 site was analyzed using the PMF model 

(Paatero, 1997). The subsequent sections below cover and discuss the PM2.5 data 

acquisition and the use of PMF to perform source apportionment analysis. 

1.4.1 Data Collection 

Using the data from the continuous air quality monitoring stations, TCEQ 

operates and measures various pollutants including ozone, PM2.5, PM10 and 

meteorological parameters in the atmosphere. Based on the TCEQ nomenclature for 

their continuous monitoring stations, the data gathered for this study comes from CAMS 

323. This monitoring station is located in the far south end of the South Padre Island, 

located at latitude: 26° 4' 11'' North, longitude: -97° 9' 44' West. 

For the data acquisition, TCEQ collected samples 24-hour averaged filter samples 

once every 6th day, characterized by the used of 47 mm diameter Whatman Teflon (pore 

size of 2 mm) and quartz fiber pre-weighed filters. The filters were analyzed for further 

gravimetric and chemical analysis of elements using energy dispersive X-ray 

fluorescence. Water soluble ions were analyzed using ion chromatograph and carbon 

species using thermo-optical transmittance (TOT) (Reff, 2007). The validated speciation 

data consisting of filter mass, concentration of elements, water soluble ions and 

carbonaceous species acquired from Research Triangle Institute (RTI) was archived into 

a database by TCEQ from which the data this proposed study has been acquired. 
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1.5 Significance of the Problem 

The characterization of different sources of PM2.5 impacting the coastal region of 

a growing urban area in south Texas is the primary goal of this study, using the city of 

Brownsville as the main point of focus for the proposed study. The data from the TCEQ 

monitoring site was analyzed using PMF source apportionment techniques, PCA, CPF 

and PSCF in order to break it into different possible factors and characterize the sources 

using these techniques. 

One of the hypothesis is that the industrialized city of Matamoros on the other 

side of the border of Texas is an important source of the regional transport pollution 

that is measured in the state of Texas. Another hypothesis is that, as the monitoring 

station is in the proximity of the coast, the influence of fresh sea salt and marine diesel 

activity would be significant contributors to the measured air pollution levels.  

The primary goals of this study are to: 

 Identify the trends in the measured PM2.5 data in Brownsville, Texas. 

 Conduct source apportionment for the coastal city of Brownsville. 

 Identify the source region affecting the PM2.5 levels in Brownsville. 

In the present study, a series of analysis have been performed to observe the 

changes in the air quality trends through 2005-2010 at CAMS 323, at the south end of 

South Padre Island. Details on the model performance for PCA and PMF and the 

resolution of factors that they can resolve are provided in detail in the results and 

discussion section. 



10 
 

 

CHAPTER 2 

 AIR QUALITY TRENDS AND STATISTICS 

For CAMS 323, Texas commission on environmental quality (TCEQ) is in charge of 

the monitoring and collecting of the environmental quality in the state of Texas. Using 

the continuous monitoring stations, TCEQ operates and measures various pollutants 

including ozone, PM2.5, PM10, SO-2, other pollutants and meteorological parameters in 

the ambient atmosphere. 

Air quality measurement from 275 sample days were used in this study. The 

sample consisted of 65 chemical species measured.  

 

Figure 2 Hourly PM2.5 Concentration at CAMS 323 2005-2009 
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Table 1 Species Selection with Signal to Noise and Missing Values 

Species Average  Max Min 
Missing 
Data % 

S/N Species Average  Max Min 
Missing 
Data % 

S/N 

PM2.5 11.2222 32.2000 2.9583 0.0 *** Selenium 0.0006 0.0059 -0.0003 94.6 0.1 

Antimony 0.0013 0.0127 -0.0005 98.1 0.0 Tin 0.0010 0.0322 -0.0002 96.5 0.1 

Arsenic 0.0000 0.0020 -0.0001 98.1 0.0 Titanium 0.0111 0.1869 0.0000 42.1 12.0 

Aluminum  0.1507 2.3476 0.0000 18.1 50.5 Samarium 0.0022 0.0511 -0.0005 94.6 0.1 

Barium 0.0014 0.0636 -0.0003 93.4 0.2 Scandium 0.0005 0.0170 -0.0004 98.8 0.0 

Bromine  0.0041 0.0207 0.0000 27.4 6.6 Vanadium 0.0013 0.0162 -0.0001 29.7 12.2 

Cadmium  0.0010 0.0083 -0.0004 96.9 0.0 Silicon 0.2746 4.2279 0.0000 9.3 291.8 

Calcium  0.0994 0.7913 0.0045 0.0 *** Silver 0.0008 0.0072 -0.0005 99.2 0.0 

Chromium  0.0005 0.0044 0.0000 91.5 0.1 Zinc 0.0035 0.0372 0.0000 30.9 6.3 

Cobalt 0.0001 0.0020 -0.0001 95.0 0.1 Strontium 0.0021 0.0117 -0.0005 60.2 1.2 

Copper  0.0006 0.0081 -0.0001 91.1 0.2 Sulfur 1.1088 3.9201 0.1579 0.0 *** 

Chlorine 0.7382 4.8052 0.0000 3.1 *** Tantalum 0.0014 0.0196 0.0000 99.2 0.0 

Cerium  0.0011 0.0384 -0.0004 96.1 0.1 Terbium 0.0026 0.0895 -0.0002 95.0 0.1 

Cesium  0.0003 0.0155 -0.0004 98.1 0.0 Rubidium  0.0003 0.0025 -0.0002 94.2 0.1 

Europium 0.0023 0.0596 -0.0002 96.9 0.1 Potassium 0.0992 0.5404 0.0084 0.0 *** 

Gallium  0.0005 0.0080 0.0000 97.7 0.0 Yttrium 0.0006 0.0032 -0.0005 82.6 0.3 

Iron  0.1025 1.4875 0.0028 1.5 1506.5 Sodium 0.6456 3.7495 0.0027 12.0 38.1 

Hafnium 0.0020 0.0201 0.0000 99.2 0.0 Zirconium 0.0010 0.0094 -0.0003 95.8 0.1 

Lead 0.0016 0.0097 -0.0003 90.3 0.1 Wolfram 0.0022 0.0173 0.0000 100.0 0.0 

Indium 0.0007 0.0096 -0.0003 97.3 0.0 Ammonium Ion  0.8708 3.1717 0.0219 0.0 *** 

Manganese  0.0026 0.0297 0.0000 75.3 0.8 Sodium Ion  0.9266 4.3833 0.0276 0.0 *** 

Iridium 0.0005 0.0057 0.0000 98.8 0.0 Potassium Ion  0.0792 0.3700 0.0000 1.9 401.1 

Molybdenum 0.0005 0.0070 -0.0005 98.1 0.0 Org Carbon  -13.6675 8.1101 0.0000 15.4 *** 

Nickel  0.0006 0.0026 -0.0004 72.6 0.6 Ele Carbon  -15.1398 1.5940 0.0000 25.1 32.6 

Magnesium  0.0855 0.6344 0.0000 33.6 7.0 NO3 0.2661 1.9783 0.0130 0.0 *** 

Mercury 0.0001 0.0026 0.0000 100.0 0.0 OC1 -14.9631 1.4333 0.0000 16.2 338.0 

Gold 0.0007 0.0083 -0.0004 99.2 0.0 OC2 -14.6662 3.7534 0.0000 15.4 *** 

Lanthanum 0.0015 0.0370 -0.0004 95.4 0.1 OC3 -14.9554 1.5645 0.0000 15.4 *** 

Niobium 0.0003 0.0048 -0.0004 98.5 0.0 OC4 -14.8161 2.1500 0.0000 15.4 *** 

Phosphorous 0.0257 0.1325 0.0000 28.2 24.9 Sulfate 3.2733 9.7210 0.4788 0.0 *** 

Note: *** indicates strong signal values and very low noise for this ratio. 
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Having 5 years of measured PM2.5 data, a range in the particle size measured 

from the smallest measured of 2.7 
  

   to the greatest measured concentration of 32.2
  

    

in the 2005-2010 time frame, was found. The average value of 10.96 
  

  
 of PM2.5 was 

noted during the study period. 

Similarly to previous studies (Raman, 2007), an analysis of the chemical 

concentration measurements and measured fine mass concentrations, exposed mass 

closure problems at the location. A similar problem also was encountered by             

(Kim, 2003) during the source apportionment of the Atlanta aerosol. From the raw 

concentration measured 34 out of 65 species had more than 50% of missing values 

which accounted for a 52% of the initial overall data. 

The number of species amount detected by the monitoring site was 65 species. 

However, not all the species play a significant contribution to the concentration 

measured in this area. Using some considerations, such as signal to noise ratio and the 

percentage of missing values, the raw data was filtered. Table 1 shows the species and 

their S/N ratio. Values highlighted with both an S/N ratio greater than 0.2 and a missing 

value percentage below 40%, are species of high importance to the classification of 

factors. 

In general, the maximum values for overall PM2.5 concentrations were found on 

the months of May through August. Meanwhile the year with more noticeable relative 

high measured concentrations were 2007 and 2008. Table 1 shows the highest value for 
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PM2.5 which occurred on May of 2008. This finding was connected with some crustal 

source for that summer season; during which crustal source tended to have the highest 

values. Meanwhile the temperature average for the summer season was 87⁰F degrees, 

with a max temperature of 97⁰F and 80⁰F for the min temperature in the average. 

Besides the recorded maximum PM2.5 values for 2008, 2007 had some high 

values for several important species such as sulfur, sodium, ammonium, sodium ion, 

organic carbon, sulfate and chlorine. During this year, the season on which the highest 

values were present was summer. In the summer, the max temperature was 97⁰F with a 

higher temperature average of 85⁰F during the season.  
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CHAPTER 3 

SOURCE APPORTIONMENT METHODS 

3.1 Principal Component Analysis (PCA) Model 

3.1.1 Basic Theory 

PCA is an approach that is used to solve the bilinear model such as the Equation 

1 for the contribution from distinct environmental sources. 

EGFX T     (1) 

From equation 1, the letter X is define as the matrix of all measurements (j = 1, . . 

. ,  J variables in i = 1, ..., I samples), G is the matrix of score profiles, the matrix of 

loading profiles is describe by FT and finally the noise or error matrix containing the 

variance not explained by the model is defined as E, which defined the N environmental 

sources described in G and F. As only X is known primarily, the matrix decomposition 

described by equations 1 and 2 is ambiguous (not unique) unless constraints are applied 

(Tauler, 2008). Below is the fundamental equation of a bilinear model described as:  





N

n

ijnjinij efgx
1    

(2) 

PCA is a factor analysis technique that uses Eigenvalues to apportion data sets 

and is widely used for source apportionment studies involving environmental data and 

particularly air quality information. As a data reducing tool for large datasets, correlated 
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data is reduced to a small number of independent factors or principal components that 

can explain the variance in the data. 

3.1.2 Species Selection 

For species selection using PCA values, less than the detection limits have been 

substituted by one half of the detection limit (Harrison, 1996). For the present study, 

the compounds with more than 20% missing observations have been excluded from the 

analysis since the large number of missing values in the variable produces a large bias. 

Using this technique for the species selection, the factor analysis attempts to identify 

underlying variables or factors that explain the pattern of correlations within a set of 

observed variables. Also, using this methodology to select our species allows using the 

same species for both source apportionment methodologies PMF and PCA, allowing to 

directly compare the differences between then. 

3.1.3 Data Preprocessing 

After determining the number of chemical species selected using the previously 

described methodology, the raw data in a matrix of [dates x species] was created with 

the daily concentration for each species. This matrix was then normalized using 

equation 3 that used the mean concentration and the standard deviation of each 

species to normalize the function.  

i

iik

ik

EE
Z




   (3) 
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Where ikE is the concentration for the ith species in the kth observation,
iE  is the 

arithmetic mean concentration and i  is the standard deviation. Variance maximizing 

(“varimax”) rotation then is used to obtain the factor loading and the factor score 

coefficients which allows breaking the large dataset into components in order to be able 

to identify the possible sources based on this varimax operation. 

3.1.4 Determination of the Number of Factors 

In order to determine the proper number of components that represent a 

feasible understanding of the dataset using PCA, two main criterions were used in this 

process. Eigenvalues are significant in PCA and after processing the raw data and 

normalized data with the variance maximizing (“varimax”) rotation, components or 

factors with Eigenvalues greater than 1 were accepted as possible components or 

factors. 

Only factors with Eigenvalues greater than 1 are retained, but moreover the 

Kaiser criterion is the second threshold to accept factors that are a significant source for 

our study. Previous works in the area of characterization of compounds affecting the air 

quality in a coastal urban area in south Texas (Sanchez, 2008), used a value of 0.45 for 

the Kaiser criterion. Therefore, for the present study, unless a factor extracts at least as 

much as the equivalent of one original variable, it has not been taken into consideration.  
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3.2 Conditional Probability Function CPF 

3.2.1 Basic Theory 

The CPF (Ashbaugh, 1985) analysis point source impacts from changing wind 

directions. As it used the source contribution estimates from the source apportionment 

techniques coupled with the wind direction values measured for the specific study 

region (Kim, 2003). The CPF approximate the probability that a source contribution from 

a given wind direction will surpass a threshold criterion previously establish.  

CPF is defined as the number of occurrences from a particular sector over the 

upper 75th-percentile threshold of the fractional contributions. In equation 4, m

represents the number of occurrences from a wind sector and n  is the total number 

of observations from the same wind sector. 








n

m
CPF    (4) 

3.3 Potential Source Contribution Function PSCF 

3.3.1 Basic Theory 

The CPF and PSCF techniques are widely used to identify transport paths and 

source areas by coupling observed chemical concentrations with meteorological 

information. 

The PSCF method originated from the residence time analysis (RTA)     

(Ashbaugh, 1985) designed to recognize source locations and chosen transport paths of 

atmospheric particulate trace elements and aerosol species. The PSCF associates the 
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back trajectory for each one of the identified factors or components, with an 

observation of the concentration at a given receptor site; and calculate the time of the 

arriving parcel at points along its back trajectory. In order to set the spatial domain area 

of interest, a divided gridded cell is set to calculate residence time for all the parcels, 

resulting in a graph showing the possibility of a given cell being associated with an 

elevated measurement at the receptor site of interest.  

To perform the PSCF analysis, the geographic region covered by the trajectories 

is divided into arrays. This arrays of grid cells are size depending upon the desire 

geographical scale of the problem so that the PSCF is a function of locations as defined 

by the cell indices i and j and this is highlighted in equation 5 describe as the PSCF 

probability function. 

ij

ij

ij

ij

ij
n

m

AP

BP
PSCF 

][

][
    (5) 

For the current study, multi-day (3-days, 5-days and 15-days) backward 

trajectories starting at CAMS 323 for every 6 hours during the sampling days, at a height 

of 500 meters above the ground level, were generated using NOAA`s HYSPLIT4 

trajectory model used in the global reanalysis meteorological data. The endpoints thus 

generated, were combined with a time series of source contributions obtained from the 

PMF and PCA runs for specific factors identified in the source apportionment analysis. 
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3.4 PCA Source Apportionment CAMS 323 

3.4.1 Species Selection 

Specific data from CAMS 323 consisted of 65 detected species. Consequently, in 

order to have the same number of species to run both models based on the raw data, 

the species selection was based on the S/N ratio as in the PMF method described in 

section 3.5. 

3.4.2 Identification for the Number of Factors 

As PCA builds on the variability of the PM components at the receptor site and 

seeks to determine the source profile and the various PM components, deciding the 

number of factors to retain for each data is critical. Therefore the identification of the 

number of factors was based on the threshold using Eigenvalues from the factor loading 

matrix greater than 1.0, and using the Kaiser criterion when the Kaiser is greater than 

0.45 (Sanchez, 2008). Also the varimax rotation which allows estimating the number of 

factors for specific Eigenvalues used in this study.  

Table 2 Principal Component Statistics CAMS 323 

Comp Eigenvalue 
% Total 
variance 

Cum. Eigenvalue 
Cum. 

Percentage 

1 8.0331 27.7006 8.0331 27.7006 

2 5.7409 19.7964 13.7747 47.4971 

3 3.7705 13.0017 17.5446 60.4988 

4 2.9804 10.2775 20.5251 70.7764 

5 1.1197 3.8611 21.6449 74.6376 

6 1.1039 3.8065 22.7488 78.4442 
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Based on the Eigenvalues from the factor loadings, 6 components were 

identified as those contributing to the measured values at CAMS 323. The 6 sources 

identified at CAMS 323 explained a variance of approximately 78.5% of the total PM2.5 

measured. The Eigenvalues and percentage variance explained by each source are 

shown in Table 2.  

 

Figure 3 PCA Performance Analysis Evaluation 

Using the PM2.5 measurements and the output of our model in PCA, the 

observed PM2.5 values were plotted against the predicted PM2.5 values. Looking at the 

correlation of R2 in Fig. 3, it should be noted that a good fit to the observed was 

achieved with these 6 components.   

Out of the 65 species monitored species, the ones that are meaningful to the 

present study can be identified, such as: Al, Ca, Cl, Fe, Mn, Ni, Mg, P, Ti, V, Si, Zn, K, Sr, S, 
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Y, NH, Na, Na+, K+, OC, EC, NO3, OC1, OC2, OC3, OC4, and SO-2
4 for the refinement of the 

PMF analysis.  

Table 3 Factor Loadings Estimated by PCA Analysis at CAMS 323 

 
Comp 1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 

Al 0.9793 -0.0225 0.0125 -0.0642 0.0476 0.0044 

Br -0.1098 0.2121 0.8024 0.1173 -0.0055 0.1919 

Ca 0.8056 -0.0504 0.3135 -0.0612 0.1229 0.01200 

Cl 0.1467 -0.0132 0.8513 -0.2926 0.0655 -0.1265 

Fe 0.9865 -0.0263 -0.0145 -0.0341 0.0556 0.0122 

Mn 0.9192 0.0276 -0.0124 0.0278 0.0856 0.0234 

Ni 0.0801 -0.0137 0.2334 0.0140 0.6913 0.3087 

Mg 0.6345 -0.0878 0.5942 -0.0373 0.0304 -0.0177 

P -0.0859 0.2511 -0.2115 0.7712 0.1043 -0.0638 

Ti 0.9819 -0.0242 -0.0234 -0.0397 0.0571 0.0027 

V 0.2278 0.1002 0.0872 0.2162 0.6644 0.0188 

Si 0.9793 -0.0229 -0.0302 -0.0558 0.0534 0.0167 

Zn -0.0701 0.0419 -0.0310 0.1287 0.0343 0.8270 

Sr 0.6839 0.0006 0.1975 0.0908 0.1763 -0.0735 

S 0.0095 0.0869 0.1391 0.9374 0.1024 0.0333 

K 0.7747 0.1121 0.4794 0.0859 0.0708 0.1198 

Y 0.1393 0.0844 -0.0899 0.1640 0.6065 -0.2338 

Na 0.0776 -0.0432 0.8897 0.0421 0.0465 -0.0176 

NH4
+
 -0.0621 0.1307 -0.1365 0.9214 0.1041 0.0838 

Na
+
 0.1514 0.0147 0.9305 -0.0773 0.1059 -0.0683 

K
+
 0.1707 0.2175 0.6959 0.1789 0.0149 0.2109 

OC -0.0534 0.9775 0.0535 0.0706 0.0548 0.0021 

EC 0.1015 0.6136 0.0447 0.1675 -0.0389 0.0672 

NO3 0.3015 0.0225 0.2666 -0.2361 -0.0212 0.4186 

OC1 -0.0228 0.8327 -0.0568 0.1938 0.0794 -0.0462 

OC2 -0.0450 0.9272 0.0675 -0.0591 0.0599 -0.0373 

OC3 -0.0540 0.9353 0.0959 0.0055 0.0709 0.0248 

OC4 -0.0145 0.9315 0.0768 0.2068 -0.0027 0.0698 

SO4 0.05574 0.1152 0.1765 0.9395 0.1232 0.0075 

Sources Crustal 
Mobile 
Sources 

Biomass and 
Fresh Sea Salt 

Sec. 
Sulfates 

Oil 
Combustion 

Miscellaneous  
Traffic 

Percentage 15.3 17.5 30.2 26.1 5.4 5.5 
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3.4.3 Source Profile Identification 

Profile representation of each factor is shown in Table 3, showing the 

characterization of each factor based on the trend of chemical compositions of the 

factor previously studied and characterized by other researchers.  

3.4.3.1 Crustal 

Source 1 was interpreted as crustal, based on the high factor loading from 

elements such as Sr, K, Si, Ti, Fe, Ca, Mg and Al derived from PCA. Crustal particles could 

be contributed by unpaved roads (Kim, 2004) and wind-blown soil dust from arid state 

parks that are south of the monitoring site. Boca Chica State Park and Brazos Island 

State Park have several dusty unpaved roads, which the visitors use for their motorized 

recreational equipment such as ATV and buggies. Source 1 accounted 15.3% of the 

apportioned mass in this PCA study. This source appears to be also in a close relation 

with other studies for locations near the coast of the Gulf of Mexico in Texas (Karnae, 

2011). As shown with the PSCF plots, the crustal source may be influenced not just by 

local but also by regional and transatlantic contribution. Seasonal trends show a 

significant difference between summer and all other stations of the year, as the average 

temperature during summer tends to be above 85°F and the environment tends to be 

very dry, which enhances the wind-blown soil dust. 
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3.4.3.2 Mobile Sources 

Source 2 was explained as a mobile source. It has been characterized by high 

loadings of organic carbon and elemental carbons and small traces of iron, zinc and 

sulfur (Hu, 2006; Zhao, 2004). Due to the close proximity of marinas, RV parks and a 

pier, the influence of volatile organic compound from gasoline and diesel combustion is 

present in this source. The CPF analysis shown in Fig. 6, demonstrated that, the highest 

probability from mobile contributions are from the north east of the monitoring site, 

where the RV park is located and the south west where the pier and the Brownsville 

ship channel entry is located. This source accounted for the 17.5% of the apportioned 

mass. Due to the presence of OC and EC, the source was identified as “mobile sources”. 

It is not described as traffic emission since the location is more subject to marine traffic 

of small-medium and large boat and also to the presence of RV and small gasoline 

power generators. Relatively similar seasonal trends occur in spring when the weather is 

warm enough to have water-based boat and recreational activities. 

3.4.3.3 Biomass Burns and Fresh Sea Salt 

Source 3 was the highest accounted apportioned mass with 30.2%. However this 

source appears to be a comingled source with fresh sea salt, due to the considerable 

loadings of sodium ion, nitrates, nickel, zinc, chlorine and calcium (Raman, 2007). The 5 

days backward trajectory analysis from PSCF accounts for the origin of Source 3, that 

has also been characterized under different names such as vegetative burning           

(Wu, 2007), wood burning (Liu, 2005) and fresh sea salt; does not show a strong 
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seasonal pattern, as the monitoring site is just a couple of hundred meters from the 

shore, but when analyzing biomass burns it showed a significant seasonal pattern which 

was observed during spring. If considerable concentrations of organic carbon, elemental 

carbon and potassium are present in the source, then they are classified as biomass 

burns. In the present source high concentrations of bromine, sodium, chlorine, sodium 

ion and trace amounts of calcium, leads to classifying this as biomass burning with the 

possibility of being a comingled source with fresh sea salt and sugar cane field burning in 

the spring in the southern region of Texas. This can be visible in Fig. 7 from the PSCF 

plot, as one part of the plot accounts for the fresh sea salt from the Gulf of Mexico while 

the other part shows the field burning influence from the southern region of the state of 

Texas. 

3.4.3.4 Secondary Sulfates 

Based on the resolution of the PCA analysis, the contribution from secondary 

sulfates was identified as one single factor. In previous studies (Raman, 2007);          

(Kim, 2008), secondary sulfate has been characterized by high concentrations of 

sulfates, organic carbon, elemental carbon and ammonium. The presence of nitrates, 

ammonia and elemental carbon with a considerable loading has been characterized as 

coming from on-road vehicles and marine sources (Kim, 2003). Also an examination of 

the raw data analysis and seasonal behavior reveals the existence of a characteristic 

summer maxima due to the increase of photochemical activity. Thus, source 4 

accounted the 26.1% of the apportioned mass and due to the content of sulfate, sulfur 
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and phosphorous it was characterized mainly as secondary sulfate. An important fact is 

that the apportioned percent of this source is relatively lower than the average percent 

found in major urban cities in the US. 

3.4.3.5 Oil Combustion 

Considering the frequent ships, vessels and pleasure craft activity through the 

port channel in front of the monitoring site, some traces of residual oil combustion were 

measured and gathered as a factor which accounts for 5.4% of the apportioned mass. 

This source consisted of what was identified as oil combustion, due to the presence of 

vanadium, nickel and yttrium. Vanadium is well known for being present in fossil fuels 

along with some traces of sulfate present in this source. Fig. 6 shows that the south and 

south-east directions of the monitoring site on being the regions with the highest 

probability of contribution to this source  
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Figure 4 Time Series Plot for PCA Source Resolved Contribution for CAMS 323
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3.4.3.6 Miscellaneous Traffic Sources 

South Padre Island, where the monitoring site is located, has a unique access 

highway. A 5.5% of the apportioned mass was noticed for Source 6. A high factor 

loading of zinc, nitrates and some traces of nickel and chlorine made it possible to 

identify this source as miscellaneous traffic source. Lubricant oil, brake linings and tire 

wear contain zinc and might be the source of the zinc. Considering this activity of heavy 

duty trucks loaded with boats, mobile homes and RVs, which are frequent visitors to Isla 

Blanca Park, an impact of the brake lining and tire wear from the vehicular flow in this 

area was identified, which is consistent with the probability shown in Fig. 6. The CPF 

basically points out that the major sources of contribution for the miscellaneous traffic 

are from the north and north-west direction which match with the entrance to South 

Padre Island. 

3.4.4 Mass Distribution by Source Types 

Using the 5 years of time frame from August 2005 to March 2010, a breakdown 

per percentage was calculated for each individual source. After calculating the mass 

distribution for CAMS 323, it was noticed that the major influence was from biomass 

burns and fresh sea salt source. Biomass burns and fresh sea salt accounted for 30% of 

the apportioned mass. Secondary sulfates denoted a smaller percentage in the mass 

contributed to the apportioned mass, when compared to the national average for major 

urban areas, including areas in Texas such as Houston, and Dallas. This significant 

difference in the percentage from secondary sulfates could be from the close proximity 



28 
 

to the coast and also due to the new implementation of emission standards over the 

past 10 years. 

The influence and impact of the dry environment and scenarios near the 

monitoring site shows how this impacted the contribution crustal sources, being the 4th 

highest contributor to the apportioned mass.  

 

 

Figure 5 Mass Fraction of Chemical Species PCA 

3.4.5 CPF and PSCF Analysis  

The same principles of using the wind direction, velocity and the modeled mass 

concentration for each factor were applied in order to conduct a CPF analysis for the 6 

factors found using PCA. For the CPF, 12 sectors were used with a  of 30 degrees. 

Slow winds below 1 m/s were excluded from this analysis due to the isotropic behavior 

of wind vane under calm conditions (Lestari, 2009). Meanwhile for the PSCF analysis,    
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3-days, 5 days and 15 days backward trajectories at a height of 500m were performed 

for selected sources. 

The first source to be analyzed with the CPF-PSCF analysis was the crustal 

particles. 

In Fig. 6, CPF plot shows an influence coming from the south, which may suggest 

that this source is under direct influence from Mexico. Backward trajectory provided by 

the PSCF gives a deeper understanding of this source simultaneously with the crustal 

source from the PCA from Fig. 7, and it shows the regional and transatlantic crustal 

particles transportation. 

 

 

(a)Crustal, (b) Mobile Sources, (c) Biomass Burns- Fresh Sea Salt, (d) Secondary Sulfate, 

(e) Oil Combustion, (f) Miscellaneous Traffic Related  
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Figure 7 PCA 6 Factors PSCF Analysis 

(a) (b) 

(a) Biomass Burns- 

Fresh Sea Salt 3 das 

(b) Secondary Sulfates 5 days BT 

(c) Crustal Dust 3 days BT 

(c) 

Other common source found between the two models, PMF and PCA was mobile 

source. In Fig. 6 and also in Fig. 7, the area having a strong influence are from the ship 

channel area located to the south-west direction of the site and the major access road 

to a very prominent beach on South Padre Island. 

On Fig. 6, (c) shows the region associated with biomass burns and fresh sea salt 

which are once again consistent in both the CPF and the PSCF analysis. This shows a 

comingled south-east influence of fresh sea salt from the Gulf of Mexico, some of the 

biomass burned in Mexico, and at the same time an influence from the east coast spring 

field burning and an aged sea salt source from the Caribbean. 
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As shown in Fig. 12 later in this thesis, the accounted mass percent of the 

secondary sulfates (I and II) in the PMF analysis was about 28%, and while the PCA 

showed these two sources to be identified as one single secondary sulfate with a 26% of 

mass contribution. The same trajectory of influence from Fig. 14 is shown in the CPF 

analysis and also from Fig. 7, pointing to Mexico and the Gulf of Mexico as the major 

source of influence for the account of this source. 

An extra source identified by the PCA analysis was the oil combustion. After 

looking at the CPF plot for the direction of influences, it points to the south and south 

east to the city of Matamoros which is a heavily industrialized city in Mexico as a 

possible source of influence, and south east to the Gulf of Mexico where there are 

dozens of oil exploration platforms, which normally burn and emit hundreds of gallons 

of fossil fuel to the atmosphere. Also the most prominent influence could be the ships 

and marine vessels activity from Port Isabela and the Brownsville port regions. 

Finally the last factor from the PCA analysis is a miscellaneous traffic source. It 

could be concluded, that due to the heavy duty trucks loaded with boats, mobile homes 

and RVs, which are frequent visitors to Isla Blanca Park, the incidence of this activity 

denote an impact of the brake lining and tire wear from the vehicular flow in this area, 

which is consistent with the directional probability chart shown in Fig. 6. This figure 

basically points to the major sources of contribution for the miscellaneous traffic which 

comes from the north and north-west direction and match with the entrance to Padre 

Island. Cities such as Matamoros to the south-west direction and the industrialized cities 
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such as Corpus Christi, Victoria and Houston to the north might be major contributors to 

this source as well. 

3.5 Positive Matrix Factorization (PMF) Model 

3.5.1 Basic Theory 

The fundamental equation 6 for the PMF is described as follows: 

EGFX    (6) 

In equation 6, X is explained as the matrix of observed PM2.5 concentrations with 

the dimensions of number of observations by the number of species. Meanwhile G is 

explained as the matrix of source contribution and F is a matrix of the source profiles. 

Finally, E is explained as the matrix of random error which presents the un-modeled 

variance of the data using the p-factor model (Xie, 2006). 

As described in an earlier paper (Paatero, 1997), PMF is a bilinear statistical 

factor analysis model that does not need source profile knowledge to obtain a final 

solution. In summary, the task of the PMF is to determine the number of factors, the 

factor profiles and the corresponding factor for the measured mass. 

Overall, PMF has been identified as a robust source receptor model and has 

been used in source apportionment studies of air pollutants including volatile organic 

compounds and PM2.5 (Lestari, 2009). 

The Residual Matrix consists of elements that can be explained as describe in 

equation 7 for the residual matrix:  
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where i=1,. . . , m  species;  j=1,. . . , n  samples; and  k=1,. . . , p  sources.   

PMF as a multivariate factor analytic technique has been demonstrated to be 

sensitive to variables with a high portion of data less than the Minimum Detection Limit 

(MDL) (Rizzo, 2007; Karnae, 2011). Using the MDL for each particular species, the 

uncertainty can be determined by each concentration measured in this study. 

3.5.2 Species Selection 

The specific data from CAMS 323 acquired from TCEQ consists of 65 detected 

species; nonetheless some species are below the detection limit for most of the 

samples. It is critical to give relevance to this study, to draw together the proper 

significant species and make sure that the value of the data has a good quality for this 

robust model. Consequently, species with signal-to-noise ratio below 0.2 have been 

classified as bad values and thus have been excluded from further analysis. Furthermore 

species with S/N between 0.2-2.0 have been considered as weak species but have been 

taken to be part of the process. Species with S/N above 2.0 are considered as strong 

species. Meanwhile species with data points exceeding 4 times the standard deviation 

have been considered to be outliers in order to minimize their impact on the source 

identification and quantification.  
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3.5.3 Data Preprocessing 

After determining the variables of chemical species selected using the 

percentage of missing values below 40 % and the consideration of the S/N ratio, certain 

numbers of species were accepted and others were rejected based on the criterion 

described previously.  

First, all of the dates with missing PM2.5 data were excluded from the data in 

order to keep the percentage of missing data of the PM2.5 close to 0%. The same erased 

values are excluded in the uncertainty data file and the alternate data file, in order to 

maintain the same dimension in the entire data matrix. 

Second, an average value for each of the species and the MDL number for the 

alternate file were calculated for further processing, using the PMF model. 

3.5.4 Estimation of the Weights 

The PMF model solutions depend on estimating the uncertainties of the 

observed data. At the same time each set of data process using PMF are required to 

have an uncertainty file associated with it. As the model is applied, the data is converted 

into two text files and selected to be the input data. Proper identification of these two 

inputs is: first, the concentration file, and second the uncertainty file. As explained and 

described in the guide written by Hopke (2000); a method was introduced to make 

concentration files and their associated uncertainties. Table 4, shows the approach 

suggested by Hopke, in order to determine the concentration and the uncertainty using 

the PMF. 
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Table 4 Estimation of Concentration and Uncertainty for Brownsville Data set from 

2005-2009 

 Concentration Uncertainty 

Determined Values Observed concentration 

Measured values + 1/3 times 
MDL + final percentage 

concentration for that data 
point 

Below Detection Limit Half MDL 5/6 times MDL 

Missing Values 
Geomean of Observed 

concentration for the Species 
or MDL 

4 times de Geomean of the 
measure concentration or 4 

times MDL 

Considering a deeper understanding of the model, it is suitable to explain the 

term Geomean of measured concentration for the species, which simply represents the 

geometric mean of the measured concentration variable j at the sampling site for the 

whole time period of observance. Because of the nature of the data, the geometric 

mean for some species would be zero. Moreover, the uncertainty file cannot work 

under the presence of these conditions, and thus the importance of the missing value 

which is replaced by MDL as concentration and four times MDL as the uncertainty. 

3.5.5 Determination of the Number of Factors 

The PMF (Paatero, 1997) is a matrix rotation factor analysis; therefore to 

minimize the rotational ambiguity, its values in the PMF can be varied, and then control 

of the FPEAK parameter in the scripts is possible. The range for the FPEAK goes from -1 

to 1. Using different values for the FPEAK allows the process to lock the matrix and 

doesn’t allow rotational ambiguity to achieve more accurate values for the output 

matrix developed by PMF. 
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Experience with real data sets has shown that a zero slope value in the graph 

developed varying the FPEAK from -1 to 1 generally yields more realistic results (Zhao, 

2004). However, PMF has been run several times with different FPEAK values to 

determine the range within which the objective function Q value or (Qmodel) remains 

relatively constant. Most advantageous solutions should lie in this FPEAK range where 

the slope is zero and the values remain constant 

Therefore, the final solution for the number of factors would be resolved by trial 

and error comparing the Q (Qobserved) from the original observed matrix against the Q 

created by the PMF model which has been called (Qmodel). The final solution has been 

determined by several numbers of iteration using a different number of source profiles 

and different FPEAK values. 

3.6 PMF Source Apportionment for CAMS 323 

3.6.1 Species Selection 

The specific data from CAMS 323 acquired by TCEQ consists of 65 detected 

species. Nonetheless, some species were below the detection limit for most of the 

samples. For this robust model, it is critical to draw together the proper significant 

species that would give relevance to our study, and the value of the data to have a good 

quality.  

Consequently, signal-to-noise ratio S/N, sum of the percentage below detection 

limit (BDL) and missing values have been important criteria for the choice of the species 

included in this source apportionment. This is one of the key important factors by which 
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species have been selected or not based on this criterion. As the S/N is below 0.2 the 

species are classified as bad species, and thus excluded from further analysis. 

Furthermore, species with S/N between 0.2-2.0 were considered a weak species but 

have been included in the process. Finally, species with S/N above 2.0 were considered 

as strong and identified as the most important species and these are shown in Table 5. 

Table 5 Classification of Species Used in PMF for CAMS 323 

Classification Specie S/N Classification Specie S/N 
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Ammonium ion  ** 

Aluminum 50.5 Sodium ion  ** 

Bromine  6.6 Potassium ion  401.1 

Calcium  ** OC ** 

Chlorine  ** EC 32.6 

Iron  1506.5 NO3 ** 

Magnesium  7 OC1 338 

Phosphorous  24.9 OC2 ** 

Titanium  12 OC3 ** 

Vanadium  12.2 OC4 ** 

Silicon  291.8 Sulfate  ** 

Zinc  6.3 

W
e

ak
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Manganese  0.8 

Sulfur  ** Nickel  0.6 

Potassium  ** Strontium  1.2 

Sodium  38.1 Yttrium  0.3 
 

Values with (**) in S/N signifies values above 10,000 and very low noise in the data 

3.6.2 Identification of the Number of Factors 

At CAMS 323, an amount of 6 to 12 factors were expected, after characterizing 

each one of them by using the S/N and the percentage of missing values. Therefore the 

original 65 species was subsequently reduced to a total of 30 species with S/N ratio 
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greater than 0.2, which are the ones being proposed for further analysis and 

characterization in this study. 

In order to fine tune the model technique, the PMF was run several times with 

different numbers of factors from 6 possible factors to 12 factors or sources. 

Altering the values of the FPEAK allows having different results in every run. 

Also, using this Qmodel allows us to know how good the model values fit the actual 

measurement. As the value of Qmodel  fluctuates and needs to be closer to the original 

input matrix for PMF, a range was determined within which the objective function Qmodel 

remains relatively constant. The percentage of uncertainty added to the data set from 

CAMS 323 was 4.6%, using values from -1 to 1 in the FPEAK as shown in Fig. 8 below. 

 

Figure 8 Fpeak Values Plot CAM323 8 factors 

In order to obtain an accurate and solid result using the PMF model, the solution 

was validated using three different approaches. The first one is Qmodel, comparing the 

modeled values, in this case 7708 against Qtheorical of 7700.  
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Doing this and in accordance to the methodology described in an earlier study 

(Kim, 2004), if the difference is in the range below 100 points then it was considered as 

a good and an accurate model. Another method that has been used to filter the result is 

using the Fig. 8, varying the FPEAK and identifying the values at which the FPEAK 

remains constant and there is no rotation inside the matrix. In the present case the 

values for relative constant FPEAK go from the range of -0.25 to 0.25, which allows 

choosing the most accurate possible resolution for the factors. 

And finally, the last method to validate the solution was to conduct a 

performance analysis evaluation in which the entire measured data set was plotted 

against the modeled data set and if the fit of the curve was greater than 0.75 then it was 

concluded that the results were. In the present case, the R2 is significantly good since 

the value is around R2= 0.93, that follows the line of a near-perfect match with the curve 

fit equation. 

In this particular study, the more reasonable numbers of factors were 7 and 8 

factors after considering Fig. 8. Fig. 9 is a performance analysis that validates the 

number of factors obtained, as a valid R2 value greater than 0.75 was present.  

Ultimately, 8 factors were determined as an optimal solution in this PMF analysis 

for the city of Brownsville during the period of 2005-2010. 
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Figure 9 PMF Performance Analysis Evaluation 

3.6.3 Source Profile Identification 

From the identification of the number of factors, 8 sources profiles were 

identified based on the composition of each factor. These source profiles include: 

secondary sulfate I, secondary sulfate II, mobile sources, sea salt, coastal erosion, crustal 

dust, biomass burn and diesel combustion.  

Profile representation of each factor is shown in Fig. 10, showing the 

characterization of each factor based on the trend of chemical compositions of the 

factors previously studied and characterized by other researchers.  

3.6.3.1 Secondary Sulfate I  

Secondary sulfate was split in to two different factors in the present study. In 

previous studies (Raman, 2007; Kim, 2008), secondary sulfate was characterized by high 

concentrations of sulfates, organic carbon, elemental carbon and ammonium. 

The connection of elemental carbon and organic carbon with the sulfate factor 

was noticed in an earlier PM2.5 study for two separate rural locations in the state of New 
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York (Raman, 2007), where sulfate and organic carbon formed as a result of 

atmospheric photochemical reactions. An examination of the raw data analysis and 

seasonal behavior reveals the existence of a characteristic summer maxima due to the 

increase of photochemical activity. For further comprehension of the trend of the 

measured data, a week days versus weekend days analysis was performed, and the 

results are provided in the Appendix of Supplemental Data. Based on the analysis of 

week days and weekends, the trend of this source was close enough in both cases. But 

years prior to 2005, the contribution of this source, found greater values during the 

weekend days. Thus Source 1 accounted for 13.9% of the apportioned mass and due to 

the content of sulfate, sulfur, sodium, vanadium it was characterized as a 

photochemically produced secondary sulfate I. 

3.6.3.2 Mobile Sources  

Mobile source has been characterized by high loadings of organic carbon and 

elemental carbons and small traces of iron, zinc and sulfur (Hu, 2006); (Zhao, 2004). This 

accounted for 8.0% of the apportioned mass, and due to the presence of organic carbon 

and elemental carbon it was identified as “mobile sources”. It is not described as traffic 

emission since the location is more subject to marine traffic of small-medium and large 

boat and also to the presence of RVs and small gasoline power generators. Seasonal 

trends show higher occurrences in spring when the weather is warm enough to have 

boat activities and recreational activities. 
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Figure 10 PMF Resolved Factors Profiles of Chemical Species(ng/ng) 
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Figure 11 Time Series Plot for PMF Source Resolved Contribution for CAMS 323
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3.6.3.3 Sea Salt 

Fresh sea salt and aged sea salt have been characterized in prior studies (Kim, 

2008; Karnae, 2011), and in the presence of Cl-, sea water is considered as fresh sea salt. 

Otherwise, when the acidic gases leaving SO4
-2, Na, Na+ displace Cl-, in the aerosol phase 

it is characterized as aged sea salt. Source 3 presents a high level of Cl- and Na, Na+ and 

SO4
-2, which shows a comingled source of fresh and aged sea salt due to the proximity to 

the Gulf of Mexico (Karnae, 2011). Source 3 accounted for 14.8% of the mass 

apportioned which was in good standing compared to other studies performed in 

locations near the coast. 

Using the week-days versus weekend analysis shown in the Appendix of 

Supplemental Data, a very similar trend between the measurements were found. 

Seasonal trends similar to those observed by Karnae (2011) showed that the higher 

activity occurs during spring. This could be ascribed to the fast-moving winds blowing 

from the Gulf of Mexico carrying with it marine aerosols. 

3.6.3.4 Coastal Erosion 

The presence of calcium, silicon and some traces of potassium, define this factor 

as coastal erosion (Mazzei, 2008). Source 4 accounting for 6.1% of the mass 

apportioned. From the seasonal trends analysis, the highest activity values for this 

source were in summer, and it may match with the hot and dry weather and 

temperature pattern during summer, which allows for more detachment of particulate 

matter in the coastal area. Other important remark is the minimum seasonal value for 
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the fall season, which matches with the low ozone period of the year in this area as well 

due to the low wind speed observed. The receptor site is influenced predominantly by 

arid coastal beaches and also from crustal components from nearby state parks such as 

Boca Chica and Brazos Island State Park which are frequently visited by motorized 

vehicles. 

3.6.3.5 Secondary Sulfate II 

Secondary sulfate factors were split into 2 different sources. One comes from 

photochemical activity, and the other is characterized by high loadings of organic 

carbon, elemental carbon, sulfate and ammonium. When considering the pattern in the 

week days and weekends, this factor exhibited a decrease in the contributions over the 

years. This might be due to the reduction of the continental transport emission, and 

effective emission controls over the past 10 years. Therefore, comparing the 2 

secondary sulfates we noticed that the origin might not be from the same source due to 

the variance during the years of this secondary sulfate II. This profile is different from 

the secondary sulfate I due to the presence of trace amounts of NO3
-. Source 5 

accounted for 13.6 % of the apportioned mass and based on the week-days versus 

weekends day analysis, the source was classified as secondary sulfate II . 

3.6.3.6 Crustal Dust 

High concentration of aluminum, calcium, iron, titanium and silicon form what is 

characterized in earlier studies as road-dust or dust from construction work (Qin, 2006). 

Source 6 accounted for 10.7% of the apportioned mass in this study, again being in a 
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close relation with other studies for locations near the coast of the Gulf of Mexico in 

Texas (Karnae, 2011). Therefore, based on the concentration of aluminum, iron and 

silicon the source was classified as crustal dust. South and east to the monitoring site, 

the Isla Blanca Park beach and Brazos Island State Park are located. They have several 

dusty unpaved roads which visitors use to play with motorized equipment’s such as 

ATVs and buggies. The seasonal trends show significant difference between summer and 

other periods during the year. Reports from TCEQ (TCEQ, 2010) also point to the origin 

of this source, attributed not just to local pollutant factors but also due to the influence 

of long-range transport pollutants. 

3.6.3.7 Biomass Burns 

Compositions classified with the same chemical elements have been given 

different names such as vegetative burning (Wu, 2007), wood burning (Liu, 2005) or 

wood smoke (Raman, 2007). If considerable concentrations of organic carbon, 

elemental carbon and potassium are present in the source, then it is classified as 

biomass burn. Source 7 in the present study accounted for 12.1% of the apportioned 

mass and comprised of potassium, organic carbon, bromine and elemental carbon; thus 

it was classified as biomass burns. This could be related to the sugar cane field burning 

during spring in the southern regions of Texas. The PSCF analysis shows the 5 days 

backward trajectory which shows the region of origin for this source as being 

predominantly from the south and north-east of the site. 
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3.6.3.8 Diesel Combustion 

Source apportionment studies previously performed have shown that gasoline 

engine emission basically with the highest concentrations of organic carbon were 

different than diesel emissions which has a greater value in the relationship between 

organic carbon and elemental carbon (Kim, 2008). This source was marked by the 

presence of sulfur, ammonium, organic carbon and elemental carbon, thus it was called 

diesel emissions. Diesel combustion and secondary sulfate II seem to have closed 

relationship. On the other hand, while the values for the concentration of secondary 

sulfates have been decreasing over the year; the values of the diesel combustion source 

have been increasing over the year as it is shown in the week-days versus weekend 

analysis. This correlation between the factors points to international pollutant transport 

from Mexico. An interesting fact observed was that even though the diesel combustion 

factor from PMF accounted for the 20% of the mass apportioned and the secondary 

sulfate source from PCA accounted for 26%, the PSCF analysis showed similar 

characteristics. 

Table 6 PM2.5 Sources Profiles for CAMS 323 Site 2005-2009  

 Source 1 Source 2 Source 3 Source 4 Source 5 Source 6 Source 7 Source 8 

Aluminum  0.0012 0.0000 0.0049 0.0103 0.0000 0.0935 0.0012 0.0014 

Bromine  0.0005 0.0007 0.0006 0.0000 0.0001 0.0000 0.0010 0.0001 

Calcium  0.0052 0.0028 0.0105 0.1143 0.0000 0.0115 0.0016 0.0025 

Chlorine  0.0000 0.0018 0.4064 0.0003 0.0000 0.0054 0.0000 0.0000 

Iron  0.0010 0.0030 0.0004 0.0100 0.0009 0.0643 0.0007 0.0012 

Magnesium  0.0107 0.0001 0.0214 0.0000 0.0024 0.0088 0.0032 0.0000 

Phosphorous  0.0000 0.0001 0.0000 0.0000 0.0166 0.0000 0.0004 0.0000 

Titanium  0.0000 0.0003 0.0000 0.0000 0.0001 0.0076 0.0001 0.0001 
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Table 6 PM2.5 Sources Profiles for CAMS 323 Site 2005-2009 (continued) 

 Source 1 Source 2 Source 3 Source 4 Source 5 Source 6 Source 7 Source 8 

Vanadium  0.0004 0.0000 0.0000 0.0002 0.0001 0.0001 0.0000 0.0000 

Silicon  0.0000 0.0008 0.0000 0.0467 0.0013 0.1845 0.0000 0.0000 

Zinc  0.0000 0.0016 0.0000 0.0000 0.0003 0.0000 0.0003 0.0004 

Sulfur  0.2313 0.0001 0.0053 0.0014 0.1761 0.0110 0.0035 0.1759 

Potassium  0.0078 0.0002 0.0067 0.0168 0.0024 0.0179 0.0326 0.0000 

Sodium  0.1536 0.0208 0.1424 0.0001 0.0071 0.0000 0.0001 0.0165 

Ammonium ion  0.0505 0.0526 0.0000 0.0231 0.2279 0.0049 0.0000 0.1484 

Sodium ion  0.2480 0.0001 0.2825 0.0008 0.0000 0.0020 0.0000 0.0102 

Potassium ion  0.0100 0.0000 0.0057 0.0071 0.0001 0.0018 0.0370 0.0009 

Organic carbon  0.0002 0.7614 0.0404 0.0013 0.0026 0.0090 0.3017 0.3425 

Elemental 
carbon  

0.0120 0.0246 0.0001 0.0304 0.0073 0.0008 0.0269 0.0137 

Non-volatile 
nitrate 

0.0180 0.2123 0.0222 0.0190 0.0002 0.0152 0.0000 0.0000 

Organic carbon 
1  

0.0001 0.1130 0.0078 0.0073 0.0217 0.0028 0.0251 0.0691 

Organic carbon 
2 

0.0001 0.3081 0.0301 0.0002 0.0001 0.0057 0.0898 0.1119 

Organic carbon 
3 

0.0003 0.1636 0.0144 0.0062 0.0001 0.0008 0.0710 0.0585 

Organic carbon 
4 

0.0001 0.1569 0.0000 0.0015 0.0024 0.0046 0.1305 0.0978 

Sulfate  0.6565 0.0001 0.0666 0.0865 0.5725 0.0496 0.0003 0.4509 

Manganese  0.0001 0.0006 0.0001 0.0002 0.0002 0.0011 0.0000 0.0001 

Nickel  0.0001 0.0002 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 

Strontium  0.0001 0.0004 0.0002 0.0005 0.0001 0.0004 0.0001 0.0001 

Yttrium  0.0000 0.0003 0.0000 0.0000 0.0001 0.0000 0.0000 0.0001 

 

3.6.4 Source Contributions  

Source contribution of factors, was analyzed for the data from CAMS 323. Using 

the 5 years of time frame from August 2005 through March 2010, a breakdown per 

percentage was calculated for each individual source. Fig. 12 shows the mass fraction 

distribution generated by the PMF as the apportionment of the sources to the specific 

site. 
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Figure 12 Mass Fractions of Chemical Species PMF 

In the PMF analysis the dominant sources were the secondary’s sulfates I and II 

source with 28% of apportioned mass. These secondary sulfates I and II originated from 

two different sources based on the presence of SO4
-2 and organic carbons that tend to 

be formed by photochemical and combustion related (Raman, 2007). These were 

followed by the biomass sources which accounted for 21% of the apportioned mass. 

3.6.5 CPF and PSCF Analysis 

Using wind direction, wind velocity and the modeled mass concentration for 

each factor, a conditional probability function was performed. For this study, 12 sectors 

of a  of 30 degrees were used. Slow winds below 1 m/s were excluded from this 

analysis due to the isotropic behavior of wind vane under calm conditions             

(Lestari, 2009).  

In Fig. 13, secondary sulfate I and secondary sulfate II are shown as a and e. It 

was noted that the CPF plot points to the south and south-east, i.e. to Mexico and the 

Gulf of Mexico as the major source regions of influence for this source. 
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Meanwhile, the next source analyzed using CPF was the mobile source. This CPF 

plot b points to a strong influence from a ship channel that is south-west of the 

monitoring site and also points to a major access road to a very prominent beach on 

South Padre Island. 

 

 

 

(a) Secondary Sulfate I, (b) Mobile Sources, (c) Sea salt, (d) Coastal Erosion, (e) 

Secondary Sulfate II, (f) Crustal (g) Biomass Burn, (h) Diesel Combustion 

Figure 13 PMF 8 Factor CPF Analysis 
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Sea salt being the third factor on Fig. 13, was mainly influenced from the north 

and south-east direction, that when compared to the PSCF analysis for this source 

matched perfectly with the pattern observed for this source. 

Another source of natural origin from the PMF analysis was coastal erosion. Fig. 

13 d shows the CPF and it points mainly to the south where the entrance of the ship 

channel is located, and also some dusty roads and a near site beach. 

Crustal source was identified in the CPF plot and the PSCF 15-days backward 

trajectory showed air parcel predominantly coming from the Gulf of Mexico and some 

transatlantic long transport of crustal particles possibly from sub-sahara Africa.. 

On Fig. 13, the source represented by the letter g represents biomass burns 

which are once again consistent in both the CPF and the PSCF analysis. This showed a 

southerly influence from the biomass burned in Mexico and at the same time an 

influence from the eastern part of Texas. 

Finally, but not least in the PMF analysis was the diesel source, which accounted 

for the second highest amount of apportioned mass in this analysis. Fig. 13 (h) shows 

the big influence of Mexico and the Gulf of Mexico, along with some influence from 

industrialized and urban areas in Texas. Also this particular source seems to be similar  

to the one identified by the PCA factor analysis.  
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Figure 14 PMF 8 Factors PSCF Analysis 

As a result of analyzing the CPF from Fig. 13 in conjunction with the backward 

trajectories from the PSCF analysis, a more comprehensive knowledge of the origin of 

each source was acquired. 

 

(a) (b) 

(c) 

(e) 

(d) 

(a)Sec. Sulfate II 5 days BT 
(b)Sea Salt 3 days BT 
(c)Diesel Combustion 5 days BT 
(d)Biomass Burns 3 days BT 
(e)Crustal 3 days BT 
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CHAPTER 4 

SUMMARY FINDINGS  

A total of 8 sources were found using the positive matrix factorization (PMF) 

analysis, meanwhile only 6 sources profiles were identified by the PCA. The PCA source 

profiles include: crustal, mobile sources, oil combustion, secondary sulfates, 

miscellaneous traffic related, comingled biomass burns and fresh sea salt. Meanwhile, 

the PMF profiles included secondary sulfate I, mobile sources, sea salt, coastal erosion, 

secondary sulfates II, crustal dust, biomass burns and diesel combustion. Table 7, 

highlights the key findings from both models 

Table 7 PCA – PMF Factor Comparison  

 
6 Factors 8 Factors 

Sources PCA(%) PMF(%) 

Crustal Dust 15.3 10.8 

Mobile Sources 17.5 8.0 

Biomass Burns 30.2 12.2 

Secondary  Sulfate I 26.1 13.9 

Secondary Sulfate II - 13.7 

Oil Combustion 5.4 - 

Misc. Traffic Related 5.5 - 

Sea Salt - 14.8 

Coastal Erosion - 6.1 

Diesel Combustion - 20.6 
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In the crustal source, there were high factors loading from PCA elements such as 

Sr, K, Si, Ti, Fe, Ca, Mg and Al most of which also were reflected as the  high values in 

PMF analysis. Source 1 accounted for 15.3% of the apportioned mass in the PCA study 

against 10.8% from the PMF analysis. 

Mobile source accounted for the 17.5% of the apportioned mass from the PCA 

analysis as opposed to 8.0% from the PMF analysis. It was not described as traffic 

emission since the location is more subject to marine traffic of small, medium and large 

boats and marine vessel. The site was also affected by the presence of RVs and small 

gasoline power generators. 

On the other hand, biomass burns and fresh sea salt which was source 3 on PCA, 

account for the highest amount of apportioned mass of 30.2 % against the 12.2% 

accounted for in the PMF analysis. However this source appears to be a comingled 

source with fresh sea salt, due to the considerable loadings of sodium ion, nitrates, 

nickel, zinc, chlorine and calcium (Raman, 2007), which primarily explains the difference 

in percentage between the two models. 

Based on the resolution of the PCA analysis, and contrary to the PMF analysis 

here the secondary sulfates, which were split into two different factors in the present 

study, the PCA contribution from secondary sulfates was identified as one single factor. 

Also the percentage of apportioned mass for both secondary sulfates in the PCA and the 

PMF model were below the average percentage for major urban areas in the eastern 

United States, which typically tends to be in the range of 32-45% of the apportioned 

mass. 
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A very interesting source was found in source 5 from the PCA, which accounted 

for 5.4% of the apportioned mass. This source consisted of what was identified as oil 

combustion, due to the presence of nickel. This source is related to marine vessel, ships 

and pleasure craft activities within the Brownsville ship channel. 

An extra source identified by the PCA analysis was the miscellaneous traffic 

source. After looking at the conditional probability function (CPF) plot for the direction 

of influences, high factor loading of zinc nitrates and some traces of nickel and chlorine 

made it possible to identify this source as a miscellaneous traffic source. Lubricant oil, 

brake linings and tire wear contains zinc and might be the source of the zinc 

concentration. Considering the activity of heavy duty trucks loaded with boats, mobile 

homes and RV, which frequent the in Isla Blanca Park, an impact of the brake lining and 

tire wear from the vehicular flow in this area was identified as the miscellaneous traffic 

source. The CPF basically points to the north and north-west direction where the access 

to South Padre Island is located. Alongside, at the south and south east of the 

monitoring site is the city of Matamoros which is a heavily industrialized city in Mexico 

and is a major source of industrial emission of zinc, nickel and potassium. 

The source apportionment techniques used in this study, yielded different 

number of factors and different origins for those factors; but the use of positive matrix 

factorization (PMF) and principal component analysis (PCA) highlight the most critical 

factors affecting the study area. Source apportionment of fine PM mass at Brownsville, 

Texas, were performed using advanced explicit least squares factor analysis models, 

PCA/APCS and PMF; resulting in an optimal solution for 6 and 8 sources, respectively. 
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For both the models, 4 factors were found to be in common: crustal, mobile sources, 

biomass burns and secondary sulfates. As EPA formally designates areas as 

nonattainment or in attainment, this forces the states and local governments to develop 

implementation plans to attain and maintain the standards from EPA concerning air 

pollutant emissions. It is critical to understand the sources of PM2.5 that contribute to 

the air quality, and which one of those sources could be controlled or regulated. 
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PSCF Analysis for PCA 

Fig A.1 PSCF Plots for PCA  

Fig. A.1, shows the potential source location for the different factors resolved 

using the PCA technique. PSCF is a technique used to identify the most probable 

trajectory of a parcel of air based on probability calculation. Among these, particularly 

Crustal Dust 3 Days  

 

Mobile Sources3 Days 
 

Biomass Burn and Fresh Sea Salt 3days 
 

Diesel Combustion 5Days 
 

Oil Combustion 3 Days 
 

Miscellaneous Traffic 3 Days 
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interesting is the relationship and similarity of the crustal and biomass in the PSCF for   

3-days backward trajectories. 

Appendix tables 1 and 2 show the values from the initial management of the raw 

data using STATISTICA 4.2. Principal components function in order to process the PM2.5 

concentration and obtain the factor loading matrix and factor score coefficients that are 

required to identify and break down the number of sources solved. Using the slope from 

table 2 the proper amount of factors to be resolved could be identified in PCA. 

Appendix A Table 1 Explained Variance PCA 

 
Comp 1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 

Expl.Var 7.118938 4.869220 4.517232 3.639452 1.444811 1.159167 

Prp.Totl 0.245481 0.167904 0.155767 0.125498 0.049821 0.039971 

 

Appendix A Table 2 Eigenvalues and Cumulative Percent PCA 

 
Eigenvalue 

% Total 
variance 

Cum. 
Eigenvalue 

Cum. % 

1 8.033189 27.70065 8.03319 27.70065 

2 5.740982 19.79649 13.77417 47.49714 

3 3.770507 13.00175 17.54468 60.49889 

4 2.980490 10.27755 20.52517 70.77644 

5 1.119741 3.86117 21.64491 74.63762 

6 1.103910 3.80659 22.74882 78.44421 

 

From the Appendix Table 2, the variance percentage is the amount that each of 

the components adds to the total percent of apportioned mass. Appendix Table 3 is the 

factor loading matrix, where the values represent the identification of different behavior 

patterns out of the input data and the most effective organization of factors or 

components to be named as in the table below. 
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Appendix A Table 3 Factor Loading Matrix 

 
Comp 1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 

Al 0.9793 -0.0225 0.0125 -0.0642 0.0476 0.0044 

Br -0.1098 0.2121 0.8024 0.1173 -0.0055 0.1919 

Ca 0.8056 -0.0504 0.3135 -0.0612 0.1229 0.0120 

Cl 0.1467 -0.0132 0.8513 -0.2926 0.0655 -0.1265 

Fe 0.9865 -0.0263 -0.0145 -0.0310 0.0556 0.0122 

Mn 0.9192 0.0276 -0.0124 0.0208 0.0856 0.0234 

Ni 0.0801 -0.0137 0.2334 0.0140 0.6913 0.3087 

Mg 0.6345 -0.0878 0.5942 -0.0375 0.0304 -0.0177 

F -0.0859 0.2511 -0.2115 0.7713 0.1043 -0.0638 

Ti 0.9819 -0.0242 -0.0234 -0.0397 0.0571 0.0027 

V 0.2278 0.1002 0.0872 0.2162 0.6644 0.0188 

Si 0.9793 -0.0229 -0.0302 -0.0558 0.0534 0.0167 

Zn -0.0701 0.0419 -0.0310 0.1287 0.0343 0.8270 

Sr 0.6839 0.0006 0.1975 0.0908 0.1763 -0.0735 

S 0.0095 0.0869 0.1391 0.9374 0.1024 0.0333 

K 0.7747 0.1121 0.4794 0.0859 0.0708 0.1198 

Y 0.1393 0.0844 -0.0899 0.1640 0.6065 -0.2338 

Na 0.0776 -0.0432 0.8897 0.0421 0.0465 -0.0176 

NH4+ -0.0621 0.1307 -0.1365 0.9214 0.1041 0.0838 

Na+ 0.1514 0.0147 0.9305 -0.0773 0.1059 -0.0683 

K+ 0.1707 0.2175 0.6959 0.1789 0.0149 0.2109 

OC -0.0534 0.9775 0.0535 0.0706 0.0548 0.0021 

EC 0.1015 0.6136 0.0447 0.1675 -0.0389 0.0672 

NO3 0.3015 0.0225 0.2666 -0.2361 -0.0212 0.4186 

OC1 -0.0228 0.8327 -0.0568 0.1938 0.0794 -0.0462 

OC2 -0.0450 0.9272 0.0675 -0.0591 0.0599 -0.0373 

OC3 -0.0540 0.9353 0.0959 0.0055 0.0709 0.0248 

OC4 -0.0145 0.9315 0.0768 0.2068 -0.0027 0.0698 

SO4 0.0557 0.1152 0.1765 0.9395 0.1232 0.0075 

Sources 
Crustal 

Dust 
Mobile 
Sources 

Biomass Burns 
And Fresh S. 

Salt 

Sec. 
Sulfates  

Oil 
Combustion 

Misc. 
Traffic Rel. 
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Fig. A 2 Eigenvalues plot 

Fig. A.2 is an output figure from the PCA techniques which shows the use of 

Eigenvalues with relation to the maximum numbers of factors that could be extracted 

from the data used.  
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PSCF Analysis for PMF 

Sec Sulfate I 3days 
 

Mobile Source 3days 

Sea Salt 
 

Coastal Erosion 
 

Sec Sulfate II 3days 
 

Crustal Dust 3days 
 

Biomass 5 days 
 

Diesel Combustion 
 

Fig. A.3 PSCF Plots for PMF 
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The PSCF Analysis shows a resolution of 8 factors that were resolved in the PMF 

technique. Once again there is a close relation between the secondary sulfates and the 

biomass and diesel sources, as shown in the graph above. 

Appendix A Table 4 F-Factor Matrix PMF 
 Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6 Factor 7 Factor 8 

PM2.5         
Aluminum 0.0012 0.0000 0.0049 0.0103 0.0000 0.0935 0.0012 0.0014 
Bromine 0.0005 0.0007 0.0006 0.0000 0.0001 0.0000 0.0010 0.0001 
Calcium 0.0052 0.0028 0.0105 0.1143 0.0000 0.0115 0.0016 0.0025 
Chlorine 0.0000 0.0018 0.4064 0.0003 0.0000 0.0054 0.0000 0.0000 
Iron 0.0010 0.0030 0.0004 0.0100 0.0009 0.0643 0.0007 0.0012 
Mangnesium 0.0107 0.0001 0.0214 0.0000 0.0024 0.0088 0.0032 0.0000 
Phosphorous 0.0000 0.0001 0.0000 0.0000 0.0166 0.0000 0.0004 0.0000 
Titanium 0.0000 0.0003 0.0000 0.0000 0.0001 0.0076 0.0001 0.0001 
Vanadium 0.0004 0.0000 0.0000 0.0002 0.0001 0.0001 0.0000 0.0000 
Silicon 0.0000 0.0008 0.0000 0.0467 0.0013 0.1845 0.0000 0.0000 
Zinc 0.0000 0.0016 0.0000 0.0000 0.0003 0.0000 0.0003 0.0004 
Sulfur 0.2313 0.0001 0.0053 0.0014 0.1761 0.0110 0.0035 0.1759 
Potassium 0.0078 0.0002 0.0067 0.0168 0.0024 0.0179 0.0326 0.0000 
Sodium 0.1536 0.0208 0.1424 0.0001 0.0071 0.0000 0.0001 0.0165 
Ammonium 
ion 

0.0505 0.0526 0.0000 0.0231 0.2279 0.0049 0.0000 0.1484 

Sodium ion 0.2480 0.0001 0.2825 0.0008 0.0000 0.0020 0.0000 0.0102 
Potassium 
ion 

0.0100 0.0000 0.0057 0.0071 0.0001 0.0018 0.0370 0.0009 

Organic 
carbon 

0.0002 0.7614 0.0404 0.0013 0.0026 0.0090 0.3017 0.3425 

Elemental 
carbon 

0.0120 0.0246 0.0001 0.0304 0.0073 0.0008 0.0269 0.0137 

Non-volatile 
nitrate 

0.0180 0.2123 0.0222 0.0190 0.0002 0.0152 0.0000 0.0000 

Oc1 0.0001 0.1130 0.0078 0.0073 0.0217 0.0028 0.0251 0.0691 
Oc2 0.0001 0.3081 0.0301 0.0002 0.0001 0.0057 0.0898 0.1119 
Oc3 0.0003 0.1636 0.0144 0.0062 0.0001 0.0008 0.0710 0.0585 
Oc4 0.0001 0.1569 0.0000 0.0015 0.0024 0.0046 0.1305 0.0978 
Sulfate 0.6565 0.0001 0.0666 0.0865 0.5725 0.0496 0.0003 0.4509 
Manganese 0.0001 0.0006 0.0001 0.0002 0.0002 0.0011 0.0000 0.0001 
Nickel 0.0001 0.0002 0.0000 0.0001 0.0000 0.0000 0.0000 0.0000 
Strontium 0.0001 0.0004 0.0002 0.0005 0.0001 0.0004 0.0001 0.0001 
Yttrium 0.0000 0.0003 0.0000 0.0000 0.0001 0.0000 0.0000 0.0001 

Percentage 13.9 8.0 14.8 6.1 13.6 10.7 12.1 20.6 
Sources 
name 

Sec Sulf 
I 

Mobile 
Sources 

Sea Salt Coastal 
Erosion 

Sec Sulf 
II 

Crustal 
Dust 

Biomass 
Burn 

Diesel 
Comb. 
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WEEK DAYS AND WEEKEND DAYS ANALYSIS 

Using the PMF apportionment data, the study of the week days and weekends 

was conducted in order to evaluate the trends of different factors throughout the years. 

 

 

Fig. A 4 Overall Weekends and Week Days. 
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Fig. A 5 Week and Weekend days Analysis. 

Basically, from the week-day and weekend days analysis, a more clear behavior 

of the sources was observed as the years progressed. Meanwhile the mobile source 

remains constant which shows that the population under this category has remained 

virtually the same. On the other hand, when observing the secondary sulfate, 

substantial reductions were noticed. This might be due to the new implementation of 

combustion regulation by EPA. 
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PMF-SEASONAL ANALYSIS DAYS ANALYSIS 

An analysis of the sources resolved using PMF by season in order to see the 

trend in their behavior, is presented. Crustal is one of the most dramatic, showing an 

obvious increase during the summer season. 
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Fig. A 6 PMF Seasonal Analysis 
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Figures A7 – A14 are the overlap view of the CPF analysis and the map for the 

monitoring site location. Which help us to identify the origin of the sources. 

Figure A 7 Secondary Sulfate 1 
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Figure A 9 Sea Salt 

 

Figure A 10 Coastal Erosion 
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Figure A 11 Secondary Sulfate II 

 

Figure A 12 Crustal Dust 
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Figure A 13 Biomass Burns 

 

Figure A 14 Diesel  
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APPENDIX B 

PRINCIPAL COMPONENT ANALYSIS (PCA) AND POSITIVE MATRIX FACTORIZATION (PMF) 
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As the main two source apportionment techniques used for this study were PCA 

and PMF, the necessity of briefly describe the differences among these two methods 

was identified. PCA and PMF are both factor analysis techniques that are intended to 

reduce a large data set of species observed during a time line to a number of factors 

with characteristics species that will made clear to identify the factors names. 

Taking a closer look to the internal mathematical operations for both methods, 

PCA and PMF are matrix operations that are intended to solve for the factor loadings 

and the identification of specific factors. The PCA method is a factor analysis technique 

that uses Eigenvalues to apportion data set and as the correlated data is reduced to a 

small number of independent factors or principal components that can explain the 

variance in the data 

In the other hand, PMF is multivariable factor analysis technique that takes in 

account the uncertainties in the input measurements in order to identify factors and 

their contribution to a receptor sample. One of the most critical difference between PCA 

and PMF is that the PMF is able constrain solution to be positive contrary to the PCA, 

where it is common to see factors with negative values for chemical components. 

Another important difference that we could identify is that PMF, do not used 

Eigenvalues to apportion the data set and instead it uses the uncertainty of the 

measured data and the minimum detection limit (MDL) to apportion the data. Finally, 

the last difference is that PMF can handle missing or below detection limit input data. 
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APPENDIX C 

CASE STUDY PRINCIPAL COMPONENT ANALYSIS (PCA) 
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The procedures describes below is a guide to understand the general guide line 

to conduct a PCA study to a particulate matter data set. It is intended to reflect the 

general and particular steps in order to follow the analysis techniques used in this 

thesis. 

The use of STATISTICA 4.2 software is required in order to process the input 

measure data due to it build in feature of factor analysis. 

Input Raw Data  

PCA is a factor analysis technique that uses Eigenvalues to apportion data set. 

The input matrix X, is the measured concentration of particulate matter (PM2.5) in a 

[dates x species] matrix. As shown in the table below. 

EGFX T     (1) 

Appendix C Table 8 Case Study PCA 

 88101 88102 88103 88104 

20050808 10.8 3.5 4.2 3.1 

20050814 7.8 2.6 3.1 2.0 

20050820 3.5 0.5 0.9 2.1 

20050826 4.3 2.2 3.6 0.5 

20050901 6.0 1.9 2.7 1.4 

 

Using the input matrix, which is called raw data matrix, a normalization of this 

matrix is required. 

i

iik

ik

EE
Z






  (2)
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Appendix C Table 9 Normalized Data 

 88102 88103 88104 

20050808 (2) 4.2 3.1 

20050814 2.6 3.1 2.0 

20050820 0.5 0.9 2.1 

20050826 2.2 3.6 0.5 

20050901 1.9 2.7 1.4 

Mean  2.14 2.90 1.82 

Stdev 1.10 1.25 0.96 

    
After normalizing the raw input matrix [dates x species], the new matrix is called 

the normalized data matrix, which will be input in the STATISTICA 4.2 software, in order 

to use the factor analysis feature. Applying the maximum numbers of factors to which 

the data can be resolve, then the varimax rotation is apply.  

As an output to the varimax rotation of the initial normalized matrix [dates x 

species], 3 output matrixes will be resolved. A Threshold for the Kaiser criterion need to 

be set as which for this particular case was 0.45 as an absolute value. 

Appendix C Table 3 Explained Variance PCA 

 
Comp 1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 

Expl.Var 7.118938 4.869220 4.517232 3.639452 1.444811 1.159167 

Prp.Totl 0.245481 0.167904 0.155767 0.125498 0.049821 0.039971 

 

Appendix C Table 4 Eigenvalues and Cumulative Percent PCA 

 
Eigenvalue 

% Total 
variance 

Cum. 
Eigenvalue 

Cum. % 

1 8.033189 27.70065 8.03319 27.70065 

2 5.740982 19.79649 13.77417 47.49714 

3 3.770507 13.00175 17.54468 60.49889 

4 2.980490 10.27755 20.52517 70.77644 

5 1.119741 3.86117 21.64491 74.63762 

6 1.103910 3.80659 22.74882 78.44421 
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Using the varimax rotation we obtain what is called the Factor Loading (FL) 

Matrix that is describes as a [species x sources] matrix and the Factor Score Coefficient 

(FSC) matrix which is describe as the [species x sources]. 

Appendix C Table 5 Factor Loading 

 
Comp 1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 

88102 0.9793 -0.7225 0.0125 -0.0642 0.4760 0.0044 

88103 0.8056 -0.0504 0.3135 -0.0612 0.1229 0.8020 

88104 0.1467 -0.0132 0.8513 -0.2926 0.6545 -0.1265 

 
Source 1 Source 2 Source 3 Source 4 Source 5 Source 6 

 

After obtaining the FL and FSC matrixes, the matrix multiplication process start. 

Using Excel the transposed factor score coefficient (TFSC) is multiplied by transposed 

normalized data (TND).  

[sources x species] X [species x dates] = [sources x dates] 

The output result from this calculation is the [sources x dates] matrix. In this 

source apportionment technique a principal zero concentration (PZ0) matrix is required.
 

i

iE
PZ






0
0

  (3)
 

Using equation 3 a PZ0 matrix is created and it is then multiplied by the TFSC 

creating Factor Zero Concentration (FZC) matrix. 

Appendix C Table 6 Principal Zero Component Matrix 

  PZ0 

88102 (3) 

88103 ( )  

88104 ( ) 
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TFSC x PZ0 = FZC 

[sources x species] x [ species x zero conc.]=[sources x zero conc.] 

Having calculate this matrix, FZC and with the [sources x dates] matrix, the 

Absolute principal component scores (APCS) are calculated. 

[sources x dates] - [sources x zero conc.] = [sources x dates] APCS Matrix. 

Finally with the transposed of the APCS matrix and solving for the total account 

for PM2.5 for each source, and performed a regression analysis technique using 

STATISTICA 4.2 to calculate the predicted amount for each day for each specie identified 

in the raw data. 
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CASE STUDY POSITIVE MATRIX FACTORIZATION (PMF) 
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The procedures describes below is a guide to understand the general guide line 

to conduct a PMF study to a particulate matter data set. It is intended to reflect the 

general and particular steps in order to follow the analysis techniques used in this 

thesis. 

The use of PMF2 software develop by Paatero (Paatero, 1997), is required in 

order to process the input measured data and obtain the necessary output information 

to conduct a source apportionment for a particulate matter (PM2.5)data set. 

EGFX    (1) 

As describe in earlier publication from the author of PMF (Paatero, 1997), this is 

a bilinear statistical factor analysis model that does not need source profile knowledge 

to obtain a final solution. 

Initially the data set for this study was from Texas commission on environmental 

quality (TCEQ) with the dates and the associate measurements of PM2.5 reading and the 

speciation of different elements, with the associate readings of the uncertainty 

associate with that measurement.  

Appendix D Table 1 shows and example of the initial matrix X, of the measured 

values for the concentration of each element. Where 88101 is the PM2.5 code 

designation and the subsequent codes are given to each species. 
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Appendix D Table 10 Raw Concentration Measured Data 

 
88101 88102 88103 88104 88107 88109 88110 

20050808 11.04101 0.0036 0 0.61706 0.01791 0 0.00074 

20050814 7.37445 0 0 0.05751 0.00957 0 0.00172 

20050820 12.16634 0.00575 0.00119 0.5768 0 0.00344 0.00098 

20050826 5.79135 0.00624 0 0.03737 0.00175 0 0.00049 

20050901 11.04101 0.01213 0 0.02019 0 0.00049 0.00344 

20050907 7.99942 0.00442 0 0.01453 0 0.00707 0 

20050913 5.91596 0.00982 0 0.1662 0 0 0.00138 

20050919 14.99939 0.00082 0 0.03616 0.00213 0.00213 0.00622 
 

Appendix D Table 11 Uncertainty Values for Measured Data 

 
88101 88102 88103 88104 88107 88109 88110 

20050808 0.24067 0.00423 0.00111 0.02696 0.01043 0.00111 0.0041 

20050814 0.24067 0.0042 0.00111 0.02378 0.01036 0.00111 0.0041 

20050820 0.21567 0.00427 0.00111 0.02671 0.01037 0.00111 0.0041 

20050826 0.21567 0.00427 0.00111 0.02361 0.01047 0.00111 0.0041 

20050901 0.21567 0.0043 0.00111 0.0235 0.01037 0.00111 0.0041 

20050907 0.221 0.0042 0.00111 0.02353 0.0104 0.00111 0.0041 

20050913 0.221 0.0042 0.00111 0.02438 0.0104 0.00111 0.0041 

20050919 0.18021 0.00424 0.00111 0.02367 0.01048 0.00111 0.0041 
 

Appendix D Table 12 Alternate Method Detectable Limit Values for Measured Data 

 
88101 88102 88103 88104 88107 88109 88110 

20050808 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050814 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050820 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050826 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050901 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050907 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050913 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

20050919 0.5052 0.0158 0.0009 0.0231 0.0336 0.004 0.0104 

        

If a large data set with some PM2.5 measurement missing from the raw data, all 

the missing PM2.5 dates are excluded from the data in order to keep the percentage of 
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missing data of the PM2.5 as 0%. The same erased values are excluded in the uncertainty 

data file and the alternate data file, in order to maintain the same dimension in all the 

matrix of data. 

Second, an average value for each of the species and the MDL number for the 

alternate file are calculated for further process in the PMF model technique. 

The PMF model solutions depend on estimating the uncertainties of the 

observed data. At the same time the values each set of data process using PMF are 

required to have an uncertainty file associated with it. In the Appendix D Table 4, shows 

the approach followed in this study and that was suggested by the author Hopke, in 

order to determine the concentration and the uncertainty using PMF 

Appendix D Table 13 Estimation of concentration and uncertainty for PMF. 

 Concentration Uncertainty 

Determined Values Observed concentration 

Measured values + 1/3 
times MDL + final 

percentage 
concentration for that 

data point 

Below Detection Limit Half MDL 5/6 times MDL 

Missing Values 
Geomean of Observed 
concentration for the 

Species or MDL 

4 times de Geomean of 
the measure 

concentration or 4 times 
MDL 

 

Using the approach suggested by Hopke, the data is ready to be classified base 

on the percentage of missing values and the signal to noise ratio, in order to select the 

species that will be consider for the study. 
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Appendix D Table 14 Signal to Noise Ration  

Classification Specie S/N Classification Specie S/N 

G
o

o
d

/ 
St

ro
n

g 
Sp

ec
ie

s 
Pm2.5 ** 

G
o

o
d

/ 
St

ro
n

g 
Sp

ec
ie

 

Ammonium ion  ** 

Aluminum 50.5 Sodium ion  ** 

Bromine  6.6 Potassium ion  401.1 

Calcium  ** OC ** 

Chlorine  ** EC 32.6 

Iron  1506.5 NO3 ** 

Magnesium  7 OC1 338 

Phosphorous  24.9 OC2 ** 

Titanium  12 OC3 ** 

Vanadium  12.2 OC4 ** 

Silicon  291.8 Sulfate  ** 

Zinc  6.3 

W
e

ak
 

Sp
ec

ie
s 

Manganese  0.8 

Sulfur  ** Nickel  0.6 

Potassium  ** Strontium  1.2 

Sodium  38.1 Yttrium  0.3 
 

If the S/N is below 0.2 the species are classified as bad species values and thus 

excluded from further analysis. Furthermore, species with S/N between 0.2-2.0 are 

considered weak species but have been taken to be part of the process. Finally, species 

with S/N above 2.0 are considered as strong species  

Saving the results of the selected species, concentration file and uncertainty file 

as .txt, we are now able to run a script design to do the factor analysis with the 

submitted data. The input matrix of concentration and uncertainty is a [dates x species] 

matrix which is intended to be of the same magnitude ([275 dates x 30 species] 

concentration and [275 dates x 30 species] uncertainty)                     . 
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After running the script until the optimal solution is found, variables such as the 

number of factors, the FPEAK value and the percentage added to the concentration are 

vary until the performance evaluation analysis reach a value of R2 equal or greater than 

0.75. 

The output files from PMF are 3 files which are called F Factor [species x factors], 

G Factor [dates x factors] and Misc. Factor. 

Appendix D Table 15 Factor F Loading matrix 

  Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 

88101           

88102 0.0012 0.0000 0.0049 0.0103 0.0000 

88103 0.0005 0.0007 0.0006 0.0000 0.0001 

88104 0.0052 0.0028 0.0105 0.1143 0.0000 

88105 0.0000 0.0018 0.4064 0.0003 0.0000 

Percentage 13.9 21.1 30.5 29.5 5.0 
 

Appendix D Table 16 G Factor matrix 

 
Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Predict. 

8/8/2005 1.2225 0.8292 0.5622 0.3963 0.6432 3.6534 

8/14/2005 2.0221 0.4344 1.6080 0.1027 1.5750 5.7422 

8/20/2005 1.3376 0.8266 1.4913 0.4740 1.1401 5.2696 

8/26/2005 0.6607 0.6434 0.1932 0.0548 1.9861 3.5382 

9/1/2005 1.2164 0.3760 0.0897 0.0992 4.9022 6.6835 

9/7/2005 1.4792 0.3954 2.1882 0.0534 0.8870 5.0032 

9/13/2005 0.7818 1.0295 0.7797 0.2003 0.9711 3.7624 

9/19/2005 1.0090 0.0001 0.0001 0.1131 7.1663 8.2886 
 

Finally, based on the high loading recorded in the F factor, the species are named 

and identified. From the G Factor the predicted concentration for each day measured 

are identified by adding the all the factors on the same date. 
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