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Abstract 

Air pollution is a significant public health issue in California. According to air monitoring, over 

90% of Californians breathe harmful amounts of one or more air pollutants at some point during 

the year [1]. Although decades of progress, California continues to face some of the most serious 

issues in the United States for the most harmful and ubiquitous types of air pollution: particle and 

ozone pollutions [2]. 

We consider time series analysis of the pollutants to predict the future impact of ozone and 

particulate matter (PM10) emissions in California. This will facilitate implementation of proper 

mitigation policies to avoid worsening air pollution problems in California. A systematic study on 

two commonly prevalent pollutants – ozone and PM10 is carried out with time series analysis to 

predict the air quality in two cities in California, Los Angeles -Long Beach-Anaheim, and 

Bakersfield, by using the ARIMA model and the Kalman filter algorithm. The reason for choosing 

these two cities is that both were the most polluted cities in California in 2021 [3]. We apply the 

Autoregressive Integrated Moving Average (ARIMA) model to predict how ozone and PM10 

affect Los Angeles -Long Beach-Anaheim, and Bakersfield. We also consider an adaptive filtering 

approach - the Kalman filter algorithm to predict the air quality index for ozone and PM10. Finally, 

we compare the results from both methods to determine the extent of variation in forecasted air 

quality indices using these two methods. The air quality indices for the last two and four weeks 

are forecasted using each method within each city to determine the impact of PM10 and Ozone 

pollutants. Our results demonstrate that the forecasted air quality values for two weeks are 

approximately similar to those in the last four weeks by both methods. In particular, the results 

from the ARIMA model and the Kalman Filter are similar for the forecasted air quality values in 

terms of PM10 emissions in Los Angeles -Long Beach-Anaheim, and Bakersfield. However, the 
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forecasted air quality values in terms of Ozone emissions in both cities are different. Also, we 

found that the ARIMA model performed better than the Kalman Filter in most of the scenarios in 

predicting the air quality values in terms of PM10 and O3 emissions in Los Angeles -Long Beach-

Anaheim, and Bakersfield, CA. 
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Chapter 1 

  

Introduction 

California is one of the most polluted states in the country. According to 2008 research done at 

California State University, Fullerton, CA, air pollution kills more people in California than motor 

vehicle accidents. California's land shape, as well as its warm, sunny environment, are ideal for 

producing and storing air pollution. California's towns are mostly constructed on lowlands or in 

valleys surrounded by mountains. These are natural basins that capture pollutants and prevent them 

from moving around [4]. Gasoline and diesel-powered cars, industries, power plants, fireplaces, 

refineries, gasoline storage, and dispensing facilities are artificial sources of pollutants [4]. 

Air pollution research spent most of its work predicting the air quality with ozone and particulate 

PM10 in two cities in California Los Angeles -Long Beach-Anaheim, CA, and Bakersfield because 

they are among the 15 most polluted cities in the United States in 2021 [3]. The goal of the study 

is to investigate the air quality in two cities in California: Los Angeles -Long Beach-Anaheim, 

CA, and Bakersfield based on their pollution by O3 (Ozone) and PM10 (Particulate matter) and 

develop a useful model to predict the air quality in these two cities by using two methods of time 

series forecasting techniques which are Autoregressive Integrated Moving average (ARIMA) 

model and the Kalman filter algorithm as adaptive filtering. 
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1.1 Air Pollution 

Pollutants within the ecosystem can result in changes in atmospheric pressure from the plain 

remark of heavy smoke to diffused consequences on city temperature or precipitation. Those 

energetic air pollution can be both gases and particulates. Air pollution is one of the most realistic 

environmental issues that prevents our progress today. Air pollution happens through human 

activities such as mining, development, transportation, farming, refining, etc. [5]. Also, regular 

cycles of natural calamities such as, volcanic ejections and wildfires may likewise pollute the air. 

Nonetheless, their occurrence is unusual and usually has a local influence, unlike human activities 

that pollute the air. Today, air pollution is the most realistic environmental challenge impeding our 

growth [5]. Air pollution causes respiratory problems such as Chronic Obstructive Pulmonary 

Disease (COPD), asthma, and bronchiolitis, as well as lung cancer, cardiovascular events, central 

nervous system dysfunctions, and skin diseases [6]. Gases such as carbon, ozone, and PM10 

particles can contribute to severe air pollution. For this study, we will concentrate on ozone and 

PM10 as the main air pollutants in California.  

 

 1.1.1 Ozone(O3) 

Three oxygen atoms make up ozone (O3), a highly reactive gas. It is a natural and manufactured 

substance that occurs in the high atmosphere of the Earth. The interaction of solar ultraviolet (UV) 

light with molecular oxygen (O2) produces stratospheric ozone (O3). The "Ozone layer," which is 

found about 6 to 30 miles above the Earth's surface, decreases the quantity of dangerous UV light 

that reaches the surface. 
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Photochemical interactions between two primary groups of air pollutants, volatile organic 

compounds (VOC) and Nitrogen Oxides (NOx) produce tropospheric or ground-level ozone, 

which humans breathe [7]. Ozone leads to what we often refer to as "smog" or "haze," which 

happens most often in the summer but can exist all year in some southern and mountainous areas. 

Although some stratospheric Ozone is transported into the troposphere, and some VOC and NOx 

are produced naturally, most of the ground-level ozone is produced through VOC and NOx 

interactions. Chemical plants, fuel pumps, oil-based paints, autobody shops, and print shops are 

also significant contributors to VOC. High-temperature combustion is the primary source of 

nitrogen oxides. Power plants, industrial furnaces and boilers, and automobiles are also significant 

contributors [8]. The effects of Ozone on Human Health Shortness of breath, dry cough or 

discomfort while taking a deep breath, chest tightness, wheezing, and nausea are all frequent 

Ozone reactions. The chemicals in the lining of our airways react with Ozone. With the addition 

of oxygen atoms from the process of oxidation, chemical bonds break and rebuild in diverse ways, 

causing acute inflammation. Our airway lining loses some of its ability to act as a barrier against 

microorganisms, harmful substances, and allergies. Our airways respond by filling up with fluid 

and constricting muscles to cover the injured parts.  

 

1.1.2 PM10  

Particulate matter (also known as particle pollution) is a phrase used to describe a combination of 

solid particles and liquid droplets present in the air. Dust, grime, soot, and smoke are examples of 

big or black particles that may be seen with the naked eye. Others are so minuscule that only an 

electron microscope can detect them. Particle pollution can be PM10 (particulate matters 10) refers 
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to inhalable particles with diameters of 10 micrometers or less; PM2.5 refers to tiny inhalable 

particles with diameters of 2.5 micrometers or less. These particles can be made up of hundreds of 

different compounds and come in a variety of sizes and forms. Some are directly released from a 

source, such as construction sites, dirt roads, fields, smokestacks, or fires. Most particles in the 

atmosphere are formed by complicated chemical processes involving pollutants such as sulfur 

dioxide and nitrogen oxides, which are produced by power plants, industry, and cars. Such 

particles can harm both lungs and heart if exposed to them. Particle pollution has been related to a 

range of issues in several scientific studies, including people with heart or lung disease are more 

likely to die young. Asthma is worsened by an irregular heartbeat. A reduction in lung function 

increased respiratory symptoms, such as airway discomfort, coughing, or breathing difficulties. 

Also, particle pollution causes environmental deterioration when the wind carries particles across 

great distances before settling on the ground or in water. The implications of this setting may 

include making lakes and streams acidic, upsetting the nutrient balance in coastal waters and broad 

river basins depleting nutrients in the soil, hurting sensitive forests and farm crops, and 

contributing to acid rain effects, depending on their chemical makeup. In addition, particle 

pollution leads to damage to the materials. For example, Stone and other materials, especially 

culturally significant things like sculptures and monuments, can be stained and damaged by PM. 

Some of these impacts are linked to the effects of acid rain on materials [9]. 

 

1.2 Objective of the Study 

This research focuses on the issue of air pollution in America. Air pollution is an important public 

health issue that impacts our respiratory health to a great extent. Another reason for choosing air 
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pollution as my research topic, which is personal to me, is that my husband had asthma in Oregon 

state although, he did not suffer from any respiratory problems before coming to the USA. After 

searching and investigating the air pollution in America, we found Los Angeles -Long Beach-

Anaheim, and Bakersfield in California were among the 15 cities with the highest air pollution in 

2021 [3]. The research chooses two types of air pollutants, O3, and PM10. The objective of the 

study is to predict the air quality in these two cities based on their past daily pollutant information 

by O3 and PM10 using the time series methods. First, we will apply the commonly used ARIMA 

model for time series forecasting, to predict how Ozone and PM10 affect Los Angeles -Long 

Beach-Anaheim (LA-LB-A) and Bakersfield, CA. Second, we will use the Kalman filter 

algorithm, a less widely used forecasting method to predict how Ozone and PM10 affect LA-LB-

A and Bakersfield, CA. In the end, we will compare the results for both methods to assess the 

efficiency of these methods in terms of forecasting future time series values.  

 

Chapter 2 

 

2.1 Data 

The data used in this research was obtained from the United States Environmental Protection 

Agency (EPA) [9], which is a governmental agency whose aim is to protect human and 

environmental health in the United States. The data on air quality was collected in 2021 from 

outdoor monitors across the United States. The aim of this study is to predict the amount of air 

pollution by ozone (O3) and particulate gas (PM10) from Los Angeles -Long Beach-Anaheim, 

CA, and Bakersfield in California. 
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2.2 Methods for Univariate and Multivariate Analysis for Forecasts 

2.2.1 Exploratory Data Analysis 

In this research, one variable we are interested in is the Air Quality value. Our objective is to 

predict the Air Quality value using two time series methods and compare the results for two to 

four weeks for both ozone (O3) and the particulate gas (PM10) within two cities, Los Angeles-

Long Beach-Anaheim and Bakersfield, California. 

 

2.2.2 Summary Statistics                  

The goal of this analysis is to illustrate the summary statistics of the Air Quality value in the four 

data sets that we have worked on in this research and check if there are any unusual values by 

using graphical visualization with boxplots for the Air Quality value.  

 

                        Table 2.1: The Summary Statistics of the Air Quality Value 

 

 

City Pollutant Mean Minimum First 

Quartile

(Q1) 

Median Third 

Quartile

(Q3) 

Maximum 

Los Angeles 

-Long 

Beach-

Anaheim 

Particulate 

matter 

(PM10) 

19.211 2.000 13.000 19.000 24.000 64.000 

Ozone 47.833 6.000 36.000 42.000 50.000 197.000 

 

Bakersfield 

Particulate 

matter 

(PM10) 

12.051 0.000 4.000 8.000 15.000 89.000 

Ozone 53.556 10.000 36.000 44.000 64.000 185.000 
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Figure 2.2: The Boxplot of Daily Air Quality Value of O3 Emissions in Los Angeles -Long Beach-Anaheim 

 

Figure 2.1: The Boxplot of Daily Air Quality Value of PM10 Emissions in Los Angeles -Long Beach-Anaheim 
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We can see from Figures 2.1, 2.2,2.3, and 2.4 that the boxplots display the distribution of the 

Daily Air Quality value. Also, we can see some extreme values. 

 

Figure 2.4: The Boxplot of Daily Air Quality Value of O3 Emissions in Bakersfield 

 

   Figure 2.3: The Boxplot of Daily Air Quality Value of PM10 Emissions in Bakersfield 
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Time Series Plots 

We can see here the weekly observed time series plots for each pollutant within each city. We 

note that there are some trends and seasonality in all Figures 2.5, 2.6, 2.7, and 2.8. 

Los Angeles-Long Beach-Anaheim, CA  

 

 

 

 

 

 

Figure 2.6: Weekly time series plot O3 in Los Angeles-Long Beach-Anaheim, CA 

 

Figure 2.5: Weekly time series plot PM10 in Los Angeles-Long Beach-Anaheim, CA 
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Bakersfield, California 

 

 

Figure 2.7: Weekly time series plot PM10 in Bakersfield, California 

 

 

 

 

 

 

 

 

 Figure 2.8: Weekly time series plot O3 in Bakersfield, California 
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2.3 Time Series  

Time series is defined as a sequence of measurements taken at regular intervals of the same 

variable gathered over time. The daily air quality data sets used in this research are time series data 

because they were observed daily during 2021. Working with time series requires keeping in mind 

the following characteristics: Is there a pattern of increase or decrease in the data with time? Is 

there seasonality? Are there any outliers? Is the variance constant throughout time? [10]. These 

issues will be handled in this research before addressing the primary research question, if there is 

any difference in forecasted air quality by two time series methods: ARIMA and Kalman Filter. 

All analysis is carried out with the R programming software. 

 

2.4 Time Series Modeling Techniques 

 Exponential Smoothing, Autoregressive Integrated Moving Average (ARIMA), and the Kalman 

Filter Algorithm were used in this research to model the air quality data sets. The idea is to utilize 

these methods to forecast future air quality values for each pollutant within each city. 

 

2.4.1 Exponential Smoothing 

The first technique that we used in this project is Exponential Smoothing which is a technique that 

uses the past air quality data in 2021 to predict the future values of the air quality. In Exponential 

Smoothing, the current observations are weighted highly in predicting than older ones [11]. So, 

this will benefit our situation because we used the last 28 observations from the air quality data 

sets to predict the last two weeks and four weeks of the pollution’s emission in Los Angeles-Long 

Beach-Anaheim and Bakersfield. Exponential Smoothing works well when there are no seasonal 
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fluctuations in the air quality data sets. So, we removed the seasonality impact by adjusting the 

seasonality in the time series. We subtracted the estimated seasonal component from the original 

time series. We used the decompose function in R to see the seasonal effect on the air quality time 

series. After that, we used the Holt-Winters forecasting approach to predict the future of the air 

quality. The reason for using Holt’s function is that the air quality data sets contain trends and 

Holt’s function can model the air quality time series that contain the trends [12]. The formula for 

exponential smoothing is 

𝑠𝑡+1 = α𝑦𝑡+(1-α)𝑠𝑡 

The current observation of the air quality time series is 𝑦𝑡 , a new time series 𝑠𝑡+1  which is a 

smoothed statistic, it is the simple weighted average of current observation 𝑦𝑡 , 𝑠𝑡 = previous 

smoothed statistic, α = smoothing factor of data; 0 < α ≤ 1 and t = time period which is t > 0 

[13]. We applied this method by using the R programming software. 

 

 

2.4.2 ARIMA Model 

The Autoregressive Integrated Moving Average (ARIMA) model also is called the Box Jenkins 

method. We used the ARIMA model to predict the future air quality values by using the previous 

air quality values in 2021 of the time series. In this project, we used non-seasonal ARIMA (p, d, 

q) because we removed the seasonality from the air quality data sets. ARIMA model has two parts: 

AR and MA. AR is the autoregressive part in which we model the air quality data on the previous 

values. MA is the moving average part in which we model the air quality data on the previous 
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errors, not the actual values. p is the order of the (AR) term. It refers to the number of lags of Y 

used as predictors. And q is the order of the (MA) term. It refers to the number of lagged forecast 

errors. All the air quality data sets are not stationary. So, we used d to define the number of non-

seasonal differences to make the air quality data stationary [14]. The Autocorrelation Function 

(ACF) plot is used to determine the number of q; the Partial Autocorrelation Function (PACF) plot 

is used to determine the number of p. ARIMA model form is 

 

 

 

𝑌𝑡 is the predicted air quality value is a combination of AR the lag values and MA the lag errors, 

∝ , 𝛽, ∅  𝑎𝑟𝑒 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠 𝑎𝑛𝑑 𝜖 𝑖𝑠 𝑡ℎ𝑒 𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛 𝑒𝑟𝑟𝑜𝑟𝑠[15]. 

 

2.4.3 Kalman Filter 

We used Kalman Filter Algorithm to predict the air quality values of the pollutants ozone (O3) and 

particulate gas (PM10) within each city: Los Angeles-Long Beach-Anaheim, and Bakersfield in 

California. Kalman Filter used the observed air quality data sets to predict the air quality values 

despite the existence of the noise and the seasonality. In order to implement Kalman Filter we 

don’t need to remove the seasonality as we have done in Exponential Smoothing and ARIMA 

model. We don’t need to make the air quality data sets stationary like ARIMA model. We can 



14 
 

define Kalman Filter as a series of mathematical equations that gives a computationally efficient 

(recursive) approach to estimating the state of a process while minimizing the mean squared error 

[16]. For estimating the air quality values in the future, Kalman Filters uses two-step approach. It 

begins by estimating the current air quality values and measures their uncertainties. After that, it 

updates the estimated air quality value using a weighted average [17]. The weighted average is the 

average of the estimated air quality data set that identifies certain values as more significant than 

others. Kalman filter Algorithm is based on a discrete state space method, in which a state equation 

and a measurement equation that characterize the random process. 

𝑥𝑘+1 = ∅𝑘𝑥𝑘 + 𝐺𝑤𝑘 

 𝑧𝑘 = 𝐻𝑘𝑥𝑘 + 𝑣𝑘 

∅𝑘 is the state transition matrix (n×n), G is (nxm) matrix connecting the white sequences to the 

state vector, 𝑧𝑘is the measurement of the air quality value at time k, 𝑥𝑘 are the model parameters 

at time k, 𝐻𝑘 is the measurement connection matrix contains data from previous measurements 

[18]. In this project, we applied the Kalman Filter in R programing software by using the Fast 

Kalman Filter (FKF) package. This package includes a plot function for visualizing the state vector 

and graphical residual diagnostics [19]. 

 

2.5 Comparing ARIMA and Kalman filtering 

Before we compare the forecasting values between ARIMA and Kalman Filtering algorithm, we 

checked the goodness of fit for the forecasting air quality results in both ARIMA and Kalman 

Filter by using the Ljung box test to check if there is autocorrelation in the sample forecast and 
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normal Q-Q plot to check the residuals for normality. Finally, to compare the results of predicting 

between the Autoregressive Integrated Moving Average (ARIMA) model and the Kalman filter, 

we used the mean squared error which measures the average squared difference between the 

estimated values and the actual values to see which model will give the lower mean square error. 

 

            

 

                            

                             Figure 2.9: Flowchart of Exponential Smoothing Method 
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Figure 2.10: Flowchart of ARIMA Method 
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Figure 2.11: Flowchart of Kalman Filter Method 
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The results of applying the Exponential Smoothing, the Autoregressive Integrated Moving 

Average (ARIMA) model, and the Kalman Filter Algorithm will be presented in chapter 3. 

 

Chapter 3 

Results 

In this chapter, based on the methodology defined and given in chapter two, we present the results 

of our analysis. In section 3.1, we provide graphs to help us understand the characteristics of the 

air quality time series data sets. In section 3.2, we present the forecasting results using Exponential 

Smoothing, ARIMA Model, and Kalman Filtering Algorithm. 

 

3.1 Data Exploration and Preprocessing for Exponential Smoothing & 

ARIMA Method 

In this section, we look at the characteristics of the time series data of O3 and PM10 in Los 

Angeles-Long Beach-Anaheim and Bakersfield. We used the decompose function to plot the 

decomposition of additive time series that includes three components: trend, seasonal influence, 

and random error. The reason for using the decomposition function is to check the seasonality in 

the air quality data sets. 

 We adjusted the seasonality in all air quality time series by subtracting the estimated seasonal 

component from the original air quality time series. The seasonal adjustment smooths out the air 
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quality data series, making it easier to see trends and removes the seasonality from air quality data 

sets.  

3.1.1 Los Angeles -Long Beach-Anaheim, CA 

Particulate Matter (PM10) 

We note that the seasonal component for the entire air quality data set of PM10 emission in Los 

Angeles-Long Beach-Anaheim has fluctuation that repeats over time (Figure 3.1). We removed 

the seasonal effect from the entire air quality data set of PM10 Emission in Los Angeles-Long 

Beach-Anaheim (Figure 3.2). 

 

 

 

 

 

Figure 3.1: Decomposition of Additive Time Series Plot of 

PM10 Emission in Los Angeles-Long Beach-Anaheim 
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Ozone  

We took a random sample of size 350 observations out of 3598 in Los Angeles - Long Beach-

Anaheim of Ozone emission data set to check the seasonality using the decomposition function. 

The reason for taking a random sample is when we used the decomposition function in all the air 

quality data set, the plot of the seasonality component was difficult to observe due to the large size 

of observations. 

Since it is a small sample from all the data set of Ozone emission in Los Angeles - Long Beach-

Anaheim, we didn’t find much seasonality (Figure 3.3). We adjusted the seasonality to remove the 

seasonal effect from all the data set of Ozone emission in Los Angeles - Long Beach-Anaheim 

(Figure 3.4).  

   Figure 3.2: The Time Series Plot After removing the seasonality 

effect from PM10 Emission Data in Los Angeles-Long Beach-Anaheim 
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3.1.2 Bakersfield, California 

 

 

Figure 3.3: Decomposition of Additive Time Series Plot of Ozone 

Emission in Los Angeles - Long Beach-Anaheim 

Figure 3.4: The Time Series Plot After removing the seasonality effect 

from Ozone Emission Data in Los Angeles - Long Beach-Anaheim 
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Particulate Matter (PM10) 

We see that the seasonal component gradually changes over time in the decomposition of the 

additive time series plot of PM10 emissions in Bakersfield (Figure 3.5). We removed the seasonal 

effect from the entire data set of PM10 emissions in Bakersfield (Figure 3.6). 

 

                  

 

 

     

 

 

Figure 3.5: Decomposition of Additive Time 

Series Plot of PM10 Emissions in Bakersfield 

 

Figure 3.6: The Time Series Plot After removing the 

seasonality effect from PM10 Emissions Data in 

Bakersfield 
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Ozone  

We took a random sample of 350 observations out of 1678 observations in Ozone Emission 

Bakersfield, data set. We decided to take a random sample because the plot of the seasonality 

component was difficult to notice when we used the decomposition function over the entire data 

set due to the number of observations. 

The seasonal component plot shows the seasonal effect in the random sample of Ozone Emission 

in Bakersfield (Figure3.7). We removed the seasonal factor from all data set of Ozone Emission 

in Bakersfield (Figure 3.8). 

 

 

 

         

 

Figure 3.7: Decomposition of Additive Time Series 

Plot of Ozone Emission in Bakersfield 



24 
 

 

 

       

 

3.2 Univariate Analysis using Forecasting  

In this section, we used three methods of forecasting. The first is Exponential Smoothing, a 

primary technique for forecasting time series data. Second, we used the ARIMA model. Third, 

we used Kalman Filtering Algorithm. All information used to describe the air quality value can 

be found in reference [20]. The unit used to measure the air quality value in all the data sets is 

ug/m3 stands for Micrograms per Cubic Meter of Air. 

3.2.1 Exponential Smoothing  

We used the data sets to forecast the air quality values for the last 28 days (two weeks and four 

weeks) using the Holt-Winters forecasting approach. In Appendix A1-A4, we added the air quality 

forecasting values for all the observations of the data sets where the forecasting values agree well 

with all the observed values of the data sets. 

 

Figure 3.8: The Time Series Plot After removing the 

seasonality effect from Ozone Emission Data in Bakersfield 
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The forecast values for the last two weeks and four weeks in Los Angeles-Long Beach-Anaheim 

based on PM10 emission is approximately 13 ug/m3 SC, which is very satisfactory air quality 

(Figures 3.9, 3.10). The air quality values for the last two and four weeks respectively of O3 

emission in Los Angeles-Long Beach-Anaheim are less than 50 ug/m3 SC, so that represents good 

air quality (Figures 3.11, 3.12). We can see that the air quality values for the last 2 weeks and 4 

weeks of PM10 emission in Bakersfield is less than 20 ug/m3 SC, which means that there is no 

risk from PM10 pollution (Figures 3.13,3.14). The air equality values of O3 emission in 

Bakersfield are greater than 100 ug/m3 SC means that the air equality values are unsatisfactory for 

the last two weeks and four weeks. Sensitive groups who have some health issues may experience 

health effects from the Ozone emission (Figures 3.15,3.16). 

 

 

 

 Figure 3.9: Forecasting Air Quality of PM10 Emission in 

Los Angeles-Long Beach-Anaheim in the last 2 weeks 
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Figure 3.10: Forecasting Air Quality of PM10 Emission in 

Los Angeles-Long Beach-Anaheim in the last 4 week 

 

Figure 3.11: Forecasting Air Quality of O3 Emission in 

Los Angeles-Long Beach-Anaheim in last 2 weeks 
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Figure 3.12: Forecasting Air Quality of O3 Emission in 

Los Angeles-Long Beach-Anaheim in the last 4 weeks 

 

Figure 3.13: Forecasting Air Quality of PM10 

Emission in Bakersfield in the last 2 weeks 
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Figure 3.14: Forecasting Air Quality of PM10 

Emission in Bakersfield in last 4 weeks 

 

Figure 3.15: Forecasting Air Quality of O3 

Emission in Bakersfield in the last 2 weeks 
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3.2.2 ARIMA Model 

We used this method by taking the correlations in the air quality data sets into account to identify 

p and q values for building the ARIMA model. The first and the most significant step in fitting the 

ARIMA model is to specify the order of differentiation required to make the series stationary. The 

second differentiation of all the air quality data sets is more stationary making the series' variance 

constant over time. The plots of the second differentiation and the ACF - PACF plots can find in 

Appendix A5-A16.  

  

 

 

 

Figure 3.16: Forecasting Air Quality of O3 

Emission in Bakersfield in the last 4 weeks 
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Table 3.1: Time series ARIMA models for each pollutant within each city 

 

The air quality values of PM10 emission in Los Angeles-Long Beach-Anaheim for the last two 

weeks and four weeks are around 13 ug/m3 SC indicating that the air quality values are good and 

there is no risk from PM10 emission (Figures 3.17, 3.18). The values of the air quality of O3 

emission in Los Angeles-Long Beach-Anaheim for the last two weeks and four weeks are less than 

50 ug/m3 SC, meaning that the air quality values are good (Figures 3.19, 3.20). Note that the air 

quality values of PM10 emission in Bakersfield are less than 20 ug/m3 SC means that the air 

quality for the last two weeks and four weeks is satisfactory (Figures 3.21, 3.22). The air quality 

values of O3 emission in Bakersfield are between 51 and 100 ug/m3 SC, so the air quality values 

for the last two weeks, and four weeks are acceptable. Some people, particularly those who are 

extremely sensitive to air pollution, may be in danger (Figures 3.23, 3.24). Table 3.2 shows the 

forecasting points for each pollutant for the last two and four weeks in Los Angeles-Long Beach-

Anaheim and Bakersfield, respectively. 

City, State 

 

Pollutant Window Model 

 

Los Angeles-Long 
Beach- Anaheim, CA 

Particulate matter 

(PM10) 

2 Weeks (2,2,1) 

4 Weeks (2,2,1) 

Ozone 2 Weeks (3,2,2) 

4 Weeks (3,2,2) 

Bakersfield, California Particulate matter 

(PM10) 

2 Weeks (1,2,1) 

4 Weeks (1,2,1) 

Ozone 2 Weeks (3,2,2) 

4 Weeks (3,2,2) 
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Figure 3.17: Forecasting Air Quality of PM10 Emission in Los 

Angeles-Long Beach-Anaheim in the last 2 weeks 

 

Figure 3.18: Forecasting Air Quality of PM10 Emission in Los 

Angeles-Long Beach-Anaheim in the last 4 weeks 
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Figure 3.19: Forecasting Air Quality of O3 Emission in 
Los Angeles-Long Beach-Anaheim in the last 2 weeks 

 

Figure 3.20: Forecasting Air Quality of O3 Emission in Los 
Angeles-Long Beach-Anaheim in the last 4 weeks 
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Figure 3.21: Forecasting Air Quality of PM10 

Emission in Bakersfield in the last 2 weeks 

 

Figure 3.22: Forecasting Air Quality of PM10 

Emission in Bakersfield in the last 4 weeks 

 



34 
 

 

 

 

 

           

 

 

 

 

 

 

 

Figure 3.23: Forecasting Air Quality of O3 

Emission in Bakersfield in the last 2 weeks 

Figure 3.24: Forecasting Air Quality of O3 

Emission in Bakersfield in the last 4 weeks 
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Table 3.2: Forecasting Point for Each Pollutant in Each City 

 

City, State 

 

Pollutant Weeks Forecasting 

Point 

Lower 95 High 95 

Los Angeles-
Long Beach- 
Anaheim, CA 

Particulate 

matter 

(PM10) 

1 12.77929 -4.225557 29.78413 

2 13.78173 -6.284693 33.84815 

3 13.42321 -8.026248 34.87266 

4 13.18026 -10.852410 37.21294 

Ozone 1 41.86803 14.81991 68.91615 

2 44.43361 11.33958 77.52765 

3 45.93929 11.19471 80.68387 

4 46.48640 11.10495 81.86786 

Bakersfield, 

California 

Particulate 

matter 

(PM10) 

1 19.41892 -2.213383 41.05122 

2 15.76891 -9.400786 40.93860 

3 17.07010 -13.065219 47.20541 

4 16.34009 -17.393618 50.07379 

Ozone 1 89.98923 57.66660 122.3118 

2 84.08716 44.42770 123.7466 

3 83.26678 41.62543 124.9081 

4 83.82092 41.35262 126.2892 

 

 

3.2.3 Kalman Filter  

Using Kalman Filter, we predicted the air quality values for all the observations in data sets while 

using the ARIMA model, we forecasted the air quality for the last two weeks (14 days) and four 

weeks (28 days). The exposure variable in Kalman Filter is the time in days; the ARIMA model is 

the time in weeks, but we can identify the values of the last two weeks and four weeks in Kalman 
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Filter by taking the final 28 days in air quality data sets. In the forecasting results using Kalman 

Filter, we can see that all the forecasting values (the blue line) followed the original data sets (the 

green dots), and the forecasting values gave a smooth pattern inside the original data sets; this 

means that the error became small. 

The air quality values of PM10 emission in Los Angeles-Long Beach-Anaheim for the last two 

weeks and four weeks are less than 20 ug/m3 SC. There is no risk from the PM10 pollutant, this 

implies that the air quality is good (Figures 3.25, 3.26). The air quality values of O3 emission in 

Los Angeles-Long Beach-Anaheim are acceptable because the air quality values are between 51 

and 100 ug/m3 SC, for the last 2 and 4 weeks. However, some people, particularly those who are 

highly sensitive to air pollution, maybe in danger (Figures 3.27, 3.28). The air quality values of 

PM10 emission in Bakersfield for the last 2 and 4 weeks are less than 20 ug/m3 SC, this means 

that the air quality is good (Figures 3.29, 3.30). The values of the air quality of O3 Emission in 

Bakersfield for the last two and four weeks are 38 and 64 ug/m3 SC respectively. The air quality 

value for the last two weeks is good, and it is acceptable for the last four weeks. However, in the 

last four weeks, some people may be at risk, particularly those who have some health issues 

(Figures 3.31, 3.32). Table 3.3 shows the forecasting points for each pollutant for the last two and 

four weeks in Los Angeles-Long Beach-Anaheim and Bakersfield, respectively.     
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Figure 3.25: Forecasting Air Quality of PM10 Emission in Los 

Angeles-Long Beach-Anaheim When the Future Time is 14 Days 

 

Figure 3.26: Forecasting Air Quality of PM10 Emission in Los 

Angeles-Long Beach-Anaheim When the Future Time is 28 Days 
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Figure 3.27: Forecasting Air Quality of O3 Emission in Los 

Angeles-Long Beach-Anaheim When the Future Time is 14 Days 

 

Figure 3.28: Forecasting Air Quality of O3 Emission in Los 

Angeles-Long Beach-Anaheim When the Future Time is 28 Days 
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Figure 3.29: Forecasting Air Quality of PM10 Emission in 

Bakersfield When the Future Time is 14 Days 

 

Figure 3.30: Forecasting Air Quality of PM10 Emission 

in Bakersfield When the Future Time is 28 Days 
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Figure 3.32: Forecasting Air Quality of O3 Emission in 

Bakersfield When the Future Time is 28 Days 

 

Figure 3.31: Forecasting Air Quality of O3 Emission in 

Bakersfield When the Future Time is 14 Days 
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Table 3.3: Forecasting Point for Each Pollutant in Each City 

 

 

 

3.2.4 Ljung Box Test 

To check if the predicted air quality values had nonzero autocorrelation or not, we used the Ljung 

Box test for each method ARIMA, and Kalman filter Algorithm. We used a small lag between 1 

and 2. Ljung box for the Exponential Smoothing can be found in Appendix Table 3.7. 

 

 

 

 

City, State 

 

Pollutant Forecasting Point 

Week1 Week2 Week3 

 

Week4 

 

Los Angeles-Long 

Beach-Anaheim 

Particulate 

matter (PM10) 15.7746 

 

18.76745 16.85553 

 

13.26146 

 

Ozone 61.53449 51.45629 61.12759 79.8488 

Bakersfield, 

California 

 

Particulate 

matter (PM10) 17.41393 11.69322 11.17439 16.37594 

Ozone 
44.74143 38.44296 60.09418 63.87741 
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Table 3.4: Ljung Box Test for ARIMA Forecasting 

Method City, State Pollutant 

 

Forecasting P-value 

Lag 2 

 

 

 

ARIMA Model 

Los Angeles-

Long Beach- 

Anaheim, CA 

Particulate matter 

(PM10) 

2 weeks 

4 weeks 

0.2108 

Los Angeles-

Long Beach- 

Anaheim, CA 

Ozone 2 weeks 

4 weeks 

0.9999 

Bakersfield, 

California 

Particulate matter 

(PM10) 

2 weeks 

4 weeks 

4.049e-06 

Bakersfield, 

California 

Ozone 2 weeks 

4 weeks 

0.9849 

 

From Table 3.4, we can see that the Particulate Matter in Los Angeles-Long Beach-Anaheim, CA 

for lag 2, Ozone in Los Angeles-Long Beach-Anaheim, CA for lags 2, and Ozone in Bakersfield, 

California for lag 2 all had p-value greater than 0.05. As a result, we failed to reject the null 

hypothesis and conclude that there is very little evidence for non-zero autocorrelations for the 

forecasting values. We can see that the p-value for particulate matter in Bakersfield, California for 

lags 2 is less than 0.05 means that the forecasting values for particulate matter in Bakersfield, 

California are dependent and there are non-zero autocorrelations. The p-values for all pollutants 

for each city in Kalman Filtering Algorithm are < 2.2e-16. Concurrently, this rejects the null 

hypothesis and concludes that there are non-zero autocorrelations for the forecasting values. 

 3.2.5 Check the Residuals of the Normality 

There are certain concerns in the tail area of the q-q plots of ARIMA model forecasting and 

Kalman Filter forecasting. The tail in the right corner did not behave like a normal distribution tail. 
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However, we assumed that the residuals for forecasting results are approximately normal. 

Appendix A17-A24 has the q-q graphs. 

 

   

3.2.6 The mean Square Error (MSE) 

The degree of inaccuracy in statistical models is measured by the mean squared error (MSE). We 

choose the best method based on which has the least MSE. Note that we compared ARIMA and 

Kalman by using the Mean Square Error for the forecasting values in the last two and four weeks 

in the air quality data sets. 

  

Table 3.5: The Mean Square Error of ARIMA and KF for Forecasting PM10 and 

O3 Emissions in Los Angeles-Long Beach-Anaheim, CA in Weeks 

 

 

From Figure 3.33, the comparison of MSE for ARIMA model, which is indicated by the red dots, 

and Kalman Filter which is indicated by the green triangle for forecasting PM10 emission in Los 

Angeles-Long Beach-Anaheim, CA shows that the MSE for Kalman Filter in two weeks is less 

than ARIMA and ARIMA in four weeks is less than Kalman Filter. So, none is better than the 

Methos Los Angeles-Long Beach- Anaheim, 

CA PM10 

Los Angeles-Long Beach- Anaheim, CA 

O3 

W1 W2 W3 W4 W1 W2 W3 W4 

ARIMA 35.2242 56.3097 3.9786 0.0014 279.0036 26.3972 368.7771 348.0635 

KF 29.9583 49.1435 75.0376 27.3622 79.7836 65.3335 670.217 1092.045 
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other. In Figure 3.34, The MSE for forecasting O3 emission in Los Angeles-Long Beach-Anaheim, 

CA implies that the mean square error of ARIMA in both two weeks and four weeks is less than 

the mean square error of Kalman Filter. 

 

  

 

                   

 

 

 

     

 

 

Figure 3.33: The MSE of ARIMA and KF for Forecasting PM10 

Emission in Los Angeles-Long Beach-Anaheim in Weeks 

 

 

Figure 3.34: The MSE of ARIMA and KF for Forecasting O3 

Emission in Los Angeles-Long Beach-Anaheim in Weeks 
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Table 3.6: The Mean Square Error of ARIMA and KF for Forecasting PM10 and 

O3 Emissions in Bakersfield, California 

 

 

We can note that in Figure 3.35 the comparison between the MSE for forecasting PM10 emission 

in Bakersfield, California in two weeks and four weeks, ARIMA which is indicated by the red dots 

is better than Kalman Filter, indicated by the green triangle because ARIMA has less MSE. In 

Figure 3.36, The MSE for forecasting O3 emission in Bakersfield, California shows that no method 

is better than the other because the MSE for ARIMA is less than Kalman Filter in four weeks and 

the MSE for Kalman Filter is less than ARIMA in two weeks. 

 

 

  

 

Methos 

 

Bakersfield, California PM10 

 

Bakersfield, California O3 

W1 W2 W3 W4 W1 W2 W3 W4 

ARIMA 8.108

2 

25.5

492 

18.9731 0.6444 1960.27 2124.026 464.5098 501.4173 

KF 24.49

04 

111.

9524 

53.3456 149.076

9 

39.9066 36.5074 721.5175 701.9544 

Figure 3.35: The MSE of ARIMA and KF for Forecasting PM10 

Emission in Bakersfield in Weeks 
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In Chapter 4, we discuss our findings and conclude a summary of the research 

 

 

Chapter 4 

 

4.1 Discussion 

In this thesis project, we accomplished two research objectives. First, we used two-time series 

approaches, the Autoregressive Integrated Moving Average (ARIMA) model and the Kalman 

Filter algorithm to forecast the impact of Particulate matter (PM10) and Ozone (O3) on air quality 

in Los Angeles -Long Beach-Anaheim (LA-LB-A) and Bakersfield in California. Next, we 

compared the outcomes of both methods to determine how effective they were in forecasting future 

time series values. The purpose of this comparison is that the ARIMA model is one of the most 

Figure 3.36: The MSE of ARIMA and KF for Forecasting O3 

Emission in Bakersfield in Weeks 
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popular approaches for forecasting, but the Kalman Filter method is more commonly used to 

reduce noise in data sets. As a result, the goal of this study was to determine which approach was 

the most accurate in predicting air quality based on the Mean Square Error (MSE). The data used 

was taken from the Environmental Protection Agency, and it was gathered from air quality 

monitors for each city in 2021. 

 

To achieve our first objective, we have predicted the quality of air in the final two and four weeks 

of the air quality data sets for each pollutant in each city. Before applying the ARIMA model, we 

explored the Exponential Smoothing because it is one of the fundamental methods for forecasting. 

The Exponential Smoothing predicting results were approximately close to results from the 

ARIMA method. Air quality values in Los Angeles-Long Beach-Anaheim (LA-LB-A) were good 

in the last two and four weeks, according to predictions based on PM10 and O3 emissions. Whereas 

for Bakersfield, predicting air quality values of PM10 emission were good for the final two and 

four weeks, and the predicting air quality values for the last two and four weeks of O3 emission 

were acceptable using the ARIMA method and unsatisfactory using Exponential Smoothing. 

Regardless of this distinction, both techniques agree that some people who suffer from sensitivity 

to air pollutants may be in danger. Our research found that for the last two and four weeks, using 

the Kalman Filter to predict the air quality values of PM10 emission in Los Angeles-Long Beach-

Anaheim (LA-LB-A) and Bakersfield, the predicting air quality values were good, and matched 

with the results from the ARIMA model. Predicting the air quality values for the last two and four 

weeks of O3 emission in Los Angeles-Long Beach-Anaheim (LA-LB-A) were acceptable, but it 

was good by using the ARIMA model. The forecasting air quality value of O3 emission in 

Bakersfield was good for the last two weeks, although it was acceptable in the ARIMA method. 
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The predicting air quality values for the last four weeks in Kalman Filter and ARIMA model were 

similar which the air quality values were acceptable. We noticed that the forecasting air quality 

value for the last two weeks is roughly similar to the forecasting air quality value for the last four 

weeks for all methods (Exponential Smoothing -ARIMA model and Kalman Filter) except the 

forecasting air quality value of O3 emission in Bakersfield by using the Kalman Filter method, 

which was good for the last two weeks but acceptable for the last four weeks. This means that in 

the last four weeks, there is more Ozone (O3) gas in the air than in the previous two weeks. 

 

The next objective is to compare the Autoregressive Integrated Moving Average (ARIMA) model 

and the Kalman Filter algorithm to investigate which method can better predict the air quality of 

PM10 and O3 emissions in Los Angeles, Long Beach, Anaheim (LA-LB-A), and Bakersfield. 

Overall, the research findings suggest that there is no substantial difference in air quality prediction 

between the ARIMA model and the Kalman Filter. Also, most of the time ARIMA model 

performed better in terms of accuracy in forecasting because it has the Least Mean Square Error 

(MSE) for predicting the air quality of PM10 in Los Angeles, Long Beach, Anaheim (LA-LB-A) 

for the last 4 weeks and O3 for the last two and four weeks. Also, the ARIMA model performed 

better for predicting the air quality value of PM10 in Bakersfield for the last two and four weeks 

and O3 for the last 4 weeks. But we cannot say that the ARIMA model is better than Kalman Filter 

at all because in some scenarios Kalman Filter performed better in predicting the air quality values 

of PM10 in Long Beach, Anaheim (LA-LB-A) for the last 2 weeks and O3 in Bakersfield for the 

last 2 weeks, the MSE for Kalman Filter was less than MSE for ARIMA model. We noticed that 

when both ARIMA and Kalman Filter were applied, ARIMA provided one forecasting value for 

each week (2 and 4 weeks), but Kalman Filter provided all forecasting values for all air quality 
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data. So, in the ARIMA model, we directly got the Mean Square Error for predicting 2 and 4 

weeks. In the Kalman Filter, we used the last 28 days of predicted values, and we found the Mean 

Square Error for each day in the predicting week. Then, to obtain the Mean Square Error for the 

last two and four weeks, we calculated the average of all the Mean Square Errors for week 2 and 

week 4. So, in ARIMA, we didn't observe the variability in forecasting air quality values because 

we only had one forecasting value, however with Kalman Filter, we could see all the anticipated 

air quality values. This is not a drawback in ARIMA or Kalman Filter, but this is how ARIMA 

and the Kalman Filter work to predict the air quality values. In the Kalman filter, we didn’t need 

to remove the seasonality or make the air quality data stationary as we did with the ARIMA model. 

The last point is that before we started our analysis, we checked that all the air quality data sets 

had extreme values, but we decided to keep these values in our analysis because we didn't have 

enough evidence to remove them. Another approach to address these outliers would be to consider 

the transformation of air quality data sets. We can transform the air quality data sets by using log 

transformation or the square root transformation. After that, we fit the Autoregressive Integrated 

Moving Average (ARIMA) model and apply Kalman Filter Algorithm on the transformed air 

quality data sets. By applying inverse transformation, we can interpret the forecasted results from 

the model. 

 

4.2 Limitations 

One of the study's major drawbacks is many outliers found in all the air quality data sets. We didn't 

know how the data was collected, so we couldn't tell if these were actual outliers or not. We didn’t 

know what caused the outliers and whether they might happen again as a normal part of the 

research region to see if we should remove them or keep them. 
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4.3 Recommendations 

For forecasting air quality data, the Autoregressive Integrated Moving Average (ARIMA) model 

and Kalman Filter Algorithm provided rather similar results. We believe that the ARIMA model 

should be used because it is easier to understand and is used widely in practice. 

 

4.4 Conclusion 

To conclude our findings, we forecasted air quality values by three-time series methods: 

Exponential Smoothing, ARIMA and Kalman Filter and the results were similar in some situations 

and were slightly different in others. Moreover, when comparing the outcomes based on the Mean 

Square Error (MSE) of Autoregressive Integrated Moving average (ARIMA) model and the 

Kalman filter algorithm as adaptive filtering in terms of forecasting how PM10 and Ozone affected 

the cities of Los Angeles, Long Beach, and Anaheim (LA-LB-A) and Bakersfield in California, it 

was found that ARIMA model performed better than Kalman Filter in most cases. However, 

Kalman Filter performed better than the ARIMA model in two cases, which is predicting the 

impact of PM10 in Los Angeles, Long Beach, and Anaheim (LA-LB-A) for the last two weeks 

and predicting the impact of Ozone in Bakersfield for the last two weeks. Since the Autoregressive 

Integrated Moving Average (ARIMA) model and Kalman Filter Algorithm provide somewhat 

similar results, we recommend that ARIMA model should be used for forecasting air quality data 

because it is easier to understand and is applied widely in practice. 
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Appendix 

 The Winters' Plots for All the Data 

The forecasting values agree well with the observed values for all air quality data sets. 

Los Angeles-Long Beach-Anaheim, CA 

 

Figure A1: Holt-Winters Filtering plot PM10 in Los Angeles-Long Beach-Anaheim, CA 

 

Figure A2: Holt-Winters Filtering plot O3 in Los Angeles-Long Beach-Anaheim, CA 

 

 

Bakersfield, California 
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                          Figure A3: Holt-Winters Filtering plot PM10 in Bakersfield, California 

 

  

 

 

                              Figure A4: Holt-Winters Filtering plot O3 in Bakersfield, California  

 

 

 

 

Differentiation Plots 
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       Figure A5: Second Difference of PM10 in Los Angeles-Long Beach-Anaheim, CA 

   

          Figure A6: Second Difference of O3 in Los Angeles-Long Beach-Anaheim, CA 

 

                     Figure A7: Second Difference of PM10 in in Bakersfield, California  
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                            Figure A8: Second Difference of O3 in in Bakersfield, California  

 

 

ACF & PACF Plots 

To select the optimal ARIMA model for each pollutant inside each city, we examine the following 

ACF and PACF. Table 3.1 shows the values of p and q based on the following plots. 

 

Los Angeles-Long Beach-Anaheim, CA (PM10)      

 

 

Figure A9: ACF plot of PM10 Emission in Los Angeles-Long Beach-Anaheim, CA 
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        Figure A10: PACF plot of PM10 Emission in Los Angeles-Long Beach-Anaheim, CA 

 

 

Los Angeles-Long Beach-Anaheim, CA(O3) 

   

        Figure A11: ACF plot of O3 Emission in Los Angeles-Long Beach-Anaheim, CA 

 

 



56 
 

 

           Figure A12: PACF plot of O3 Emission in Los Angeles-Long Beach-Anaheim, CA 

Bakersfield, California (PM10) 

 

                          Figure A13: ACF plot of PM10 Emission in Bakersfield, California 

 

                          Figure A14: PACF plot of PM10 Emission in Bakersfield, California  



57 
 

Bakersfield, California (O3) 

 

 

                                Figure A15: ACF plot of O3 Emission in Bakersfield, California 

 

 

                        Figure A16: PACF plot of O3 Emission in Bakersfield, California 

 

       Table3.7 Ljung Box Test for Exponential Smoothing Outcomes 

City, State Pollutant 

 

Window P-value 

Lag 2 

Los Angeles-Long Beach- 

Anaheim, CA 

Particulate 

matter 

(PM10) 

2 weeks 

4 weeks 

0.002108 
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Los Angeles-Long Beach- 

Anaheim, CA 

Ozone 2 weeks 

4 weeks 

0.002108 

Bakersfield, California Particulate 

matter 

(PM10) 

2 weeks 

4 weeks 

0.002108 

Bakersfield, California Ozone 2 weeks 

4 weeks 

0.002108 

  

Q-Q plots for the Forecasting Values 

ARIMA Model 

   

 

 

 

 

 

 

 

Figure A17: The Normal Q-Q Plot of PM10 Forecasting in Los Angeles-Long Beach-Anaheim, 
CA in the Last 2 and 4 Weeks 

 

 

       

 

 

 

 

 

 

Figure A18: The Normal Q-Q plot of O3 Forecasting in Los Angeles-Long Beach-Anaheim, CA 
in the Last 2 and 4 Weeks 
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Figure A19: The Normal Q-Q plot of PM10 Forecasting in Bakersfield, California in the Last 2 

and 4 Weeks 

 

 

 

 

 

      

 

  

 

 

Figure A20: The Normal Q-Q plot of O3 Forecasting in Bakersfield, California in the Last 2 and 

4 Weeks 

 

 

 

Kalman Filtering algorithm 
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Figure A21: The Normal Q-Q Plot of PM10 Forecasting in Los Angeles-Long Beach-Anaheim, 
CA in the Last 2 and 4 Weeks 

 

 

 

 

Figure A22: The Normal Q-Q plot of O3 Forecasting in Los Angeles-Long Beach-Anaheim, CA 
In the Last 2 and 4 Weeks 
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Figure A23: The Normal Q-Q plot of PM10 Forecasting in Bakersfield, California in the Last 2 

and 4 Weeks 

 

 

 

 

Figure A24: The Normal Q-Q plot of O3 Forecasting in Bakersfield, California in the Last 2 and 

4 Weeks 

R codes 

 

Objective 1 

 

Fitting the Air Quality Data Sets 

We forecasted air quality values in each city using ARIMA and Kalman Filter. We used the entire 

data set to predict the last two weeks (14 days) and four weeks (28 days). 
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ARIMA Model Forecasting 

 Forecasting PM10 Emission in Los Angeles-Long Beach-Anaheim, CA 

library(tidyverse) 

library (forecast) 

library(readr) 

laPM10<- read_csv ("D:/my thesis/ad_viz_plotval_data (4).csv PM10 los Angeles.csv") 

y<- as.double(laPM10$DAILY_AQI_VALUE) 

# Change to time series data to weekly time series 

aqi <- ts(laPM10$DAILY_AQI_VALUE, frequency = 7)  

plot.ts(aqi) 

## Seasonal Test 

daily <- decompose(aqi) 

plot(daily) 

newaqi <- aqi - daily$seasonal 

plot(newaqi) 

## 14-Day window (2 weeks) 

## Forecast with Exponential Smoothing 

We use Holt Winters () function to make exponential smoothing predictive models. 

m <- HoltWinters(newaqi, gamma = FALSE) 

m 

## Forecast Plot 

plot(m) 

## Prediction 

We will predict the future 14 days (2 weeks) observations based on the holt Winters model and 

plot them on the original trend. 

m2 <- forecast:::forecast.HoltWinters(m, h=2) 

forecast:::plot.forecast(m2) 

## Correlation Check 

Box.test(m2$residuals, lag=2, type="Ljung-Box") 

## ARIMA Model 

## Differencing == 1 

## Differencing == 2 

aqidiff1 <- diff(aqi, differences = 1) 

plot.ts(aqidiff1) 

aqidiff2 <- diff(aqi, differences = 2) 

plot.ts(aqidiff2) 

## ARIMA Model Selection 

### Correlogram and Partial Correlogram 

acf(aqidiff2, lag.max = 20, main = "ACF") 

pacf(aqidiff2, lag.max = 20, main = "PACF") 

## Forecasting with ARIMA(2,2,1) 

#Forecasting with the future 14 days(2 weeks) of AIQ. 

fore <- arima(aqi, order = c(2,2,1)) 

fore 

f <- forecast:::forecast.Arima(fore, h=2) 
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f 

plot(f) 

## Corr Test 

acf(f$residuals, lag.max = 2) 

pacf(f$residuals, lag.max = 2) 

Box.test(f$residuals, lag = 2, type = "Ljung-Box") 

## Check the residuals for normality: 

qqnorm(f$residuals) 

## 28-Day window (4 weeks) 

## Forecast with Exponential Smoothing 

## Prediction 

We will predict the future 4 weeks observations based on the holt Winters model and plot them on 

the original trend. 

m2 <- forecast:::forecast.HoltWinters(m, h=4) 

forecast:::plot.forecast(m2) 

## Correlation Check 

Box.test(m2$residuals, lag=2, type="Ljung-Box") 

## ARIMA Model 

## Differencing == 1 

## Differencing == 2 

aqidiff1 <- diff(aqi, differences = 1) 

plot.ts(aqidiff1) 

aqidiff2 <- diff(aqi, differences = 2) 

plot.ts(aqidiff2) 

## ARIMA Model Selection 

### Correlogram and Partial Correlogram 

acf(aqidiff2, lag.max = 20, main = "ACF") 

pacf(aqidiff2, lag.max = 20, main = "PACF") 

## Forecasting with ARIMA(2,2,1) 

We will forecast with the future 28 days of AQI (4 weeks) 

fore <- arima(aqi, order = c(2,2,1)) 

fore 

f <- forecast:::forecast.Arima(fore, h=4) 

f 

plot(f) 

## Corr Test 

acf(f$residuals, lag.max = 2) 

pacf(f$residuals, lag.max = 2) 

Box.test(f$residuals, lag = 2, type = "Ljung-Box") 

## Check the residuals for normality: 

qqnorm(f$residuals) 

Kalman Filter  

Forecasting PM10 Emission in Los Angeles-Long Beach-Anaheim, CA 

library(FKF) 

library(dlm) 

library(readr) 
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laPM10<- read_csv("D:/my thesis/ad_viz_plotval_data (4).csv PM10 los Angeles.csv") 

y<- as.double(laPM10$DAILY_AQI_VALUE) 

# Set constant parameters: 

ct <- matrix(0) #starting value of observation equation  

dt <- matrix(0) #starting value of transition equaion intercept 

Tt <- matrix(1) #starting value of multiple in transition equation 

Zt <- matrix(1) #starting values of multiple in observation equation 

a0 <- as.double(laPM10$DAILY_AQI_VALUE[1]) #state value-Estimation of the first year 

P0 <- matrix(100) # Variance of a0 

Forecasting with the future 14 days (2 weeks) of AIQ 

#Set how far in the future to project 

futureTime <- 14 

#produce the forecast by: 

#1) fit the model with pre-forecast, observed data 

#2) estimate each step forward, using forecast at each step n to predict step n+1 

fkfNStepsForward <- function(data,steps,varStart=var(data)) 

{ 

  fit.fkf <- optim(c(HHt = varStart/2, 

                     GGt = varStart/2, 

                     dt = dt, ct = ct,Zt = Zt, Tt = Tt), 

                   fn = function(par, ...) 

                     -fkf(HHt = matrix(par[1]), GGt = matrix(par[2]), a0 = data[1], P0 = 

as.matrix(varStart),  

                          dt = dt, ct = ct, Zt = Zt, Tt = Tt,...)$logLik,  

                   yt = rbind(data),method="BFGS") 

   

  for (i in 1:steps) 

  { 

    preds <- fkf(HHt = as.matrix(fit.fkf$par[1]), 

                 GGt = as.matrix(fit.fkf$par[2]), 

                 a0 = data[1], 

                 P0 = as.matrix(varStart), 

                 dt = fit.fkf$par[3], 

                 ct = fit.fkf$par[4], 

                 Zt = as.matrix(fit.fkf$par[5]), 

                 Tt = as.matrix(fit.fkf$par[6]), 

                 yt = rbind(as.double(data)))$at 

    data <- c(data,preds[length(preds)]) 

  } 

  data[length(data)] 

  newY <- numeric(length(y)) #set variable to contained series with forecast 

  startMax <- max(20,futureTime)  

  newY[1:startMax] <- y[1:startMax] 

  for(j in startMax:(length(newY))) 

  { 

    newY[j] <- fkfNStepsForward(y[1:(j-1)],futureTime) 
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  } 

  plot(newY) 

  #Plot as above, but for forecast values 

  plot(newY) 

  plot(y, main = "Air Quality", col = "green") 

  lines(newY, col = "blue") 

  lines(ts(newY, start = start(newY), frequency = frequency(newY)), col = "blue") 

  #do Box test 

  Box.test(newY,lag=2) 

  ## Check the residuals for normality: 

  qqnorm(newY) 

  # 28-Day, 4 weeks 

  #Set how far in the future to project 

  futureTime <- 28 

  fkfNStepsForward <- function(data,steps,varStart=var(data)) 

  { 

    fit.fkf <- optim(c(HHt = varStart/2, 

                       GGt = varStart/2, 

                       dt = dt, ct = ct,Zt = Zt, Tt = Tt), 

                     fn = function(par, ...) 

                       -fkf(HHt = matrix(par[1]), GGt = matrix(par[2]), a0 = data[1], P0 = 

as.matrix(varStart),  

                            dt = dt, ct = ct, Zt = Zt, Tt = Tt,...)$logLik,  

                     yt = rbind(data),method="BFGS") 

     

    for (i in 1:steps) 

    { 

      preds <- fkf(HHt = as.matrix(fit.fkf$par[1]), 

                   GGt = as.matrix(fit.fkf$par[2]), 

                   a0 = data[1], 

                   P0 = as.matrix(varStart), 

                   dt = fit.fkf$par[3], 

                   ct = fit.fkf$par[4], 

                   Zt = as.matrix(fit.fkf$par[5]), 

                   Tt = as.matrix(fit.fkf$par[6]), 

                   yt = rbind(as.double(data)))$at 

      data <- c(data,preds[length(preds)]) 

    } 

    data[length(data)]  

  } 

  newY <- numeric(length(y)) #set variable to contained series with forecast 

  startMax <- max(20,futureTime) #calculate how many first cases to require as real data  

  newY[1:startMax] <- y[1:startMax] 

  for(j in startMax:(length(newY))) 

  { 

    newY[j] <- fkfNStepsForward(y[1:(j-1)],futureTime) 
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  } 

  plot(newY) 

  #Plot as above, but for forecast values 

  plot(newY) 

  plot(y, main = "Air Quality", col = "green") 

  lines(newY, col = "blue") 

  lines(ts(newY, start = start(newY), frequency = frequency(newY)), col = "blue" 

 # Box test 

 Box.test(newY,lag=2)  

 ## Check the residuals for normality: 

 qqnorm(newY) 

Objective 2 

We found the Mean Square Error for each pollutant in each city, and we used it to compare the 

ARIMA model and Kalman Filter. 

The MSE of Forecasting values for PM10 Emissions in Los Angeles-Long Beach-Anaheim, 

CA 

#ARIMA Model(PM10) 

#mean squared error for week1 and week2 

Week1 

x<-c(22, 18 ,10, 16 ,19 ,22, 24) 

result.mean<-mean(x) 

print(result.mean) 

(18.71429-12.77929)^2 

Week2 

x<-c(15,15,19,18,21,24,37) 

result.mean<-mean(x) 

print(result.mean) 

( 21.28571-13.78173)^2 

Week3 

x<-c(19,10,7,5,9,14,16) 

result.mean<-mean(x) 

print(result.mean) 

(11.42857-13.42321)^2 

Week4 

x<-c(15,18,15,3,12,16,13) 

result.mean<-mean(x) 

print(result.mean) 

(13.14286-13.18026)^2 

#Kalman Filter(PM10) 

#mean squared error 

Week1 

y 

22,18,10,16,19,22,24 

Newy 

13.216706 ,16.219145 ,16.834165, 14.501869, 15.008686 ,16.360736 ,18.280895 
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(22-13.216706)^2 

(18-16.219145)^2 

(10-16.834165)^2 

(16-14.501869)^2 

(19-15.008686)^2 

(22-16.360736)^2 

(24-18.280895)^2 

x<-c(77.14625 ,3.171445 ,46.70581 ,2.244396 ,15.93059 ,31.8013 ,32.70816) 

result.mean<-mean(x) 

print(result.mean) 

Week2 

y 

15,15,19,18,21,24,37 

Newy 

20.246315 ,18.448208 ,17.278212 ,17.862094 ,17.908844 ,18.956991 ,20.671499 

(15- 20.246315)^2 

(15-18.448208)^2 

(19-17.278212)^2 

(18-17.862094)^2 

(21-17.908844)^2 

(24-18.956991)^2 

(37-20.671499)^2 

x<-c(27.52382,11.89014,2.964554, 0.01901806,9.555245,25.43194, 266.6199 ) 

result.mean<-mean(x) 

print(result.mean) 

Week3 

y 

19, 10,7,5,9,14,16 

Newy 

26.307980 23.757428 19.131625 14.991427 11.450943 10.569488 11.779853 

(19-26.307980)^2 

(10-23.757428)^2 

(7-19.131625)^2 

(5-14.991427)^2 

(9-11.450943)^2 

(14-10.569488)^2 

(16-11.779853)^2 

x<-c(53.40657,189.2668,147.1763, 99.82861, 6.007122, 11.76841,17.80964 ) 

result.mean<-mean(x) 

print(result.mean) 

Week4 

y 

15,18,15,3,12,16,13 

Newy 

13.240732 13.847104 15.279130 15.182832 10.997372 11.343245 12.939804 

(15-13.240732)^2 
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(18-13.847104)^2 

(15-15.279130)^2 

(3-15.182832)^2 

(12-10.997372)^2 

(16-11.343245)^2 

(13-12.939804)^2 

x<-c(3.095024,17.24655, 0.07791356, 148.4214, 1.005263, 21.68537, 0.003623558 ) 

result.mean<-mean(x) 

print(result.mean) 

# The MSE plot of LA ARIMA and KF (PM10)  

Week<- c("1", "2", "3","4") 

AR<- c(35.2242,56.3097,3.9786,0.0014) 

KF<- c(29.9583,49.1435,75.0376,27.3622) 

df <- data.frame(Week,AR, KF) 

print (df) 

x <- df$Week 

ARIMA <- df$AR 

KF<-df$KF 

par(mar = c(5, 4, 4, 4) + 0.3)                         # Additional space for second y-axis 

plot(x, ARIMA, pch = 16, col = 2)                 # Create first plot 

par(new = TRUE)                                           # Add new plot 

plot(x, KF, pch = 17, col = 3,                          # Create second plot without axes 

     axes = FALSE, xlab = "Week", ylab = "ARIMA") 

axis(side = 4, at = pretty(range(KF)))             # Add second axis 

mtext("KF", side = 4, line = 3) 

The MSE of Forecasting values for O3 Emissions in Los Angeles-Long Beach-Anaheim, CA 

ARIMA (O3) 

#mean squared error  

Week1 

x<-c(64,58,50,67,58,64,49) 

result.mean<-mean(x) 

print(result.mean) 

( 58.57143-41.86803)^2 

Week2 

x<-c(44,46,58,61,50,43,45) 

result.mean<-mean(x) 

print(result.mean) 

(49.57143-44.43361)^2 

Week3 

x<-c(46,74,80,47,58,100,51) 

result.mean<-mean(x) 

print(result.mean) 

(65.14286-45.93929)^2 

Week4 

x<-c(46,74,80,47,58,100,51) 

result.mean<-mean(x) 
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print(result.mean) 

(65.14286-46.48640)^2 

# Kalman Filter (O3) 

Week1 

y 

64,58,50,67,58,64,49 

NewY 

66.99930 65.11214  60.63780  53.94481  62.15824  59.54214  62.34700   

(64-66.99930)^2 

(58-65.11214)^2 

(50-60.63780)^2 

(67-53.94481)^2 

(58-62.15824 )^2 

(64-59.54214 )^2 

(49-62.34700  )^2 

x<-c(8.9958,50.58254,113.1628,170.438,17.29096,19.87252,178.1424 ) 

result.mean<-mean(x) 

print(result.mean) 

Week2 

Y 

44,46,58,61,50,43,45 

NweY 

53.94878 47.68777  46.62530  53.78410  58.32612  53.08537  46.73656   

(44-53.94878)^2 

(46-47.68777)^2 

(58-46.62530)^2 

(61-53.78410)^2 

(50-58.32612 )^2 

(43-53.08537 )^2 

(45-46.73656  )^2 

x<-c(98.97822,2.848568,129.3838, 52.06921, 69.32427,101.7147,3.015641) 

result.mean<-mean(x) 

print(result.mean) 

Week3 

Y 

46,74,80,47,58,100,51 

NewY 

45.64308 45.86769  63.57900  73.92000  56.97177  57.61884  84.29278 

(46-45.64308)^2 

(74-45.86769)^2 

(80-63.57900)^2 

(47-73.92000)^2 

(58-56.97177 )^2 

(100-57.61884 )^2 

(51-84.29278  )^2 

x<-c( 0.1273919,791.4269, 269.6492,724.6864,1.057257,1796.163,1108.409) 
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result.mean<-mean(x) 

print(result.mean) 

Week4 

Y 

54,64,90,140,90,67,45 

NewY 

63.34500  57.46517  61.57648  79.45775 117.54355 100.21693  79.33670 

(54-63.34500)^2 

(64-57.46517)^2 

(90-61.57648)^2 

(140-79.45775)^2 

(90-117.54355 )^2 

(67-100.21693 )^2 

(45-79.33670  )^2 

x<-c(87.32902,42.704,807.8965, 3665.364,758.6471,1103.364,1179.009) 

result.mean<-mean(x) 

print(result.mean) 

# The MSE plot of LA ARIMA and KF (O3) 

Week<- c("1", "2", "3","4") 

AR<- c(279.0036,26.3972,368.7771,348.0635) 

KF<- c(79.7836,65.3335,670.217,1092.045) 

df <- data.frame(Week,AR, KF) 

print (df) 

x <- df$Week 

ARIMA <- df$AR 

KF<-df$KF 

par(mar = c(5, 4, 4, 4) + 0.3)                 # Additional space for second y-axis 

plot(x, ARIMA, pch = 16, col = 2)        # Create first plot 

par(new = TRUE)                                   # Add new plot 

plot(x, KF, pch = 17, col = 3,                 # Create second plot without axes 

     axes = FALSE, xlab = "Week", ylab = "ARIMA") 

axis(side = 4, at = pretty(range(KF)))      # Add second axis 

mtext("KF", side = 4, line = 3) 

The MSE of Forecasting values for PM10 Emission in Bakersfield, California 

#ARIMA (PM10) 

#mean squared error  

Week1 

x<-c(20,17,21,19,17,16,6) 

result.mean<-mean(x) 

print(result.mean) 

(16.57143-19.41892)^2 

Week2 

x<-c(3,4,9,15,31,6,7) 

result.mean<-mean(x) 

print(result.mean) 

(10.71429-15.76891)^2 
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Week3 

x<-c(9,6,13,11,9,28,13) 

result.mean<-mean(x) 

print(result.mean) 

(12.71429-17.07010)^2 

Week4 

x<-c(35,9,11,10,12,32,11) 

result.mean<-mean(x) 

print(result.mean) 

(17.14286-16.34009)^2 

# Kalman Filter (PM10) 

#mean squared error 

 

Week1 

y 

20,17,21,19,17,16,6 

Nwey 

15.63955296 17.02724391 17.01857066 18.28352755 18.51155942 18.03088965 17.38614217  

(20-15.63955296)^2 

(17-17.02724391)^2 

(21-17.01857066)^2 

(19-18.28352755)^2 

(17-18.51155942)^2 

(16-18.03088965)^2 

x<-c(19.0135,0.0007422306,15.85178,0.5133328,2.284812,4.124513,129.6442 ) 

result.mean<-mean(x) 

print(result.mean) 

Week2 

y 

3,4,9,15,31,6,7 

Newy 

13.76436278 10.23476956  8.12091724 

8.41837158 10.58185626 17.18073977 13.55155592 

(6-17.38614217 )^2 

(3-13.76436278)^2 

(4-10.23476956)^2 

(9-8.12091724)^2 

(15-8.41837158)^2 

(31-10.58185626)^2 

(6-17.18073977)^2 

(7-13.55155592 )^2 

x<-c(115.8715,38.87235, 0.7727865,43.31783, 416.9006,125.0089,42.92288 ) 

result.mean<-mean(x) 

print(result.mean) 

Week3 

y 
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9,6,13,11,9,28,13 

Nwey 

11.49613803 10.71008843 

9.21280569 10.41517642 10.59884539 10.09686925 15.69078909  

(9-11.49613803)^2 

(6-10.71008843)^2 

(13- 9.21280569 )^2 

(11-10.41517642)^2 

(9-10.59884539)^2 

(28-10.09686925 )^2 

(13-15.69078909 )^2 

x<-c(6.230705,22.18493,14.34284,0.3420186, 2.556307,320.5221, 7.240346 ) 

result.mean<-mean(x) 

print(result.mean) 

Week4 

Y 

35,9,11,10,12,32,11 

Nwey 

14.84255918 

21.27512600 17.30864307 15.38473789 13.74762771 13.21375468 18.85909953 

35-14.84255918)^2 

(9-21.27512600)^2 

(11-17.30864307)^2 

(10-15.38473789)^2 

(12-13.74762771)^2 

(32-13.21375468)^2 

(11-18.85909953)^2 

x<-c( 406.3224,150.6787,39.79898,28.9954,3.054203, 352.923,61.76545 ) 

result.mean<-mean(x) 

print(result.mean) 

#Plot MSE for ARIMA and KF for PM10 

Week<- c("1", "2", "3","4") 

AR<- c(8.1082,25.5492,18.9731,0.6444) 

KF<- c(24.4904,111.9524,53.3456,149.0769) 

df <- data.frame(Week,AR, KF) 

x <- df$Week 

ARIMA <- df$AR 

KF<-df$KF 

par(mar = c(5, 4, 4, 4) + 0.3)                      # Additional space for second y-axis 

plot(x, ARIMA, pch = 16, col = 2)             # Create first plot 

par(new = TRUE)                                        # Add new plot 

plot(x, KF, pch = 17, col = 3,                     # Create second plot without axes 

     axes = FALSE, xlab = "Week", ylab = "ARIMA") 

axis(side = 4, at = pretty(range(KF)))         # Add second axis 

mtext("KF", side = 4, line = 3)  

print (df) 
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The MSE of Forecasting values for O3 Emission in Bakersfield, California 

# ARIMA (O3) 

#mean squared error  

Week1  

x<-c(50,51,44,48,44,44,39) 

result.mean<-mean(x) 

print(result.mean) 

(45.71429-89.98923)^2 

Week2 

x<-c(32,31,38,39,47,42,37) 

result.mean<-mean(x) 

print(result.mean) 

(38-84.08716)^2 

Week3 

x<-c(36,44,97,90,80,47,38) 

result.mean<-mean(x) 

print(result.mean) 

(61.71429-83.26678)^2 

Week4 

x<-c(35,37,71,84,11,80,112) 

result.mean<-mean(x) 

print(result.mean) 

(61.42857-83.82092)^2 

# Kalman Filter (O3) 

Week1 

Y 

50,51,44,48,44,44,39 

NewY 

36.76433 45.05859  48.78228  45.78521  47.17335  45.18433  44.44193 

(50-36.76433)^2 

(51-45.05859)^2 

(44-48.78228)^2 

(48- 45.78521)^2 

(44-47.17335)^2 

(44-45.18433 )^2 

(39- 44.44193)^2 

x<-c(175.183,35.30035, 22.8702,4.905295, 10.07015,1.402638,29.6146) 

result.mean<-mean(x) 

print(result.mean) 

Week2 

Y 

32,31,38,39,47,42,37 

Newy 

41.03057 35.36934  32.63001  35.99660  37.87968  43.59828  42.59621 

(32-41.03057)^2 
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(31-35.36934)^2 

(38-32.63001)^2 

(39-35.99660)^2 

(47- 37.87968)^2 

(42- 43.59828)^2 

(37-42.59621)^2 

x<-c(81.55119,19.09113,28.83679,9.020412,83.18024,2.554499,31.31757) 

result.mean<-mean(x) 

print(result.mean) 

Week3 

Y 

36,44,97,90,80,47,38 

NewY 

39.08701 37.15108  41.44621  76.28197  84.88611  81.82186  59.98502  

(36-39.08701)^2 

(44-37.15108)^2 

(97- 41.44621)^2 

(90-76.28197)^2 

(80-84.88611 )^2 

(47-81.82186)^2 

(38- 59.98502 )^2 

x<-c(9.529631,46.90771,3086.224,188.1843,23.87407,1212.562,483.3411) 

result.mean<-mean(x) 

print(result.mean) 

Week4 

Y 

35,37,71,84,119,80,112 

NewY 

46.19530 39.17228  37.80933  58.62831  74.54475 102.43164  88.36029 

(35-46.19530)^2 

(37-39.17228)^2 

(71-37.80933)^2 

(84- 58.62831)^2 

(119-74.54475)^2 

(80-102.43164)^2 

(112-88.36029)^2 

x<-c(125.3347,4.7188,1101.621,643.7227,1976.269,503.1785,558.8359) 

result.mean<-mean(x) 

print(result.mean) 

# The MSE plot of BA ARIMA and KF (O3) 

Week<- c("1", "2", "3","4") 

AR<- c(1960.27,2124.026,464.5098,501.4173) 

KF<- c(39.9066,36.5074,721.5175,701.9544) 

df <- data.frame(Week,AR, KF) 

print (df) 

x <- df$Week 
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ARIMA <- df$AR 

KF<-df$KF 

par(mar = c(5, 4, 4, 4) + 0.3)                       # Additional space for second y-axis 

plot(x, ARIMA, pch = 16, col = 2)              # Create first plot 

par(new = TRUE)                                       # Add new plot 

plot(x, KF, pch = 17, col = 3,                     # Create second plot without axes 

     axes = FALSE, xlab = "Week", ylab = "ARIMA") 

axis(side = 4, at = pretty(range(KF)))          # Add second axis 

mtext("KF", side = 4, line = 3) 
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