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ABSTRACT 

Waste disposal has always been one of the challenging aspects of human life 

mostly in populated areas. In every urban region, various factors can impact both amount 

and composition of the generated waste, and these factors might depend on a series of 

parameters. Therefore, developing a predictive model for waste generation has always 

been challenging. We believe that one main problem that city planners and policymakers 

face is a lack of an accurate yet easy-to-use predictive model for the waste production of 

a given municipality. It would be vital for them, especially during business downturns, to 

access a reliable predictive model that can be employed in planning resources and 

allocating budget. However, most developed models are complicated and extensive. The 

objective of this research is to study the trend of solid waste generation in Philadelphia 

with respect to business cycle indicators, population growth, current policies and 

environmental awareness, and to develop a satisfactory predictive model for waste 

generation.  

Three predictive models were developed using time series analysis, stationary and 

nonstationary multiple linear regressions. The nonstationary OLS model was just used for 

comparison purposes and does not have any modeling value. Among the other two 

developed predictive models, the multiple linear regression model with stationary 

variables yielded the most accurate predictions for both total and municipal solid waste 

generation of Philadelphia. Despite its unsatisfactory statistics (R-square, p-value, and F-

value), stationary OLS model could predict Philadelphia’s waste generation with a low 

level of approximately 9% error. Although time series modeling demonstrated a less 

successful prediction comparing to the stationary OLS model (25% error for total solid 
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waste, and 10.7% error for municipal waste predictions), it would be a more reliable 

method based on its model statistics. The common variable used in all three developed 

models which made our modeling different from the Streets Department’s estimations 

was unemployment rate. Including an economic factor such as unemployment rate in 

modeling the waste generation could be helpful especially during economic downturns, in 

which economic factors can dominate the effects of population growth on waste 

generation.  

A prediction of waste generation may not only help waste management sector in 

landfill and waste-to-energy facilities planning but it also provides the basis for a good 

estimation of its future environmental impacts. In future, we are hoping to predict related 

environmental trends such as greenhouse gas emissions using our predictive model. 
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CHAPTER 1  

INTRODUCTION 

1.1     Overview 

In 2014, American Society of Civil Engineers (ASCE) gave the following grades 

to Pennsylvania’s infrastructure: D- for wastewater treatment facilities, D for drinking 

water treatment plants, C for energy management, C+ for solid waste management, and 

the highest grade B- for hazardous waste management [1]. The same report shows that 

Pennsylvania needs to invest about $14.2 billion dollars in drinking water, and $18 

billion in wastewater treatment facilities over the next 20 years in order to repair existing 

water infrastructure, to meet new clean water standards, and to build or expand current 

systems to meet the increasing demand. As for solid waste management ASCE report 

recommends that Pennsylvania should invest more on the recycling processing facilities 

specifically in rural areas. Surprisingly, the state report on recycling funds for the fiscal 

year 2016-2017 predicts the fund final cash balance to be around $53 million dollars [2]. 

The state’s recycling net revenue had been decreasing since fiscal year 1998-1999. Since 

then recycling revenue has decreased over $80 million dollars in Pennsylvania. 

Philadelphia’s Streets Department Sanitation section’s general budget in 2015 fiscal year 

was about $107 million dollars, and it is estimated to decrease to $94 million dollars by 

the end of fiscal year 2021 [3]. 
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The status of the national infrastructure is not any better than that of 

Pennsylvania. In fact, ASCE has given a GPA of D+ for America’s infrastructure and has 

estimated that $3.6 trillion dollar needs to be invested in infrastructure by 2020 [4]. This 

estimated cost of rebuilding the national infrastructure is close to the annual federal 

budget in 2016. Therefore, this vast amount of money should be carefully budgeted and 

wisely spent.  

1.2     Research Hypothesis 

Common belief is that population growth leads to an increase in the number of 

goods consumers (waste generators) and, consequently, increases future waste 

generation. This popular belief ignores the consumers’ behavior and their environmental 

awareness, related policies, and more importantly the economic recessions. Our research 

hypothesis is that an economic downturn is a critical factor in waste production and its 

impacts should not be underestimated. We hypothesized that an increase in the 

unemployment rate as a result of an economic downturn may lead to a considerable 

decrease in the solid waste generation and may shadow the impact of population growth. 

Thus, in this study we consider population and unemployment rate as the two most 

important variables in our models. 

1.3     Research Objective and Specific Aim 

The main goal of this research is to provide the first statistically established 

predictive model for waste generation in Philadelphia. The developed model is compared 
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with the one currently employed by the Streets Department. Our objective is to accurately 

estimate Philadelphia’s waste generation and related costs and revenues.   

1.4     Research Approach 

By using the publicly available data and statistical analysis, we will adopt two 

different approaches toward modeling waste generation in Philadelphia County and 

Pennsylvania. The better-fitted model will be selected, and predictions will be produced 

by the winner model for the future use of policy makers accompanied with 

recommendations for future data collection. 

1.5     Research Significance  

It is our understanding that there is no scientifically sound predictive model 

adopted by the city of Philadelphia or the state of Pennsylvania for future estimation of 

solid waste generation. To the best of our knowledge, there is just a few peer-reviewed 

research papers that have studied generation or management of solid waste at the county 

level and almost no research has been done for Philadelphia County. The Municipal 

Waste Planning, Recycling and Waste Reduction Act of 1988, commonly known as Act 

101, shifted the responsibility of developing plans, forecasting ten-year disposal capacity 

and implementation of recycling programs (consistent with the commonwealth goals) 

from municipalities to counties. Currently, each county in the state of Pennsylvania has 

adopted an arbitrary approach to forecasting their future ten-year waste generation in 

reports called solid waste management plan [5]. Yet, Pennsylvania lacks a simple holistic 

predictive model that covers all the counties, and City of Philadelphia Streets Department 
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is using an approach that may not be the most accurate method and may have some 

deficiencies which will be discussed in the Conclusion Chapter.  

 

 

 

 

 

 

 

 

 

 

 

 



5 

 

CHAPTER 2  

LITERATURE REVIEW AND BACKGROUND INFORMATION 

2.1     Past Studies 

It is publically believed that growth in urban population will result in a significant 

generation of the municipal solid waste. Many studies have been conducted to address the 

relationship between population growth and waste generation around the globe. For 

example, a case study in India calculated an exponential relationship between the 

population growth and the production of solid waste by investigating the effects of 

growing birth rate and immigration on municipal solid waste [6]. Population explosion in 

metropolitan areas is undoubtedly a significant aspect that is conceived to affect waste 

production directly. However economic cycles that a society encounters and their 

potential influences on demographics, people’s lives, and environmental values should be 

taken into account [7],[8],[9],[10]. In the category of business cycles, one of the most 

detrimental economic downturns that strikes a community is recession. Recession is a 

slow-down in economic activity which affects all angles of the economy. Recessions can 

influence not only the gross domestic product of a country but also the consumer 

purchasing power which reflects itself in the living style of the population. A criterion by 

which one can assess recession periods is unemployment rate. In fact, the unemployment 

rate can be used as a proxy variable for recessions and economic standing of a 

municipality.  
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Many research groups all over the world have attempted to model municipal solid 

waste generation. A review study that has examined 45 waste generation modeling 

approaches suggested that all the previous studies can be categorized based on the four 

following criteria including regional scale, types of modelled waste streams, types of 

independent variables, and modeling methods [11]. Regional studies could be focused on 

one of the four households, settlement areas, districts, and countries scales [11]. Various 

variables have been examined in the literature among which the number of individuals in 

the household, age, sex, and ethnicity of the population, land usage, and productive 

activities are the most considered ones [12]. A study in Dhaka City analyzed the factors 

that promoted households’ waste generation behavior, among which environmental 

consciousness, education, and households’ willingness to separate different types of 

waste emerged as the dominant variables [13]. In a similar study in a Mexican city, the 

residential waste generation per capita was mathematically modeled using three 

independent variables including education level, residents population, and income per 

household [14]. Some studies have primarily focused on specific types of wastes. For 

instance, generation of paper waste is modeled and predicted [15]. Many different 

modeling approaches have been adopted by scholars among which we can point out 

single and multiple regression analysis [15],[16], time series analysis [17], system 

dynamics [18], and artificial intelligence [19] methods. 

As mentioned before several studies in the literature have employed single and 

multiple regression methods (SR and MR) to model and predict waste generation. Some 

preliminary work was carried out in mid-1990s by Hockett et al. in which per capita 
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Municipal Solid Waste (MSW) generation was predicted. Among the examined variables, 

retail sales and waste disposal fees proved to have a great influence on waste generation 

[20]. Beigl et al. developed three multivariate regression models for MSW generation 

prediction based on the economic development (low, medium, and high prosperity) of the 

city of interest [16]. Bandara et al. summarized results of a multivariate regression model 

which incorporates socio-economic factors. They reported that an increase in income 

level leads to the increase in per household generation of organic and paper waste, and 

per capita waste generation rate is inversely proportional to the number of residents in a 

household [21]. Abdoli et al. included temperature as a climate factor along with other 

socio-economic factors in their multivariate regression models [22]. In a single regression 

study, Daskalopoulos et al. developed a model that uses the gross domestic product 

(GDP) and population as explanatory variables and estimates waste generation. However, 

as the model implies, the output highly depends on the accuracy of GDP and population 

forecasts [23]. Recently, comparing the prediction performance of a multiple linear 

regression model with a non-linear artificial neural network (ANN) model showed a poor 

prediction performance of the linear regression model with significant differences 

between the measured and predicted waste volumes [24].   

A number of studies have utilized time series analysis (TSA) as a tool to predict 

solid waste generation in long-term and short-term periods. For instance, by adopting 

such analysis methods, Chang and Lin demonstrated the importance of considering 

recycling impacts as a key parameter in solid waste prediction using ARIMA model in 

Taipei City [25]. In another study, Chen and Change carried out TSA using a fuzzy 
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modeling technique to tackle forecasting problems when a complete record of waste 

generation and composition is not available [26]. They stated that the lack of information 

might be the case in many developing countries, and their developed model can be 

applicable in such cases [26]. When predictions are aimed at short-term forecasts (i.e., 

daily quantities for a few months), Box-Jenkins time series analysis was proven to predict 

promising values for municipal solid wastes [27]. Navarro-Esbrı´ et al. presented two 

forecasting methods. These methods were based on seasonal Auto Regressive Integrated 

Moving Average (sARIMA), and a non-linear forecasting technique, respectively. Both 

methods showed good results in short-term and medium-term (two- and three-year 

period) predictions. Finally, they recommended their non-linear method can be used in 

non-linear and non-stationary processes [17]. Cole et al. used a time series ARIMA 

model to investigate potential effects of authorities’ interventions on waste generation. 

They noted that their model was able to successfully recognize abrupt changes in waste 

generation caused by implementing new waste management policies [28].  

Matsuto and Tanaka developed a method for data analysis of daily waste 

collection records. However, their method was solely aimed at searching for patterns in 

data collection, and was not capable of forecasting solid waste generation [29]. Leao et 

al. attempted to establish a relation between the demand and supply of suitable land for 

waste disposal [30]. Skovgaard et al. used TSA to address the lack of underlying data for 

model parameters which is a common problem in many models, so they provided 

predictions for predictor variables usually used in models [31]. Seasonal variations of 

MSW generation and composition was studied by Denafas et al. It was also found that 
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economic development and climate conditions of the area of interest strongly influence 

waste generation statistics [32]. In a very recent study, Ghinea et al. predicted total waste 

generation by examining several variables including number of residents, population age, 

urban life expectancy, and municipal solid waste generation. This study pointed out that 

population aged 15 to 59 years and total municipal solid waste were critical factors in 

total waste prediction whereas number of population (i.e., total number of residents) and 

urban life expectancy were less significant [33]. 

2.2     Solid Waste 

2.2.1     Types of Solid Waste 

Different types of municipal waste in the US is defined by the Environmental 

Protection Agency (EPA) and includes 8 groups. Each group contains a specific set of 

items which is categorized and defined in the Appendix. In this study, we will focus on 

total solid waste, and municipal solid waste. 

2.2.2     Trends of Solid Waste 

Solid waste generation and disposal information of Philadelphia County is 

collected by the city of Philadelphia and is reported to the Pennsylvania Department of 

Environmental Protection (PADEP) every quarter of the year. The total solid waste refers 

to residual, infectious, sewage sludge, construction, ash residue, asbestos and municipal 

wastes combined. The disposal information for each year contains waste transferred to 

either landfills or waste-to-energy facilities. The record for recycled waste is separately 
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collected by the city of Philadelphia and is available on PADEP website for 2006 to 

2013. The number and configuration of waste facilities may vary from year to year. 

Generally, Philadelphia’s total waste generation has been decreasing for the past decade. 

Figure 1 shows total solid waste generation of Philadelphia reported to the department of 

environmental protection from 1990 to 2015. Gray bars indicate the periods of economic 

recessions in the US. 
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Figure 1. Philadelphia’s total solid waste generation 1990-2015 

2.2.3     Recycling Programs  

The city of Philadelphia issued a contract with ReCommunity Recycling for 

October 2014 to September 2018. ReCommunity Recycling is in charge of receiving 

Philadelphia recyclables at its materials recycling facility (MRF), sorting materials, reuse, 

and marketing recycling. Sorted material will then be delivered to a vendor or market for 

recycling into new products. The city department pays a base, per-ton fee of recycling 

material to ReCommunity which is subject to change with respect to the recovered 
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materials commodity index prices. Therefore, an increase in the commodity prices will 

decrease city costs. 

The maximum net revenue of recycling for city of Philadelphia was 

approximately $6.7 million in 2012, which decreased to almost $2 million in 2014. This 

fluctuation in revenue illustrates the volatility of recyclables market. Based on the city’s 

reports, this volatility is due to: export markets and “Operation Green Fence” in china, 

changes to the composition of the recyclables stream, market competition, increased 

MRF operating costs, to name but a few. Although recycling may not have substantial 

economic benefits for the city and results in extra costs in some cases, non-fiscal benefits 

of recycling such as the reduction in energy consumption and greenhouse gas emissions 

still makes it a promising industry.  

Table 1. History of recycling in Philadelphia 

Date Philadelphia Recycling Improvement 

July 2006 The beginning of single stream recycling in one area, and addition of #1 

and #2 plastics and cardboard to curbside recycling. 

July 2008 Citywide expansion of single stream recycling 

January 2009 Citywide weekly recycling collection 

February 2010 – July 2010 Citywide implementation of the recycling rewards program 

August 2010 Addition of #3 through #7 plastics to curbside recycling 

December 2011 Addition of cartons to curbside recycling 

 

Table 1 is showing the major improvements in recycling plan of Philadelphia 

during the 2006-2011 period. Philadelphia’s recycling program was initiated in 1984 by 

curbside collection of newspaper in a neighborhood. However, the mandatory curbside 

recycling started in 1994 on a biweekly basis. 2006 was the year that single stream 

recycling was introduced to the city in one area, and in 2008 it was expanded to the 
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whole city. By implementation of the rewards program in 2010, The Streets Department 

succeeded in increasing residents’ tendency towards recycling program. Over the years, 

more and more types of materials were added to the recycling stream and most recently 

recycling stream has expanded to include metal trays, baking dishes, and aluminum foil 

as well. The composition of recycled waste in Philadelphia is illustrated in Figure 2. 
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Figure 2. Recycled Waste Composition 2006-2013 

2.2.4     Waste Import from other States 

Pennsylvania is one of the top importers of waste from 42 other states. The waste 

imported from the other States to Pennsylvania is a major factor that cannot be 

overlooked. The availability of ample landfills and relatively inexpensive cost of hauling 

($76) comparing to the other neighbor states ($86 New York and $84 Delaware) made 

Pennsylvania a leading destination for waste imports [34]. New Jersey and New York are 

the two states from which about 90% of imported waste is coming to PA. Municipal, 

construction and asbestos wastes form 78% of the total imported waste. Measured by 

generation, a high percentage of imported waste is municipal which has a ratio of 72%. 
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Construction waste constitutes 6% of the total imported waste, and the same ratio for 

asbestos waste is less than 0.5%.  

However, the total imported waste into PA has experienced an almost steady 

decrease from 2000 to 2010 and between 2010 and 2015 it has started to grow again 

slightly. Thus, during the whole period, the total imported waste to PA has decreased 

over 5 million tons equals to over $390 million loss in revenue for the state. Figure 3 

illustrates total imported waste into the PA for the years 2000 to 2015.  

One of the possible reasons of decrease in waste imports into PA could lie behind 

the imports from New York City, whose mayor adopted a goal of shipping all of New 

York City’s waste by rail, rather than truck. Pennsylvania has no landfills served by rail, 

so some of this waste has been diverted to large landfills in Virginia instead that do have 

rail services. 

2 0 0 0 2 0 0 5 2 0 1 0 2 0 1 5

5

6

7

8

9

1 0

1 1

1 2

1 3

1 4

1 5

Y e a r

T
o

t
a

l 
Im

p
o

r
te

d
 W

a
s

t
e

 F
r
o

m
 O

t
h

e
r

 S
ta

te
s

 t
o

 P
A

 (
M

il
li

o
n

 t
o

n
s

)

 

Figure 3. Total Imported Waste from the Other States to PA 2000-2015 
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2.2.5     Municipal Waste 

Municipal solid waste constitutes a great portion of the total solid waste that is 

being transferred to waste processing facilities. Municipal waste can be categorized into 

residential and commercial waste. As a great contributor to the total solid waste of 

Philadelphia, municipal waste has followed nearly the same trend as that of total waste 

between 1990 and 2015, that can be found in Figure 4. 
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Figure 4. Municipal Solid Waste transferred to landfills or WTE 1990-2015 

2.2.6     BioSolids (Sewage Sludge) 

Annually 220,000 wet US tons of biosolids, equal to 66,000 dry US tons, are 

generated and received by Philadelphia water pollution control plants. Sewage sludge is 

processed at the Biosolids Recycling Center (BRC) and is converted to a product known 

as Philadelphia Renewable Bio-Fuel (PRBF). From 1998 to 2008 the BRC was operated 

by Philadelphia Water Department (PWD); however, since 2008 it was privatized and has 

been operated by Synagro Technologies Company. 
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In the early 2000s, city of Philadelphia faced some problems regarding their 

biosolids management program. At that time only 30 percent of the city’s biosolids were 

processed into class A compost and the remaining 70 percent was being either transferred 

to landfills or land applied in three states for agricultural purposes or direct mine 

reclamation. During mid-2000s, PWD experienced an increase in tipping fees of landfills 

and high expenses of transportation of the sludge containing mostly water. Moreover, 

PWD aerated static pile compost was not in compliance with Clean Air Act. Thus, PWD 

decided to privatize the BRC section based on the following objectives: 

 To upgrade the BRC dewatering facility 

 To improve the odor management and having the facility in compliance with the 

Clean Air Act 

 To process 100 percent of the biosolids into class A compost 

 To reuse the products produced during composting process 

This led to the initiation of a twenty-year contract between PWD and Synagro 

Technologies Company (PBS) That is estimated to save more than $200 million for the 

city throughout the whole contract [35]. Biosolids are treated sewage sludge that has been 

stabilized to destroy pathogens and meet rigorous standards allowing for safe reuse of 

this material as a soil amendment. PWD is in charge of treatment of this sludge and 

transfers it to BRC. Philadelphia sewage sludge is then dewatered to 30% solids using 

centrifuges. The cake will be dried, pelletized, and exploited either as a fuel source for 

Lehigh Cement or used for agricultural purposes. Although there is no longer any 
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landfilling of sludge cake or dried sludge pellets during normal operation of the BRC, 

there is a 4,000 dry tons per year contingency in the disposal contract to be landfilled or 

land applied. For fiscal year 2007, the year before the privatization of BRC, PWD had an 

estimated budget of $25.7 million to operate and maintain the BRC and dispose of the 

biosolids [36]. The cost of biosolids handling and recycling by Synagro company in fiscal 

year 2015 was about $21.6 million [35]. Figure 5 represents the change in the weight of 

sewage sludge transferred to the waste facilities from 1990 to 2015. 
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Figure 5. Sewage Sludge transferred to landfills or WTE facilities 1990-2015 

2.2.7     Construction and Demolition Waste  

Currently there are three dumpsters and recycling centers that Streets Department 

encourage residents to take their oversized trash and construction debris to and dump 

them legally for a fee. These facilities are: Republic Services Transfer & Recycling 

Center, Richard Burns, CO., and Covanta Energy [37]. Recovery and recycling of 

construction and demolition (C&D) waste officially started and became mandatory for 
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contractors working with the city for a certain percentage of their waste after the 

initiation of Greenworks in 2009. Based on the latest published Greenworks progress 

report in 2015, of more than 390,000 tons of C&D waste generated by the commercial 

sector, 94 percent was recycled in 2013 and only 6 percent was sent to landfills [38]. That 

diversion rate change has resulted in savings for the city due to the decrease in tipping 

fees of hauling of waste which ranges between $63 and $103 in Pennsylvania [39]. 

Figure 6 illustrates the progress in C&D waste field in terms of the reduction in disposal 

quantities. 
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Figure 6. Construction and Demolition waste transferred to landfills or WTE facilities 1990-2015 

2.2.8     Waste Processing Methods  

Landfilling, composting, and incineration are the most common used waste 

processing methods in Pennsylvania.  There are recent advances in the area of waste 

processing in the world that is worthwhile to investigate. In recent decades, scholars have 

been searching for alternative methods not only to diminish the destructive environmental 

impacts of previous waste disposal processes such as incineration and landfilling but also 
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to make use of waste as a source of energy. According to the recent studies in this field 

[40],[41], one of the most important emerging methods of waste disposal is the plasma 

gasification of solid waste, in which the ionized gas is generated due to the exposure to 

high temperatures to create a plasma torch or plasma arc.  

Plasma is the fourth state of matter. It is the ionized gas energized to the point 

where electrons are freed from their atoms, releasing extreme levels of energy. Electricity 

passes through the tip of one electrode to the tip of another electrode. Plasma torch can 

get to 10,000 degrees Celsius in temperature. The heat of a plasma torch is considerably 

localized and concentrated [42]. The most important gas that is used to produce plasma 

torch is air, because of its low cost and availability. Use of Argon gas in plasma 

gasification process can result in a better performance. However, it increases the 

operation costs [43]. Municipal solid waste is mostly combustible carbonaceous materials 

that can be largely used to produce synthesis gas and therefore, generate electricity. Apart 

from generating electricity, the produced purified syngas can also be used in hydrocarbon 

production (petrol), hydrogen (fuel cells, gas engines), ammonia production (fertilizers) 

and methanol manufacture (chemical industry) [44].  

The feasibility study of applying the plasma gas for treatment of solid waste first 

carried out in 1973 by Camacho [45]. He demonstrated that plasma gasification 

technology can be a dominant alternative to other treatment processes in terms of syngas 

production (H2 and CO). Generated syngas later might be used for combustion in gas 

engines to generate electric power, or for heating water and produce steam to drive a 

steam turbine [41]. He also suggested the production of rock-like byproduct is another 
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feature of this treatment process that could be used as aggregate for construction. Nearly 

zero hazardous leachates and emissions to the atmosphere and considerable reduction of 

the waste in mass (about 70–80%) and volume (about 80–90%) [46] are the other merits 

of this technology. 

Plasma gasification plants slightly differ from each other regarding the nature of 

the waste being fed into the reactor. However, a typical plasma gasification plant consists 

of the plasma reactor, a secondary combustion chamber, a quenching chamber, a cyclone 

for particulate removal, a scrubber, a hydrogen sulfide absorber, high-efficiency filters, 

an activated carbon filter and lastly a fan. 

The whole process begins after the municipal solid waste is fed into plasma 

gasifier which has several plasma torches inside. Being exposed to the plasma torch, the 

carbon-based part of the material forms syngas. The inorganic part of the waste that could 

not be vaporized is converted to molten slag collected through the bottom of the gasifier. 

The molten slag then gets cooled into a vitrified glass like byproduct for the further use. 

Meanwhile, the newly produced hot syngas exits the top of the gasifier and transfers to a 

heat recovery unit. In this unit, gas gets cooled and the excess heat is captured to generate 

steam that can be used later in purifying the syngas. The cooled syngas then moves to the 

cyclone which removes particulate matter from the gas. Afterward, the gas passes 

through a series of scrubbing and chemical stripping cylinders to be further cooled and 

completely cleaned. The produced final syngas then is compressed and combusted in the 

gas turbine that spins the generator to produce electricity. The exhaust heat from the gas 

turbine then is transferred to the heat recovery steam generator to create steam which 
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later is used to drive a steam turbine that spins another generator, resulting in the 

production of electricity. 

 Plasma gasification of municipal solid waste is an environmentally friendly 

method of disposal with nearly zero emissions of greenhouse gasses (such as methane 

which has high levels in landfilling) into the atmosphere and also negligible hazardous 

leachates into the soil, sediment, and water. These characteristics outweigh the high 

expenses of electricity power needed for generating plasma torch, the general economic 

barrier of this technology [41]. During the combustion in the incineration process, plenty 

of complex oxides could be formed due to the existence of oxygen, which is seriously 

dangerous to the surroundings [47]. This risk is minimized in the plasma gasification 

process as it takes place in an oxygen starved environment [43]. 

Plasma gasification process can be used for disposal of various types of wastes. 

Apart from municipal solid waste, plasma gasification process has been utilized for the 

treatment of Refused Derived Fuel (RDF) [40][48], charcoal [49][50], sewage sludge 

[51] and also hazardous wastes [52] in different countries around the world. Seven 

companies are among the most well-known groups with plasma gasification technology: 

Westinghouse Plasma Corporation, Europlasma, Pyrogenesis, Phoenix Solutions Co., 

Tetronics Ltd, RETECH, Inc. and Integrated Environmental Technologies. Currently, 

there are seven waste-to-energy facilities in Pennsylvania. However, 

AlterNRG/Westinghouse Plasma is the only company that has processed a range of 

feedstocks in Pennsylvania, operating a pilot facility using the plasma technology. 
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2.3     Population Trends 

The U.S. census bureau is in charge of collecting population records at county, 

state and national level. As can be observed in Figure 7, since 1970 till mid-2006, 

Philadelphia had lost more than 465 thousand people which accounts for almost a quarter 

of its population. From 2006 on, the city’s population has started to increase. The city has 

added about 80 thousand residents since then with the population of 1,567,442 residents 

in 2015. Delaware Valley Regional Planning Commission publishes regional population 

forecasts in five year increments. This forecasts estimates a growth of 7 percent between 

2010 and 2040 [53]. Philadelphia’s millennial population has had an increase of 6.3 

percent from 2006 to 2014 which is the fastest growth among the ten largest cities in the 

US [3]. 
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Figure 7. Population Trend of Philadelphia 1990-2015 
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2.4     Unemployment Rate Trends 

Unemployment rate data is being collected, compiled and seasonally adjusted by 

Bureau of Labor Statistics. For Philadelphia County, the data is not seasonally adjusted 

and is available on a monthly basis from 1990 to 2015. Figure 8 illustrates unemployment 

rate of Philadelphia from 1990 to 2015, and total number of workforce consisting of 

unemployed and employed population during this time span is shown in Figure 9. The 

gray areas in the graph represent economic recessions of the US, including the recession 

of 1990, 2001, and 2007 (the great recession). Unemployment rate of Philadelphia on 

December 2007, the beginning of recession, was 6%, accounting for 37,000 of work 

force population unemployed. The peak of unemployment rate in Philadelphia County 

was in July 2012, with a rate of 11.9% or 85,000 unemployed. After this date, 

Philadelphia has experienced an almost steady decrease in the rate of unemployment. As 

the records indicate, unemployment rate of Philadelphia at the end of 2015 had decreased 

to about 5.4% or 44,000 unemployed which was still higher than Pennsylvania rate at 

4.8% and national rate at 5%. Philadelphia was placed in the third place among the ten 

largest cities in the US at this year as well [54][3]. Delaware Valley Regional Planning 

Commission also publishes regional employment forecasts in five-year increments. This 

forecast estimates a growth of 6.8% in employed population between 2010 and 2040 in 

Philadelphia county[55]. 
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Figure 8. Philadelphia’s unemployment rate 1990-2015 

1 9 9 0 1 9 9 5 2 0 0 0 2 0 0 5 2 0 1 0 2 0 1 5
5 .0

5 .5

6 .0

6 .5

7 .0

7 .5

8 .0

Y e a r

U
n

e
m

p
lo

y
e

d
/E

m
p

lo
y

e
d

P
o

p
u

la
t
io

n
(

1
0

0
,0

0
0

)

E m p lo y e d  P o p u la t io n

U n e m p lo y e d  P o p u la t io n

 

Figure 9. Philadelphia’s employed and unemployed population 1990-2015 

2.5     Solid Waste Management 

2.5.1     Philadelphia’s Solid Waste Management Plan 

City of Philadelphia has been publishing municipal waste management plans 

since 1991. They have adopted plans for periods of 10 years. The fist plan covered the 

1990-2000 period with revisions in 1994 and 1998, the second one covered the years 

between 2000 and 2010 with a revision in 2005. The most common municipal waste 
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management plan that is available yet as a working draft was published in 2015 with a 

projected plan for the 2014-2024 period. 

In terms of waste collection and management, Philadelphia County is divided into 

six service areas which are further categorized into thirteen sanitation collection districts. 

Single and multi-family dwellings of six units or less are eligible to receive weekly trash 

and recycling collection by the Streets Department in exchange of a 300-dollar annual 

fee. Almost 540,000 residential units are being served by the city. The Streets department 

also offers waste and recycling collection services to apartment buildings and small 

commercial establishments, producing not more than 6 containers or 12 bags of trash per 

week, city school district buildings, recreation, police and fire department facilities, and 

also 35 larger city administrative buildings. All other residential or commercial building 

which are not being served by the Streets Department will have to contact the regulated 

private haulers. All the collected waste will then be transferred to either transfer stations 

or material recovery facilities (MRF). As of July 2012, ten transferring stations were 

performing in Philadelphia, while there were 19 total active landfills and waste-to-energy 

facilities receiving waste from the city categorized either as designated or alternate 

designated disposal facilities. Alternate disposal facilities are being considered in case 

designated facilities fail to fulfill their obligations under their agreements with the City of 

Philadelphia. In addition to residential curbside collection, city has also provided six 

Sanitation Convenience Centers (drop-off centers) for residents. Drop-off centers accept 

recyclables as well as trash, electronic waste, bulk items, yard waste, Christmas trees, 

automotive tires, mattresses and box springs. 
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2.5.2     The Streets Department’s Estimation of Philadelphia’s Waste Generation  

Pennsylvania Department of Environmental Protection (PADEP) requires each 

county to represent an estimated future waste disposal and estimated facilities capacities 

in their waste management plan. To comply with this requirement, City of Philadelphia’s 

approach to estimate the 2000-2010 waste disposal quantities in their report was to 

calculate the average annual total waste generated in Philadelphia between 1997 and 

1999 consisting of disposed and recycled waste. The average total waste generated 

amount was calculated to be 1,911,426 tons per year. They used this number as a base 

generation for the year 2000 and after that they used the projected annual growth of 1.25 

percent till 2005 and a 1.3 percent growth after 2005 to 1010. This gave the city the 

forecasted amounts of gross waste. In order to get the net disposal, projected recycled 

amounts were deducted from the gross amounts. Projected recycling rates began with 25 

percent in 2000 and increased to 35 percent in 2002 and remained at the steady rate of 35 

percent afterwards. 

The Streets Department currently calculates per capita residential waste 

generation based on the 2007-2013 data of residential waste and population. The average 

per capita residential waste over this period has been 0.42 tons per person per year. They 

also use the gross commercial waste generation and the Philadelphia employees’ number 

between 2010 and 2013 to calculate per capita commercial waste generation. The average 

per capita commercial waste generation has been estimated to be 2.34 tons per employee 

per year. Total municipal waste recycling rate excluding C&D has been fluctuating 

between 30.8% in 2007 and 43.7% in 2011. The latest record of 2013 showed that the 
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recycling rate of municipal waste was about 39% in this year. The Streets Department 

makes this assumption that the recycling rate will have a 1% increase each year till it 

reaches 50%, but it will not exceed 50% in their estimations to avoid underestimating the 

capacity needs. To estimate the future waste generation of Philadelphia, the Streets 

Department utilizes the Delaware Valley Regional Planning Commission’s forecasts for 

Philadelphia population and employment from 2010 to 2040 in five-year increments and 

applies linear interpolation to obtain the annual estimations for 2014 to 2024. Thus, the 

Streets Department forecasts the total gross waste and the net discards requiring disposal 

from 2014 to 2024 using the following equations: 

Total Gross Waste = (0.42 × Estimated Population) + (2.34 × Estimated Employed) 

Total Net Discards Requiring Disposal = (100 – Recycling Rate) × Total Gross Waste 
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Figure 10. Streets Department’s Estimations vs. Actual records 2000-2015 
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Figure 10 illustrates the Streets Department’s estimations of Philadelphia total 

solid waste versus the actual records. It should be noted that there are no available 

estimations for the years 2011 to 2013.  

2.5.3     Cost of Waste Handling in Philadelphia 

In the five year financial and strategic plan by the Streets Department for fiscal 

years 2017-2021, it is projected that the municipal waste recycling rate and tonnage will 

remain stable at %21 and 127000 tons during the planning period [3]. Table 2 is showing 

the projected costs of recycling and processing the waste for 2015, the first quarter of 

2016 and 2017 fiscal years. 

Table 2. Cost estimations 

Performance Measures FY 2015 FY 2016 

(As of March 2016) 

FY 2017 

Target 

Cost per ton of Waste Recycled  $118  $105  $110  

Total tonnage of Waste Recycled  115,327  29,997  127,000  

Total Cost of Waste Recycled $13,608,586 $3,149,685 $13,970,000 

Cost per ton of Waste Processed  $116  $128  $130  

Total tonnage of Waste Processed  558,394  141,918  521,000  

Total Cost of Waste processed $64,773,704 $18,165,504 $67,730,000 

Total Cost $78,382,290 $21,315,189 $81,700,000 
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CHAPTER 3  

METHODS AND RESULTS 

In this study, we focus on the unemployment rate and the population of 

Philadelphia as our primary independent variables. To model the waste generation of 

Philadelphia, we also consider the recent developments in the city regarding recycling 

programs. These programs were officially launched after 2006. In order to include and 

study the effect of recycling programs on waste generation behaviour of Philadelphia, we 

consider the official initiation of recycling programs as an event that occurred in 2006 

and continued afterwards, and we define recycling as a dummy variable with the value of 

one for years after 2006 and a value of zero before 2006. 

3.1     Data Collection 

Information on generation and disposal of MSW in Pennsylvania is accessible 

through the website of Pennsylvania Department of Environmental Protection (DEP). 

Information is categorized quarterly and by counties and facilities from 2010 to 2015 

[56]. Upon contacting the Division of Reporting and Fee Collection, we received three 

detailed excel files, covering monthly records of 1989-1999, 2000-2009, and 2010-2015 

for all PA counties. Thus, we use monthly data for Philadelphia and in our analysis. 

Philadelphia County population data is collected through Bureau of Economic 

Analysis (BEA) website [57]. This data was initially collected and compiled in a single 

table by BEA using historical data and current surveys’ midyear population estimates of 

the United States Census Bureau. In this study, we use the population data available on 
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BEA website from 1969 to 2015 to facilitate interpretation of data, keeping in mind that 

BEA is not the original producer of these data. Unemployment rate data was gathered 

from Bureau of Labor Statistics (BLS) database for counties from 1990 to 2015. This 

data is available on a monthly basis, and it is not seasonally adjusted [58]. 

3.2     Data Processing 

At this point, we have total solid waste and unemployment rate data available on a 

monthly basis. However, midyear population data is estimated by the Census Bureau 

based on the first day of July of each year. So, we need to convert annual data to monthly 

data by applying interpolation methods. Since we have 11 missing monthly values 

between each pair of the original annual data, linear interpolation could generate high 

error level and therefore, is not an appropriate method. We select the cubic spline 

interpolation method using NumXL software to produce more accurate estimations for 

the missing monthly values. 

Visualization of the unemployment rate and total solid waste data over time 

shows that there might be a seasonal trend in our variables. So, our input data need to get 

seasonally adjusted before going further with the model. To perform a seasonal 

adjustment, we use the X-13ARIMA-SEATS seasonal adjustment software, which is 

produced, maintained and distributed by the Census Bureau. We perform seasonal trend 

tests using Census X-13 ARIMA on all different types of waste including asbestos, ash 

residue, construction and demolition (C&D), municipal waste, medical waste, residual, 

sewage sludge, and the total waste. Among all different types of waste municipal, C&D, 
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medical, and total solid waste have an identifiable and meaningful seasonal trend. X-13 

ARIMA software produces the seasonally adjusted data series of these three types of 

waste. Figure 11 and Figure 12 show the differences between seasonally adjusted and not 

seasonally adjusted data. 
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Figure 11. Seasonal Adjusted Total Solid Waste 
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Figure 12. Seasonal Adjusted Unemployment Rate 
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To perform statistical analysis on our data, we choose three different models to 

simulate and predict the amount of total solid waste of Philadelphia based on 

unemployment rate, population, and recycling. The first model is a vector autoregressive 

model (VAR) based on multivariate time series analysis, the second one is a multiple 

linear regression method (ordinary least squares, OLS), and the third model is an OLS 

model with stationary variables. It should be noted that using simple OLS model with 

nonstationary variables is just for comparison and completion purposes and does not have 

any modeling value. All three models are developed using data analysis and statistical 

software, STATA. We develop our three regression models using the monthly data from 

1990 to 2007. We, then, validate them with simulating the total solid waste generation 

from 2008 to 2015. This period is also used to compare the models with each other and 

with actual records and the Streets Department’s prediction of total solid waste. Finally, 

the best predictive model among the candidates is selected. To use our model for future 

predictions, we need to have population and unemployment rate forecasts. For the county 

population forecasts we can use the 2010-2040 reports provided by Delaware Valley 

Regional Planning Commission (DVRPC) [53], [55]. However, the is no available 

records for the unemployment rate of Philadelphia county in the future.  

3.3     First Approach: Time Series Analysis 

A time series is sequential of data measured over time. Time series might be 

univariate or multivariate, continuous or discrete. In discrete time series, the variable 

observations are recorded at equally spaced time intervals, unlike continuous time series 
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in which observations are scattered all over the time span. A time series is affected by 

four components: trend and seasonal, cyclical, and irregular changes. The trend is the 

long-term behavior of data or its tendency to increase, decrease or stay steady. Seasonal 

variation in time series is fluctuations of data during the seasons within a year. The 

changes in time series caused by circumstances are defined as a cyclical variation. 

Irregular and random changes in observations in a time series are caused by unpredictable 

influences such as war, earthquake, flood.  

The first approach in our study is to perform time series analysis to model waste 

generation behavior in Philadelphia and then, to use the established model to predict the 

future waste generation. The following sections describe the steps in our model 

development using STATA software. All detailed software results for the modeling are 

reported in Appendix B. 

3.3.1     Augmented Dickey-Fuller Unit Root Test (ADF test) 

In time series modeling, the first important step is to declare the data to be time-

series by setting a specific time variable for the modeling. In this case, the time variable 

is a monthly date variable which begins in January 1990 and ends on December 2007. 

Before proceeding with time series modeling, we made sure that all model variables were 

stationary and did not demonstrate any trends. Failing to perform this step properly could 

result in false positive fitting results and would consequently jeopardize the robustness of 

our predictions. To investigate the stationarity of variables, we used the unit root test, 

Augmented Dickey Fuller (ADF) for time series. This test examines the null hypothesis 
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that a time series 𝑦𝑡 has a unit root (I (1)) against the alternative that it does not have (I 

(0)), and therefore, it is stationary. The augmented dickey fuller statistic used in the ADF 

test is a negative number. The more negative it is, the stronger is our rejection of the null 

hypothesis with 95% level of confidence. Variables might be stationary at level, first 

difference, or second differences. ADF test is based on estimating the test regression of 

an assumed Autoregressive Moving Average (ARMA) model on data for each variable. 

In order to choose the appropriate lag length for the ADF test (p), we used Ng and 

Perron’s method [59]. The steps are described below: 

1. Set an upper bound of 𝑃𝑚𝑎𝑥 for p.  

2. Estimate the ADF test regression with 𝑃 = 𝑃𝑚𝑎𝑥 .  

3. If the absolute value of the t-statistic for testing the significance of the last lagged 

difference is greater than 1.6 then set 𝑃 = 𝑃𝑚𝑎𝑥 and perform the unit root test. 

Otherwise, reduce the lag length by one and repeat the process. 

   A common rule of thumb for determining 𝑃𝑚𝑎𝑥, suggested by Schwert [60], is 

𝑃𝑚𝑎𝑥 = [12 × (
𝑇

100
)

1

4], where [x] denotes the integer part of x, and T is the number of 

observations.  

By this method, the appropriate lag time for total solid waste, unemployment rate, 

and the population was determined as 4, 14, and 13 months, respectively. This test 

indicates that the total solid waste and unemployment rate are stationary at first 

difference level, while the population is stationary at second difference level, all with 95 

percent confidence intervals. So, to make all variables stationary to the same degree, we 
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decided to use changes in the population over time as our variable instead of the 

population. The final stationary variables that obtained by the ADF test were waste 

generation change, unemployment rate change, and the rate of population change. The 

results of ADF test for each variable using appropriate lag terms can be found in Table 3, 

and Figure 13 shows our final stationary variables over time. 

Table 3. Stationarity order of the model variables 

Variable Lag time Stationarity 

Total Solid Waste (TSW) 4 months Integrated of order one (I(1)) 

Unemployment Rate (Unemploymentrate) 14 months Integrated of order one (I(1)) 

Population Change (P_D1) 13 months Integrated of order one (I(1)) 
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Figure 13. Stationary Variables 

3.3.2     Cointegration Analysis 

Cointegration is the long-run equilibrium relation tying the individual variables 

together, and it is represented by a linear combination of them. In other words, 

cointegration assumes there is a common stochastic non-stationary (i.e. I(1) ) process 

underlying two (or more) processes X and Y. Johansen cointegration test determines 

whether any linear combinations of variables are integrated of the zero order. If any two 
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variables are found to be cointegrated, the conventional econometric theory methods do 

not apply to them due to their non-standard statistical properties. 

We need to specify the appropriate lag time for the cointegration analysis and 

Vector Autoregressive (VAR) model. To choose the best lag time for variables we use 

the VAR model pre-estimation lag selection of the STATA software. Several selection 

criteria can be used to determine the number of lags. The three most common ones are 

the Akaike Information Criterion (AIC), the Schwarz' Bayesian Information Criterion 

(SIC/BIC/SBIC), and the Hannan-Quinn Information Criterion (HQIC). These rules 

choose lag length j to minimize: log(𝑆𝑆𝑅𝑗 𝑛⁄ ) + (𝑗 + 1) 𝐶𝑛 𝑛⁄  , where 𝑆𝑆𝑅𝑗 is the sum of 

squared residuals for the VAR with j lags and n is the number of observations; 𝐶𝑛 = 2  

for AIC and 𝐶𝑛 = log (𝑛) for BIC. All three calculated AIC, HQIC, and SBIC criteria 

suggest the lag time of 4 months to be an appropriate lag time to proceed with our model. 

We should keep in mind that Johansen cointegration test should be applied to 

variables that are non-stationary at level but will be stationary at first difference level. 

The results of cointegration test showed a zero cointegration between our variables. 

STATA uses the trace statistic to analyze the rank of cointegration. Since we have three 

input variables, the number of cointegration rank could vary from zero to three. Trace test 

starts with the null hypothesis of having a zero cointegration rank and the alternative of 

having more than zero cointegration rank. Since the trace statistic (41.6997) is smaller 

than its critical value of 47.21 (see section B.3), we cannot reject the null hypothesis of 
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having zero cointegration among variables. So, the cointegration rank would be zero, and 

we can proceed with developing our VAR model. 

3.3.3     VAR Model 

Vector Autoregressive (VAR) model is one of the most successful, flexible and 

easy to use models for the analysis of multivariate time series. It has proven to be useful 

for describing the dynamic behavior of economic and financial time series modeling and 

forecasting. An econometric model is used to capture the linear interdependencies among 

multiple time series. Then, the vector autoregressive model based on the stationary 

variables could be constructed. We developed VAR model for both total and municipal 

solid waste of Philadelphia with the following variables: 

1. Dependent variable: changes in either total solid waste (TSW_D1) or 

municipal solid waste  

2. Exogenous variables: the rate of change in population (Population_D2), 

unemployment rate change (Unemploymentrate_D1), and dummy variable 

of recycling (DR). 

The model has also included four months’ lag terms of each variable as it was 

suggested by the software to be the best lag time. The parameters of the developed VAR 

model are shown in the section B.4. 
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3.3.4     Post-Estimation Tests  

One of the post estimation tests for time series analysis is the test of residuals 

autocorrelation. The logic in this test is assuming a time series model is correct, the only 

difference between the model's output and actual data should be random white noise. If 

the difference has a pattern, most likely some variables have been missed from the model 

or are not defining the dependent variable properly. Statistically-significant 

autocorrelation of the residuals is a pattern. In our model we included four lag terms of 

each variable, so to test for residual autocorrelation, up to 4 lag terms must be included as 

well. We tested the VAR model for residuals autocorrelation using LM test which 

showed no autocorrelation at any lag order. The Jarque-Bera test does not support 

residuals having a normal distribution that is not farfetched for vector autoregressive 

models. 

3.3.5     VAR Model Estimations for Total Solid Waste Versus Actual Records 

Figure 14 and Figure 15 show the monthly and annual estimations of the VAR 

model versus the actual records of total solid waste for 2008 – 2015. Both annual and 

monthly estimations are derived based on the same model. Annual estimations are the 

cumulative values of the monthly predictions. The root mean square percentage error 

(RMSPE) of VAR model estimations is 25%, which means this model is overestimating 

the actual total waste generation by the maximum of 25%. 



39 

 

1 9 9 0 1 9 9 5 2 0 0 0 2 0 0 5 2 0 1 0 2 0 1 5

1 0 0

1 2 0

1 4 0

1 6 0

1 8 0

2 0 0

Y e a r

T
o

t
a

l 
S

o
li

d
 W

a
s

te
 (


1
0

0
0

 t
o

n
s

)

V A R  M o d e l  E s t im a t io n s  fo r  T o t a  S o l id  W a s t e

A c t u a l  T o t a l  S o l id  W a s t e

 

Figure 14 Monthly VAR Model Estimations Versus Actual Records for Total Solid Waste 
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Figure 15 Annual VAR Model Estimations Versus Actual Records for Total Solid Waste 

3.3.6     VAR Model Estimations for Municipal Solid Waste Versus Actual Records 

and Streets Department Estimations 

Figure 16 compares actual records of the municipal solid waste generation with 

the VAR model and Streets Department estimations. Although none of the proposed 

models has generated precise estimations comparing to the actual records, the VAR 
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model is showing a closer overall trend. The VAR model has proposed better estimations 

with RMSE of 0.15 million tons (RMSPE = 10.7%), comparing to Streets Department 

estimations with RMSE of 0.39 million tons (RMSPE = 21.7%). This RMSE can be 

interpreted as the approximate budget of (0.39 million tons * $118 per ton cost of waste 

processing) $46 million dollars in 15 years or about $3 million dollars underestimation in 

annual budget allocation of Streets Department Sanitary Division. 
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Figure 16. VAR Model Estimations Versus Streets Department Estimation and Actual Records 

3.4     Second Approach: Linear Ordinary Least Square (OLS) Model 

The second method was to run a monthly linear ordinary least square regression 

model. We ran two different linear regression models using stationary and nonstationary 

variables. In the first model based on stationary variables, we considered changes in total 

solid waste as the dependent variable and the rate of population change, unemployment 

rate change, and dummy variable of recycling as independent variables. All these 

variables are stationary based on ADF test results. In the second model, we used 
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nonstationary variables. However, we substituted the rate of population change with 

population change as independent variables. Total solid waste and unemployment rate 

variables were seasonally adjusted to proceed with the OLS model. We also developed 

the same models for municipal solid waste to be able to compare the estimations with the 

ones for Streets Department. The parameters of the two final OLS models are shown in 

the sections B.5 and B.6. 

3.4.1     OLS Models Estimations for Total Solid Waste Versus Actual Records  

 Figure 17 and Figure 18 represent the monthly estimations of stationary and 

nonstationary OLS models respectively. The nonstationary OLS model is addressing 

short-time fluctuations better than the stationary model with better model statistics (R2 

and p-value). However, the stationary OLS estimations for 2008 – 2015 show a better 

agreement with the actual records (RMSPE of 8.8% for the stationary model versus 

25.3% for the nonstationary model).  Figure 19 and Figure 20 show annual estimations of 

these models with the similar results. 
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Figure 17.  Monthly Stationary OLS Model Estimations Versus Actual Records for Total Solid Waste 
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Figure 18. Monthly Nonstationary OLS Model Estimations Versus Actual Records for Total Solid Waste 
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Figure 19. Annual Stationary OLS Model Estimations Versus Actual Records for Total Solid Waste 
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Figure 20. Annual Nonstationary OLS Model Estimations Versus Actual Records for Total Solid Waste 
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3.4.2     OLS Models Estimations for Municipal Solid Waste Versus Actual Records 

and Streets Department Estimations 

Figure 21 compares actual records of municipal solid waste generation with the 

nonstationary and stationary OLS models and Streets Department estimations. Although 

none of the proposed models has generated precise estimations compared to the actual 

records, both OLS models, especially the stationary one, are showing a closer overall 

trend. The overall performance of both stationary and non-stationary OLS models are 

similar (RMSPE = 9.8% for stationary OLS and 10.2% for nonstationary OLS). 

However, after 2008, stationary OLS is showing a very precise and close to the actual 

values estimation for the municipal solid waste generation of Philadelphia. The Streets 

Department estimations with RMSE of 0.39 million tons underestimated the municipal 

waste disposal by over 21% (RMSPE = 21.7%). 
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Figure 21. OLS Model Estimations Versus Streets Department Estimation and Actual Records 
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3.5     Comparison of the Three Developed Models for the Total Solid Waste 

Table 4 shows the RMSPE and R-square of models simulation (1990-2007) and 

validation (2008-2015) periods. Nonstationary OLS model is producing estimations with 

the lowest error percentage and highest R-square level among all models for both 

simulation and validation periods. 

Table 4. Comparison of the Three Developed Models for Total Waste 

Model RMSPE of 

Simulation 
𝑹𝟐of 

Simulation 

RMSPE of 

Validation 
𝑹𝟐of 

Validation 

Time Series (VAR) 7.6% 0.76 25.1% 0.4 

Nonstationary OLS Model 10% 0.62 25.3% 0.26 

Stationary OLS Model 7.4% 0.79 8.8% 0.69 

 

3.6     Forecasting Limitations 

We need to have monthly unemployment rate and population forecast data at the 

county level to forecast future solid waste generation of Philadelphia. Unfortunately, 

neither Bureau of Labor Statistics nor Delaware Valley Regional Planning Commission 

provides unemployment rate forecasts at the county level. Some private entities have 

access to these data, but they do not provide it to the public. 
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CHAPTER 4  

ENVIRONMENTAL AWARENESS, GOOGLE TRENDS AND 

ADWORDS  

Research shows that economic productivity and environmental concern have a 

close inverse relationship [7],[8],[9],[10]. Recession leads to a slower pace of economy 

that results in less industrial activities and therefore lower environmental impacts and 

greenhouse emissions. However, the recession also distracts people’s attention and 

concern from environmental issues such as greenhouse gas emissions and climate change 

to the economic issues, such as unemployment rate and their personal income 

fluctuations. A study by Kahn and Kotchen [7] using Google Trends indicated that an 

increase in unemployment rate in a state decreased the number of searches for 

environmental concern representative keywords such as “global warming,” while 

increased search volume for “unemployment rate” keyword. Google Trends is a public 

web facility provided by Google Inc. that shows the popularity of a keyword locally or 

globally. This service works based on the amount of searches for a specific term that take 

place in a region relative to the total number of searches in that region during a given 

period of time and shows the relative popularity trend of that keyword. Google Trends 

normalizes the relative number of searches for a keyword to a value between 0 and 100 in 

a specific time span. A value of 100 is the peak popularity for the term, 50 is half as 

popular and the value of 0 means the term is less than 1% as popular as the peak. 

Historical data in Google Trends goes back to the beginning of 2004. In this study, we 
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selected two search terms of “Climate Change” and “Global Warming” as indicators of 

environmental concerns of the public and investigated the popularity of these two terms 

in Philadelphia region between years 2004 and 2015.  

Our goal was to see whether the change in waste generation trend of Philadelphia 

could also be connected to the increase in people’s environmental awareness. However, 

as mentioned before, Google Trends does not provide the exact number of searches. We 

used Google’s online advertising service, Google AdWords, to calculate this number. 

This web facility provides an approximate number of searches for a keyword in a given 

region, which dates back to March 2014. We assumed that by using the approximate 

search numbers on Google AdWords and the normalized values provided by Google 

Trends, the highest number of searches (the normalized value of 100 in Google Trends) 

and consequently all other search values could be calculated. Figure 22 and Figure 23 

show the approximate annual amount of searches for “Global Warming” and “Climate 

Change” in Philadelphia from 2004 to 2015. From 2004 to 2007 there is a great increase 

in the amount of search for “Global Warming” and “Climate Change” keywords in 

Philadelphia region. During the same period, waste records show a substantial decrease in 

the amount of total disposed solid waste. These trends may reflect an increase in public 

environmental concern which makes people generate less waste, and become more 

conscious towards environmental issues. From 2007 to 2011, the trend for “Global 

Warming” search volume is sharply decreasing, “Climate Change” keyword is also 

decreasing with a lower slope and a little fluctuation in 2008. Interestingly, 2007-2011 is 

approximately the time frame of the US great recession. Thus, decrease of Philadelphians 
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environmental consciousness and the decrease in their waste generation during this 

period can both be well explained by the unemployment rate growth during the recession 

that switched people’s attention from environmental issues and influenced their 

purchasing power which led to lower waste disposal. Between 2011 and 2015, we can 

observe approximately a steady trend for the number of searches for “Global Warming” 

term and an increasing search volume for “Climate Change”. This can be illuminated by 

the fact that while economic status of people is getting more stable after the recession, 

they are regaining their interest in environmental issues. The greater increase for 

“Climate Change” keyword instead of “Global Warming” might be due to the fact that 

the term Global Warming which is slightly misleading is being replaced by the more 

scientifically-correct one, Climate Change, as Philadelphians are becoming more 

educated. However, it should be noted that the number of searches for Global Warming 

in Philadelphia still surpasses the one for Climate Change by about one million in 2015.  

To sum up, in the absence of economic recessions, a well-established education 

system continuously increases public awareness of environmental topics. However, 

negative consequences of a recession such as unemployment rate growth and fluctuations 

in household income can temporarily distract people’s attention from environmental 

issues. These consequences can be a double-edged sword; they may act against the 

environment (e.g., Climate Change and Global Warming keyword discussion), or 

unpurposely in favor of it (e.g., reduction in waste generation).  
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Figure 22. Number of searches for “Global Warming” 2004-2015 
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Figure 23.Number of searches for “Climate Change” 2004-2015 
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CHAPTER 5  

CONCLUSION 

In this research, we studied the solid waste generation based on the rate of 

population change, unemployment rate change and recycling activities on monthly basis 

in Philadelphia from 1990 to 2015 in an attempt to model total solid waste generation of 

the city using simple and available variables. The current method being used by the 

Streets Department to predict future municipal waste generation was also investigated.  

Based on the results obtained by the three developed models in this study, it is 

observed that time series analysis does not perform as well as multiple linear regression 

models for waste generation in Philadelphia over a short period when there are limited 

data points available. Among the three models for total solid waste, the stationary OLS 

model is producing the most precise estimations with an average error of 8.8%. The 

developed vector autoregressive model is generally overestimating the total waste 

generation by 21%. Nonstationary OLS model is more sensitive to capture short-term 

fluctuations in waste generation comparing to the other two models, while, stationary 

OLS model is the least successful of all in responding to the short-term changes. Both 

time series analysis and the stationary OLS model used the same set of variables. 

However, nonstationary variables were used to develop nonstationary OLS model.  To 

sum up, the time series method is using the lag values of variables which leads to using 

more input variables in the model and yet is not producing the most precise estimations. 

Between nonstationary and stationary OLS models, the stationary one is generating closer 
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to the actual records estimations both in modeling total solid waste and municipal solid 

waste of Philadelphia. Therefore, we can conclude that the stationary OLS model is the 

best model to use for predicting Philadelphia’s waste generation. However, due to lack of 

monthly forecasts for regional unemployment rate and population, the three developed 

models could not be employed further in forecasting waste generation towards 2020. 

 The Google Trends analysis also supported our hypothesis of the existence of a 

negative correlation between waste generation and environmental concern in the absence 

of recession by revealing a sharp increase for “Global Warming” and “Climate Change” 

keywords search volume and a decreasing trend of Philadelphia’s waste generation. This 

correlation is not valid during economic recessions. Recessions distract people’s attention 

from environmental issues and they result in a decrease in waste generation. Therefore, 

during recession impacts of economic downturn dominate the effects of environmental 

awareness on waste generation leading to even less production of waste. To sum up, 

although recessions can negatively affect people’s environmental concerns, they act in 

favor of the environment by forcing people to produce less waste. 

Finally, the developed multiple linear regression model can possibly be a future 

substitute to the current model used by the Streets Department to produce estimations for 

waste generation, given the assumption that one has access to the monthly population and 

unemployment rate forecasts. 

Methods employed by Philadelphia Streets Department for the past years to 

predict the future waste generation were described in the second chapter. Despite a good 
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agreement between Streets Department’s prediction and the actual waste records for the 

years 2013 and 2014, the overall performance of this method is not satisfactory due to the 

high error level of the estimates (RMSPE=21.7%) with respect to our models with 

significantly lower level of error (around 10%). We assume that there might be some 

concerns associated with Streets Department approach that can be named, but are not 

limited to the following: 

 Our understating is that Streets Department considers any building with more than 

6 units as a part of commercial sector. This includes apartments and housing 

dwellings as well. Therefore, collected waste from such properties is considered 

as commercial waste and is connected to the employed population of the city. 

Streets Department should differentiate between commercial and residential waste 

collected from such properties.   

 Market demand of recycling industry is highly dependent on the value of raw 

materials, which turns it into an unstable industry. Between 2008 and 2012, there 

was a 13.5% growth in Philadelphia recycling rate, which can be considered as a 

drastic change for a four-year period. Therefore, there is always a possibility of 

severe fluctuations in recycling rates. Considering the high expenditures of the 

recycling industry during the past few years [61], it is likely for the city to 

experience a lower level of recycling activities during the next couple of years. In 

its estimation through 2024, Streets Department considers a steady increase for 

recycling rate. This approach may impose a great risk of underestimating future 

waste disposal capacity needs as happened before in Streets Department solid 
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waste management plan of 2000-2010, in which an underestimation in the 

amounts of waste disposal happened due to the overreliance on the recycling 

industry.  

 Economic recessions causing sharp increases in unemployment rate, affect the 

consumer’s purchasing power, which leads to less waste generation. City of 

Philadelphia assumes that Philadelphia’s unemployment rate follows the trends in 

the national and global economy, so it projects unemployment rate to remain 

fairly flat during fiscal years 2017 to 2021 in its five year financial and strategic 

plan [3]. Economic factors such as unemployment rate are missing in the Streets 

Department method which makes it inflexible toward economic recessions. 

 In the most recent waste management plan, the Streets Department has used 

disposed municipal waste records for the year 2007 to 2013 as the base disposal 

for its future estimation. However, based on our study great recession has severely 

influenced the waste generation between 2007 and 2013. Also during this period 

certain policies have changed or implemented by Mayor Nutter including the 

Greenworks plan. Furthermore, we speculate that Philadelphians have become 

more environmentally conscious in the past decade. Thus, the base disposal 

amounts may not be a good representative of Philadelphia waste generation for 

future predictions. 

 The Streets Department estimation is limited to municipal waste and does not 

cover other types of waste and specifically there is no estimation for total solid 

waste generation of Philadelphia. 
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CHAPTER 6  

RECOMMENDATIONS FOR POLICY MAKERS AND FUTURE 

STUDIES 

6.1     Pennsylvania Department of Environmental Protection 

The State of Pennsylvania has assigned the responsibility of providing future 

waste estimations to the counties, and there are some discrepancies in methods employed 

by different counties. These discrepancies can lead to inaccurate and incomprehensive 

future estimations for the total waste generation in Pennsylvania. We recommend the 

DEP to provide comprehensive guidelines for predictive modeling that can be used by all 

the counties. If possible, it would be beneficial to use the same established model with 

the same number of variables in all counties. This would lead to more reliable and 

consistent results. We also recommend the State of Pennsylvania to consider generating 

an inclusive predictive model for the total waste received from all counties to have a 

better estimation of the overall trend of future waste generation in Pennsylvania and have 

that compared against results given by all counties. Such predictions can lead to better 

estimation of future expenditures and revenues for the state. We have also noticed there is 

a delay in updating recycling information of counties. Pennsylvania can possibly invest 

on developing a centralized method to watch recycling centers and recycling rates in 

various regions so that their database can be updated more regularly and they can have a 

better estimation of future costs and revenues. 
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6.2     City of Philadelphia 

To the best of our knowledge, no governmental agency in Philadelphia produces 

or possesses future predictions for population growth and unemployment rate specifically 

for Philadelphia county.   In our study, we were unable to make future predictions for the 

next ten years because we could not obtain accurate forecasts for unemployment rate and 

population growth. Based on our investigation, some financial institutions have such 

information but they consider this type of information proprietary and are hesitant to 

share the information with public. An accurate model could be strong in prediction yet 

useless if it cannot generate forecasts. Our recommendation to the City of Philadelphia is 

to invest in collecting, processing, and predicting such demographics information so that 

such predictions in population growth and unemployment rate can be utilized for future 

estimation of waste generation, greenhouse gases emissions, and water and energy 

consumption. Except for the data provided by DEP, there is not much of information 

available to public. 

6.3     Streets Department 

In order to have a better estimation of Philadelphia’s total solid waste generation, 

the Streets Department should focus on the total solid waste of the county instead of 

merely considering municipal waste in its estimations. We also recommend including an 

economic variable such as unemployment rate in addition to population variables and 

recycling rate. The Streets Department is currently considering employed population in 

its estimation. However, it should be noted that this variable is not an economic factor 
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and it is not necessarily impacted by economic fluctuations. Employed population can 

grow in a city while unemployment rate is sharply increasing as happened in Philadelphia 

during the recent great recession. 

6.4     Future Research 

This study evaluated the performance of multiple linear regression modeling and 

time series analysis in estimating and forecasting the waste generation in Philadelphia. 

Future studies can concentrate on other modeling methods such as neural networks for 

time series and systems dynamics. Moreover, addition of more variables in such models 

can possibly improve the accuracy of a predictive model for Philadelphia’s waste 

generation. Yet there will be no use for a predictive model if the City of Philadelphia 

does not have future predictions for such variables.       
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APPENDIX A 

DEFINITIONS  

According to the Environmental Protection Agency (EPA), different types of 

waste have been defined as follows: 

Residual waste: “Residual waste-like materials that can potentially be solid and 

hazardous wastes are divided into five groups of secondary materials: spent materials, 

sludge, by-products, commercial chemical products (CCPs), and scrap metal.” 

(Environmental Protection Agency, 2012) 

Infectious waste: “means waste capable of producing an infectious disease 

because it contains pathogens of sufficient virulence and quantity so that exposure to the 

waste by a susceptible human host could result in an infectious disease. These wastes 

include isolation wastes, cultures and stocks of etiologic agents, blood and blood 

products, pathological wastes, other contaminated wastes from surgery and autopsy, 

contaminated laboratory wastes, sharps, dialysis unit wastes, discarded biological 

materials known or suspected to be infectious.” (Environmetal Protection Agency (EPA), 

2014) 

Sewage sludge: “refers to the solids separated during the treatment of municipal 

wastewater. The definition includes domestic septage. “Biosolids” refers to treated 

sewage sludge that meets the EPA pollutant and pathogen requirements for land 

application and surface disposal.” (Environmental Protection Agency, 2014) 
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Construction: “Construction and demolition (C&D) debris is defined as the 

waste material produced in the process of construction, renovation, or demolition of 

structures (both buildings and roads). In addition, it includes the materials generated as a 

result of natural disasters. Components of C&D debris include materials such as concrete, 

asphalt, wood, brick, metals, wallboard, and roofing shingles.” (Environmental Protection 

Agency, 2012) 

Asbestos-containing waste: “means mill tailings or any waste that contains 

commercial asbestos. This term includes filters from control devices, friable asbestos 

waste material, and bags or other similar packaging contaminated with commercial 

asbestos.” (State of New Jersey: Department of Environmental Protection, 2013) 

Municipal Solid waste (MSW): “more commonly known as trash or garbage—

consists of everyday items we use and then throw away, such as product packaging, grass 

clippings, furniture, clothing, bottles, food scraps, newspapers, appliances, paint, and 

batteries. This comes from our homes, schools, hospitals, and businesses.” 

(Environmental Protection Agency, 2014) 
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APPENDIX B 

STATA OUTPUTS 

B.1 ADF Test Results 
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B.2 Lag Selection  
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B.3 Cointegration Analysis 

 

 

B.4 VAR Model 
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B.5 Stationary OLS model 

 

 

B.6 Nonstationary OLS model 

 


