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ABSTRACT –  
 

The benefits of a robust green infrastructure network are frequently overlooked by policy 

makers. Hence, there is a need to assign a monetary value to green infrastructure. The 

Hedonic Pricing Model is used in conjunction with Australian property sales to indirectly 

determine an implicit price property owners are willing to pay for green infrastructure in their 

postcode. The Enhanced Vegetation Index (EVI) aggregated annually at postcode level is 

used as a proxy for green infrastructure. To address endogeneity issues due to the EVI 

regressor, the Instrumental Variable approach is implemented using precipitation data as the 

instrument. Using clustered standard errors at postcode-year level a one standard deviation 

increase in EVI leads to increases in housing prices of 8.62% using year fixed effects and 

15.57% using state-year fixed effects. For an average house this translates to an increase of 

$32,139.23 and $57,991.41. 
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INTRODUCTION -  

 

It would be hard to imagine a typical Australian suburb devoid of parks, trees and urban 

greenery. The value of this “green infrastructure” is well-recognised in modern Australian 

society. However, policy makers generally do not fully understand the costs and benefits of 

green infrastructure. Furthermore, most of the green infrastructure is a public good and 

therefore non-excludable and non-rivalrous. As a result there is typically a market failure due 

to a sub-optimum level of private investment in urban green infrastructure (Choumert & 

Salanié, 2008). Hence, there is a need to value environmental assets to quantify monetarily 

the benefits of improvements in green infrastructure. Wolf (2004) stated that “Green 

infrastructure… in cities should be administered in an integrated way, just as grey 

infrastructure (i.e. roads, power, water etc.) systems have been”.  

Green infrastructure comprises “all natural, semi-natural and artificial networks of 

multifunctional ecological systems within, around and between urban areas” (Tzoulas et al., 

2007). Essentially, green infrastructure is the aggregate of all urban vegetation including 

environmental assets such as parks, trees and backyards (Cameron et al., 2012). It is assumed 

that the bulk of utility derived by consumers from green infrastructure is a non-use value and 

therefore non-tradable. Due to this property of non-tradability, stated preferences cannot be 

observed easily. This motivates the use of an indirect method of valuation, namely the 

Hedonic Pricing Method (HPM), to measure the value of green infrastructure through 

Australian property prices. Essentially, the HPM determines property owners’ willingness to 

pay for the benefits of green infrastructure. The need to value ecosystems is essential in order 

to address the issues that relate to improving green infrastructure (Schäffler & Swilling, 

2013).  
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Green infrastructure plays a vital role in reducing pollution, minimising the effects of climate 

change, limiting the heating of metropolitan areas (heat island effect), encouraging ecological 

diversity and sustainable economic growth (Gill, Handley, Ennos, & Pauleit, 2007; 

Sandström, Angelstam, & Mikusiński, 2006). This was outlined by Chen and Warren (2011) 

who emphasised the urgent need for expenditure on green infrastructure in China to enable 

sustainable economic growth and increasing living standards. Gill et al. (2007) analysed the 

benefits of increasing green infrastructure with respect to reducing the impact of climate 

change in Australia. Gill et al. also outlined the benefits of green infrastructure networks 

during times of drought, an important issue given Australia’s long history of susceptibility to 

droughts. There are flow on effects from improved green infrastructure. In Georgia, USA, the 

mere presence of trees increased housing prices by approximately 4.5%, which had the 

subsequent effect of increasing tax revenue for the city by roughly 0.46% of the budget 

(Anderson & Cordell, 1988). Furthermore, cities of all sizes derive benefits from green 

infrastructure including cities experiencing rapid growth and towns with a declining 

population (Chen & Warren, 2011; Schilling & Logan, 2008). 

There is substantial research with respect to green infrastructure’s role in improving the 

health of society. A robust green infrastructure network decreases the severity of heat waves 

and improves air quality within cities, resulting in improvements in public health 

(Rosenzweig, Solecki, & Slosberg, 2006). Heat waves have been occurring at an increasing 

rate in the 21
st
 century causing major health concerns, particularly among the elderly (Meehl 

& Tebaldi, 2004). Mitigating heat waves through green infrastructure can significantly 

improve social utility. There is also evidence that green infrastructure is implicated in 

decreasing obesity, stress, anxiety and better self reported health (Tzoulas et al., 2007). 
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The HPM is an indirect valuation method that analyses the variance in property prices that 

relate to changes in the characteristics that are packaged with the property (Rosen, 1974). 

There are numerous studies using the HPM to value environmental assets. However, these 

typically focus on a specific environmental asset or on a small geographical area. Our study 

aims to find the implicit price of aggregate green infrastructure at nation-wide level through 

fluctuations in housing prices, as there is a gap in literature for a study of this kind. The 

dataset used for this study consists of 2,531,803 observations of housing sales transactions 

between the years 2000 and 2010. 

To quantify green infrastructure we used the satellite measured Environmental Vegetation 

Index (EVI). EVI is a measure of the amount of photosynthesis occurring in the environment. 

Photosynthesis is correlated with the “greenness” of the environment which is directly 

proportional to the quantity of green infrastructure (Lymburner & Australia, 2011). 

Consequently, EVI is used as a proxy for green infrastructure. EVI is aggregated annually at 

postcode level using Geographic Information Systems (GIS)
1
. Therefore, we are analysing 

what property owners are willing to pay for improvements in green infrastructure within their 

postcode. However, as EVI is an endogenous regressor due to omitted variable bias, 

measurement error and simultaneity bias. The Instrumental Variable (IV) approach is 

implemented to address endogeneity and precipitation data is used as an instrument for 

annual EVI at postcode level. Our results show that a one standard deviation increase in EVI 

increases housing prices by between 8.62% and 15.57%. For an average house this translates 

to an increase of between $32,139.23 and $57,991.41. 

 

 

                                                             
1 Clustered standard errors are used at postcode-year level due to autocorrelation between standard 
errors with EVI measured at postcode level 



5 
 

LITERATURE REVIEW – 

The theoretical model for the HPM was pioneered by Rosen (1974).  His model attempts to 

observe variations in property prices with respect to the characteristics that they are packaged 

with. Doing so enables the user to determine implicit prices for these characteristics. Rosen 

(1974) defines hedonic prices “as the implicit prices of attributes and are revealed to 

economic agents from observed prices of differentiated products and the specific amounts of 

characteristics associated with them" (p.34).  

Since Rosen’s paper there has been extensive research using the HPM to value a variety of 

goods. These include economic factors such as price elasticity, income distribution and the 

depreciation index. However, the HPM is generally used to value neighbourhood factors or 

other observable non-tradable characteristics that effect communities. These include both 

environmental (such as air pollution, open space, wetlands, beaches and parks) and non-

environmental (such as crime, racial factors, infrastructure factors and zoning) characteristics 

(Herath & Maier, 2010). 

Typically, for environmental assets the HPM is used to value a specific environmental 

landmark: the effect of an environmental good on a small area or a specific type of green 

infrastructure. This was undertaken in a recent Australian study in which the value of Lake 

Illawarra in New South Wales was determined using 521 housing price sales and their 

respective distance to the lake (Hodgkinson & Valadkhani, 2009). In Belgium a study was 

completed on the effect increasing agriculture has on rural tourism (Vanslembrouck, 

Huylenbroeck, & Van Meensel, 2005), while in Perth, Australia, the value of street trees with 

respect to housing prices was estimated (Pandit, Polyakov, Tapsuwan, & Moran, 2012). 

Despite these studies, there is little research investigating the effect of aggregate green 
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infrastructure from a nation-wide perspective, and it is this gap in the literature that this paper 

hopes to fill. 

The EVI is used as a measure of green infrastructure and is aggregated at postcode level 

using GIS. GIS has been used previously with the HPM for valuation of environmental assets 

and has been shown to help improve the accuracy of HPM’s (Kong, Yin, & Nakagoshi, 

2007). Cavailhès et al. (2009) used GIS imagery to value the urban area of Dijon located in 

France, with 2,667 property sales. The paper demonstrated that houses within the proximity 

of trees produced a positive effect, whilst if houses were located near a road there was a 

negative effect. Stobbe, Cotteleer, and Cornelis Van Kooten (2009) analysed the effect of 

small scale “hobby farms” using both GIS and the HPM. Bastian, McLeod, Germino, 

Reiners, and Blasko (2002) analysed Wyoming’s rural landscape to determine the value per 

acre of both productive agricultural land and natural habitat. Typically, HPM research using 

GIS has been primarily focused on rural areas or valuing open spaces.  

Vegetation indexes similar to the EVI have been used before in conjunction with the HPM. 

Mansfield, Pattanayak, McDow, McDonald, and Halpin (2005) used the Normalised 

Difference Vegetation Index (NDVI) in conjunction with other environmental aspects in 

North Carolina. Using OLS, they found an inverse relationship between NDVI and housing 

prices. This is contrary to Payton, Lindsey, Wilson, Ottensmann, and Man (2008) research in 

Indianapolis, USA, that found NDVI had a small positive and significant effect on housing 

prices. Sengupta and Osgood (2003) used NDVI to control for unobserved variations in 

temperature and presence of water in a hedonic analysis of ranchette land value in Arizona. 

A central issue for many hedonic models is omitted variable bias. This stems from the 

inability to quantify unobserved characteristics such as crime, proximity to schools or 

shopping centres (Kuminoff, Parmeter, & Pope, 2010). Kuminoff et al. (2010) completed a 
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Monte Carlo analysis with over 54,000 regressions to determine the effect of omitted variable 

bias has on the accuracy of hedonic models and what functional form is optimal in 

minimising the endogeneity bias. Samples of 2,000 out of a pool of 104,000 property 

transactions from Wake Forest, USA were taken. Various neighbourhood characteristics 

subsets were omitted selectively to determine the robustness of the functional forms. The 

findings were that spatial fixed effects most effectively captured the effects of the omitted 

variables. Although spatial fixed effects do not control for the variation within the omitted 

variables, they are effective in reducing omitted variable bias. In a valuation of urban forestry 

in Finland, Tyrväinen and Miettinen (2000) excluded all property types except terrace houses 

in order to minimise bias. Our paper uses similar methods to minimise the omitted variable 

bias including spatial fixed effects and excluding property types. 

The EVI regressor is endogenous due to omitted variable bias, measurement error and 

simultaneity bias and therefore OLS produces biased and inconsistent estimates (Kuminoff et 

al., 2010). This paper uses the IV approach using precipitation data as an instrument for green 

infrastructure. Angrist and Krueger (1992) pioneered the IV approach by using birth date as 

an instrument for the years of schooling. The IV approach has been used in conjunction with 

the HPM in order to value environmental assets. Irwin (2002) used the HPM and IV approach 

to analyse the marginal effects of open space using land slope as an instrument for land use. 

Ready and Abdalla (2005) used GIS to analyse how the externalities from farmland in 

Southeastern Pennsylvania impacted housing prices. Their paper addressed endogeneity using 

a variety of land characteristics as instruments for an IV model. Recently (Gopalakrishnan, 

Smith, Slott, & Murray, 2011) analysed the impact of erosion of beaches on housing prices. 

This was completed using eight beaches in North Carolina, USA. To address endogeneity of 

cheaper beaches eroding quicker due to human factors geomorphologic variables was used as 

an IV for beach width. The results were that erosion of beaches diminishes housing prices by 
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up to 52% or houses will increase by $8,800 for each foot of beach width. What is interesting 

about this result is that it is around five times greater than the OLS regression. This highlights 

the importance of using IV when endogeneity exists. It should be noted that the aggregate 

median house price cannot be used in the HPM due to unobserved changes in the quality of 

houses rather than the amenities results endogeneity bias (Bayer, Keohane, & Timmins, 

2009). 

In order to address endogeneity precipitation data will be used as an instrument for green 

infrastructure. For this to be a valid instrument it has to be exogenous with housing prices and 

correlated with EVI. Rehdanz (2002) in a HPM analysis of the effect of climate change on 

house prices in Great Brittan found that average precipitation is exogenous with housing 

prices. This finding is contrary to Englin (1996) who estimated an implicit price of $0.05 for 

a one mm reduction in annual rainfall. However, both articles found that agents prefer more 

seasonal variation (wetter winters and dryer summers).  

DATA SECTION 

 
To complete this research, 2,531,803 observations of property transactions across mainland 

Australia
2
 were analysed. The challenge of obtaining, cleaning and preparing the housing 

price data and the EVI data was non-trivial. The housing data was the aggregate of 2,127 

individual tables
3
, each of which held up to 10,000 observations. The housing pricing data 

was supplied by Property Data Solutions Pty Ltd
 4

 and the merging of this data was 

completed as part of this research. Standard methods of data cleaning were also used to 

ensure data quality. 

                                                             
2 Data from all States and Territories was used, with the exception of Tasmania. 
3 The data was imported from the website into Microsoft Excel 
4 The data sourced by Property Data Solutions was from the various state governments 
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The dataset encompasses all properties sold from 1 January 2000 until 31 December 2010
5
. 

The dependent variable is the natural log of the sales price. We restricted the number of 

bedrooms, bathrooms and car parks to a maximum of 10 in order to minimise measurement 

errors. These thresholds have been used in previous HPM studies (Gopalakrishnan et al., 

2011). All commercial properties were excluded, area was limited to 10,000m
2
 and the 

maximum sales price was limited to $20m. The decision was made to exclude units and 

apartments and only include houses was due to the data relating to units and apartments being 

inconsistent and incomplete. The area of the unit was inconsistent as it varied between the 

area of the unit, and the area of the land the unit is located on. Furthermore, data that is vital 

for the valuation of a unit e.g., how many apartments are collocated, the age of the building, 

or the size of the unit, was not available. Consequently, the unit data is very noisy.  

In total 2,000,524 observations were dropped, leaving 2,651,962 housing observations. 

2,531,803 observations were used in our regressions due to incomplete data in the EVI and 

precipitation data
6
. The average Australian house has 869.7m

2
, 3.2 bedrooms, 1.3 bathrooms, 

1.4 car parks, and sells for $372,456. The average postcode has an EVI of 0.295 and average 

daily precipitation (determined from average monthly totals) was 2.372cm.  

The amount of photosynthesis in plants is directly correlated to the quality of green 

infrastructure, or ‘greenness’ of vegetation. Using satellite imagery, we can use the EVI as a 

measure of the amount of photosynthesis occurring in a sample area (Lymburner & Australia, 

2011).  As such, the EVI can be used as a proxy for a measure of green infrastructure. 

EVI is derived from the NASA satellite images obtained from Terra and Aqua Moderate 

Resolution Imaging Spectroradiometers (MODIS), the MOD13Q1. MOD13Q1 is the product 

composites 16 of sequential days of MODIS satellite data into a single image (Lymburner et 

                                                             
5 See appendix A1 for description of variables 
6 See appendix A2 for summary statistics  
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al, 2011). EVI is a standard product of the composite data using 250 metre (for      

and    ) and 500 metre (     ) spatial resolution bands (Lymburner & Australia, 2011). 

EVI can take an annual value between 0 and 1.  

The EVI is measured by the following equation: 

      
           

                         
 

where  
   

,   
   

 and  
    

 are spectral reflectance’s in MODIS bands 1, 2 and 3 

respectively(Sims et al., 2008). G is the gain factor, C1 and C2 are the coefficients of the 

aerosol resistance term which uses blue band to correct for aerosol influences on red band 

and L acts as a soil adjustment function (Jiang, Huete, Didan, & Miura, 2008). For the EVI 

calculations L, C1, C2 and G are constants set to 1, 6, 7.5 and 2.5 respectively. 

Within each postcode there are multiple pixels
7
. These pixels are aggregated together using 

GIS at postcode level. The mean pixel value across each postcode is taken and assigned to the 

specific postcode for that year. This is done for each of the 10 years in the sample. The result 

is a value for green infrastructure that illustrates the growth or decline in green infrastructure 

between 2000 and 2010 for each postcode. See figure 1 for an extract of the EVI images of 

Victoria during 2010. The darker green the pixel is the more photosynthesis is occurring, 

hence, the more green infrastructure.  

                                                             
7 The median number of pixels in each postcode is 1,278 
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FIGURE 1: EVI EXTRACT OF VICTORIA IN 2010.  

Most past HPM research focuses on city or local government area level, and attempts to value 

local assets.  This paper’s research is novel in both its data size and geographical setting, 

using 2,531,803 observations across the entire Australian housing market.  Analysis at the 

national level was primarily motivated by the need to capture sufficiently large variation in 

the EVI, allowing valuation of green infrastructure to be possible.  

The precipitation data taken from over 8,000 weather stations located across Australia and 

was obtained from the Bureau of Meteorology. Using GIS we assign each weather station a 

postcode and collect precipitation data at each postcode for the years 2000 to 2010. See figure 

two for a map of the weather station locations. It can be seen that the weather stations are 

situated across most of Australia with the exception of areas in Central Australia. However, 

there are very few property transactions in these areas. The daily precipitation data was 
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aggregated using multiple methods in order to determine the best fit for predicting EVI. 

These included positive shocks such as average monthly rainfall, total annual rainfall, total 

monthly rainfall and consecutive days of rainfall. Negative shocks were also used including 

multiple measures of consecutive days without rainfall. The aggregation methods chosen for 

our analysis was a twostep approach of taking the average monthly rainfall and then taking 

the daily average of this value. After aggregating the precipitation data we have an instrument 

that is measured at postcode level on a yearly basis which is used for our first stage to predict 

the values of annual EVI.  

 

FIGURE 2: WEATHER STATION LOCATIONS ACROSS AUSTRALIA. 
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METHODOLOGY 

This paper attempts to estimate the value consumers place on green infrastructure through the 

indirect method of the HPM. Essentially, the HPM illustrates through fluctuations in housing 

prices that property owners are willingness to pay for green infrastructure. The model is 

structured such that the price (     ) of property (i) in a postcode (j) in the year (t) in the state 

(k) is a function of the following: 

                                          

Such that       is a vector of the following housing characteristics: the number of bedrooms, 

the number of bathrooms, the area of the property (per 100m
2
) and the number of car parks. 

      is the annual EVI at postcode level which is used as a proxy for the level of green 

infrastructure.    is the area fixed effects that measure the time invariant differences at the 

postcode level.      is the state and year fixed effects that capture any proportional changes in 

housing prices between each state and year.   is the variable for the month the property was 

sold in to capture monthly differences in sales price. 

The model employs an unbalanced panel data model using a log-linear transformation and 

fixed effects in order to predict housing prices. There are many omitted variables affecting 

housing prices that result in a biased and inconsistent prediction of price. For example, a 

house price is affected by factors such as crime rate, quality of schools in the suburb, 

presence of shopping centres, government housing in the suburb, natural disaster risk, 

distance to CBD and many more. To address this, spatial fixed effects have been found to 

significantly help address omitted variable bias in a HPM (Kuminoff et al., 2010). Assuming 

these omitted variables do not change over time, the spatial fixed effects at postcode level 

will capture the fixed omitted variable bias, whilst the state-year fixed effects capture the 

time variant omitted variables at state level. An example of this was a state policy that 



14 
 

stimulated the housing market of that state relative to the other states. The log-linear 

transformation chosen has been commonly used among HPM and has been found to perform 

well with omitted variable bias (Cropper, Deck, & McConnell, 1988).  

For our regressions clustered standard errors are used. Clustered standard errors are relevant 

when micro observations are aggregated together in an attempt to measure macro effects. 

When these micro observations do not have independent disturbances the standard errors are 

significantly biased downwards (Moulton, 1990). In the model, multiple observations are 

aggregated together at postcode-year level to give the marginal effect for EVI. These 

observations all have correlated standard errors when predicting EVI of the postcode. 

Therefore, clustered standard errors at postcode-year level are used. Clustering has been used 

previously alongside the HPM to address the issue of standard errors being correlated within 

groups (Poudyal, Hodges, & Merrett, 2009). 

Using OLS to determine   would produce biased and inconsistent results due to the green 

infrastructure being an endogenous regressor. This is due to omitted variable bias, 

measurement error and simultaneity bias.  

There are unobservable events and variables that affect both the housing prices and the level 

of green infrastructure. These omitted variables result in    not being a true estimate of the 

effect of changes in green infrastructure. For example, if a suburb experiences an increase in 

government support through policy changes, the postcode could experience an improvement 

of schools, public transport and infrastructure. However, this would also result in 

improvements in green infrastructure. That is, an unobserved factor has increased both the 

house prices and also the green infrastructure. An example of this was the American policy to 

improve cities with declining population (“shrinking cities”). Green infrastructure was 

identified as a way to improve the housing sector and stimulate the local economy (Schilling 
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& Logan, 2008). Omitted variable bias such as this would result in the   being overestimated. 

However, omitted variables can result in   being underestimated. An example of this is 

urbanisation and urban sprawl which increase house prices but reduce green infrastructure. In 

Kansas City, USA urban sprawl has been found to significantly decrease the city’s urban 

vegetation (Ji, Ma, Twibell, & Underhill, 2006). An Australian example is Berwick. Berwick 

was a small country town 60km east of the Melbourne CBD that has expanded rapidly over 

the past decade. As a result EVI has decreased from 0.41 in 2000 to 0.31 2008, or by 1.35 

standard deviations of EVI. However the average housing price has increased from $185,689 

to $376,912. Consequently, there is an inverse relationship between housing prices and EVI, 

resulting in   being underestimated. 

Furthermore, green infrastructure and housing prices are simultaneously determined. It is 

assumed that property owners are willing to pay for greener infrastructure. However property 

prices in a suburb will also determine the amount of green infrastructure. More affluent 

postcodes attract wealthier individuals or families who invest more into a green backyard. 

Moreover, these postcodes collect higher council rates that improve green infrastructure (and 

vice-versa for less affluent suburbs). Postcode fixed effects addresses much of the 

simultaneity bias because more affluent suburbs will always have more robust green 

infrastructure network. However the bias may still exist if this occurs independently of the 

postcode.   

Our final source of endogeneity is through measurement area. As we are using EVI as a 

proxy for green infrastructure, it is not an exact measure for what property owners are willing 

to pay for improvements in green infrastructure. The presence of measurement errors results 

in t statistics declining and a biased estimate of sales price (Hausman, 2001). EVI measures 

the aggregate level of green infrastructure in a suburb. However, there may be “useable 

green” (UG) which property owners are willing to pay for and “unusable green” (UUG) 
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which property owners gain no utility from. Consequently we have           . The 

unusable green infrastructure could be a vacant lot of land covered in weeds whilst the 

useable green infrastructure could be park or street trees. Property owners are only willing to 

pay for the improvements in UG infrastructure, while the presence of UUG infrastructure 

may decrease prices or have no effect (Panduro & Veie, 2013). Therefore we have 

measurement error due to EVI not being an exact measure of property owners’ utility from 

green infrastructure. Furthermore, EVI does not give weight to the quality of green 

infrastructure. For example, the marginal effect on housing prices for a leafy park in an inner 

city suburb would be larger compared to open farmland in a country town. This is outlined in 

Panduro and Veie (2013) paper that states “green space is not a uniform environmental 

amenity but rather a set of distinct goods with very different impacts on the housing price” 

(p.1). The result is the OLS model suffering from attenuation bias where   is biased towards 

zero.  

Overall, we hypothesise that the most significant causes of endogeneity are measurement 

error and the omitted variable bias. Australia’s increasing population and the housing boom 

results in urbanisation and urban sprawl being the most significant of the omitted variable 

bias. A significant variety in quality of green infrastructure and therefore the presence of 

UUG results in significant attenuation bias. We believe the net effect of these is a   biased 

towards zero and understated. 

In order to achieve an unbiased and consistent estimator of green infrastructure the IV 

approach was implemented. The method has been used previously in HPM’s to account for 

endogeneity Gopalakrishnan et al. (2011). A valid instrument for green infrastructure must be 

correlated with green infrastructure but is exogenous to property values. Our first stage of the 

regression is as follows: 
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     is the average daily precipitation determined from the average monthly precipitation 

measured at postcode level. The literature gave little guidance on the relationship between 

vegetation indexes and precipitation except that it was significant and complex (Nightingale 

& Phinn, 2003). Consequently we used various range of precipitation aggregated in different 

methods. Negative measures such as days without rainfall gave insignificant results while 

positive measures such as average or total precipitation gave significant positive results. A 

study in Great Britain found that average rainfall is exogenous with housing prices (Rehdanz, 

2002). Furthermore, we believe that precipitation is intuitively exogenous. It is unlikely 

consumers will base their housing decisions on variation of precipitation at postcode level 

within a state. As such, we believe consumers will not pay a premium for variation in 

precipitation at postcode level within a state. Therefore we chose our instrument of daily 

precipitation determined from the average monthly precipitation and believe it is valid. We 

note that the excess precipitation in the form of floods will decrease property prices. 

However, we rely on the assumption that flood prone areas already have depreciated housing 

prices due to the known risk.  Therefore flood risk is captured in the postcode fixed effects. 

Hence, the precipitation variable is still exogenous with housing prices. 

Our second stage is as follows: 

                                   
        

After addressing endogeneity using the instrumental variable approach   produces unbiased 

and consistent estimate of the marginal effect of green infrastructure on housing prices. 
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RESULTS & HYPOTHESIS 

 
Our hypothesis is that an increase in EVI, and consequently the greenness and quantity of 

green infrastructure, will have a positive effect on housing prices in Australia. The hypothesis 

is based on the assumption that consumers gain utility from green infrastructure. Therefore, 

consumers will be willing to pay a premium for increases in green infrastructure in their 

postcode. 

For our results, we split the regressions using state-year fixed effects and year fixed effects 

(FE). We modelled state-year fixed effects by assigning a dummy variable for each state per 

year. This is in order to account for the growth in prices and EVI between states relative to 

the rest of Australia between years. For year fixed effects, a dummy variable for year is used 

and the postcode fixed effects account for the variation from state to state. The results with 

log of price as the dependent variable are as follows
8
: 

 

 

 

 

 

 

 

 

 

                                                             
8 Due to computational limitations these results are based on demeaned values of the variables. Stata's centre' 
command was used to demean the dependent and independent variables. Therefore, the standard errors 
need to be interpreted with care. However, considering the large number of observations, we are confident 
that the discrepancies between the standard errors for these estimates and the ones using a proper fixed 
effects estimator are negligible.  
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Table 1: Results of OLS and IV using both state-year and year FE. Standard errors clustered 

at postcode-year level. 

Dependent 

Variable: 

log(Price) 

OLS OLS  IV IV 

EVI -0.154* -0.016 1.946*** 1.113*** 

 (0.081) (0.091) (0.740) (0.333) 

Bedrooms  0.150*** 0.151*** 0.149*** 0.150*** 

 (0.001) (0.001) (0.001) (0.001) 

Bathrooms  0.067*** 0.065*** 0.068*** 0.066*** 

 (0.001) (0.001) (0.001) (0.001) 

Car parks  0.014*** 0.013*** 0.014*** 0.013*** 

 (0.000) (0.001) (0.001) (0.001) 

Area per 100m
2
 0.007*** 0.007*** 0.007*** 0.007*** 

 (0.000) (0.000) (0.000) (0.000) 

Postcode FE Yes Yes Yes Yes 

State-year FE Yes No Yes No 

Months Yes Yes Yes Yes 

Observations 2,651,962 2,651,962 2,531,803 2,531,803 

R
2
 0.504 0.474 0.500 0.473 

***, ** AND * REPRESENT SIGNIFICANCE AT THE 1%, 5% AND 10% LEVEL RESPECTIVELY 

All results are using clustered standard errors at postcode-year level, postcode fixed effects and include a 

month variable. A log-linear model with log(Price) as the dependent variable. Column 1is and column 3 are the 

estimations using state-year fixed effects. Column 2 and column 4 are using year fixed effects. The IV results are 

using precipitation as an instrument for EVI.  
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Table 2: First stage regression of IV. Standard errors clustered at postcode-year level. 

Dependent 

Variable: EVI 

IV IV 

Bedrooms -0.43 0.0001* 

 (0.000) (0.000) 

Bathrooms          *** -0.0004*** 

 (0.000) (0.000) 

Car Parks          ***          *** 

 (0.000) (0.000) 

Area           *           

 (0.000) (0.000) 

Precipitation 0.0028*** 0.0055*** 

 (0.000) (0.000) 

Postcode FE Yes Yes 

State-year FE Yes No 

Months Yes Yes 

Observations 2,531,803 2,531,803 

R
2
 0.4971 0.3891 

F Statistic 56.6 193.66 

***, ** AND * REPRESENT SIGNIFICANCE AT THE 1%, 5% AND 10% LEVEL RESPECTIVELY 

All results are using clustered standard errors at postcode-year level, postcode fixed effects and include a 

month variable. The first stage regression EVI is the dependent variable and precipitation is the instrument. 

Column 1is is the first stage regression using state-year fixed effects. Column 2 is the first stage regression 

using year fixed effects.  

There is a large difference between OLS and the IV results in both significance and the 

magnitude of the marginal effect of the EVI regressor.  The estimates of EVI using OLS 

produce a biased and inconsistent estimate of EVI. The endogeneity issues of EVI outlined 

previously result in our estimate for EVI being both understated and insignificant. The 

attenuation bias causes   to be biased downwards whilst the omitted variable bias such as 

urban sprawl and urbanisation results in    being understated. This is consistent with our 

previous hypothesis on the effect of endogeneity on the EVI regressor and previous studies. 

In North Carolina, USA, Mansfield et al. (2005) used the Normalized Difference Vegetation 

Index (NDVI) and GIS to determine the values of urban forests. The study used OLS and 

found a similar negative and significant correlation between the NDVI and house prices  

(Mansfield et al., 2005).  



21 
 

After accounting for the endogeneity of EVI through an IV specification,   is positive and 

significant at a 1% significance level. This is consistent with the assumption that consumers 

would be willing to pay for an improvement in green infrastructure in their suburb. Both of 

the F statistics from the first stage of the IV regression are valid.  

The marginal effect of a log-linear model is determined by the following equation:    

          . For bedrooms, bathrooms and car parks it is interpreted as a one unit 

increase whilst for area it is for every 100m
2
 increase. The interpretation of EVI is different 

as a one unit increase is obsolete as due to the range of EVI being 0-1. Therefore we analyse 

it by a one standard deviation (0.074) increase in EVI. The following results are obtained: 

Table 3: Marginal effects of dependent variables on sale price 

Dependent Variable: 

log(Price) 

OLS  OLS  IV IV 

EVI -1.139% -0.119% 15.57% 8.629% 

Bedrooms 16.18% 16.30% 16.07% 16.18% 

Bathrooms 6.929% 6.716% 7.037% 6.823% 

Car parks 6.930% 6.716% 7.037% 6.823% 

Area per 100m
2
 0.702% 0.702% 0.702% 0.702% 

State-year FE Yes No Yes No 

The marginal effects of the dependent variables in the log-linear model. The marginal effect of EVI is an 

increase of one standard deviation whilst for the other dependent variables is a one unit increase.  Column 1is 

and column 3 are the marginal effects using state-year fixed effects. Column 2 and column 4 are using year 
fixed effects. 

The model predicts that a one standard deviation in EVI will increase housing prices by 

15.57% using state-year fixed effects or by 8.629% using year fixed effects. The state-year 

fixed effects estimate is likely to be overstated due to multicollinearity in the model. In 

relatively small states such as Victoria, South Australia and the Australian Capital Territory, 

and states where the majority of property transactions occurs within a small geographical area 

such as Perth or Darwin the variation in EVI and precipitation do not vary significantly 

within the state per year. Hence, using state-year fixed effects the model suffers from 
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multicollinearity and   is overestimated. However, by excluding state-year fixed effects the 

model fails to capture state by state difference in house price trends.  

The mean price of a house in Australia is $372,456.1, so a one standard deviation increase in 

EVI will increase the average house by $57,991.41 using state-year effects or by $32,139.23 

using year fixed effects. There has been little literature valuing aggregate green infrastructure 

or nation-wide green infrastructure. As such, it is difficult to compare these results with 

previous studies. Therefore, we will compare the results to similar valuations of 

environmental goods and analyse our results from a “real life” point of view.  

A one standard deviation increase in EVI is hard to envisage compared to an increase in the 

number bedrooms. In order to visualise a one standard deviation increase in EVI below are 

two similar inner-city postcodes of Port Melbourne and Albert Park where the difference in 

EVI is approximately one standard deviation. The main difference between the two postcodes 

is that Albert Park has a 440 acre park (Albert Park) situated within it. The darker green 

pixels in the postcode where Albert Park is situated can clearly be seen in figure 1 below. 

Excluding the park, the two postcodes are very similar in appearance and green 

infrastructure.  
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FIGURE 3 – PORT MELBOURNE & ALBERT PARK COMPARISON 

From an intuitive point of view, if a postcode with little green infrastructure were to increase 

its EVI by the equivalent green infrastructure of a 440 acre park, it would not be 

unreasonable to assume that housing prices would increase by somewhere between 8% to 

16%.  

Our results are consistent with the few previous comparable studies. In Perth, Western 

Australia, it was found that the presence of street trees increases property values by $16,889 

(4.27%) (Pandit et al., 2012). In Arizona consumers were willing to pay a 20% premium to 

live in densely vegetated wildlife corridors (Katz, Colby, Osgood, Bark-Hodgins, & 

Stromberg, 2005). In Virginia, increasing the average park size by 20% would translate to a 

$160 increase in consumer surplus per household (Poudyal et al., 2009). A study in the 

Netherlands found that environmental factors can increase housing prices by up to 28% 
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including an 8% premium for a park view and a 5%-12% for a more ‘attractive’ 

environmental view (Luttik, 2000). The mere presence of trees was found to increase housing 

prices from 1.7% and 4.5% (Dombrow, Rodriguez, & Sirmans, 2000) (Anderson & Cordell, 

1988). Finally, Hatton MacDonald et al. (2010) found that consistently low quality parks 

have a negative impact on housing prices. Given the previous literature, a one standard 

deviation in EVI increasing housing prices by 15.57% or by $57,991.41 is economically 

justifiable.    

There are limitations to the predictive ability of the model. We do not have access to many 

house specific factors such as age of the house, if it is a double story house or other housing 

characteristics not in the model. Furthermore, we are unable to determine distance related 

factors such as distance to schools, parks, shopping centres or train stations. However, house 

specific omitted variable would not significantly affect the results due to the magnitude of the 

sample size.  

ROBUSTNESS 

To determine the robustness of our results we segregated the data into various subcategories. 

Using the Australian Standard Geographical Classification, we separated the data at postcode 

level into classifications of remoteness. The classification types for the postcodes are Major 

Cities of Australia, Inner Regional, Outer Regional, Remote and Very Remote. It is 

unnecessary to run the regression by postcode classification as the motivating factor of using 

Australia as a case study was sufficient variation in EVI. Running the regression by postcode 

segregates will not produce sufficient variation in EVI and precipitation for meaningful 

results. We therefore run regressions excluding remoteness categories one by one.  

 

 



25 
 

Table 4: Remoteness category results using IV and year fixed effects. Standard errors 

clustered at postcode-year level. 

Dependent Variable: 

log(Price) 

Exc. Major 

cities 

Exc. Inner 

Regional 

Exc. Outer 

Regional 

Exc. Remote Exc. Very 

Remote 

EVI 3.129*** 0.722* 0.583* 1.132*** 1.128*** 

  -0.499 -0.394 -0.344 -0.338 -0.334 

Bedrooms 0.138*** 0.152*** 0.149*** 0.150*** 0.150*** 

  -0.002 -0.001 -0.001 -0.001 -0.001 

Bathrooms 0.077*** 0.062*** 0.065*** 0.066*** 0.066*** 

  -0.003 -0.001 -0.001 -0.001 -0.001 

Car Parks  0.019*** 0.013*** 0.010*** 0.012*** 0.013*** 

  -0.001 -0.001 -0.001 -0.001 -0.001 

Area100 0.006*** 0.008*** 0.007*** 0.007*** 0.007*** 

  0.000 0.000 0.000 0.000 0.000 

Postcode FE Yes Yes Yes Yes Yes 

State-year FE No No No No No 

Months Yes Yes Yes Yes Yes 

Observations 806,366 1,966,750 2,327,390 2,500,048 2,524,758 

R
2
 0.443 0.477 0.479 0.474 0.473 

F statistic 82.2 148.23 157.52 188.85 192.47 

***, ** AND * REPRESENT SIGNIFICANCE AT THE 1%, 5% AND 10% LEVEL RESPECTIVELY 

All results are using clustered standard errors at postcode-year level, postcode fixed effects, year fixed effects 

and include a month variable. Each regression excludes one type of remoteness category. A log-linear model 

with log(Price) as the dependent variable. These IV results are using precipitation as an instrument for EVI. 

These regressions do not use state-year fixed effects, as multicollinearity resulted in variables 

being dropped from the regression when state-year fixed effects were used. The results show 

that most of the significance is driven by the inner regional and outer regional postcodes. This 

is because outside the major cities, the postcodes are larger, so there is more variation in EVI 

and precipitation between postcodes. The results are still significant at a 10% significance 

level. It is important to note that this is not detrimental to robustness of our results. The 

entirety of Australia was required for sufficient variation in EVI and precipitation. With a 

significant proportion of Australia’s property sales clustered in a relatively small 

geographical area, the inclusion of regional sales (25% of total sales) is required in order to 

achieve meaningful results. It is not surprising that when we begin segregate the postcodes 

the significance of   decreases. 
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We completed a similar analysis excluding specific states one by one. There were similar 

conclusions to the remoteness categories where the significance was driven by specific 

subcategories. Queensland contributed significantly to the significance of the EVI coefficient. 

This is likely because unlike the other states, Queensland housing sales are not segregated 

into a small area. Furthermore, Queensland has a large variation in both rainfall and green 

infrastructure compared with other states.  Using our current instrument when Queensland is 

excluded   became insignificant. However, when total monthly rainfall is used as our 

instrument,   is significant at a 5% significance level
9
.  

As stated earlier, units and apartments were excluded from the sample due to omitted variable 

bias. As a robustness test, we ran the regressions including all residential properties sold, and 

for units and apartments. (See table 5 for the output of the regression of all residential 

properties and only units and apartments using year fixed effects.) The marginal effect for 

EVI for apartments was higher than that of houses. This is intuitively expected as units and 

apartments either do not have a backyard or have a very small one. Furthermore, they are 

generally in highly populated suburbs which have less green infrastructure. For these reasons, 

it is intuitive for these apartment owners to want to pay a premium for increases in green 

infrastructure in their postcode. The results show that units are on average cheaper than a 

house which is as expected. However, we believe there are too many omitted variables for 

units and apartments which cannot be captured in our model to accurately predict the sale 

price. Therefore, we excluded units and apartments from our analysis. This is approach 

consistent with previous literature (Tyrväinen & Miettinen, 2000).  

 

 

 

                                                             
9 See A3 and A4 of appendix for these results 
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Table 5: OLS and IV results using all properties types and only units and year FE. Standard errors 

clustered at postcode-year level. 

Dependent Variable: 

Log(Price) 

OLS all 

properties 

IV all 

properties 

OLS units 

only 

IV units only 

EVI -0.161* 1.338*** -0.662*** 3.014*** 

 (0.090) (0.328) (0.200) (0.861) 

Bedrooms 0.165*** 0.163*** 0.213*** 0.208*** 

 (0.001) (0.001) (0.003) (0.003) 

Bathrooms 0.070*** 0.070*** 0.098*** 0.098*** 

 (0.001) (0.001) (0.003) (0.004) 

Car Parks 0.015*** 0.015*** 0.027*** 0.025*** 

 (0.000) (0.001) (0.002) (0.003) 

Area per 100 m
2
 0.005*** 0.005*** 0.002*** 0.003*** 

 (0.000) (0.000) (0.000) (0.000) 

Unit/Apartment dummy -0.105*** -0.100***   

 (0.003) (0.004)   

Postcode FE Yes Yes Yes Yes 

State-year FE No No No No 

Months Yes Yes Yes Yes 

Observations 3,359,609 3,177,833 708,122 646,505 

R
2
 0.477 0.474 0.422 0.405 

F statistic  183.86  63.63 

***, ** AND * REPRESENT SIGNIFICANCE AT THE 1%, 5% AND 10% LEVEL RESPECTIVELY 

All results are using clustered standard errors at postcode-year level, postcode fixed effects and include a 

month variable. A log-linear model with log(Price) as the dependent variable. Column 1is and column 3 are the 

estimations using state-year fixed effects. Column 2 and column 4 are using year fixed effects. Columns 1 and 2 

are using all property types whilst 3 and 4 only use units and apartments. The IV results are using precipitation 

as an instrument for EVI. 

 

The marginal effect of a one standard deviation increase in EVI for all properties is 10.46%, 

slightly above our estimate of 8.629% for houses. When the regression is run only including 

units and apartments the marginal effect increases to 25.96%. Interestingly, using OLS for 

only apartments it is a negative coefficient significant at 1%. This is likely because the effect 

of urbanisation is amplified in areas where there are apartments due to the population density 

of these locations. 
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CONCLUSION: 
 

The importance of green infrastructure should not be underestimated, although it is frequently 

overlooked by policy makers. As such, it is important to put a monetary value on the utility 

society gains from green infrastructure. The public good nature of green infrastructure 

motivates an indirect valuation method such as the HPM to determine the implicit price of 

green infrastructure. 

Our model uses annual EVI measured at postcode level as a proxy for green infrastructure in 

an unbalanced fixed effects panel data model. Due to endogeneity in the EVI regressor from 

omitted variable bias, measurement error and it simultaneously determined, we used spatial 

fixed effects and IV to achieve an unbiased and consistent estimate of green infrastructure. 

The instrument for annual EVI is precipitation data aggregated at the postcode level using the 

average daily determined from the average monthly precipitation. 

Our IV regression produces the marginal effect of a one standard deviation increase in EVI to 

result in an 8.62% increase in housing prices using year fixed effects or 15.57% using state-

year fixed effects. For an average house this translates to an increase of between $32,139.23 

and $57,991.41. Our research is novel as it is the first study valuing aggregate green 

infrastructure at a national level. However, comparing our results to similar valuations of 

green infrastructure and taking an intuitive approach, the results are economically justifiable. 

Valuation of environmental factors is essential in order for policy makers to understand the 

utility society gains from green infrastructure. Furthermore, a robust green infrastructure 

network reduces pollution, reduces the impact of climate change and has significant health 

benefits.   
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Future research could analyse the cost of climate change and consequently precipitation and 

green infrastructure on society. A simulation could allow us to determine how a decrease in 

green infrastructure due to climate change could affect the property market. 
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APPENDIX: 
 

A1: Variable Descriptions 

Variable: Description 

Sales Price Sale price of the property in $AU 

Bedrooms Number of bedrooms. Properties were excluded if they had more than 10. 

Bathrooms Number of bathrooms. Properties were excluded if they had more than 10. 

Car Parks Number of car parks. Properties were excluded if they had more than 10. 

Area Area of the land the property is located on per 100m
2
 

Postcode The postcode the property is located in 

State The state the property is located in 

Year The year between 2000 and 2010 the property was sold in 

Month The month the property was sold in 

Property Type Type of property, either house or units/apartments 
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A2: Descriptive statistics table. 

Variable Observations Mean Std. Dev. Min Max 

Sale Price 2,651,962 372,456.1 362,743.4 1,000 20,000,000 

Area 2,651,962 869.7 934.7 0.1 10,000 

Bedrooms 2,651,962 3.280 0.797 1 10 

Bathrooms 2,651,962 1.328 0.831 1 10 

Car Parks 2,651,962 1.424 1.105 0 10 

EVI 2,531,803 0.295 0.074 0.059 0.597 

Precipitation 2,531,803 2.372 1.340 0 31.48 

 

A3: IV results excluding states. Standard errors are clustered at postcode-year level. 

Dependent 

Variable 

Log(Price) 

Exc. VIC Exc. 

NSW 

Exc. 

ACT 

Exc. 

QLD 

Exc. NT Exc. SA Exc. WA 

EVI 3.309*** 2.338*** 1.942*** 0.153 1.955*** 2.018*** 1.958*** 

 (1.004) (0.904) (0.740) (0.742) (0.743) (0.762) (0.752) 

Bedrooms 0.107*** 0.157*** 0.149*** 0.158*** 0.149*** 0.149*** 0.152*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Bathrooms 0.137*** 0.060*** 0.068*** 0.054*** 0.068*** 0.065*** 0.060*** 

 (0.002) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) 

Car Parks 0.034*** 0.009*** 0.014*** 0.015*** 0.014*** 0.014*** 0.008*** 

 (0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) 

Area per 100 m
2
 0.008*** 0.008*** 0.008*** 0.008*** 0.007*** 0.007*** 0.007*** 

 (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Postcode FE Yes Yes Yes Yes Yes Yes Yes 

State-year FE Yes Yes Yes Yes Yes Yes Yes 

Months Yes Yes Yes Yes Yes Yes Yes 

Observations 1,711,987 1,958,128 2,507,946 2,000,719 2,521,854 2,390,082 2,100,102 

R
2
 0.519 0.545 0.500 0.472 0.501 0.495 0.481 

F statistic 70.58 32.6 56.54 35.03 56.11 54.14 53.35 

***, ** AND * REPRESENT SIGNIFICANCE AT THE 1%, 5% AND 10% LEVEL RESPECTIVELY 
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A4: IV results using total monthly rainfall as the instrument excluding QLD. Standard errors 

are clustered at postcode-year level. 

Dependent Variable Log(Price) Exc. QLD 

EVI 1.307** 

 (0.624) 

Bedrooms 0.148*** 

 (0.002) 

Bathrooms 0.067*** 

 (0.002) 

Car Parks 0.018*** 

 (0.001) 

Area per 100 m
2
 0.007*** 

 (0.000) 

Postcode FE Yes 

State-year FE Yes 

Months Yes 

Observations 1,103,532 

R
2
 0.455 

F statistic 104.65 

***, ** AND * REPRESENT SIGNIFICANCE AT THE 1%, 5% AND 10% LEVEL RESPECTIVELY 

 

 


