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Trees provide myriad ecosystem services of benefit to urban populations; however, urban development is
pressuring existing urban tree coverage. Thus, a pertinent challenge for planners is identifying development
scenarios that find synergies between urban growth and the preservation or enhancement of tree canopy coverage. This paper presents the training and validation of a model that predicts changes in neighbourhood-level
urban tree canopy cover associated with different socio-economic and physical urban form variables.
Neighbourhoods across Perth, the capital city of Western Australia, were used as a case study. A Random Forests
model was trained using a suite of socio-economic and urban form variables and neighbourhood percentage tree
canopy cover derived from very high resolution multispectral remote sensing images and digital surface models.
This model was validated using independent test data with a mean absolute error of 1.78% and a root mean
square error of 2.42%. An application of this model was demonstrated using the City of Nedlands, Perth, where a
new planning scheme allowing denser urban development has been approved by the State Government. The
magnitude and spatial variation in the change of neighbourhood tree canopy cover in the City of Nedlands in
2050 associated with three urban development scenarios was predicted using the model.

1. Introduction
Trees are now well understood as an important infrastructure in
cities providing a range of benefits including human health and wellbeing, urban cooling, and biodiversity provision (Konijnendijk, Ricard,
Kenney, & Randrup, 2006). Urbanisation and urban restructuring processes are often linked with fragmentation and decreases in urban tree
canopy cover. Such losses in urban tree canopy cover often result in a
reduction of ecosystem services, exacerbating stressors such as psychological illness (Engemann et al., 2019) and heat exposure (Deilami,
Kamruzzaman, & Liu, 2018; Duncan et al., 2019; Zhang, Murray, &
Turner, 2017), subsequently impacting human wellbeing (Bertram &
Rehdanz, 2015; Endreny et al., 2017). However, the relationships between urban form and processes and urban tree canopy coverage are
complex and influenced by a range of factors (Wu, Liang, & Li, 2019).
Within and between cities there is considerable variability in urban tree
canopy cover, highlighting that tree canopy cover is influenced by a
range of factors at play across urban environments. To take Australian

capital city local governments as an example, tree canopy cover varies
between 3.2% and 79% (Amati et al., 2017). Understanding the drivers
of variation in urban tree canopy coverage is essential to support informed planning and policy to preserve and/or enhance vegetation and
associated ecosystem services (Dobbs, Nitschke, & Kendal, 2017;
Lowry, Baker, & Ramsey, 2012).
A range of tools exist to support planners with incorporating vegetation (including but not limited to tree canopy cover) into urban
landscapes. Lovell and Taylor (2013) review several tools that can be
used to support planning and management of multifunctional urban
landscapes. Tools they reviewed include life cycle analysis to assess the
environmental impacts of vegetation and various carbon footprint accounting techniques (Kulak, Graves, & Chatterton, 2013). For example,
the Multifunctional Landscape Assessment Tool (MLAT) allows different stakeholders to rate habitat types (Lovell et al., 2010) [also see
Meerow and Newell (2017) for an example of a multicriteria approach
for managing urban green infrastructure], and the Urban Forest Effects
Model (UFORE) can assess the various services trees in urban
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environments provide (Currie & Bass, 2008; Nowak & Crane, 2000).
Other tools exist which allow planners to appraise the effects of different configurations of urban vegetation on temperature and water
availability (Nice, Coutts, & Tapper, 2018; Thom, Coutts, Broadbent, &
Tapper, 2016). While these tools are useful for management of urban
trees and related policy formation, they do not provide information on
how tree canopy cover could change under different socio-economic or
urban development scenarios. The ability to predict the change in tree
canopy cover under different urban development scenarios would be a
useful addition to the suite of tools available to planners that were
discussed above. This is particularly pertinent considering the pressures
currently placed on trees by urbanisation and the benefits that trees
provide to various facets of human wellbeing.
To date, an extensive body of literature has examined drivers of
urban vegetation cover which comprises trees, grasses, and shrubs.
Multi-city comparisons of the factors influencing the coverage of urban
vegetation and green space abound [e.g., Dobbs et al. (2017) and
Huang, Yang, and Jiang (2018)] as well as within-city or multi-neighbourhood comparisons of the factors associated with vegetation variation [e.g. Luck, Smallbone, and O’Brien (2009)]. In general, urban vegetation cover (including trees) has been empirically found to have a
negative correlation with dwelling density, building footprint coverage,
population levels, and population density (Dobbs et al., 2017; Mockrin,
Locke, Stewart, Hammer, & Radeloff, 2019; Richards, Passy, & Oh,
2017; Troy, Grove, O’Neil-Dunne, Pickett, & Cadenasso, 2007). Huang
et al. (2018) showed that metrics of urban form (road density, complexity of urban terrain, and built-up boundary patterns) influence levels of urban green space. Several analyses have highlighted that a
range of socio-economic, cultural, and demographic factors are linked
to the variation in urban tree canopy and vegetation cover (Luck et al.,
2009; Troy et al., 2007). Often, areas of socio-economic advantage have
a higher proportional tree canopy cover (Schwarz et al., 2015;
Shanahan, Lin, Gaston, Bush, & Fuller, 2014), and cities with greater
levels of inequality have been shown to exhibit more fragmented and
lower quality urban vegetation overall (Dobbs et al., 2017).
The relationship between indicators of tree canopy or vegetation
cover and the age of a neighbourhood is well documented (Lowry et al.,
2012; Luck et al., 2009; Mockrin et al., 2019). Grove et al. (2006) and
Troy et al. (2007) demonstrated a quadratic relationship between
housing/neighbourhood age and tree cover with a positive correlation
apparent until around 45 years. In a comparison of locations across the
USA, Mockrin et al. (2019) found variability in the relationships between housing age and urban tree canopy coverage; in some instances,
these relationships were non-linear and in others there was a negative
correlation. Lowry et al. (2012) expanded this point by demonstrating
that neighbourhood age moderated the relationship between urban tree
cover and other socio-economic drivers of vegetation cover. Luck et al.
(2009) found housing density and vegetation were positively correlated
over time indicating neighbourhoods green-up following development.
The positive effects of income on tree cover has been shown to be more
pronounced in older neighbourhoods (Lowry et al., 2012). These findings suggest that the relationship between neighbourhood or housing
age and urban tree canopy coverage is complex, location dependent,
and potentially moderated by other contextual factors.
Typically, regression models have been used to identify drivers of
urban tree canopy coverage [e.g. Chuang et al. (2017) and Mockrin
et al. (2019)] though there are some exceptions [e.g. Huang et al.
(2018) used boosted regression trees to explore drivers of urban vegetation in Chinese cities]. Often, studies using regression models were
not designed to predict tree canopy coverage under different socioeconomic and urban planning scenarios (i.e. predictive performance
was not validated with independent data) or these studies did not
employ an analytical framework to identify causal drivers of urban tree
canopy coverage that planners could manipulate (i.e. often cross-sectional datasets were used with potential endogeneity between predictor
and response variables and omitted variable bias). While the existing

literature has advanced understanding of the range of factors that influence urban tree canopy coverage, there is an opportunity to develop
a predictive model that serves as an accessible and validated tool for
planners to use in assessing how different urban development scenarios
will impact urban tree canopy cover. The development of a predictive
model would complement the range of tools available to planners for
managing urban trees (see discussion above) and support urban planning and policy formation processes including informed public participation and budget considerations. Thus, a lack of a modelling tools to
predict changes in urban tree canopy cover associated with different
urban development scenarios represents a research gap.
This research addresses the above-mentioned gap by training and
validating a model that predicts urban tree canopy coverage as a
function of socio-economic characteristics and measures of urban form.
The existing literature highlights a range of factors that are influential
as drivers of urban tree canopy coverage and vegetation and that the
relationships between these drivers and urban tree cover is complex
(i.e. non-linearities between predictors and response and the response
being dependent on interactions between predictors; Mennis, 2006;
Luck et al., 2009; Lowry et al., 2012; Mockrin et al., 2019). In this
context regression models can be prone to overfitting and struggle to
accurately capture the functional form of the relationship between
predictors and response (James, Witten, Hastie, & Tibshirani, 2013). As
such, we a use Random Forests model that is able to capture complex
and non-linear relationships between multiple predictors and response,
offers resistance to model overfitting caused by noise and outliers in the
training dataset, and has demonstrated good prediction accuracy in
similar contexts (Breiman, 2001; Coulston et al., 2012; James et al.,
2013).
This analysis was undertaken using Perth, Western Australia, as a
case-study. Perth is a suitable case-study as it is experiencing rapid
population growth and urban development while at the same time faces
stressors shown to be ameliorated by trees (e.g. extreme temperatures).
This paper addresses three objectives: i) document the variation of
urban tree canopy coverage across Perth’s neighbourhoods, ii) explore
drivers of urban tree canopy coverage at the neighbourhood level, and
iii) train and validate a model that predicts neighbourhood-level urban
tree canopy coverage based on socio-economic characteristics and
measures of urban form. In order to demonstrate the wider applicability
of the approach developed here, the model was trained using geospatial
data that is commonly available for urban centres (e.g. aerial images
and census data). Finally, to illustrate the usefulness of such modelling
tools to contemporary urban planning and policy issues, the model was
applied to a current development initiative in a neighbourhood in
Perth, the City of Nedlands.
2. Methods
2.1. Study area
The Perth Metropolitan Region (PMR) is situated around the mouth
of the Swan River encompassing a broad swath of the Swan Coastal
plain in the south-west corner of Western Australia (WA) (see inset of
Fig. 1). The region’s population in 2011 was 2.06 million (ABS, 2019)
accounting for nearly 80% of the state’s total population. Extending
130 km north-west to south-east, the region’s area is approximately
7300 km2. Perth is Australia’s fourth largest city and of Australia’s capital cities was the fastest growing between 2006 and 2016 (50% population growth). Visions for the future of Perth include the WA State
Government planning for a population of 3.5 million by the middle of
the 21st Century (DPLH, 2018).
Recent urban development in Perth has increased pressure on urban
trees; this pressure will be further exacerbated by projected growth and
development. Approximately 830 ha of Perth’s greenfield land is consumed annually by urban expansion (DPLH, 2019b). As Perth’s population and urban extent continues to grow a key policy objective will be
2
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(ABS) administrative unit] was computed and converted to neighbourhood percentage tree canopy cover. The SA1s used in this study
were derived from the 2011 Census which is the census year most
closest to the acquisition date of the UM images (2009). The SA1 is the
smallest ABS measurement unit for which demographic and socioeconomic data is available.
For the residential component of each SA1 in Perth a range of socioeconomic and physical urban form variables were computed (Table 1).
The set of SA1s included in the study was limited to those located to the
west of the inland, densely vegetated, and relatively elevated Darling
Scarp region (Fig. 1). Only residential land, as designated by the ABS
Mesh Block land use classification, within each SA1 was used in this
analysis (ABS, 2011). Socio-economic and physical urban form data
were compiled from various sources including the Valuer General Office’s Valsys Database, Landgate, Western Power, and the ABS (2011)
Census. In total, this dataset comprised coincident neighbourhood
percentage tree canopy cover and socio-economic and physical urban
form data for 3501 SA1s across Perth.
2.3. Exploring drivers of urban tree canopy cover
Two analyses were conducted to explore associations between predictor variables and neighbourhood tree canopy cover. First, Pearson’s
correlation coefficients were calculated between the predictor variables
listed in Table 1 and neighbourhood percentage tree canopy cover. In
order to visualise the bivariate association between predictor variables
and neighbourhood tree canopy cover, hex bin plots were generated.
Second, to visualise complex relationships, non-linearities, and interactions between predictor variables within the dataset a regression tree
was generated with tree cover as the response variable. As the purpose
of the regression tree was exploratory, as opposed to prediction, the
entire dataset was used to train the regression tree. The regression tree
was generated using the Recursive Partitioning and Regression Trees
(rpart) package in R with a minimum of 100 observations required to be
within a node for a split to be attempted during regression tree training
(Therneau & Atkinson, 2019).

Fig. 1. Percentage tree canopy cover in urban and residential SA1s across Perth
in 2009 as estimated using the Urban Monitor dataset. The black box on the
inset map shows the location of the study area relative to the western portion of
Australia and the state of Western Australia.

to identify strategies that find synergies between maximising urban tree
canopy coverage while accommodating development. The current
policy climate in Perth is receptive to urban forestation at both state
and local government levels but is occurring within the context of state
mandated densification and urban infill. The WA State Government has
published a recent report on urban forests in Perth (DPLH, 2019b) with
many local governments adopting urban forest strategies. However,
local strategies are often at odds with the pressures of state directed
infill targets and redevelopment of private residential blocks. As such,
the predictive modelling tool developed in this research will benefit
urban tree management providing planners and policy makers with a
means to assess tree canopy coverage change under different development scenarios and to find synergies between urban growth and the
preservation of trees.

2.4. Training and validating a predictive model of urban Forest cover
An independent validation dataset was generated by randomly
withholding 20% of the SA1s; the remaining 80% of the SA1s were used
to train a Random Forests model to predict neighbourhood percentage
tree canopy cover using a suite of socio-economic variables and urban
form measures (Table 1). The Random Forest model was trained using
the caret package in R statistical software (R from now on) (Kuhn, 2008;
R Core Team, 2019); 10 fold cross-validation was used to tune the
parameters determining how many predictor variables were sampled at
each split in the Random Forest (with the optimal model sampling
seven variables). The Random Forest model contained 1000 regression
trees.
To assess the Random Forest model performance, we present a
range of validation statistics. The amount of out-of-bag variation in tree
canopy cover explained by the Random Forests model was computed.
Out-of-bag refers to data that is part of the training set but not used to
train a given tree within the Random Forest model as part of the
bootstrap resampling process. Further, the model was validated by
predicting tree canopy cover for the withheld validation data and
comparing the predicted to observed tree canopy cover. The mean
absolute error (MAE) and the root mean square error (RMSE) between
predicted and actual tree canopy cover for the SA1s withheld for validation was computed.
Alongside model validation, diagnostic plots of the Random Forests
model were generated that allowed for interpreting the model in terms
of which variables were important for predictive accuracy, how the
predicted response depended upon the predictor variables, and how
interactions between predictors explained variation in the predicted

2.2. Data processing
The area of tree canopy cover within a neighbourhood was calculated using the Urban Monitor (UM) very high resolution remote sensing data described by Caccetta et al. (2016). The UM dataset consists of
images acquired using an airborne sensor measuring reflectance in 4bands (blue, green, red, and near-infrared) and has a 20 cm spatial and
1 mm vertical resolution. The images were processed by the Commonwealth Scientific and Industrial Research Organisation (CSIRO)
producing a series of value-added data products including a vegetation
mask with corresponding height information depicting urban vegetation structure across much of Perth (Caccetta et al., 2012). Tree canopy
was measured as any vegetated pixel greater than three metres in
height.
The area of tree canopy cover within the residential component of a
Statistical Areas Level 1 unit [SA1; an Australian Bureau of Statistics
3

Socio-economic Factors

Minimum age of premises

Physical Urban Form

4

Median Household Income

Median Age of Persons in
Neighbourhood
Household size
Index of Education and Occupation
Index of Socio-economic advantage and
disadvantage
Percentage of Year 12 graduates

Density of overhead distribution lines

Forest Distance

Average lot size
Private residential land as a portion of
whole neighbourhood

Gross dwelling density
Net dwelling density

Street connectivity

Mean age of premises
Building footprint percentage

Variables

Data Classification

Table 1
Predictor variables of tree canopy cover.

Straight line distance to nearest large forest; typically this
forest located on the Darling Scarp.
Area of overhead distribution lines (with 1 m buffer) as a
percentage of SA1 neighbourhood area.
Median age of persons within residential neighbourhood at
point of 2011 census.
Median number of persons per household.
SEIFA Index for Education and Occupation.
SEIFA Index for Socio-economic Advantage and
Disadvantage.
Percentage of population that completed 12 years of high
school education as a minimum.
Average median weekly household income (AUD).

Minimum age of premises within residential
neighbourhood.
Mean age of premises within residential neighbourhood.
Ratio of total area covered by buildings to total area of
residential neighbourhood.
Ratio of multi-directional nodes within Perth/Peel Road
network to total nodes within a neighbourhood.
Gross Residential Density by area of neighbourhood.
Net Residential Density by residential land use component
only.
Average size of residential lot.
The area of private residential land as a ratio of total
residential neighbourhood area.

Description

Grads

ABS Census (2011).

MedInc

HHSize
IEO
IRSAD

ABS Census (2011).
ABS Census (2011).
ABS Census (2011).

ABS Census (2011).

MedAge

OHP

ForDis

LotSize
Priv

GrossDen
NetDen

ConnNode

MnYB
BFP

MiYB

Abbreviation

ABS Census (2011).

Western Power (2011); and ABS Census (2011).

Valsys Database, Valuer General's Office (2012).
Based on a modified mesh block dataset incorporating linear transport infrastructure using
2011 ABS Mesh Blocks and Landgate Building Footprints 2011, University of Western
Australia (2013).
SA1 Centroids, ABS Census (2011); and Reserve Vestings, Landgate (2012).

Valsys Database, Valuer General's Office (2012).
Building Footprints, Landgate (2011); Residential neighbourhoods based on ABS Mesh
Block land use framework, ABS Census (2011).
Road Network, Landgate (2012). Cleaned and processed by the University of Western
Australia (2013).
Valsys Database, Valuer General's Office (2012).
Valsys Database, Valuer General's Office (2012).

Valsys Database, Valuer General's Office (2012).

Source
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Table 2
Summary statistics for neighbourhood percentage tree canopy cover and for the predictor variables.
Statistic

Mean

St. Dev.

Min

Percentile (25)

Percentile (75)

Max

PercTG
MnYB
MiYB
IEO
IRSAD
MedAge
HHSize
Grads
Priv
Pub
BFP
LotSize
NetDen
GrossDen
ConnNode
OHP
ForDis
MedInc

8.9
24.8
52.2
1,021.5
1,037.2
37.3
2.6
53.1
73.3
26.7
23.6
0.1
18.7
11.8
0.8
1.5
15.6
1,561.8

4.7
12.7
30.3
94.8
82.1
7.1
0.4
13.6
6.1
6.1
6.4
0.3
16.7
8.3
0.1
1.5
7.1
523.1

0.01
0.0
0
768
650
16
1.2
15.8
35.8
3.2
0.1
0.03
0.2
0.01
0.2
0.0
0.7
346

5.6
16.1
27
948
982
33
2.3
42.6
70.6
23.7
20.6
0.1
13.8
8.9
0.7
0.0
9.6
1,171

11.4
32.4
78
1,097
1,101
41
2.9
63.3
76.3
29.4
27.8
0.1
19.1
12.2
1.0
2.8
21.6
1,894

30.6
72.5
149
1,253
1,246
83
4.1
97.3
96.8
64.2
47.6
9.1
482.2
188.0
1.0
5.5
31.8
3,250

response. It is indicative of model reliability if the model is making
predictions based upon learned relationships between predictors and
response that can be explained by theory or intuition. A multi-way
importance plot was constructed which plots the number of times a
predictor variable was used to partition the dataset at the root node in a
tree within the Random Forest ensemble against the increase in mean
square error when a predictor variable was omitted from a tree
(Paluszynska, Biecek, & Jiang, 2019). The split in the variable at the
root node explains the most variation in the response variable in the
bootstrap sample of the training data. Thus, variables which are used at
the root node more frequently explain more variation in the response. If
there is a large increase in mean square error when a prediction variable was omitted from a tree within the ensemble it indicates that the
predictor variable is important for predictive accuracy.
Accumulated Local Effects (ALE) plots were used to visualise the
dependence of the predicted response on predictor variables (Apley &
Zhu, 2016). ALE plots can be interpreted as displaying the difference
between the main effect of a predictor on the predicted response and
the average prediction of the response variable (Molnar, 2019). The
Friedman’s H-statistic was computed to assess the proportion of variation in the predicted response that was explained by interactions between predictors (Friedman & Popescu, 2008). The Friedman’s H-statistic has a value of zero if none of the variation in the predicted
response is explained by interactions between predictors and one if all
the variation in the predicted response is explained by interactions. The
process to compute ALE and the Friedman’s H-statistic is outlined in
detail in the Appendix A.

Three different development scenarios for the City of Nedlands were
generated for 2050 to examine the effect of residential development on
tree canopy coverage. The first scenario, scenario 1, held development
constant at 2009 levels but adjusted the neighbourhood age variables
(MiYB and MnYB) to reflect the age of the neighbourhood in 2050. The
second scenario, scenario 2, was based upon the Department of
Planning, Lands and Heritage target of an increase of 7517 dwellings. In
this scenario neighbourhood age was increased to reflect the year 2050
and the net density and gross density of SA1s were adjusted to accommodate the additional 7517 dwellings based upon the rezoning
outlined in LPS3. The final scenario, scenario 3, was an intermediate
scenario where the capacity under the previous planning scheme, Local
Planning Scheme 2 (LPS2), is fully utilised; net density and gross density compared to current values were adjusted upwards but were
capped at the limits imposed by planning (R) codes outlined in LPS2.
These scenarios were used as inputs to the trained Random Forests
model to predict tree canopy cover in 2050. Results of the predictions
are presented as percentage change in tree canopy cover from the
predicted canopy cover in 2050 under scenario 1 which represents a
plausible counterfactual for future urban canopy cover without urban
development.
3. Results
3.1. Urban tree canopy cover in Perth
The minimum neighbourhood percentage tree canopy cover was
0.009% and the maximum was 30.6% with mean neighbourhood percentage canopy cover across all SA1s being 8.9% with a standard deviation of 4.8% (Table 2). The spatial distribution of urban tree canopy
cover across Perth is shown in Fig. 1 and with distribution plotted in
Fig. S1. Fig. S1 shows that the majority of neighbourhoods have a
percentage tree canopy cover below 15% with a skewed right tail to the
distribution indicating relatively few neighbourhoods have a high
proportion of tree canopy cover. Fig. 1 shows a general pattern where
neighbourhoods with greater percentage tree canopy cover are located
inland or close to the Swan River.

2.5. Modelling urban development scenarios
An application of this model was demonstrated using the City of
Nedlands Local Planning Scheme 3 (LPS3) gazetted in April 2019
(DPLH, 2019a). This revised planning scheme for the City of Nedlands
was the first full revision of the planning scheme for the city since 1985;
normally planning schemes in Perth are revised every five years
(Government of Western Australia, 2005). The City of Nedlands has
experienced limited infill development and the population has remained constant since the inception of the previous scheme in 1985.
Implementation of LPS3 could result in large changes to the urban
environment of the City of Nedlands. In 2016, the date of the most
recent Australian census, the City of Nedlands was home to 21,121
persons living in approximately 8339 private dwellings (ABS, 2016).
LPS3 is designed to accommodate a significant increase in the number
of residential dwellings with targets set at an additional 7517 dwellings
by the year 2050 (DPLH, 2019a).

4. Drivers of urban tree canopy cover
The age of a neighbourhood had a positive correlation with tree
canopy cover (MiYB: r = 0.6 and MnYB: r = 0.6) (Fig. 2). The building
footprint percentage (BFP), household size (HHSize), and the proportion of public land (Pub) were moderately and negatively correlated
with tree canopy cover (Fig. 2). The proportion of a neighbourhood
5
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Fig. 2. Pearson’s Correlation Coefficient matrix showing the relationship between predictor variables and neighbourhood percentage tree canopy cover.

locate in areas with greater tree coverage. Lifestyle theories suggest that
a household’s land management decisions result from identifying with a
group or community identity that is associated with certain levels of
tree coverage.
The non-linear relationship between age of premises and tree cover,
where there is a positive relationship with tree cover until approximately 50 years, is similar to findings from other studies (Fig. A3a and
b; Grove et al., 2006; Troy et al., 2007). Tree canopy cover is related to
the interaction between the minimum and mean age of premises within
a neighbourhood (Fig. 3); this interaction captures the rate of urban
development. A larger time gap between minimum and mean age of
premises might indicate gradual urban development over time whereas
a smaller time gap between minimum and mean age of premises might
indicate extensive urban development over a shorter time period. A
short time gap between minimum and mean age of premises is reflective of the style of recent urban residential development in Perth
where existing vegetation was cleared and there is higher dwelling
density and smaller gardens and yard space relative to older residential
neighbourhoods. Urban development of this nature is typical of the low
estimated tree canopy cover when neighbourhoods have a minimum
age of premises less than 33 years and mean age of premises less than
15 years (the left-hand limbs of the regression tree in Fig. 3). The relationship between neighbourhood age and tree cover reflects both (i)
the time required for trees to grow, and (ii) the time-varying nature of
the characteristics of sites of urban development (Luck et al., 2009;
Troy et al., 2007).
The regression tree illustrates the complex relationships between
predictor variables and tree canopy cover (Fig. 3). For example, in a
neighbourhood with a minimum age of premises less than 33 years old

occupied by private land (priv) was moderately and positively correlated with tree canopy cover (Fig. 2). An indicator of socio-economic
status (IEO; IEO captures levels of education and occupation type
within a community) and a direct measure of education status (Grads;
percentage of a neighbourhood’s population to have completed
12 years of education) were weakly and positively correlated with tree
canopy cover (Fig. 2). The hex bin plots, which visualise the relationships between predictor variables and tree cover, show (i) relatively
large amounts of variation around trends characterising the relationship between predictor variables and observed tree canopy cover, and
(ii) for many predictors there is an apparent non-linear relationship
with tree canopy cover (e.g. IEO, Grads, MnYB, MiYB, ForDis; Fig. A3).
The negative relationship between building footprint percentage
and tree cover relates to the ‘population density’ theory explanation for
intra-city variation in tree cover (Figs. 2 and Fig. A3j; Troy et al., 2007).
This relationship has been observed in several studies (e.g. Luck et al.,
2009; Mockrin et al., 2019) and has an intuitive explanation where,
given a fixed area, more land is covered by buildings and less land is
available for tree cover. The positive correlation between education
level and socio-economic status and tree canopy cover observed in the
data from Perth (Figs. 2, A3c and A3g) has similarly been noted in other
Australian cities (e.g. in Brisbane, Shanahan et al., 2014; Lin et al., 2017
reported a positive correlation between indicators of socio-economic
status and tree cover; in eastern Australia, Luck et al., 2009 found a
positive correlation between education and vegetation). This relationship could be explained by a combination social stratification or lifestyle theories (Figs. 2, A3c and A3g; Grove et al., 2006; Troy et al.,
2007). Social stratification theories suggest that ‘better off’ or more
educated households make decisions to invest in green infrastructure or
6
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Fig. 4. Multi-way importance plot for predictors in the Random Forests model.
The x-axis (MSE Increase) shows the increase in mean square error of the out-ofbag prediction when a variable is excluded from the model. The y-axis (Number
of Times a Root) shows the number of times a variable was the root node (i.e.
the variable that explained the most variation in the bootstrap sample of the
training dataset). Abbreviations: MiYB refers to minimum age of premises in a
neighbourhood, MnYB refers to mean age of premises in a neighbourhood, IEO
refers to socio-economic status and specifically the Index of Education and
Occupation, NetDen refers to net density of dwellings per hectare of residential
land, LotSize refers to the average size of a residential lot, and BFP refers to
building footprint percentage.

Fig. 3. Regression tree illustrating the relationship between predictor variables
and neighbourhood percentage tree canopy cover. The regression tree was
generated using the entire dataset and the rpart package in R.

and a mean age of premises greater than 15 years old the estimated tree
canopy cover is 6.5% if building footprint percentage is greater than
14% (Fig. 3). Comparing this to a similar neighbourhood where
building footprint percentage is less than 14%, the estimated tree canopy cover is 18% (Fig. 3). The interaction between mean and
minimum age of premises in a neighbourhood and tree canopy cover is
moderated by other variables such as building footprint coverage, net
density of dwellings, and education and socio-economic status of the
population (Fig. 3). The complex and context dependent relationship
between neighbourhood age and tree cover has been observed in other
studies (Lowry et al., 2012; Luck et al., 2009; Mockrin et al., 2019). It
appears that multiple interacting factors influence tree cover; in order
to accurately predict tree cover it is important to use a model which can
capture complex relationships between predictors such as the Random
Forests model.

percentage of a neighbourhood’s population that has completed
12 years of high school until approximately 70%; however, once the
percentage of a neighbourhood’s population that have completed
12 years of education increases beyond 70% there is a positive relationship with predicted tree canopy cover. For low levels of net
density, as net density increases there is a steep decrease in predicted
tree canopy cover. This negative relationship ‘flattens out’ at values of
net density around 25 dwellings per hectare of residential land.
Interactions between predictors related to the age of the neighbourhood and other variables explained over 20% of the predicted response (Fig. 6). Interactions between lot size, socio-economic status
(IEO), building footprint coverage, net density, and education levels
and other variables explained over 10% of the variation in the predicted
response (Fig. 6). The relatively large proportion of variation in the
predicted response explained by interactions between predictor variables indicates the importance of using a Random Forests model for this
prediction task. Random Forests models are able to learn relationships
that map predictors to response that account for interactions between
predictors.

5. Random Forests model
The Random Forests model predictions explained 74.3% of the outof-bag variation in neighbourhood percentage tree canopy cover. Model
validation using 20% of SA1s withheld from the original prediction
resulted in a MAE of 1.8 and a RMSE of 2.4. The distribution of the test
error, the difference between observed percentage tree canopy cover
and predicted percentage canopy cover using the Random Forests
model, for the 20% of SA1s in the validation dataset is shown in Fig. A2.
The distribution of prediction error is centred close to zero without a
skew to the right or left indicating the model does not under- or overpredict percentage tree canopy cover (Fig. A2).
Age of premises within a neighbourhood, socio-economic status
(IEO), net density, and building footprint percentage were the most
important variables in terms of prediction accuracy; when these variables were withheld from a tree model within the ensemble there was
the largest increase in prediction error (see the x-axis in Fig. 4). Variables related to the age of neighbourhood were used most often at the
root node followed by net density, socio-economic status (IEO), and lot
size (see the y-axis in Fig. 4). This indicates that these variables explain
relatively larger amounts of variation in tree canopy cover.
Fig. 5 shows the main effect of each predictor variable on the predicted response of tree canopy cover. There are non-linear relationships
between many of the predictors and the predicted response; for example, as mean age of premises in a neighbourhood increases the
predicted tree canopy cover increases until approximately 50 years.
Similarly, socio-economic status (IEO), building footprint coverage, net
density, and education level all exhibit a non-linear relationship with
predicted tree canopy cover. There is no relationship between

6. Modelling the impacts of urban development on Nedland’s tree
canopy cover
Fig. 7 shows the impact of two urban development scenarios, based
upon rezoning of lots, scenario 2, or fully utilising existing permitted
capacity, scenario 3, on neighbourhood percentage tree canopy cover in
the City of Nedlands. Fig. 7c shows the percentage change in canopy
cover between a 2050 counterfactual with no urban development and
the level of canopy cover in 2050 associated with the Department of
Planning, Land and Heritage’s target of an additional 7517 dwellings.
Across the City of Nedlands this is an estimated loss of 3.9 ha of urban
tree canopy (Table 3). Fig. 7c shows the percentage change in tree
canopy cover between a 2050 counterfactual with no urban development and the level of canopy cover in 2050 associated with build out to
full capacity allowed under the previous LPS2. Across the City of
Nedlands this amounts to an estimated loss of 2.04 ha of tree canopy
(Table 3).
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Fig. 5. Accumulated Local Effects (ALE) plots showing the dependence of the predicted response on levels of each predictor variable in the Random Forests model.
Ticks along the x-axis display the distribution of each predictor variable. The ALE scores are mean centred on zero; therefore, the ALE score can be interpreted as the
difference between the main effect of a predictor on the predicted response and the average prediction.
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Table 3
Observed tree canopy cover in the City of Nedlands in 2009 and predictions of
tree canopy cover in 2050 under three different development scenarios.

Baseline (2009)
Scenario 1
Scenario 2
Scenario 3

Area of Canopy (ha)

% Canopy Cover

155.1
161.9
158
159.9

18.04%
18.84%
18.39%
18.6%

7. Discussion
Building upon research that explored the relationships between
drivers and urban vegetation [e.g. Troy et al. (2007), Chuang et al.
(2017), and Mockrin et al. (2019) among others] this analysis the developed and validated a model to predict neighbourhood percentage
tree canopy cover. Here, the Random Forests model was used as it allowed for the learning of complex mappings between predictors and
urban tree canopy cover. The broad body of research characterising the
associations between these predictors and urban tree canopy cover
suggest these relationships can be non-linear [e.g. there was a quadratic
relationship between housing age and canopy cover in Baltimore, USA
(Grove et al., 2006)] and highlight that various socio-economic dynamics influence tree and vegetation cover (Lin et al., 2017; Lowry
et al., 2012; Mockrin et al., 2019). The exploratory analysis of the dataset used here supports the observation of a complex array of drivers
influencing in tree canopy cover. For example, the regression tree in
Fig. 6 highlights that the interaction between age of neighbourhood,
building footprint coverage, dwelling density, and socio-economic
status interact to explain variation in urban tree canopy cover.

Fig. 6. Friedman’s H-statistic measuring the importance of interactions between predictors in terms of explaining variation in the predicted response. The
overall interaction strength score along the x-axis refers to the proportion of
total variation in the predicted response explained by interactions between a
predictor and all other predictor variables.

Fig. 7. a) location of City of Nedlands within Perth, b) observed neighbourhood percentage tree canopy cover in SA1s in the City of Nedlands in 2009, c) the
percentage change in tree canopy cover in an SA1 between a 2050 no development scenario, scenario 1, and scenario 2, an increase of 7517 dwellings as planned
under LPS3, and d) the predicted percentage change in tree canopy cover between a 2050 no development scenario, scenario 1, and scenario 3, developing to full
capacity allowed under LPS2.
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The primary goal for this research was to develop a predictive
model of urban tree canopy cover associated with development scenarios that can be utilised by planners. Given this goal, the predictive
performance of the model presented here was assessed using independent validation data. As planners are increasingly charged with
designing urban areas that are required to be multifunctional, sustainable, and meet diverse stakeholder needs (Lovell & Taylor, 2013)
models that can predict tree canopy cover under different development
scenarios can become an important part of their toolkit. For example,
there is an apparent trade-off between urban tree and vegetation cover
and population density (Dobbs et al., 2017; Richards et al., 2017) which
resolving in an urban planning scenario could have environmental
sustainability, economic, and demographic implications. Planners could
utilise models to quantify potential trade-offs between different types of
urban development and urban tree canopy coverage. An application of
this model is demonstrated in Fig. 7 where the (spatial) change in tree
canopy cover under the development scenario (LPS3) outlined for the
City of Nedlands is quantified.
The engagement of communities, and a range of other stakeholders,
in the process of planning and managing landscapes is important for
successful outcomes in terms of incorporating trees, and more broadly
vegetation, into urban areas and capturing beneficial flows of ecosystem services (Locke, Grove, Galvin, O'Neil-Dunne, & Murphy, 2013;
Lovell & Taylor, 2013). Modelling tools, such as the one demonstrated
here, can be used to enable engagement of various stakeholders in
urban planning processes and to provide evidence to inform discussion.
For example, the LPS3 recently implemented in Nedlands was critiqued
in its proposal stage by local residents for potential impacts to the environment. However, to the authors’ knowledge, during the proposal
stage there was no quantitative information illustrating how the proposed development and population increase would affect tree canopy
cover. Such information would have informed public debate and allowed planners to understand what types and levels of urban development would be accepted by various stakeholder groups.
While the model developed here is useful for simulating the effect of
different urban and socio-economic development scenarios on levels of
urban tree canopy cover, it is not able to inform planners on how development may affect the spatial structure and patterning of tree canopies within neighbourhoods (e.g. patch size and connectivity).
Alongside levels of urban tree canopy cover, the spatial pattern and
structure of urban vegetation in general is important for determining
ecosystem service flows (Dobbs, Escobedo, & Zipperer, 2011). Further
work should utilise fine spatial resolution tree canopy cover maps to
develop tools that estimate pattern and structure [e.g. Hingee,
Baddeley, Caccetta, and Nair (2019)] and model the relationship between these patterns and different forms of urban development.
In many cities, a large proportion of tree canopy cover is situated on
private and residential land (Haase, Jänicke, & Wellmann, 2019) and
there is a positive correlation between various indicators of socio-economic status (e.g. income, home-ownership, and race) and canopy
coverage (Lin et al., 2017; Schwarz et al., 2015; Shanahan et al., 2014).
For example, Schwarz et al. (2015) show that lower income neighbourhoods have lower levels of vegetation cover (including tree canopy) across several cities in the USA. Thus, often, wealthier and more
advantaged socio-economic groups have greater access to trees and the
benefits they provide (Lin et al., 2017; Wolch, Byrne, & Newell, 2014).
Furthermore, certain socio-economic groups can be marginalised from
urban reforestation efforts; for example, in Milwaukee, USA, Perkins,
Heynen, and Wilson (2004) show lower-income and non-home owning
groups faced barriers to participation in reforestation programs. These
findings highlight the importance of public green spaces for providing
ecosystem service benefits to various socio-economic groups and for
designing future urban developments that allow equitable access to
trees on both public and private land. Future iterations of modelling
tools, such as the one presented here, should aim to model the drivers of
urban tree canopy cover on both public and private land, account for

how changes on public and private land affect gross canopy cover, and
map the spatial distribution of changes in canopy cover with respect to
people’s access. If used appropriately, modelling tools could engage
marginal groups in planning processes or illuminate consequences of
planned developments on marginal groups’ access to trees which
otherwise might be overlooked. This would contribute to enabling future urban developments to be planned such that the benefits of trees
are distributed equitably both spatially and across socio-economic
groups.
8. Conclusion
High spatial and vertical resolution remotely sensed images were
used to map percentage tree canopy cover in 2009 across neighbourhoods in Perth, Western Australia. This urban tree canopy cover dataset
was fused with a range of socio-economic and urban form measures
available at the neighbourhood-level. Using this information, the relationships between socio-economic characteristics, urban form and
neighbourhood tree canopy coverage were explored. A Random Forests
model was trained to predict neighbourhood-level urban tree canopy
cover using a suite of socio-economic and urban form predictors; the
model was validated using independent test data. An application of this
model was demonstrated using the City of Nedlands in Perth where a
new planning scheme allowing denser urban development has been
approved by the State Government. The change in urban tree canopy
cover with the planned urban development in 2050 versus a scenario
with urban development levels remaining constant was simulated.
This model allows planners to visualise spatial changes in urban tree
canopy cover under different urban development scenarios and to explore trade-offs and synergies between urban development and tree
canopy. This is important as it allows for available geospatial data to be
used to inform planning and management of urban trees and for multistakeholder appraisal of the consequences of development on urban
scenarios. The example from the City of Nedlands illustrates these uses
of such a predictive model and can serve as a guide for planners and
urban stakeholders seeking to analyse, visualise, and communicate the
consequences of urban development on tree cover. The approach,
outlined here, to develop models to predict changes in tree cover provides a platform for an array of analyses that utilise commonly available geospatial data and are necessary to enhance management of
urban trees and maximise the benefits they provide to society. Two key
areas for further research to advance the predictive modelling tool
presented here stand out. The first is to develop models that move
beyond predicting tree coverage to predicting how change in socioeconomic and urban form variables affect the structure, patterning, and
quality of urban trees and subsequent flows of ecosystem services. The
second is to develop approaches that use predictive models, such as the
one presented in this study, to plan urban development such that there
is equitable access across socio-economic groups to urban trees and the
ecosystem service benefits provided by trees.
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