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Abstract: Coastal woodlands, notable for their floristic diversity and ecosystem service values, are
increasingly under threat from a range of interacting biotic and abiotic stressors. Monitoring these
complex ecosystems has traditionally been confined to field-scale vegetation surveys; however, remote
sensing applications are increasingly becoming more viable. This study reports on the application
of field-based monitoring and remote sensing/(Geographic Information System) GIS to interrogate
trends in Banksia coastal woodland decline (Kings Park, Perth and Western Australia) and documents
the patterns, and potential drivers, of tree mortality over the period 2012–2016. Application of
geographic object-based image analysis (GEOBIA) at a park scale was of limited benefit within the
closed-canopy ecosystem, with manual digitisation methods feasible only at the smaller transect
scale. Analysis of field-based identification of tree mortality, crown-specific spectral characteristics
and park-scale change detection imagery identified climate-driven stressors as the likely primary
driver of tree mortality in the woodland, with vegetation decline exacerbated by secondary factors,
including water stress and low system resilience occasioned by the inability to access the water table
and competition between tree species. The results from this paper provide a platform to inform
monitoring efforts using airborne remote sensing within coastal woodlands.
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1. Introduction

The geographical and ecological position that coastal woodlands occupy means these ecosystems
are under threat from a changing climate [1,2] and an expanding coastal-focused urban population [3,4].
Globally, urban populations are expected to grow by 1.35 million by 2030 [5], with local Greater Perth
populations increasing by approximately 1% each year from 2016–2019 [6]. Traditionally, land clearance
driven by these expanding urban populations has had the greatest impact on coastal woodland
systems [7]; however, tree mortality [1,8,9] is posing a significant risk to remnant coastal woodlands.
Tree mortality is defined as a reduction in overall plant health over a period of time, which, in the most
extreme case, can include tree death [10,11]. This can include decline in overall ecosystem structure and
function [12,13], changes in relative competitive capability of specific species relative to one another or
the loss of less resilient species, resulting in a transition of the system floristics [7,14–16]. The ability
to monitor time-space patterns of tree health is therefore an important component in determining
potential drivers of tree mortality and informing management of coastal woodlands [4,17,18].
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1.1. Drivers of Coastal Woodland Decline

Drivers of coastal woodland decline include biotic and abiotic stressors (summarised in Table 1) [4],
including pathogenic infestation, competition between species, changes to the fire regime, shifts in the
water table depth, climate change (herein referring to temperature and rainfall anomalies not consistent
with long-term baseline trends) and episodic disturbances.

Pathogens, such as Phytophthora cinnamomi Rands (“Phytophthora”) in the southwest of Western
Australia (SWWA), are a main biotic threat in vegetated areas that significantly alters the canopy
structuring and ground cover of the affected regions, leading to secondary adverse impacts on flora
regeneration, nutrient cycling, overall productivity and biodiversity [19]. Similarly, insect infestations
may induce crown thinning and eventually the death of a tree [20]. Other biotic factors include
competition arising from invasive species [21–23] and from coloniser species such as A. fraseriana that
typically have a high tree density and are able to out-compete surrounding species for available water,
nutrient or light resources. This significantly alters water and soil nutrient regimes, potentially leading
to keystone species decline [9].

Coastal woodlands within a fringing urban development are also associated with a transition from
a natural to modified fire regime, typically defined by incidental and uncontrolled burns. Natural fire
regimes minimise competition between trees by reducing tree density, indirectly alleviating water
stress [10,24] and stimulating tree vigour. For example, Banksia species are known to establish
prolifically after fire events, with the highest densities of B. menziesii and B. attenuata recorded in regions
subject to fire burning [25]; conversely, suppression of fire leads to an observable reduction in tree
vigour attributed to increased competition between tree species [9,10]. Accumulation of carbon-rich
organic matter or “fuel load” as a result of fire suppression poses an additional risk to the woodland
in the event of an unplanned fire [10]. The impact on ecosystem health arising from the natural to
modified fire regime transition has been a key motivator of prescribed controlled burns [26].

Accelerated tree mortality in eighty countries, including Australia, has been linked to water stress
associated with global climate change (i.e., elevated temperatures and inadequate rainfall) [2,10,27].
Where elevated temperatures are accompanied by a reduction in rainfall, recharge of the vadose zone
and underlying groundwater may be impeded [28–30], and species accessing stored soil moisture and
shallow groundwater may exhibit increased susceptibility to tree mortality. Water vulnerability can
also interact with episodic weather events, such as high winds and extreme heat waves [31], that place
further stress on vegetation. The ability to access water resources, strategies to tolerate negative water
potentials and regulate stomatal control will impact on the ability of specific species to modulate the
exacerbated impact of combined stressors [32].

Under conditions of increased development of water resources (increased water abstraction) or
changes in climate, which manifests in changes to the frequency, magnitude and duration of heat
waves and drought conditions, water stress in trees will become acute and adversely influence their
growth and vigour [27,33]. Where these abiotic stressors act together and potentially in association
with biotic stressors (refer to Table 1), ecosystem health is likely to decline [4].

1.2. Measuring and Sensing Tree Mortality in Coastal Woodlands

Understanding whether single or multiple biotic and abiotic stressors are driving woodland decline
and mortality requires rich space-time data at the scale of individual trees and overall ecosystem health,
and that allows determination of between-species responses. Conventional field-based vegetation
surveys are focused at plant-to-plot scales (metres to tens of metres or hectares) [4,35,36] and powerful
for determining individual and species-specific responses [18]. Determining broader patterns of tree
mortality is more challenging, particularly in biodiverse ecosystems. However, remotely sensed
imagery can play an important role in assessing vegetation conditions at a park scale (hectares to
square kilometres) [27,37,38]. This can be at the scale of individual trees with centimetre to sub-metre
data from drones or airborne imagery to broader ecosystem responses with coarser (satellite) data [13].
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Table 1. A summary of the biotic and abiotic stressors on woodland vegetation, their causes and techniques for measuring and sensing patterns of tree mortality.

Stressor Cause Measuring and Sensing Patterns of Tree Mortality References

Biotic

Insects and Pathogens Human-mediated introduction of
invasive species

Decline in measures of tree health/vigour (overall and/or
species level) [9,10,19]

Competition between
Species

Introduced species; unmanaged sites;
suppression of fire

Species-specific changes in vegetation density and structure
at the individual-tree level [9,19,22]

Fire Heat stress; fire exclusion (and subsequent
accumulation of organic biomass)

Spatially link fire history and plant health, vegetation
density and structure [14,15,29,34]

Abiotic

Shifts in Water Table
Depth Abstraction; decreasing rainfall recharge

Spatially link groundwater areas and
groundwater-dependent species with plant health,

vegetation density and structure
[1]

Climate Change Anthropogenic carbon emissions;
deforestation; natural climate variability Changes in overall vegetation density and structure [1,10,33]

Episodic Disturbances Natural disturbances Linking mortality or changes in plant health, vegetation
density and structure with specific disturbance timing [31]
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At the finest scale, observational and physiological field studies conducted on individual leaves,
plants or stand/transects scale monitor changes in plant health [39]. Observational field studies capture
changes in foliar health or general degradation of the plant [24]. Physiological field studies may include
various measurements of tree water status (for example, measuring sap flow and leaf water potential)
to ascertain whether the predominant tree stressor is one which places the tree under significant water
stress [40,41]. These conventional field-based methods for monitoring vegetation status can provide
highly accurate data but are expensive, time-consuming and generally restricted to the plant-to-plot
scales [35,38].

Remotely sensed imagery can overcome some of these limitations in providing park-scale
multitemporal spatial data from which to assess trends in vegetation condition [13,27]. It also
enables analysis of plant health variation over space and time in the context of factors such as water
availability (water table depth), plant density and competition and the correspondence of tree death
to times of known extreme heat and/or drought conditions [8]. Both thermal data [9,42,43] and
multispectral imagery and related vegetation indices have been used to monitor water stress in
vegetation [13]. Vegetation indices typically incorporate combinations of the blue, green and red
regions of visible light and also near- and mid-infrared regions based on the understanding of the way
that vegetation under healthy or stressed conditions absorbs light more strongly in the blue and red
regions of the electromagnetic spectrum while reflecting in the near-infrared (NIR) and green [27,44].
Digital multispectral images can include the raw bands data or reflectance values (e.g., red, green, blue
and NIR) or may be combined into true colour RGB imagery or false colour imagery [36].

1.3. Study Aim

The aim of the study is to combine field-based monitoring and aerial multispectral imagery
to investigate spatiotemporal trends in vegetation conditions of a nationally significant and at-risk
Environmental Protection and Biodiversity Conservation (EPBC)-listed coastal woodland ecosystem
(Banksia woodland), Kings Park bushland, Perth Western Australia over a five-year period (2012–2016).
Within this overall aim, potential drivers of decline within the coastal Banksia woodland will be
considered, including: water availability (water table depth), plant density and competition and climate.

2. Materials and Methods

2.1. Study Site and Climatology

The Kings Park bushland (Figure 1) is located approximately 1 km from Central Perth, within
the Swan Coastal Plain bioregion (31.96◦S, 115.83◦E) [45]. The remnant bushland covers an area of
approximately 267 ha [9] with the hot dry summers and cool wet winters redolent of a Mediterranean
climate [14]. The dominant tree species within the bushland include Banksia, Allocasuarina and Eucalypt
species, as well as a number of perennial flowering plants [21]. Banksia woodlands are significant on the
bioregional scale, with forty-six of the documented eighty genera of species residing in Australia [46].
These woodlands offer a number of ecological services, including their importance as nectar sources
for a range of birdlife and insects [9].

Two research sites (high and low site) previously monitored by Challis et al. [47] were used for
this study within the Kings Park bushland (Figure 1). The high and low sites cover a total area of 6360
m2 and 5400 m2, respectively, with the high site situated 50 m above the groundwater table and the low
site 9–20 m above the water table, with the likelihood of groundwater access for tree species within the
lower site that may buffer water availability.
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Figure 1. The two study sites within the Kings Park bushland. Imagery provided by SpecTerra Systems
Pty Ltd.

Inter-annual and intra-annual trends in rainfall (Figure 2A,B, respectively) and temperature
(Figure 2C) for the study site indicate frequent below-average rainfall conditions, aside from 2011 and
2013, with frequent above-average maximum temperature events across the study period (2012–2016),
many within the hot/dry summer period (Figure 2C, red areas). Anomalies in rainfall (Figure 2B) and
temperature (Figure 2C) are calculated as the difference of the mean monthly (rainfall) and weekly
running average (temperature) from the long-term monthly average for the corresponding month,
calculated across the reference period of meteorological station operation (1993–2018, [48]).

2.2. Field Data Acquisition and Processing

Field data was collected at the high and low sites (Figure 1) between October 2015 and February
2016 and appended to the data collected by Challis et al. [47] in the summer of 2013–14. A Trimble
R10 Real Time Kinematic Differential Global Positioning System (RTK-DGPS; Yuma, Trimble, USA),
which allows high-accuracy measurements (<0.015 m XYZ error) with subpixel (0.5 m) accuracy,
was used to map the locations of living and dead trees. Dominant species were identified and tree
health evaluated following the methodology of Challis et al. [47]. Measurements of tree canopy extent
and trunk diameter were recorded using a standard measuring tape and a diameter at breast height
(DBH) tape, respectively, and a TruPulse 200/B Laser Rangefinder for tree height. Ecophysiological
measurements of tree mortality, canopy survival and the degree of resprouting was also recorded in
accordance with the classification criteria summarised in Table 2. The year of tree mortality (where
applicable) was determined for the past three years (Criteria 1, Table 2) by inspection of the remaining
bark, general decomposition of tree and leaf presence or absence. Secondly, the proportion of dead
branches and general observations of foliar loss provided an indication of the percentage canopy
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cover (Criteria 2, Table 2), and thirdly, the presence of resprouting trees was classified according to the
strength of epicormic resprouts (Criteria 3, Table 2).Remote Sens. 2019, 11, x FOR PEER REVIEW 6 of 27 
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corresponding month) across 2009–2016 for Perth, Western Australia at the Perth Metro Station [48], 
with red areas denoting the hot/dry and blue the cool/wet seasons. Hot-dry seasons: December, 
January, February, March and April (DJFMA). Cool-wet seasons: May, June, July, August, September, 
October and November (MJJASON). 
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Figure 2. Total annual rainfall (mm) (A), mean monthly rainfall anomaly (based on 1993–2018
average) (B) and weekly mean temperature anomaly (◦C) (C) (difference from 1993–2018 average for
corresponding month) across 2009–2016 for Perth, Western Australia at the Perth Metro Station [48],
with red areas denoting the hot/dry and blue the cool/wet seasons. Hot-dry seasons: December, January,
February, March and April (DJFMA). Cool-wet seasons: May, June, July, August, September, October
and November (MJJASON).

Table 2. Three criteria applied to individual trees in Kings Park to evaluate tree health and mortality
status. Adapted from Challis et al. [49].

Criteria 1. Alive/Dead. Criteria 2: Canopy Survival (%) Criteria 3: Resprouting (%) and Strength

Alive >90 >90 (strong)
Died 2016 60–90 10–60 (fair)
Died 2015 10–60 1–10 (poor)
Died 2014 1–10 0 (none)

Died prior to 2014 0 -

In-field observation of weed presence and insect/pathogenic infection was also undertaken during
field surveys.

While the methodology of Challis et al. [47] was replicated for data collection, not all trees initially
mapped in 2013–14 were resurveyed in the summer of 2015–16; however, both transects were traversed,
and all trees that had died within the previous two years were mapped. Young seedlings below the
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height threshold of 1.37 m [50] and seedlings without a reported DBH reading were excluded from
mapped output.

2.3. Imagery Acquisition and Preprocessing

High-resolution airborne multispectral (HiRAMS) four-band narrow-bandwidth imagery (Table 3)
at 0.5 m resolution was acquired over Kings Park by SpecTerra Systems Pty Ltd. (“SpecTerra”)
(Perth, Western Australia) (https://www.specterra.com.au/). SpecTerra operate the HiRAMS sensor
and acquisition parameters to specify the same spectral band-passes and near-identical individual
image collection location to ensure near-to-same (<5◦) view angle for all pixels, clear sky conditions
and consistent image preprocessing.

Table 3. High-resolution airborne multispectral (HiRAMS) bands and corresponding wavelengths
(µm) collected by SpecTerra services.

Band Wavelength (µm)

Band 1: Blue 0.450 ± 0.010
Band 2: Green 0.550 ± 0.010
Band 3: Red 0.675 ± 0.010

Band 4: Near-infrared 0.780 ± 0.010

SpecTerra collected and processed imagery acquired for 2012 (23/03/2012), 2014 (23/03/2014),
2015 (23/02/2015 and 23/03/2015) and 2016 (27/02/2016). In-house workflow addresses image
orthorectification, bi-directional reflectance distribution function (BRDF) correction, with band
miss-registration <0.2 pixels [51,52]. A multivariate alteration detection (MAD) approach adapted
from Nielsen et al. [53] is used to identify sufficient invariant targets from which a precise radiometric
calibration of raw data to like values based on the approach of Furby and Campbell [54] using a linear
regression method on the mosaicked imagery [51,54]. SpecTerra data for their multiyear performance
of imagery radiometric calibration precision across multiple image sets and jobs relative to their
pseudo-invariant calibration targets is (R2 values): Blue = 0.921, Green = 0.947, Red = 0.956 and NIR =

0.949 (SpecTerra Systems Pty Ltd., unpublished data).
To validate the radiometric precision of the supplied imagery used in this study, we selected 2012

as a baseline and an initial dataset of likely pseudo-invariant pixels (n = 67; irrigated grass (n = 14),
roads and paths (n = 25), sun-illuminated hardcourt tennis courts (n = 12), waterbodies (n = 8) and
building roofs (n = 8)). Initial screening based on Pearson’s regression (R2) values for all years and
bands relative to 2012 showed likely bias by surface type, with sun-illuminated hardcourt tennis
courts (R2 = 0.921) and waterbodies (R2 = 0.725) relatively consistent, whereas the other three surface
types were unstable and not likely actual pseudo-invariant targets (building roofs R2 = 0.447, irrigated
grass R2 = 0.365 and roads and paths R2 = 0.293) and were excluded. Using only pseudo-invariant
targets from sun-illuminated hardcourt tennis courts and waterbodies (n = 20), we calculate Pearson’s
regression (R2), Nash-Sutcliffe [55] efficiency (NSE; see Equation (1)) and the Wilmott [56] index of
agreement (d; see Equation (2)) across imagery time series and for each band:

NSE = 1−

∑n
i=1(Pi −Oi)

2∑n
i=1

(
Oi −O

)2 (1)

d = 1−

∑n
i=1(Pi −Oi)

2

∑n
i=1

(∣∣∣∣(Pi −O
)∣∣∣∣+ ∣∣∣∣(Oi −O

)∣∣∣∣)2 (2)

where Pi is the radiometric pixel value in the pair image, Oi is the radiometric value in 2012 baseline and
O is the mean of the observations of the 2012 baseline. The relative radiometric precision radiometric

https://www.specterra.com.au/
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(n = 20) data was also available from May 2009 and 2011; however, the imagery was acquired at a
different season and solar angle and showed poor spectral correlation and was therefore not used in
this study. Relative to the 2012 baseline, all imagery (2012–2016) provided by SpecTerra was deemed to
be sufficiently radiometrically precise between years and between bands to allow for analysis without
further adjustment of values (Table 4).

Table 4. Relative radiometric precision of calibrated images collected in 2014, 2015 (February and
March) and 2016 relative to the 2012 baseline. R2 = Pearson’s regression values, NSE = Nash-Sutcliffe
efficiency and d = the Wilmott index of agreement.

Image (Compared
to 2012 baseline)

Performance
Metric Band 1 Band 2 Band 3 Band 4 All Bands

Mar
2014

R2 0.990 0.976 0.959 0.992 0.980
NSE 0.984 0.965 0.947 0.988 0.971

d 0.992 0.981 0.972 0.993 0.984

Feb
2015

R2 0.955 0.986 0.980 0.994 0.979
NSE 0.908 0.982 0.931 0.978 0.950

d 0.958 0.991 0.957 0.988 0.973

Mar
2015

R2 0.974 0.981 0.973 0.996 0.981
NSE 0.960 0.961 0.961 0.981 0.966

d 0.980 0.977 0.978 0.989 0.981

Feb
2016

R2 0.945 0.980 0.976 0.989 0.972
NSE 0.893 0.975 0.974 0.978 0.955

d 0.952 0.986 0.986 0.988 0.978

All
Dates

R2 0.966 0.981 0.972 0.993 0.978
NSE 0.936 0.971 0.953 0.981 0.960

d 0.970 0.984 0.973 0.990 0.979

2.4. Image Processing

ArcGIS 10 software (ESRI, Redlands, CA) and the associated Python toolkit (Version 3.5.1, Python
Software Foundation) was used to process multispectral imagery, as described in Sections 2.4.1 and 2.4.2.

2.4.1. Calculation of Vegetation Indices to Map Individual Trees

Vegetation indices can be used to compare the ratio of colour reflectance of different bands and
known relationship to vegetation status [4,33] (Table 5). This includes the widely used normalised
difference vegetation index (NDVI) [37] that measures vegetation vigour or health (and additional
factors [57]) based on the normalised ratio of reflectance from both the red channel and the near-infrared
channel [16]. Similar indices include the plant cell density index (PCD, or simple ratio), which is the
ratio of infrared and red bands and is known to correlate with the vigour and reflectance of vegetation,
with a high PCD representing high tree density and/or vigour [37]. Indices used in image processing
and analysis should be selected based on an understanding of their inherent strengths and limitations
and their suitability for a particular application (Table 5) and can be used with reference to the patterns
of decline that may be indicative of drivers of vegetation mortality (Table 1).

Eleven more commonly used vegetation indices were selected for analysis based on their suitability
to vegetation detection and application to the available imagery bands (Table 3). We identify these
with reference to the types of vegetation indices from Xue & Su [58], selecting mostly basic vegetation
indices, and include one adjusted-soil vegetation index (OSAVI) and one tasselled cap transformation
of greenness vegetation index (EVI) (Table 5). These are not meant as an exhaustive review of potential
indices but, rather, represent a process to search for a potential index suitable for mapping individual
tree crowns from the surrounding bushland, supporting the analysis of individual trees and species.
Indices were implemented by scripting within Python using the formulae contained in Table 5.
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Table 5. Summary of vegetation indices used to monitor vegetation. “Key features” includes commentary on strengths and limitations of the indices.

Index Category Index Equation References Key Features

Basic Vegetation
Indies (VI)

Difference Vegetation
Index (DVI) Rn −Rr [37] Distinguishes between soil and vegetation; does not account for

difference between reflectance and radiance.

Plant Cell Density (PCD) Rn
Rr

[37] Sensitive to amount of photosynthetically active vegetation in the tree
canopy; affected by soil background and atmospheric effects.

Normalised Difference
Vegetation Index (NDVI)

Rn−Rr
Rn+Rr

[59,60]
Measure of healthy, green vegetation and reduces multiplicative noise
within bands; difficult in regions with large areas of exposed soil;
saturated signals over high biomass conditions.

Blue-NDVI (BNDVI) Rn−RB
Rn+RB

[61] Exhibits a better relation with leaf area index than the traditional NDVI;
not as sensitive to leaf area index as other NDVI indices.

Red–Blue-NDVI
(RBNDVI)

Rn−(Rr−Rb)
Rn+(Rr−Rb)

[61] Exhibits a better relation with leaf area index than the traditional NDVI.

Green Ratio Vegetation
Index (GRVI)

Rn
Rg

[62,63] Sensitive to and detects the visible colour changes in tree canopies; not
very useful for determining photosynthetic rates.

Chlorophyll Vegetation
Index (CVI)

Rn×Rr
R2

g
[62]

Suitable for planophile species in estimating leaf chlorophyll content;
requires knowledge of soil type in order to incorporate a suitable
correction factor to maximise the VI’s effectiveness.

Chlorophyll Index—Green
(CI-G)

Rn
Rg
− 1 [64]

Good indicator of canopy chlorophyll content and useful for estimates of
midday light use efficiency in trees; responds less optimally depending
on the vegetation type.

Green-NDVI (GNDVI) Rn−Rg
Rn+Rg

[65] Yields high-precision estimates of pigment concentrations; more
sensitive to chlorophyll concentration than “red” NDVI.

Adjusted-Soil VI Optimised Soil Adjusted
Vegetation Index (OSAVI)

1.5×(Rn−Rr)
(Rn+Rr+0.16) [60] Reduces effects of soil pixels; estimation of vegetation characteristics can

be imprecise at low vegetative cover.

Tasseled Cap
Trans. Green

VI Index

Enhanced Vegetation
Index (EVI)

2.5×(Rn−Rr)
Rn+6Rr−7.5Rb+1 [13,59,66]

Strong correlation with plant transpiration and photosynthesis; reduces
soil background signals and reduces atmospheric influences. Sensitive to
topographic conditions.

Where: Rλ is the reflectance at wavelength λ: Rn, Rr, Rg and Rb are the reflectances for the NIR, red, green and blue bands, respectively.
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Based on visual assessment of the generated indices (Figure 3) and their ability to accentuate
tree canopy extent and minimise the mixed background that includes undergrowth and soil effects,
the red–blue–NDVI (RBNDVI) index was selected for use in further analysis (Figure 3C). It is noted
that Figure 3B (BNDVI) and Figure 3H (GNDVI) also performed similarly well in differentiating tree
crowns and use a similar basic vegetation index approach based on normalised differential evaluation
of available bands.
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for mapping the location of trees mapped in the field. An overall 96% classification accuracy 
was obtained, with only 16 of 386 (4% false negatives) trees not mapped and no false positive 
mapping of tree crowns (users accuracy = 100%, Table 6). 

It was necessary to develop a method to extract individual trees crowns, such that an 
individual tree could be tracked through time and linked to the field data of mortality and 
species information. The study initially trialled a geographic object-based image classification 
(GEOBIA) approach using Trimble eCognition Essentials 1.2 to map individual tree canopies 
using the optimal (RBNDVI) index imagery. Segmentation clustered similar pixels into geo-
objects [67] and was followed by smaller-scale supervised classification, validated against the 
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delineating individual trees. Various combinations for the scale, colour/shape and 
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Figure 3. Indices generated using the equations listed in Table 5 at the high site (see Figure 2 for location
of image extent): (A) normalised difference vegetation index (NDVI), (B) blue-NDVI (BNDVI), (C)
red–blue-NDVI (RBNDVI), (D) chlorophyll index green (CI-G), (E) chlorophyll vegetation index (CVI),
(F) DVI; (G) enhanced vegetation index (EVI), (H) green-NDVI (GNDVI), (I) green ration vegetation
index (GRVI), (J) optimised soil adjusted vegetation index (OSAVI) and (K) plant cell density (PCD).

While these indices could have potentially been applied, RBNDVI was selected to map individual
tree crowns. The classification accuracy using the RBNDVI index was highly accurate for mapping the
location of trees mapped in the field. An overall 96% classification accuracy was obtained, with only
16 of 386 (4% false negatives) trees not mapped and no false positive mapping of tree crowns (users
accuracy = 100%, Table 6).

It was necessary to develop a method to extract individual trees crowns, such that an individual
tree could be tracked through time and linked to the field data of mortality and species information.
The study initially trialled a geographic object-based image classification (GEOBIA) approach using
Trimble eCognition Essentials 1.2 to map individual tree canopies using the optimal (RBNDVI) index
imagery. Segmentation clustered similar pixels into geo-objects [67] and was followed by smaller-scale
supervised classification, validated against the field data collected in this study and the work of Challis
et al. [47] to determine the accuracy in delineating individual trees. Various combinations for the scale,
colour/shape and smoothness/compactness parameters were trialled to achieve the best representation
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of tree canopies and segmentation, but tree canopies were generally grouped as single geo-objects
within the final geographic object. This was attributed to the high density and clustering of trees,
particularly in the low site. This necessitated an alternative approach to monitoring individual tree
decline within the study sites.

Table 6. Classification accuracy for mapped trees plotted on RBNDVI imagery.

Imagery Truth Data

Tree Non-Tree Total User Accuracy (%)

Tree 370 0 370 100
Non-Tree 16 0 16

Total 386 0 386
Producer Accuracy (%) 96
Overall Accuracy (%) 96

Manual manipulation (herein termed “digitisation”) in ArcMap was used to separate these
clustered regions from the GEOBIA output as best possible in consultation with field-based observations
of tree locations and canopy extent. This was also constrained with reference to Chang et al. [68],
who suggest a maximum crown area of 25 m2. This additional manipulation was only applied at the
two study sites, rather than across the entirety of the park. Zonal statistics were used to extract mean
crown radiometric intensities [68] from regions mapped by digitisation/GEOBIA across the analysis
period (2012–2016) and at both sites, with one-way analysis of variance (ANOVA) used to test for
statistically significant changes. Boxplots were generated in the “R” statistical package (Version 3.2.2,
www.r_project.org).

2.4.2. Change Detection Imagery

Based on the approach of Johansen et al. [69], change detection between provided datasets were
used to track tree decline (or recovery of health) in the study sites.

The RBNDVI (red–blue-normalised difference vegetation index) was used as the input raster for
generating these change detection images that were produced by combining two images from different
years into a new composite image and assigning the older image to the red band and the more recent
image to the blue and green bands. The net effect is that negative change and potential tree deaths
or high stress is shown as red, no change as white and net gain blue. The study found that RBNDVI
was a useful index that was sensitive to the presence/absence of trees, with strong negative values or
negative trends interpreted as signs of tree mortality, extreme tree stress and likely future mortality.

3. Results

3.1. Vegetation Surveys

Tree keystone species mapped in the high and low elevation sites included A. fraseriana, B. menziesii,
B. attenuata, C. calophylla and E. marginata, mapped by training from expert ecologist, with a total of 332
and 271 trees mapped within the two sites, respectively. Tree density was highest in the low site, and
percentage abundance of species indicates that A. fraseriana is the dominant tree species in both sites
(Table 7).

Tree mortality was high in both sites for 2011, with the more recent 2014–15 dataset indicating
minimal tree mortality over that period. However, in both sites, change in canopy survival
(a morphological symptom of tree stress) between the 2013–14 and 2015–16 datasets was significant for
most species, with a positive change for A. fraseriana and overall negative change for Banksia species
(Table 7).

www.r_project.org
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Table 7. The total number and percentages of species within the high and low sites, the level of significance of change in canopy survival between 2013/2014–2015/2016,
tree density across the high and low sites (excluding seedlings) and the percent mortality pre-2011 to the present year (2016). Adapted from Challis et al. [47].

All Species A. fraseriana B. attenuata B. menziesii C. calophylla E. marginata

Site High Low High Low High Low High Low High Low High Low

N individuals (n%) a 332 271 147 (44) 121 (45) 99 (30) 86 (32) 78 (23) 50 (18) 1 8 (3) 7 (2) 6 (2)
Change in Canopy
Survival (p-value) a 0.018 * 0.260 ns <0.001

***
<0.001

*** 0.014 * <0.001
*** 0.004 ** <0.001

*** n/a 0.663 ns 0.470 ns 0.094 ns

Tree Density
(individual/ha) b 523 870

% Mortality
(<2011–2015) a/b 22 17 18 14 25 17 57 26 33 4 2 5

2015 Mortality (%) a 0 0 0 0 0 0 0 0 0 0 0 0
2014 Mortality (%) a 0 0 0 0 0 0 0 0 0 0 0 0
2013 Mortality (%) b 1 1 1 1 0 1 0 2 0 0 0 0
2012 Mortality (%) b 5 3 7 1 4 4 2 5 0 0 0 0
2011 Mortality (%) b 11 5 3 3 8 7 43 11 33 0 2 0

Mortality Prior to
2011 (%) b 8 7 7 9 13 5 12 9 0 4 5 5

a Determined from 15/16 dataset, b determined from provided 13/14 dataset [47], ns = not significant, * = significant at p < 0.05, ** = significant at p < 0.01, *** = significant at p < 0.001 and
n/a = not applicable (C. calophylla was not remapped in 15/16, so a comparison of canopy survival could not be made).
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3.2. Spectral Analysis

3.2.1. Mean Crown Radiometric Intensities

Radiometric intensities (corresponding to tree health) for digitised tree polygons and the
significance of variance across the 2012–2016 timespan within each site are presented in Table 8,
indicating that trees were generally stressed in 2012, with a moderation in 2014, followed by maximum
stress in 2016 (p < 0.001 for all years). A comparison of radiometric intensities between the high and
low sites presented in Table 9 reveals that there were no significant differences in vegetation stress
between the two sites for 2014 (p = 0.634), but there was a significant difference in 2012 (p < 0.001) and
2016 (p < 0.01). For both 2012 and 2016, the lower average radiometric intensity was recorded at the
high site (Table 8).

Table 8. Average radiometric intensity for the high and low sites across 2012–2016 and the level of
significance (p-value) reported for subsequent years.

Year
High Site Low Site

Average Intensity 2012 2014 2016 Average Intensity 2012 2014 2016

2012 −3368 - <0.001 <0.001 −607 - <0.001 <0.001
2014 1192 <0.001 - <0.001 1077 <0.001 - <0.001
2016 −4228 <0.001 <0.001 - −3621 <0.001 <0.001 -

Table 9. Significance levels for comparisons of radiometric intensities in the high and low sites
across 2012–2016.

Year
Significance (ANOVA)

p-Value F Fcrit

2012 <0.001 77.5 3.86
2014 0.634 3.86 0.227
2016 <0.01 3.86 7.29

Comparisons of species-specific stress patterns relative to the high and low sites (Table 10) indicate
that individual species stress patterns in 2012 were significantly different for the high and low sites, with
stress ostensibly concentrated within the high site (Figure 4a) where median radiometric intensities
were generally lower than for the low site (Figure 4d). Conversely, radiometric intensities were
comparable for all species across the high and low sites in 2014 (Figure 4b,e, respectively), with stress
patterns for individual species between study sites not considered to be statistically significant (at the
99% confidence interval) in 2014. This trend was repeated in 2016 for A. fraseriana, B. attenuata and
E. marginata, with B. menziesii exhibiting disparate stress patterns between the two sites. The lower
radiometric intensities calculated for B. menziesii in the high site in 2016 (refer to Figure 4c) suggests
that the species experienced greater stress in the high site, as opposed to the low site (Figure 4f).

3.2.2. Change Detection

Change detection images were generated using the following RBNDVI imagery pairs: 2012/2014,
2014/2015 and 2015/2016 (Figure 5A–C). The colour ramp applied to the imagery specifies blue regions
as indicative of increased tree vigour, while red regions highlight areas of stress and dark red of tree
death, with neutral colours indicating minimal change.
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Table 10. Significance levels for comparisons of radiometric intensities in the high and low sites for A.
fraseriana, B. attenuata, B. menziesii and E. marginata (2012–2016).

Species Year
Significance (ANOVA)

p-Value F Fcrit

A. fraseriana
2012 <0.001 45.7 3.88
2014 0.024 5.14 6.75
2016 0.427 0.634 3.88

B. attenuata
2012 <0.001 12.5 3.95
2014 0.427 0.637 3.95
2016 0.034 4.64 3.95

B. menziesii
2012 <0.001 13.1 4.11
2014 0.154 2.12 4.11
2016 <0.001 12.9 4.11

E. marginata
2012 < 0.01 9.95 7.08
2014 0.567 0.331 7.08

2016 0.978 9.14 ×
10−4 7.08

The 2012–2014 image (Figure 5A) shows strong growth across the park, following above-average
winter rainfall events in 2013–2014 (Figure 2A,B). The 2014–15 composite image (Figure 5B) shows
significant stress, which continues to 2015–2016 (Figure 5C) following a > 6 ◦C weekly temperature
increase from the base monthly average (Figure 2C) and below-average rainfall in the 2015 winter
season (Figure 2B).

Using the 2012 imagery as a baseline for change detection, change detection images representing
a three-year (2012–2015, Figure 6b) and four-year (2012–2016, Figure 6c) period were generated. While
some of these pairs do not directly align and some minor edge/shadow effects are present, gross crown
condition changes over the long term are evident in both the high and the low sites. A general trend of
increasing tree stress is evident from 2014 to 2015 and again to 2016. Stress has been relatively constant
at the low site across the four-year period, whereas the high site, which initially exhibited a lower
degree of stress in 2012–2014, shows increasing stress (corresponding to a decrease in RBNDVI) in
more recent years.
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Figure 5. Composite change images for (A) 2012–2014, (B) 2014–2015 and (C) 2015–2016. Blue regions
are indicative of increased tree vigour, while red regions highlight areas of stress and dark red of tree
death. Neutral colours indicate minimal change.
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4. Discussion

This study merged field and remotely sensed data to monitor vegetation decline (at a park-scale
and at a species level) in a coastal woodland subject to multiple, potentially interacting biotic and
abiotic stressors (Table 1).

Field-based data collection provided information relating to specific tree species within the
nominated study sites, as well as trends in canopy survival and mortality events. This field data
provided context for extraction of tree crown spectral characteristics (i.e., relating these to specific
species and patterns of stress in subsequent years) and for interpretation of change detection imagery
(i.e., relating observed periods of stress and decline in the spectral image to field observations of tree
canopy cover and broad mortality events). The combination of field-scale observations and aerial
multispectral remote sensing incorporated into a GIS is powerful for not only understanding overall
trends in coastal woodlands but also for understanding species-specific responses over a period of time.

4.1. Evalution of Spatial Methods for Monitoring Vegetation Decline

This paper has evaluated the way in which high-spatial resolution airborne multispectral
imagery can be used to monitor and detect changes in a coastal woodland over both the short-and
long-term [4,13,39]. Based on visual assessment, the RBNDVI metric selected for analysis in this
study was considered to most clearly accentuate the tree canopy in comparison to ten other indices
(Table 5) commonly used in vegetation studies. Vegetation indices such as the simple ratio or PCD and
normalised indices (for example, NDVI) focus on the near-infrared and red bands [70] and are good
measures of vegetation health [71]. The RBNDVI index [61] is similar; however, it also incorporates the
blue band, which is related to soil properties and reflectance. In the sandy surficial soils of the Swan
Coastal Plain, the light colour is responsive in the blue band as a whitening or bleaching signature.
This may accentuate the plant and non-plant (i.e., soil) through the differential within RBNDVI and
thus provide the best option for delineating tree canopies and for tracking tree mortality events.
Qiu et al. [72] suggests the finding of the RBNDVI index being more sensitive for this application than
traditional NDVI.

Mapping of individuals using the eCognition Essentials software was largely unsuccessful
in this study due to high density clustering of trees within the study sites and across the park,
generally. Although impractical on the scale of hectares, manual digitisation of generated geo-objects
to ”declump” trees is a feasible option [68]. Even so, the manual separation of tree canopies is
challenging, especially in regions of localised growth of one particular species (such as the low site
in this study). Use of a region-growing algorithm, an iterative optimisation process which segments
imagery based on similar spatial patterns [73], might be a potential option to overcome this limitation.
However, the interconnected nature of the canopies and irregular-shaped canopy extent extracted
using GEOBIA mean that these methods are unlikely to succeed. Another alternative may be to use
higher resolution imagery (such as drone imagery [74]) and digital surface models of canopies [75]
to support segmentation of individual species in areas where tree crowns are not spatially discrete.
The application of paired change detection images using the RBNDVI imagery demonstrates the
capability of multitemporal multispectral imagery in highlighting changes in vegetative cover and
stress patterns over time.

Overall, this study found that with application of an appropriate index to delineate tree canopy,
vegetation could be mapped and monitored. Tracking of individual trees through time using a GEOBIA
approach is limited in woodlands with interconnected canopies, but is possible (albeit to a limited
spatial extent) with manual digitisation methods.

4.2. Patterns and Drivers of Tree Decline

Using field and spatial techniques, this study provides new insight into patterns and drivers of
tree decline within the Kings Park woodland.
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Crosti et al. [9] suggested that the decline of Banksia species in Kings Park was unlikely to be
driven by changes in climate (despite the 15% reduction in precipitation from 1939–1999, the time
period over which vegetation was monitored) and instead attributed changes in ecosystem health and
structure to weed invasion, biotic interactions and fire regime. It is unlikely that weed invasion is
driving tree decline over the period of monitoring (2012–2016), as park management has implemented
a robust weed eradication scheme across 80 ha of the park [26].

Additionally, while insect and pathogen infection has been identified elsewhere as a potential
driver of tree decline [19,76], visual inspection of the study site suggests insect and pathogen infection
are not considered to be the likely causes of the patterns of woodland decline (and recovery) at this site.

On the other hand, patterns of stress (Figure 5A–C) appear to be exacerbated after periods of
below-average winter rainfall and alleviated after significant rainfall events (refer to Figures 2A and 3B).
The dry winters of 2009 and 2010, coupled with elevated summer temperatures in 2009, 2010 and 2011
between 4–6 ◦C above the average monthly temperatures (Figure 2C) are associated with the greatest
occurrence of tree mortality in the park (Table 7). Other studies conducted within the southwest
of Western Australia (SWWA) [1,8,51,77,78] have also linked tree mortality in 2011 to this period of
sustained drought and heat. Following the combined drought/heat event of 2009/2010/2011, the above
average winter rainfall in 2011 and 2013 (Figure 2A), coupled with summer storms in late-2011 and
early-2013 (Figure 2B), likely recharged the vadose zone and water table, with the recovery of trees in
2014 indicative of this process. This is evident in overall positive colour reflectance change within the
radiometrically-balanced imagery from 2012–2014 (Figure 5A), visually dominated by the processes of
undergrowth response within the imagery across the study period from dry to wet.

Trees in the high site have no access to permanent water (~50 m to groundwater) but can access
stored moisture within shallow clay lenses at depths of 6–8 m. These trees exhibited more severe
stress patterns than trees in the low elevation site (where the groundwater table is around 9–20 meters
below ground level) for 2012 and 2016; however, they displayed increased vigour in 2014 following the
above-average 2013 winter rainfall. A similar trend was observed in the Rockingham Lakes Regional
Park, where Matusick et al. [1] found extensive crown dieback more pronounced at higher elevations,
where trees were unable to access the groundwater table and where recharge was ineffective. Similarly,
Smettem and Callow [79] and Smettem et al. [80] noted that forest ecosystems of Southwestern
Australia were mining groundwater to maintain ecosystem function, with the implication that in
more water-deficient sites (e.g., the high site), the ecosystem is less resilient to drought and extreme
heat stress.

This is particularly relevant for the isohydric Banksia species, which have a limited water potential
range and, therefore, reduced ability to tolerate drought conditions [9,28]. Higher mortality rates were
recorded for B. menziesii and B. attenuata in the high site (where subsurface and groundwater resources
are limited) (Table 7), and stress patterns for B. menziesii were more pronounced in the high site in 2016
compared to the low site (p < 0.001) (Figure 4 and Table 10).

Despite greater access to the groundwater table, tree mortality in the low site is still significant
and may be attributed to the high density of trees within this site—suggesting that competition for
resources is a secondary driver of decline in the site when precipitation is inadequate. At this site, the
reduced competition for water resources after the 2011 mortality event, in combination with subsequent
good rainfall years, is another potential explanation for increased tree vigour observed in 2014. Fire as
a driver of tree mortality has been extensively documented in the past, with the wildfire of 1988/1989
linked to largescale tree mortality [15,25]. On the other hand, the work of other authors [24,25] points
to the significance of fire as a means of encouraging new seedlings and maintaining overall ecosystem
health. However, the ad hoc nature of fires in Kings Park makes it difficult to determine the exact role
of fire within the woodland. Monitoring of fire regime, plant competition and plant succession over
longer periods will be critical, with the methods applied in this research offering potential tools to
evaluate this question as a sufficiently longer-term dataset becomes available.
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As recognised by Allen et al. [10], trees are subject to a number of interacting factors, often making
it difficult to ascertain a specific driver of mortality. Yet, patterns of mortality in the park suggest that
the changing climate, and associated heat and drought events, is the primary driver of tree mortality
within the park, with competition between tree species and access to the groundwater table functioning
as secondary drivers of tree decline in the low and high sites, respectively.

4.3. Conclusions and Recommendations

This study reported on the ability to monitor and assess spatiotemporal trends of individual
trees within a coastal woodland and to assess potential drivers of decline using a combination of
field-based monitoring and remote sensing techniques. Selection of the vegetation index RBNDVI
allowed individual trees to be mapped in the project study area. This approach was then used to look
at change detection and extraction of individual plant-specific radiometric features as a powerful tool
for analysing park- and plant-scale trends and patterns of decline.

Within our study site and with the available dataset and based on the RBNDVI index, the
application of GEOBIA was of limited benefit in mapping the location of individual trees within
a closed-canopy ecosystem (low site). The use of alternative methods, including a region-growing
algorithm or higher resolution imagery, may support segmentation of individual species in areas where
tree crowns are not spatially discrete. Manual digitisation methods (which were used in this study) are
effective, however, not feasible for larger-scale analysis of woodland decline.

In addition to techniques employed in this study, higher resolution monitoring of regions exhibiting
increased stress could be undertaken using an unmanned aerial vehicle (UAV), though this is not
as suitable for application to the park-scale ecosystem (267 ha). Acquisition of thermal imagery to
assess the extent of tree water stress [81] could simultaneously be undertaken using the approach of
Berni et al. [42]. These approaches may enable species-specific monitoring to be conducted remotely
and provide information regarding periods when vegetation water stress is at a peak. The use of
drone multispectral sensors could also allow for a broader range of indices to be calculated at the
specific tree level [42], potentially increasing the ability to map tree health and presence/absence from
the imagery. As part of monitoring the ecosystem structure, it may also be beneficial to undertake
field-based and, where possible, remotely sensed monitoring of seedling survival within the woodland.
Competition with surrounding shrubbery and established trees [25] may lead to low survival rates
of seedlings and, thus, have implications for diversity of trees and ecosystem changes. Collection of
ground radiometric data, specifically of vegetation or radiometrically similar reference targets at the
time of overflight, would improve the uncertainty in using invariant targets, though cannot be applied
retrospectively to long time-series datasets collected before studies started, such as was the approach
in this study, particularly where imagery is collected and processed by a commercial operation and
used opportunistically in a study.

Secondary drivers of decline (such as competition and lower groundwater levels, as identified
in this study) are known to exacerbate existing patterns of stress in vegetation, and management of
these secondary drivers is therefore critical. The Kings Park management have been proactive in
containing the spread of weeds (especially, Ehrharta calycina) [26], harvesting stormwater during winter
to minimise reliance on groundwater for irrigation and improving irrigation systems and infrastructure
to reduce incidental water loss. Crown thinning to reduce competition between tree species [10] and
developing a fire regime that promotes reseeding and resprouting of trees, but which does not result in
the mortality of established trees [25], are additional strategies to minimise the impact of secondary
drivers of tree decline. A project investigating the impacts of fire on native species richness and
composition in Kings Park is currently underway, with the first prescribed burn undertaken in 2015 and
monitoring of impacts ongoing [82]. Managing the effects of a changing climate is more complex due
to the unpredictability of the timing and severity of extreme climate events. Depletion of carbohydrate
reserves due to increased winter temperatures may have implications for carbon starvation thresholds
in trees [10]; however, this is highly dependent on the tree species.
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Monitoring vegetation health on a continual basis and observing the response of biota to changes
in climate and undertaking field-based research into species survival mechanisms under high-stress
conditions (e.g., when water is scarce) will inform management response to the implementation of
appropriate adaptation strategies [8].
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