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Abstract: Urban trees provide various important ecological services, the quantification of which is
vital to sustainable urban development and requires accurate estimation of tree biomass. A limited
number of allometric biomass equations, however, have been developed for urban species due
to the prohibitive cost. Remote sensing has provided cost-effective means for estimating urban
forest biomass, although the propagation of error in the estimation process is not well understood.
This study aimed to offer a baseline assessment of the feasibility of estimating urban tree biomass
with remote sensing-based general equations applicable to broad taxonomic groups by conducting
a large urban tree inventory on a university campus. The biomasses of 191 trees of seven species
from the inventory, separated into two categories (i.e., evergreen and deciduous), were calculated
exclusively with urban-based species-specific allometric equations. WorldView-2 satellite imagery
data were acquired to retrieve normalized difference vegetation index (NDVI) values at the location,
crown, and stand levels. The results indicated that biomass correlated with NDVI in varying forms
and degrees. The general equations at the crown level yielded the most accurate biomass estimates,
while the location-level estimates were the least accurate. Crown-level spectral responses provided
adequate information for delivering spatially explicit biomass estimation.
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1. Introduction

Urban landscapes are projected to continue to expand at unprecedented rates, increasing by
38.6 million hectares between 2010 and 2060 in the U.S. alone [1]. With 55% of the global population
and over 80% of the U.S. population living in cities [2], urban-suburban land use and land cover play a
progressively more important role in daily life issues, ecological processes, and climate change at both
local and global scales [3]. As a basic element of urban-suburban environments, trees cover a significant
area in cities. It was estimated that urban forests in the U.S. contain approximately 5.5 billion trees
with an average urban tree canopy cover of 39.4% [1].

Rapid urbanization and population growth present a major cause of concern to the sustainability
of cities [4]. Great efforts have been made to promote sustainable urban development [5,6]. The recently
adopted United Nations” New Urban Agenda recognized the importance of urban greenspace in
fostering social integration, economic growth, and environmental amelioration, and proposed a series
of implementation plans for sustainably augmenting its social, economic, and environmental values [7].
Greenspace cover, including trees and grass, is considered one of the most significant sustainability
indicator variables [8]. A number of large cities in the U.S., therefore, have initiated tree planting
projects to restore their urban forests [9,10].

Numerous studies have demonstrated that urban trees contribute to the achievement of
sustainable development goals by providing a variety of ecosystem services that are crucial to
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human well-being [3,11-15]. In fact, urban trees supply all four types of ecosystem services identified
by the Millennium Ecosystem Assessment, namely, provisioning, regulating, cultural, and supporting
services [16]. As an example of provisioning services, wood biomass from urban forests is a potential
source of timber and biofuels for wood products and energy generation [17]. Urban trees also provide
regulating services by removing atmospheric carbon dioxide and storing carbon as biomass [18],
moderating local and global temperatures [19,20], filtering airborne pollutants [21,22], reducing
storm-water runoff, and recharging groundwater [20,23]. Perhaps the most common benefit to urban
residents is the cultural role fulfilled by urban forests, which provide aesthetic and recreational
enjoyment [24,25]. Each of these services is made possible because of the basic supporting services of
urban trees, including the assimilation of mass and energy through photosynthesis and biogeochemical
cycles, and the provisioning of habitats for diverse wildlife [26].

Some of the ecological benefits of urban trees are highly complementary and difficult to categorize
as one of the four services. For instance, a recent broad epidemiological study reported that the risk
of developing psychiatric disorders among people who only had access to sparse vegetation during
childhood was up to 55% higher compared with those who were exposed to dense vegetation [27].
The exact causal health benefit of urban trees remains to be investigated, although it is probable that
more than one type of ecosystem service may have played a beneficial role in reducing the risk of
mental illness.

It is evident that the pursuit of sustainable urban development depends on an accurate
understanding of urban ecosystem services, which requires baseline data on forest structure and
functions [28]. Tree density and biomass either implicitly affect the ecosystem services described
above, e.g., pollutant dispersion and deposition [21,22,29,30], transpirational cooling [19,29], and
precipitation interception [20,23,31], or directly determines the quantity of the services such as carbon
stored and sequestered and timber and biofuels garnered [17,18]. Biological quantities of vegetation
(e.g., leaf areas and biomass), in addition to the area coverage and distribution, have been factored into
sustainability indicators to evaluate the functions of urban vegetation in supporting the resilience of
human-environment systems [32,33]. Reliable estimates of urban forest biomass are indispensable
to monitor the progress towards attaining sustainability goals and develop management plans and
practices for sustaining ecosystem services [34,35].

Field inventory-based biomass estimation, which is labor intensive and expensive, especially
over a large area, typically requires destructive removal of tree components [36]. Thus, only a limited
number of trees can be surveyed [36]. Repeated measurements over a period of years, which are
essential for monitoring the change of urban forests, are particularly challenging to collect. To avoid
prohibitively expensive and impractical sampling, allometric regression equations, which relate the
volume or weight of a tree to readily observable attributes such as trunk diameter at breast height (DBH)
or height, have been commonly used as an alternative non-destructive method [37]. Tree biomass can
be either directly estimated or converted from the standing tree volume using wood density or specific
gravity values for individual species.

A plethora of allometric biomass or volume equations have been generated for wildland
trees [38—41]. However, very limited studies have developed allometric equations specifically for
urban trees. In the published literature, only two studies have developed allometric volume equations
for American street and park trees: One for 15 species in California [42] and the other for 11 species in
Colorado [43].

Due to the scarcity of urban allometric equations, a number of studies have attempted to
use allometric equations derived from measurements of identical or similar species in natural
forests [18,44-47], or apply limited urban allometric equations across a range of urban settings
or tree species based on taxonomic affiliations [43,48]. However, the edaphic and climatic conditions
and management practices of open-grown trees in urban settings are dramatically different from those
typical of trees in the wildland, altering the biomass partitioning of the urban trees [49]. The potential
error of applying allometric equations developed for wildland trees directly to urban environments
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could be substantial [50-52], ranging from —97% to 205% depending on the individual species and the
sizes of the trees [43]. Biomass estimates could even vary from 27% less to 29% more when applying
the allometric equation developed for an individual urban species in California to the same species in
Colorado because of considerable differences in site conditions [43].

Considering the time and monetary cost of developing site- and species-specific allometric
equations, it has been suggested to use general equations that are applicable to all species in a
broad taxonomic grouping instead [43,53,54]. Such equations have been developed for 35 natural
forest-grown genera on a national scale [39,40]. However, studies focused on developing allometric
equations for general urban tree groups are scant [49], because urban-based equations over the entire
range of site conditions are not available for compilation and synthesis [55].

Another approach to overcome the prohibitive cost associated with the development of allometric
equations is to utilize remote sensing and geospatial techniques [49,56-60]. Remote sensing obtains
information about the Earth’s environment from a distance without the need for extensive field surveys
over large areas. It has been used in several different ways as a non-destructive and cost-effective
method for biomass estimation with varying degrees of success.

Generated with Light Detection and Ranging (LiDAR) technology, point cloud data have been
regularly used to measure urban tree biomass directly [58,60-62] or extract basic silvicultural variables
such as tree height and crown diameter, which are then applied to derive DBH for use in allometric
equations [54,58,62—64]. The relationships of tree height and crown diameter to DBH, however, have
not been well analyzed for urban species [49,63] and biomass estimation could easily be affected by
data quality [56].

LiDAR data-derived structural characteristics have also been integrated with canopy
photochemical properties retrieved from hyperspectral imagery to improve urban tree species
identification [65], which would be helpful in selecting appropriate allometric equations for specific
species [66]. However, the accuracy of species classification could change with the resolution of LIDAR
and hyperspectral imagery, the fusion of structural and spectral features, and the utilization of different
data processing algorithms [66-70].

Full coverage LiDAR and hyperspectral data of large areas are not always available and can
be extremely expensive to acquire and process. High-resolution multispectral data, by contrast, are
widely available, offering great opportunities to better resolve the spatial heterogeneous details of
urban landscapes where land cover changes in a short distance [71-73].

Urban tree canopy maps derived from high-resolution multispectral imagery have been used to
scale-up biomass estimates from limited field plots to the surrounding landscape [18,57]. However, tree
misclassification, often caused by shadows [74], spectral confusion with other vegetation types [75],
and insufficient field sampling, directly affects the accuracy of biomass estimation [76]. The reported
accuracy of tree classification was 74.3% with QuickBird satellite imagery in Los Angeles, California [9]
and 86.2% with digital color-infrared aerial imagery in Syracuse, New York [77].

The classification accuracy of high-resolution imagery was even lower at the species level [54].
An early study identifying seven urban tree species with IKONOS and WorldView-2 imagery only
achieved an overall accuracy of 47.6%-57.0% and 53.7%—62.9%, respectively [78]. A more recent study
showed that classification accuracy could improve by 10.7% on average if multitemporal imagery was
used in the identification process [79].

For tree-level biomass estimation, individual tree crowns must be extracted from remote
sensing imagery. However, automatic crown delineation is challenging because of the complexity
of urban spaces [80]. Although sophisticated algorithms have been frequently used for crown
segmentation [66,69,70,78,79], within-crown variations in brightness and difficulties in separating
overlapping adjacent crowns could result in significant errors in both the number and sizes of
crowns [60,81].

As the discussion above attests, the estimation of urban tree biomass is easily affected by errors in
estimating spatial cover, species composition, and structural characteristics. However, it is not well
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understood how these errors propagate and collectively affect biomass estimation [63,65]. Given these
unknowns, this study was intended to demonstrate the realistic level of accuracy that can be achieved
if the potential uncertainties in the methodological development and data processing were minimized.

Due to the high species diversity in urban forests, the current unlikelihood of distinguishing all
species from multispectral imagery data, and relatively higher accuracy in classifying trees into general
life forms [80,82], urban trees were divided into two broad types in this study, namely, evergreen
and deciduous, which are usually sufficient for estimating ecosystem functions [78]. Considering the
significant uncertainty associated with species assignation, tree biomass was calculated exclusively
using urban-based species-specific formulas. Instead of using categorical land cover maps and scaling up
plot-level measurements, continuous spectral features were directly incorporated into general equations
to produce spatially explicit biomass estimates [59]. To avoid pitfalls associated with tree classification
and crown segmentation, the tree stand cover was directly digitized from the high-resolution aerial
images and the crown projected areas were generated with field-measured diameters.

Specifically, the objectives of this study were (1) to develop general equations for estimating the
dry weight biomass of evergreen and deciduous urban trees with WorldView-2 satellite imagery at the
location, crown, and stand levels, (2) to determine the level at which the biomass estimates would be
the most accurate, and (3) to provide a baseline assessment of the feasibility of economically estimating
urban tree biomass with remote sensing.

2. Materials and Methods

2.1. Study Area and Data Collection

The study area was the California State University Fullerton (CSUF) main campus, located in
Southern California, approximately 40 km southeast of downtown Los Angeles (Figure 1). The mean
annual temperature and precipitation of the area are 18.4 °C and 352.6 mm, respectively. Southern
California has a typical Mediterranean climate characterized by mild and wet winters and hot and
dry summers.
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Figure 1. The geographical location of the study site where 2185 trees were measured on the California
State University Fullerton main campus and the World View-2 satellite imagery (acquired on 16 June
2012) was used to derive normalized difference vegetation index.
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Land use and land cover of the rectangular 95.5 ha campus is dominated by high-density
institutional land development such as classroom buildings, parking lots, walking paths, trees, and
turf grass. The Fullerton Arboretum and Botanic Garden of the University, located at the northeast end
of the campus, was masked in the study because trees in the Arboretum are unique and not typical of
those in Southern California urban-suburban environment.

2.1.1. Remote Sensing Imagery Data

WorldView-2 multispectral satellite imagery of the study area was acquired on 16 June 2012 under
clear sky conditions. The imagery was the best available high-resolution satellite data coincident with
the ground measurement described below. With 11-bit radiometric resolution, the WorldView-2 sensor
has 5 visible bands (0.4-0.45 um, 0.45-0.51 um, 0.51-0.58 um, 0.585-0.625 um, and 0.63-0.69 um),
1 red edge band (0.705-0.745 pm), and 2 near infrared (NIR) bands (0.77-0.895 um and 0.86-1.04 um).
The imagery, with a spatial resolution of 2 m, was taken at a sun elevation angle of 75.0°, an off-nadir view
angle of 5.5°, and a maximum target azimuth of 297.0°. The images were geometrically rectified with a
root mean square error (RMSE) of 0.61 m and radiometrically and atmospherically corrected [83,84].
An Orange County color aerial orthophotograph (spatial resolution, 0.15 m), collected on 19 April 2011,
was used as ancillary data to aid in tree stand delineation as described below.

2.1.2. Field Tree Measurement and Tree Species Selection

A large field inventory was conducted in 2012 to collect tree location and attribute data on
the CSUF main campus. Most measurements were completed between June and October while
supplementary measurements lasted until March 2013. In total, 2185 trees were individually visited for
tagging, identification, and measurement. All data were recorded with ArcPad 10 mobile geographic
information system (GIS) and transferred wirelessly to an enterprise GIS geodatabase through the
campus’s internet network [85].

Tree locations were measured with a Trimble GeoExplorer 2008 series (GeoXT) global positioning
system (GPS) unit that was capable of providing sub-meter positional accuracy under optimal
conditions. However, in areas surrounded by tall buildings that hindered the acquisition of strong GPS
signals, it was difficult to obtain accurate GPS readings. For trees in these areas, spatial locations were
manually plotted using elements of the campus as points of reference. Further verification showed
that the overall positional accuracy of these data points was actually higher than the GPS readings.

The measured biophysical tree attributes included the number of trunks, average trunk diameter
at breast height (1.37 m above ground, DBH), tree height, crown height, and crown width. DBH was
measured with a diameter tape. For trees with multiple trunks, the average DBH values were recorded
as well as the total number of trunks at breast height. Tree height, crown width, and crown height
were measured with a TruPulse 360B laser range finder, which had a distance accuracy of + 0.3 m and
inclination accuracy of + 0.25°. The crown diameter was determined by averaging crown width along
the long and short axes.

The family, genus, and species were identified for each measured tree in addition to its common
and scientific names. In all, 111 unique species were identified over the course of the tree inventory.
Metal identification tags engraved with permanent numerical numbers were nailed into the trunks of
individual trees at approximately the same location that DBH was measured. Tree conditions, planting
dates, trimming schedule, and fertilization schedule were also documented for landscaping operations.

Among all species identified in the tree inventory, 7 were selected in this study based on the
availability of species-specific urban allometric equations [42]. The 7 species were grouped into 2
categories: Evergreen trees (Cinnamomum camphora and Magnolia grandiflora) and deciduous trees
(Jacaranda mimosifolia, Liquidambar styraciflua, Platanus X acerifolia, Ulmus parvifolia, and Pistacia chinensis)
(Table 1). Altogether, 191 trees (27 evergreen trees and 164 deciduous trees) in the 7 species were
selected from the inventory. For each category, the trees were split into 2 independent datasets by
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random selection of the total samples: 80% of the trees were used in the development of general
biomass equations and 20% of the trees were used in the cross-validation of the equations.

Table 1. Seven selected tree species and their common names, sample sizes (1), ranges of diameter at
breast height (DBH) and height specified in the urban-based allometric equations [42], and measured

DBH and height means.
Tree Type Species Common Name n DBH (cm) Height (m)
Range Mean Range Mean

Everereen Cinnamomum camphora Camphor Tree 8 13.2-68.8 23.2 5.2-17.1 7.8
& Magnolia grandiflora Southern Magnolia 19 14.5-74.2 33.3 5.8-18.9 9.8
Jacaranda mimosifolia Jacaranda 58 17.3-59.7 38.6 6.9-17.5 11.6
Liquidambar styraciflua~ American Sweet Gum 27 14.0-54.4 30.2 7.3-20.0 11.6
Deciduous Platanus x acerifolia London Planetree 47 15.5-73.9 24.2 7.9-27.9 10.4
Ulmus parvifolia Chinese EIm 9 17.3-55.9 424 7.6-18.9 15.2
Pistacia chinensis Chinese Pistache 23 12.7-51.3 16.7 6.7-15.8 7.2

2.2. Tree Crown Projected Area Generation and Stand Cover Delineation

The commonly used circular shape was assumed in the delineation of the tree crowns [86].
Centered on individual tree locations and using field-measured crown diameter, circular crown
projected areas were generated with the Geospatial Modelling Environment (GME) 0.7.4.0 [87]
(Figure 2). Tree stand cover was digitized over the Orange County color aerial orthophotograph
in ArcGIS 10.3. [88]. Contiguous patches of trees that were spatially distinguishable from adjacent
communities were traced from the aerial photography directly on the computer screen, regardless
of age class distribution, species composition, and population structure. Tree sites were physically
inspected whenever aerial photography did not provide sufficient representation. In total, 135 tree
stands were found to only contain selected species in this study. It is noteworthy that the delineated
tree stands or patches were considered homogeneous units in this study; they might be different from
conventional tree stands defined in forestry [65]. Tree stands were also divided into 2 independent
datasets by random selection of the total samples: 80% of the stands were used in developing general
equations at the stand level and 20% of the stands were used in cross-validating the equations.

2.3. Dry Weight Biomass Estimation

The dry weight biomass (DWB) of individual trees was calculated based on the estimation of tree
volume with the allometric equations [49].

DWB; = d-t-pi-Vi, 1)

where DWB; (kg) is the total dry weight biomass of species i with volume V; (m3); pi (kg~m_3) is
the species-specific wood density [89,90]; t (1.28) is the total biomass conversion factor to include
belowground biomass based on the average root-to-shoot ratio [91,92]; d (0.48 for evergreen and 0.56
for deciduous) is the constant to convert fresh weight to dry weight [45].

Both sets of the allometric equations that have been developed for urban trees in California were
applied in this study: Local volume equations based solely on DBH and standard volume equations
based on both DBH and tree height [42] (Table 2). These allometric equations were developed for
trees with certain sizes in terms of DBH and height. They are not applicable to trees of other sizes.
The extrapolation of allometric equations beyond the original ranges of DBH or height can lead to
seriously biased estimates [55]. Therefore, trees were excluded from the computation if their sizes fell
outside the ranges of DBH or height specified in the allometric equations (Table 1).
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Figure 2. Illustration of three approaches for biomass estimation based on tree locations (a), crowns

(c), and stands (e) on a portion of the California State University Fullerton main campus. Normalized
difference vegetation index (NDVI) values, derived from the WorldView-2 satellite imagery (acquired
on 16 June 2012), were computed for individual tree locations with bilinear interpolation (b). NDVI
pixel values were aggregated for crown (d) and stand (f) level estimations.
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Table 2. Local and standard allometric volume equations adapted from the study in California for the
seven selected tree species [42] *.

Species Local Volume Equation Standard Volume Equation

Cinnamomum camphora V; = 0.083856DBH2>34660 V; = 0.080707DBH?%134803 10.634042
Magnolia grandiflora V; = 0.055903DBH?2 622015 V; = 0.050347DBH?2070408 [10.845627
Jacaranda mimosifolia V; = 0.100832DBH2 480248 V; = 0.080063DBH2185780 (10.548045
Liquidambar styraciflua V; = 0.079872DBH?°60469 V; = 0.063076 DBH2315815 0415711
Platanus X acerifolia V; = 0.058962DBH?%673578 V; = 0.048510DBH?2436420 (10.391682
Ulmus parvlfolia Vi = 0.069001 DBH?2-639347 V= 0.060906DBH2-324812 (10.493171
Pistacia chinensis V; = 0.039250DBH?808625 V; = 0.032899DBH2191572 p10-943669

'V; (1073 m3), DBH (cm), and H (m) represent tree volume, diameter at breast height, and height, respectively.

Given that DWB estimates calculated with two sets of equations were found to be highly correlated
(The Spearman’s correlation coefficient (0.99) is significant at « = 0.01), as has been reported by other
studies [41], only the estimation with DBH was used hereafter in all analysis. Stand biomass was
estimated by aggregating the DWB of individual trees that were located within each stand. Tree stands
that comprised species other than the 7 selected species were excluded from the calculation due to the
unavailability of allometric equations.

2.4. Vegetation Index Derivation

Normalized difference vegetation index (NDVI) imagery was generated with the radiometrically
corrected visible band 5 and NIR band 7 of the World View-2 imagery [93]. NDVI values were retrieved
separately for individual tree locations, crowns, and stands (Figure 2). At the location level, NDVI
values (i.e., NDVI,) were derived with bilinear interpolation of 4 nearest pixels, assuming that the
peak of canopy reflectance was located at the treetop points [94]. Crown-level NDVI (i.e., NDVI;) and
stand-level NDVI (i.e., NDVI;) were calculated as the arithmetic sum of all pixels within the crown
projected area and tree stand, respectively.

NDVI. = Y ,NDVI, )

NDVI; = Y. NDVI, )

where NDVI; is the NDVI value of pixel i situated within the crown projected area or stand. m and n
are the total number of pixels within the crown projected area and stand, respectively. Tree crowns
were processed sequentially to avoid potential underestimation of NDVI; caused by the overlap of
crown polygons, which is commonly found in urban forests [87].

2.5. Regression Analysis and Statistical Evaluation

Multiple regressions were conducted to reveal the best relationships between DWB and NDVI
at the location, crown, and stand levels. A logarithmic transformation was applied to DWB because
variance tends to increase with the size of trees [92,95,96]. The ordinary least squares regression was
performed between the transformed DWB and NDVI derived for tree locations (i.e., NDVI;). Separate
loglinear regressions were analyzed for evergreen and deciduous trees.

In(EDW;) = b;NDVI, + a3, )

ln(DDWt) = bNDVI, +ap, (5)

where EDW; and DDW; are the DWB of a single evergreen and deciduous tree, respectively. (by,a1)
and (by, ap) are the 2 sets of corresponding regression coefficients. At the crown and stand levels, NDVI
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values were also logarithmically transformed to makes it possible to apply linear regression. Log-log
linear regression were performed between DWB and crown-level NDVI (i.e., NDVI,).

In(EDW;) = b3 In(NDVI,) + a3, (6)

In(DDW;) = by In(NDVL,) + a4, @)

where (b3, a3) and (bg, a4) are the regression coefficients for evergreen and deciduous trees, respectively.
Log-log linear regression was also carried out between stand DWB and stand-level NDVI (i.e., NDVI;).

In(DW;) = bs In(NDVI;) + as, 8)

where DW; is the total DWB of an entire tree stand as defined before. bs and a5 are the regression
coefficients. Evergreen and deciduous trees were not separated since both could reside in the same tree
stand.

All regressions were run with IBM SPSS Statistics (version 25) [97]. The significance of the
regressions was evaluated with the ¢-test. To assess the accuracy of these regression models for
estimating DWB in measured units, Equations (4) and (5) were converted to the following exponential
forms for individual evergreen and deciduous trees at the location level:

EDWt = ale'BlNDVIb, (9)

DDW; = ayef2NPVly (10)

Equations (6)—(8) were converted to the following power functions to estimate DWB at the crown and
stand levels.

EDW; = a3(NDVI,)P, (11)
DDW; = a4(NDVI, )P4, (12)
DW; = a5(NDVI,)P, (13)

where a; and B; (i =1, 2 ... 5) are the transformed coefficients from the corresponding regression
equations.

Four different criteria were computed to cross-validate the performance of Equations
(9)-(13) [95,98]: The linear regression through the origin, the paired sample t-test, the root mean
square error (RMSE), and the mean relative difference (MRD). The independent data points reserved
for validation were first tested for normality with the Shapiro-Wilk test [97]. Estimates of DWB with
NDVI were plotted against the corresponding estimates with the allometric equations. The slope of
the linear regression between the 2 estimations through the origin directly indicated any differences
under normal distributions. The paired sample t-test was used to evaluate if these differences were
statistically significant. RMSE is the standard deviation of absolute differences while MRD is the
average of relative differences between two estimations.

3. Results

3.1. DWB-NDVI Relationships

The regression analysis showed that two different types of relationships existed between DWB
and NDVI (Figure 3). The logarithmically transformed DWB appeared to change linearly with NDVI
at the location level for both evergreen and deciduous trees. However, at the crown and stand levels,
logarithmic relationships were found significant between transformed DWB and NDVI. Consequently,
DWB could be described as an exponential function of NDVI at the location level and as a power
function of NDVI at the crown and stand levels.
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Figure 3. Regressions between tree dry weight biomass and normalized difference vegetation index
derived from the WorldView-2 imagery (acquired on 16 June 2012), at the location (NDVI}), crown
(NDVI.), and stand levels (NDVI; ). EDW; and DDW; are the dry weight biomass of a single evergreen
((a) and (c)) and deciduous tree ((b) and (d)), respectively. DW; is the dry weight biomass of an entire

stand (e).

In the established DWB-NDVI relationships, DWB showed varying degrees of correlation with
NDVI (Table 3). While the log-log linear correlations for evergreen and deciduous trees were significant
at the crown level (R? = 0.81 and 0.82, respectively), R? values of the loglinear correlations were low
(~0.5) for both types of trees at the location level. At the stand level, transformed DWB was moderately
but significantly correlated with transformed NDVI with a R? of 0.7. Overall, the variations in DWB
explained by the regression models were greater at the crown and stand levels than those at the

location level.

The strength of the correlations was comparable between evergreen and deciduous trees, although
the parameters in the DWB-NDVI relationships varied considerably. As indicated by the low standard
errors, the estimates of regression coefficients attained higher precision for the crown- and stand-level
DWB-NDVI relationships than that for the location-level relationships. In fact, the constant coefficient
of the loglinear regression for evergreen trees at the location level was not statistically significant.



Sustainability 2019, 11, 4347

11 of 19

Table 3. Statistical models for estimating tree dry weight biomass with location-, crown-, and

stand-based normalized difference vegetation index (NDVI) derived from the WorldView-2 imagery '.

Location Level Crown Level Stand Level
Evergreen t* Deciduous t* Evergreen t* Deciduous t* t*
n 21 131 21 131 108
7.88 4.19 0.86 1.04 0.81
bi-s (1.38) 4.95 (0.38) 10.97 (0.09) 9.15 (0.04) 23.64 (0.05) 15.88
0.15 2.65 3.95 3.63 4.04
a_
1-5 (0.93) 0.16 (0.23) 11.47 (0.19) 21.35 (0.08) 45.95 (0.11) 35.44
R? 0.56 048 0.81 0.82 0.70
SE 0.83 1.09 0.58 0.66 0.61

! 1 is the sample size. by_5 and a1_5 are, respectively, the slope and constant coefficients of the regression between

logarithmically transformed dry weight biomass and NDVI (Equations (4) and (5)) or logarithmically transformed
NDVI (Equations (6)—(8)). Values in parentheses are the standard errors of corresponding parameters and SE is the
standard error of the regression. R is the coefficient of determination. #* indicates that the statistical test of the
regression is significant at « = 0.05 except for a = 0.15.

3.2. Comparison of DWB Estimations

Table 4 shows the parameters that were used to estimate DWB with Equations (9)—(13) at the
location, crown, and stand levels. The results indicated that there was general agreement between
biomass estimated with NDVI and that with the allometric equations (Figure 4). The R? ranged from
0.47 for evergreen and 0.63 for deciduous trees at the location level, 0.81 at the stand level, to 0.83-0.84
at the crown level (Table 5). However, the comparison showed that DWB estimates based on NDVI
were consistently lower than those based on the allometric equations.

The slope of the regression between NDVI-based and allometric equation-based estimations was
only 0.55 and 0.51 for evergreen and deciduous trees, respectively, at the location level, increasing
slightly to a higher value of 0.62 at the stand level. The regression slope reached its highest value,
though it was still less than 1.0, at the crown level (0.77 and 0.86 for evergreen and deciduous
trees, respectively). The underestimation was also shown by the negative MRD values for all three
NDVI-based methods, varying from —23.25% for evergreen and —12.60% for deciduous trees at the
crown level, —13.16% at the stand level, to as high as —39.57% and —29.58% at the location level for
evergreen and deciduous trees, respectively.

It appeared that the crown-level NDVI was able to estimate DWB at the highest accuracy with the
largest regression slope and lowest MRD while the location-level NDVI was the worst. This was also
confirmed by the paired sample t-test and RMSE in addition to the slope and MRD. The paired sample
t-test showed that DWB estimates based on NDVI and those based on the allometric equations were
not statistically different for both types of trees at the crown level. However, the two estimations were
significantly different from each other at the point and stand levels.

Table 4. Transformed statistical models for estimating tree dry weight biomass with location-, crown-,
and stand-based normalized difference vegetation index (NDVI) *.

Location Level Crown Level Stand Level
Evergreen Deciduous Evergreen Deciduous
a; 1.16 14.15 51.94 37.71 56.83
Bi 7.88 4.19 0.86 1.04 0.81

1

dry weight biomass and NDVL

a; and B; are the transformed coefficients of the corresponding regression relationships (Equations (9)—(13)) between



Sustainability 2019, 11, 4347 12 of 19

2100 2100 e
~@- Location Level y = 0.55x 11 ~@- Location Level y = 0.86x R
1800 4 _ PR 1800 A _ .
-A-Crown Level y=0.77x = - Crown Level y=0.51x
1500 - . 1500 - .
°© ’ =
= 1200 - 4 =< 1200 -
E 900 ~ . E 900 -
i Q
600 600 -
300 300 +
0 &—— T . : . T f : : T T T T
0 300 600 900 1200 1500 1800 2100 0 300 600 900 1200 1500 1800 2100
EDW, (kg) DDW, (kg)
(@ (b)
3500 7
—A— Stand Level y = 0.62x ,/1'_1
3000 A oo
(a) Location and crown levels,
2500 -
. - evergreen trees
22000
;,. (b) Location and crown levels,
a 1500 deciduous trees
1000
(c) Stand level
500
0 T T T T T T
0 500 1000 1500 2000 2500 3000 3500
DW, (kg)
(0

Figure 4. Comparison of tree dry weight biomass computed with the species-specific allometric
equations (i.e., EDW,;, DDW,, and DW,) and estimated with the normalized difference vegetation index
(NDVI) based general equations (i.e., EDW;, DDW;, and DW;) at the location, crown, and stand levels,
respectively. EDW, and EDW; are the dry weight biomass of a single evergreen tree (a). DDW, and
DDW; are the dry weight biomass of a single deciduous tree (b). DW, and DW; are the dry weight
biomass of an entire stand (c).

Table 5. Statistical evaluation of tree dry weight biomass estimation with location-, crown-, and
stand-based normalized difference vegetation index (NDVI) derived from the WorldView-2 imagery '.

RMSE MRD
2 *
Tree Type n w tp b R t (ke) (%)
Location Evergreen 6 098 * 3197 0.55 0.47 4.35 269.18 -39.57
Level Deciduous 33 091* 420+ 0.51 0.63 12.69 403.79 —-29.58
Crown Evergreen 6 0.84+ 1.74 0.77 0.83 10.39 148.51 -23.25
Level Deciduous 33 095+ 1.25 0.86 0.84 20.91 193.48 —-12.60
Stand Level 27 0.89* 275* 0.62 0.81 16.97 471.51 -13.16

' nis the sample size. W is the statistic of the Shapiro-Wilk test for normality. £, is the statistic of the paired sample

t-test for tree dry weight biomass differences between estimations with NDVI and with the allometric equations. b is
the slope of regression between two estimations. * indicates that the statistical test of the regression is significant at
o= 0.05. R? is the coefficient of determination. RMSE is the root mean square error and MRD is the mean relative
difference. * indicates a normal distribution of paired data points or a significant difference within the pair at
o =0.05.

The RMSE of the crown-level estimates was 148.51 kg and 193.48 kg for evergreen and deciduous
trees, respectively, while the corresponding location-level RMSE was as large as 269.18 kg and 403.79 kg,
approximately twice as much as those at the crown level. Although the RMSE of the stand-level
estimates (i.e., 471.51 kg) was significantly larger than that at the location and crown levels. It should
be noted that the RMSE of a stand, which may include multiple trees, was incomparable to the RMSE
of individual trees at the location and crown levels.
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4. Discussion

Even though the field measurements were taken for a variety of species with different tree
conditions, the DWB-NDVI correlations were found to be significant, mainly at the crown and
stand levels, suggesting that the spectral features of urban trees can provide useful information for
biomass estimation. Previous studies have reported that Landsat imagery-derived NDVI showed
positive non-linear correlation with aboveground urban tree biomass at the field-plot scale [59,99].
The relationship between DWB and NDVI appeared to be logarithmic and exponential in the Boston
and Syracuse metropolitan areas in the respective studies.

This study confirmed that the nonlinear relationship also existed at the individual tree and
stand levels when using high-resolution remote sensing imagery. However, DWB was found to
change significantly with NDVI as a power function, instead of a logarithmic or exponential function.
The challenges of using low-resolution Landsat data in differentiating grass, shrubs, and trees, which
could differ substantially in their contributions to the biomass estimation of a field plot, likely attributed
to the variation of DWB-NDVI relationships. Coincidentally, the power functional relationships of
DWB-NDVI developed in this study have the same mathematical form as the allometric DWB-DBH
equations developed from field inventories.

All DWB-NDVI relationships underestimated tree biomass. The underestimation is consistent
with the previous studies of biomass equations that generalized 26 urban-based species-specific
allometric equations [49]. Part of the underestimation was probably caused by the inherent bias in
applying logarithmic transformations when developing these equations [95,96,98,100]. It was found
that logarithmic transformations could cause a slight downward bias when equations are converted
back to compute biomass in measured units. Studies attempting to remedy the problem did not result
in more accurate estimates, particularly for small sample sizes [40,101]. Furthermore, the potential
underestimation could not be accounted for even if the weighted nonlinear regression was used
without logarithmic transformations [43].

Although reasonably accurate biomass estimation was achieved, particularly at the crown level,
with approximately 80% of variance in the transformed DWB explained by the regression, the relatively
large RMSE and MRD values indicated that high variability existed in DWB estimates due to the
variations in individual tree conditions. Inaccuracies in measurement and data may also have
contributed to the high variability of biomass estimates. For instance, accurate measurement of crown
diameter was difficult to achieve in the field, especially for those trees with irregular shapes. The shape
of crowns was assumed to resemble a circle, although studies have found that crown shapes are often
more eccentric [102] and that the circular crown projection could underestimate crown projected area
up to 16% [103].

In addition, the total DWB estimates were based on the average root-to-shoot ratio, which was
generalized from a global forest data synthesis [91]. It has been largely agreed that biomass allocation
to roots is subject to various biotic and abiotic factors, although the relationship between these factors
and root-to-shoot ratio are not clear. According to the very limited studies of urban trees, root-to-shoot
ratios change significantly across species and over time [104]. Likewise, wood density values used in
DWSB estimation were not specific to urban species because no urban-based studies were found in the
literature. However, studies have observed noticeable changes in wood density if trees are subjected to
different nutrient and water conditions [105].

Like all statistical relationships, remote sensing-based biomass equations developed in this study
are only recommended to be applied to the trees that are under similar urban growth conditions.
Although 2185 trees of 111 species were measured in the field inventory, only 191 trees of 7 species
matched with the urban-based allometric equations that are currently available. In particular, there
were only 27 trees of 2 evergreen species. More field measurements of street and park trees are
necessary to further assess the equations developed in this study. The lack of ground-based biometric
data of urban trees either calculated with species-specific allometric relationships or measured in the
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field remains a serious limitation to the development and validation of remote sensing-based methods
for biomass estimation.

Biomass calculated with the remote sensing-based regression models was specific to individual
trees and stands, thus eliminating the need of field plots and having minimal scaling effects compared
to the conventional approaches that rely on categorical land use and land cover maps. The stand-level
estimates were reasonable but lower than the crown-level estimates. The low estimation could likely
be explained by the unaccounted clumping effect on the stand-level NDVI, particularly in large tree
stands where canopy leaves from multiple trees are heavily clustered.

From the remote sensing perspective, the best results produced by the crown-based method
indicated that accurate crown delineation would be essential to the estimation of urban tree biomass.
The increasing availability of high-resolution imagery, such as the recent acquirement of 0.6 m color
infrared aerial imagery in the National Agriculture Imagery Program, provides new opportunities
in isolating and measuring individual tree crowns, even irregular ones for large area applications.
More research is needed to resolve the technical difficulties in separating overlapping adjacent crowns,
possibly with the proper integration of high spatial resolution spectral responses with structural
features derived from LiDAR data.

5. Conclusions

In spite of the fact that it is imperative to the quantification of urban forest ecosystem services
and the development of management plans and practices for sustainable cities, urban tree biomass is
difficult to estimate owing to the expensive cost of destructive removal of tree components, limited
species-specific and site-specific allometric equations, and uncertainties associated with remote sensing
data processing and methodological development. This study assessed the feasibility and baseline
accuracy of economically estimating urban tree biomass with high-resolution multispectral satellite
imagery when the various potential uncertainties were minimized. The results showed that biomass
correlated in varying forms and degrees with NDVI derived from the World View-2 satellite imagery at
the location, crown, and stand levels. While relatively high variability existed, the general DWB-NDVI
nonlinear equations at the crown level, applicable to all selected species in the evergreen and deciduous
groupings, yielded the most accurate biomass estimates. The results indicated that the crown-level
spectral responses provided adequate information for delivering spatially explicit biomass estimation
in highly fragmented urban landscapes with minimum field effort. Future research should focus on
developing efficient methods for crown delineation by taking advantage of the recent progress in
high-resolution multispectral and LiDAR remote sensing.
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