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Abstract. Trees are known to provide various ecosystem services and disservices to urban communities, which can be quantified using models
based on field and environmental data. It is often uncertain how tree structure and environmental variables impact model output. Here we per-
form a sensitivity analysis (SA) of i-Tree Eco, a common urban forest model, to analyze the relative impact of different model inputs on three
module outputs: biogenic volatile organic compound (BVOC)(isoprene and monoterpenes) emissions, carbon storage and sequestration, and
dry deposition of nitrogen dioxide, sulfur dioxide, and ozone. The SA methods included novel applications of the Morris one-at-a-time method
and a variance-based decomposition method, which integrates Monte Carlo simulation with Latin hypercube sampling and Iman Conover anal-
ysis. A case study was performed in New York City, New York, USA, with field plot data collected in 2013. Genus has the largest influence on
BVOC emissions by determining base emission rates and its high interactions with other input factors, and BVOC emissions are sensitive to
leaf biomass in a concave manner and temperature in a convex manner, while isoprene emissions show a strong linear relationship with photo-
synthetically active radiation (PAR). Diameter at breast height plays the most important role for both carbon storage and sequestration estima-
tors; crown light exposure and tree condition are also important for carbon sequestration. Dry deposition velocity is sensitive to leaf area index
and relative humidity in a nearly linear way, while sensitive to temperature and PAR in a concave manner. The results provide guidance to facil-
itate future field plot campaigns and model development. The knowledge revealed by the SA is also beneficial for model uncertainty reduction,

which in turn facilitates more effective urban forest management and decision-making.
Keywords. Air Pollutant; Carbon Storage and Sequestration; Monte Carlo; Urban Forests; Volatile Organic Compounds.

INTRODUCTION
As a demographic trend and land transformation pro-
cess, urbanization creates many environmental prob-
lems (e.g., increased runoff and nutrient export,
increased temperatures, and increased material con-
sumption and energy use)(Duh et al. 2008; Pou-
manyvong and Kaneko 2010). One way to alleviate
these impacts is through urban greening, and many
cities have launched large urban tree planting initia-
tives (McPherson et al. 2011). Models of urban tree
impacts on the environment can help develop more
efficient and effective planting schemes (Morani et
al. 2011), identify areas where existing forests should
be maintained (Lin 2020), improve the overall man-
agement of urban forests, and better quantify the ben-
efits of these forest resources (Nowak, Crane et al.
2008). One popular model is i-Tree Eco (hereafter
referred to as “Eco”)(https://www.itreetools.org), which

can quantify the structure, function, and ecosystem
benefits trees provide (Nowak and Crane 2000), and
has been used by thousands of researchers, urban
planners, and others around the world to advocate for
the benefits of urban trees (Lin et al. 2019).

While this tool has been extremely beneficial to
the planning and management of urban trees, this
model makes assumptions that simplify the relation-
ships between the structure and function of urban for-
ests and the representation of urban landscapes
(Nowak and Crane 2000). While such assumptions
are often necessary to model these complex systems,
they can increase the uncertainty of model output and
hinder the efficient and effective management of
urban forests. Several studies point out that the uncer-
tainty regarding various aspects of urban forest mod-
els (e.g., mortality rates of trees, transpiration rates,
and meteorological conditions) should be better
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addressed (Yang et al. 2005; Morani et al. 2011; Selmi
et al. 2016). Current uncertainty estimation within
Eco is limited to the standard error of the total num-
ber of trees within the study area (Nowak, Walton et
al. 2008) and its impact on selected model outputs
(e.g., carbon storage)(Nowak et al. 2013). In addition,
those standard errors usually come from sampling
error instead of error of estimation (e.g., allometric
equations) and therefore tend to underestimate the
overall uncertainty (Nowak et al. 2013). This study
focuses on developing an advanced sensitivity analy-
ses (SA) of Eco, including assessing how changes in
model outputs can be apportioned to different model
inputs, differentiating the relative importance of differ-
ent model inputs, and identifying specific input-output
relationships.

SA can be used in different settings (e.g., variance
cutting, factors prioritization and fixing)(Saltelli et al.
2004), and serves a variety of purposes (e.g., model
development, scenario analyses, and comparative
studies)(Saltelli et al. 2004; Hirabayashi et al. 2011;
Steffens et al. 2012). A wide range of SA techniques
have been developed, ranging from classical frequen-
tist analyses to complex Bayesian inference, and from
local (e.g., Morris one-at-a-time) to global (e.g.,
variance-based) methods (Marino et al. 2008; Saltelli
et al. 2008). Different SA methods can also be inte-
grated together to achieve a more complete under-
standing of the relationship between input and output
variables (Van Griensven et al. 2006).

This study employs a Morris one-at-a-time method
(MOAT) and a variance-based decomposition method
(VD) which integrates Monte Carlo simulation with
Latin hypercube sampling (LHS-MC) and the Iman
Conover method to address the correlation structure
of the input variables (Iman and Conover 1982). The
novel applications of SA are illustrated with a case
study in New York City (NYC) for 2013. The specific
goals of this analysis are to: (1) determine the ranking
and relative importance of input variables on Eco out-
puts; (2) improve the understanding of the input-
output variable relationships in Eco (e.g., linear and
additive effects, nonlinear and interaction effects, and
threshold effects); and (3) explore the implications of
the results for future research and urban forest man-
agement (e.g., areas where additional data collection
and analyses may be needed).
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METHODS

Model Description

Eco consists of modules which can quantify urban
forest structure, function, and value using field plots,
air pollution, and meteorological data as input vari-
ables (Nowak and Crane 2000; Nowak, Crane et al.
2008)(Figure 1). The input module, Eco-A, charac-
terizes urban forest “Anatomy,” or the structure and
composition based on data from field plots. Other
modules examined here include one ecosystem dis-
service and two ecosystem services of urban trees.
The Eco-B module estimates biogenic volatile
organic compounds (BVOCs) from trees based on
tree species, leaf biomass, air temperature, and other
environmental factors. Trees emit hundreds of spe-
cies of BVOCs, but the two major BVOCs are iso-
prene and monoterpenes (Bonan 2015). The Eco-C
module estimates total carbon storage and annual car-
bon sequestration based on allometric equations, tree
growth, mortality, and decomposition rates. The
Eco-D module estimates the hourly air pollution
removal by urban forests based on dry deposition
processes (Nowak et al. 2006). The interactions
between input variables and these modules are out-
lined in Figure 1, and the outputs from Eco that will
be examined in this study are listed in Table 1.

Eco-B estimates BVOC emissions (E) as:

E=ByxBxy (H

where By is the base genus emission rate, which is
defined as the emission level standardized to 7= 30
°C and PAR = 1000 umol/m?s! (Nowak, Crane et al.
2008), B is species leaf dry weight biomass, and vy is
the temperature and light correction factor. The i-Tree
species database contains data for more than 6,500
tree and shrub species and their corresponding attri-
butes; among these attributes, By is compiled from
the literature (Nowak et al. 2002). Users can also
upload local site-specific By values to the i-Tree data-
base (this needs to be validated by the i-Tree team).
For isoprene, v is estimated as:

cr1 X (T-Ts)
eXp(rs7roxt ) @ X cp X PAR
y = X Ts x L1 )

- - X
0.961+ exp(“T22 M) (TTS XTTM)) Vi+aZ?x PAR?

while for monoterpenes it is:

y =exp(f X (T —Ty)) 3)
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Figure 1.

Input for Eco

L -
%

Input for Eco

Species

Diameter at breast height
(DBH)

Total height

Eco procedures

Eco-C Module: Carbon storage

Height to crown base
Crown diameter

Percent crown missing
Crown light exposure (CLE)

Eco-A Module

1. Estimate leaf area & bio-
mass based on regression
equations

2. Adjust downward based
On Crown missing

Derived tree
variables

Leaf area & biomass

1. Estimate above-ground biomass (AGE) based on
allometric equations
2. Convert AGE to whole tree biomass

Output from Eco

3. Convert dry-weight biomass to stored carbon

Ece-C Module: Annual corbon sequestration

1. Estimate standardized growth rate based on
frost free days

2. Convert standardized growth rate to base growth
(BG) rate based on CLE

3. Convert BG to final growth rate (FG) based on
tree condition

4. Use FG to estimate gross carbon sequestration
based on allometric equations

Eco-B Module: VOC emissions

1. Obtain standardized emissions (5E) based on
genus-based constants retrieved from i-Tree

Annual carbon

sequestration

VOC emissions

Species Database
2. Convert 5E to actual emissions based on local
meteorological condition and leaf biomass

Percent evergreen

Environment-related input

Meteorological data

Eco-D Module: Air pollution removal

1. Calculate hourly deposition velocities (V) based
on weather and tree data

Pollution concentration

2. Obtain pollution concentration data (C)
3. Calculate pollution flux (F) [F =V, x C)

Pollution (e.g., MO,

Input variables, procedures in each module, and output variables from Eco.

03, 50;) removal

Table 1. A list of output variables used in this experiment.

Module Output variable Unit Description

Eco-B Isoprene ugC/hr Isoprene emission

Eco-B Monoterpenes ngCrhr Monoterpenes emission

Eco-C Carbon storage kg Carbon storage

Eco-C Carbon gross sequestration kg/yr Annual gross carbon sequestration

Eco-D V40t NO, cm/s Dry deposition velocity of nitrogen dioxide (NO,)
Eco-D V40f SO, cm/s Dry deposition velocity of sulfur dioxide (SO,)
Eco-D Vy0f O cm/s Dry deposition velocity of ozone (O;)
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where = 95000 J x mol!, =230000J x mol!, =314 K,
a = 0.0027 umol/m?, = 1.066 (dimensionless),
B =10.09 K! (empirical coefficient), R is the ideal gas
constant (8.314 J x K! x mol"), is a standard tem-
perature (303 °K), and 7 is leaf temperature (°K),
which is assumed to be equal to air temperature
(Guenther et al. 1995; Guenther 1997).

Eco-C estimates forest biomass (Bio) using allo-
metric equations from the literature (Nowak et al.
2013). The two most commonly used equations have
the forms:

Bio = exp(A + B X LN(X)) and

Bio = A x (X®)
where 4 and B are coefficients whose values vary
based on species information. Species also determine

the selection of equation forms. X is the predictor
variable. Two forms of X employed in Eco-C are:

4

®)

For Eco-D, detailed equations used to calculate aero-
dynamic resistance, boundary layer resistance, canopy
resistance, and dry deposition velocity can be found
in Hirabayashi et al. (2011).

X =DBH and X = (DBH?) x HEIGHT

Study Area and Data Employed
A sensitivity analysis case study of three Eco mod-
ules was performed for New York City (NYC). Tree

species, diameter at breast height (DBH), tree height,
crown height and width, tree condition, crown light
exposure (CLE), percent crown missing, and land use
type associated with 1075 trees were obtained from
296 randomly sampled field plots measured in 2013,
which is more than the 200 plots used by many i-Tree
studies (Nowak, Walton et al. 2008). Although some
rare species are likely omitted by random sampling,
random sampling produces statistically accurate esti-
mators of urban forest structure (e.g., number of trees
and tree sizes) with known bounds of error. Tree con-
dition is estimated as the percent of the crown that is
composed of dead branches (to nearest 5%), which
has a total of 7 categories ranging from dead to excel-
lent; CLE is the number of sides (4 cardinal direc-
tions and 1 top side) of the tree receiving sunlight
from above (ranging from 0 to 5), which is employed
to estimate light environment and consequently
growth rates (Nowak, Crane et al. 2008). Eight land
use types were identified across the field plots; land
use affects carbon storage and gross carbon seques-
tration, which is addressed by assigning land use bio-
mass adjustment factors (Nowak, Crane et al. 2008).
Leaf area index (LAI) statistics for this study area
were taken from Breuer et al. (2003)(Table 2), which
summarize LAI for 26 temperate regions. Model meteo-
rological inputs (e.g., temperature, relative humidity
[RH], wind speed, air pressure, and photosynthetically

Table 2. Summary statistics of input variables (each integer represents one category for categorical variables).

Module Parameter Type Mean  Standard Minimum Maximum  Distribution P-value for
deviation Kolmogorov—
Smirnov Test
Eco-B Genus Categorical Uniform
Leaf biomass (kg) Continuous 8.18 18.5 0 267 Lognormal  0.19
PAR (W/m?) Continuous 84.3 122 0 483 Gamma 0.08
Temperature (°C) Continuous 13.3 10.1 -10 37.2 Gumbel 0.09
Eco-C Species Categorical Uniform
DBH (cm) Continuous 16.3 183 2.5 122 Lognormal  0.12
Height (m) Continuous 7 4.98 1.2 30.5 Lognormal 0.1
Land use Categorical 1 8 Uniform
Tree condition Categorical 0 6 Uniform
CLE* Categorical 0 5 Uniform
Eco-D LAI Continuous 5.8 1.7 2 10 Uniform
Pressure (Mbar) Continuous 1010 7.79 978 1030 Lognormal  0.05
PAR (W/m?) Continuous 84.3 122 0 483 Gamma 0.08
Relative humidity (%) Continuous 61 19 8 100 Beta 0.04
Temperature (°C) Continuous 13.3 10.1 -10 372 Gumbel 0.09
Wind speed (m/s) Continuous 5.27 2.83 0 20.6 Weibull 0.09

* CLE affects the calculation of leaf biomass and therefore is also employed as an input parameter for Eco-B.
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active radiation [PAR]) were obtained or derived
from data from the nearest airport (NCDC 2018).
PAR, which is the visible part (400 to 700 nm) of the
solar spectrum, is calculated as 46% of total solar
irradiance (Hirabayashi et al. 2011). The summary
statistics for each input parameter are presented in
Table 2.

Sensitivity Analyses

Morris one-at-a-time analysis

Two SA methods were employed in this study:
MOAT and a variance-based decomposition (VD)
method. MOAT and VD, along with regression anal-
yses to support the SA, were conducted using the R
statistical software package. MOAT is a local sensi-
tivity method which is computationally inexpensive
and can differentiate input variables as negligible, lin-
ear/nonlinear, or having interaction effects (Saltelli et
al. 2004; 2008). The method starts by random sam-
pling &k parameters, X,...,X,...X,, from predefined
levels of all input variables and calculating the subse-
quent model output Y(X,...X,...X,). For different
Eco modules, the number of model parameters for (k)
varies (k = 3 for isoprene, 2 for monoterpenes, 3 for
carbon storage, 5 for carbon sequestration, and 6 for
dry deposition). In the second run, only one parame-
ter, X, is increased by step size 4 with all other param-
eters remaining at their starting values, and model
output is again calculated Y(X;....X; + A,...X,). From
this, the elementary effect (EE)(Van Griensven et al.
2006; Saltelli et al. 2008) of the i input variable is
estimated as:

Y(X1..,Xi+ A,..XK)-Y(X1,..,Xi,..XK)
Y(X1..,Xi,.XK
EE; = SR (6)
xi

i is an elasticity, i.e., the percent change of the output
divided by the percent change of the input. For each
random sample of parameters, every parameter is
subsequently increased with all other parameters
back at their starting values, and the EE for that
parameter is calculated. The levels of the parameters
are usually identified by the midpoint of 4, 6 or 8 divi-
sions of the parameter range, with each division of
equal probability (Saltelli et al. 2004). In this study, 8
divisions were used (so A = 1/8 x parameter range),
and the above procedure was repeated 20 times,
which leads to a total of 20(1 + k) runs. The mean ()
and standard deviation (o) of the EE for each

parameter across all runs is then calculated and plotted.
p measures the overall influence individual parame-
ters have on the output, while ¢ indicates whether the
interaction between input and output are linear across
the parameter space (low o) or if nonlinear or interac-
tion effects are present (high o)(Saltelli et al. 2008).
When positive and negative values of EE; cancel each
other out, a low p may be obtained for parameters
which have a large impact on the output. Campo-
longo et al. (2007) proposed to instead calculate the
mean of the absolute value of the EE; (u*) to avoid
this problem; this approach is implemented in this study.

When applying MOAT to Eco-B and C, three things
should be noted. First, we dropped the cases when the
original model output Y(X;...,X;,...X,) =0, because it
will lead to an error (division by zero) when calculat-
ing EE,. For example, when a tree is dead, the annual
carbon sequestration is equal to zero; this also occurs
when the BVOC emissions are estimated as zero for
some species. Second, for the categorical input vari-
ables “land use,” “tree condition,” and “CLE,” which
have limited categories and can be effectively repre-
sented using levels (each category is one level), was
always set as 1 when changing individual input
parameters from one level to the next in the EE; cal-
culation. Third, the unordered categorical input vari-
ables “species” was not examined because its levels
cannot be effectively determined and chosen from hun-
dreds of species in the study site; species were ran-
domly chosen and fixed for each simulation.

Variance-based decomposition (VD)
analysis
A flowchart to perform VD by integrating Monte
Carlo simulation with Latin hypercube sampling
(LHS) and Iman Conover is presented in Figure 2.
Stage 1 is to determine appropriate probability distri-
bution functions (PDFs) to describe input variables,
and then to perform LHS on the PDFs. Stage 2 is a
Monte Carlo simulation where model outputs are
estimated using input variables obtained from the
LHS in Stage 1. Stage 3 is a variance decomposition
analysis, which decomposes the variance of the out-
put into different fractions that can be attributed to
different inputs, as well as a quantile regression anal-
ysis to explore the general input-output relationships.
Each of these stages is briefly described below.

Stage 1 has two components. First, probability dis-
tributions were fit to input variables. Specific proba-
bility distributions were identified based on either
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empirical datasets from the study site or literature rec-
ommendations (Table 2). The use of the Weibull dis-
tribution for wind speed and the beta distribution for
relative humidity were suggested from the literature
(Yao 1974; Celik et al. 2010), and the PDFs of other
identified input variables were empirically identified
and estimated based on observational datasets from the
study site. The assessment of PDF fit was performed
by employing a Kolmogorov-Smirnov goodness-of-fit
test and quantile-quantile plots (Wasserman 2013).
For LAI a uniform distribution was assumed with the
minimum and maximum values taken from Breuer et
al. (2003). Ordered categorical input variables were
assumed to follow a uniform distribution with an
equal probability of being within each category. Table
2 contains the distribution used for each input vari-
able and the P-values for the Kolmogorow-Smirnov
tests, which were all less than 0.2 and generally less
than 0.1.

Second, LHS, which combines the advantages of
random sampling and stratified sampling (Helton and
Davis 2003), was employed to sample probability
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distributions from Stage 1. In LHS, the parameter
space of each input variable is divided into N
(N = 1500 in this study) intervals of equal marginal
probability, 1/N, and one sample of each variable is
made randomly within each interval. Thus, N non-
overlapping values for each input parameter are gen-
erated (Hirabayashi et al. 2011). The LHS method
typically assumes that the sampling is performed
independently for each parameter (Marino et al.
2008), though many of the input variables are cor-
related. To avoid this assumption, the Iman Conover
method is used to enforce a dependence structure on
input variables (Iman and Conover 1982). The Iman
Conover method is based on rearranging the values
of the parameters so that a desired correlation struc-
ture, which is derived from Spearman’s rank correlation
coefficients of empirical datasets (Table 3), is imposed
on the & parameters. This technique has advantages of
being distribution free and can be used with any type
of sampling scheme (Helton and Davis 2003). At
Stage 2, Eco-B, C, and D were batch run using input
variables from Stage 1 to generate model outputs.
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Table 3. Spearman’s rank correlation coefficient structure among input variables.
Height Pressure PAR Relative humidity Temperature
DBH 0.66
Pressure 1.00
PAR 0.14 1.00
Relative humidity -0.24 -0.28 1.00
Temperature 0.04 0.58 -0.10 1.00

Stage 3 has two components. First, VD was
employed to characterize and quantify the relative
importance of input variables, and then for those
input variables which were identified as important,
quantile regression models were fit to binned data to
capture specific input-output relationships.

VD is a global SA which can decompose the vari-
ance of model output into fractions attributed to each
model input and to input interactions (Saltelli et al.
2004; 2008). The effects of VD are commonly mea-
sured by two sensitivity indices: a first order index
and a total effect index. Model output, Y, is a function
of a vector of £ model inputs, X,,...,X;. The variance
decomposition of Y can be expressed as:

Var (V)= ZF_ Vit BF25 o ip Vit o+ Vo (7)

where V; = Var[) (Y|X))] is the contribution of X; to the
variance of Y, and V;; = Var[}. (Y|X, X))] = Vi — Vjisa
part of the total variance caused by the interaction
between X; and all other X;, namely the joint impact of
X, and all X; on the variance of the output minus their
first-order effects (Saltelli et al. 2008). The first-order
index (S;) of X, on Y is:
Vi

5= Var(Y) (8)
and represents the percentage of the total variance
accounted by the first-order effect of X.. The total
effect index (Sy) is:

V.i

S=1- Var(Y) (9)

where V. is the total contribution of all parameters

except for X;. Sy; accounts for the total contribution of

X to the variance of model output (e.g., its first-order

effect plus all higher-order effects due to interactions)

(Saltelli et al. 2008). By definition, S; <S5, > S, < 1,
andy Sp>1.

Following Saltelli et al. (2010), two base matrices

(4 and B) with dimension (N, k) were generated by

LHS, where N is the number of simulation (N = 1500)

and £ is the number of input variables. S; and Sy, are
calculated as:

1
fo= TEN_Lf(A); (10)
FB);(F(45) ~F (),
i=l N—1 (1)11((8)] “p (11)
NZI=E SN @21
(F();-£(49) )2
Sri= —yN I (12)

N SIS LISN (r(a) 2 £

where represents all columns from 4, except the i
column which is from B, f{) is a function to estimate
a corresponding ecosystem service, and f{4); (or f(B),)
is the estimate an ecosystem service using the /% row
of base matrix A (or B) as input variables. f; represents
the expected value of the ecosystem service across all
parameter simulations represented in A, while the
denominator of Equations (11) and (12) represents
the total variance of the ecosystem service across all
parameters in 4. The main disadvantage of VD is the
computational cost (here N(k + 2) simulations).

General input-output variable relationships were
explored and identified using a binned quantile
regression approach (Jucker et al. 2017). We divided
the scatterplot points into ten bins with an equal num-
ber of points by calculating corresponding quantile
points (10%, 20%, ...... , 90%) and using these quan-
tile points to separate scatterplot points; we then esti-
mated the median values of output and input for each
bin, and performed a regression exploring both linear
and nonlinear relationships (Figure 3). Three possible
forms of quantile regression for the medians (e.g., lin-
ear [c¢ = 0], convex [c¢ > 0], concave [c¢ < 0]) were
employed to differentiate different input-output rela-
tionships using:

Y=a+bX+cX? (13)

Note that the binned quantile regression approach
provides us with a “median” response which is less
impacted by outliers.
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Figure 3. Bin and quantile regression process: (a) scatterplot of PAR vs V, of NO,; (b) scatterplot divided into 10 bins, and each bin rep-
resented as a boxplot with median values shown as a red star; and (c) regression curve fit to the median values to express a specific

input-output relationship.

The best form for each input-output relationship
was selected based on the Akaike information crite-
rion (Wasserman 2013), with the constraint that all
the parameters should also be statistically significant.
To compare the degree of concavity or convexity
among different input-output relationships, regres-
sion models were built by standardizing the response
and explanatory variables by subtracting the mean from
each value and dividing by the standard deviation. A
larger |c| value indicates greater concavity or convexity.
This approach does more than simply explore the input-
output relationships from the equations within Eco,
but allows us to discover general relationships between
correlated variables and model output. An example of
the binned regression for the deposition velocity of
NO; as a function of PAR is shown in Figure 3.

RESULTS
MOAT Analysis

The MOAT analysis produced a mean absolute value
(1*) and standard deviation (o) of the output elemen-
tary effect for each input variable across the 20 simu-
lations. For isoprene (Figure 4a), leaf biomass had the
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greatest u*, indicating its large impact on model out-
put; temperature and PAR had around the same mag-
nitude of p*, indicating their moderate effects on model
output. For monoterpenes (Figure 4b), leaf biomass
(u* = 6.74) was slightly more important than tem-
perature (u* = 4.09), and both had high values of c.

Among the three input variables examined for car-
bon storage (Figure 4c), the effect of DBH on the out-
puts (high p* and 6) was much larger than height and
land use. The high ¢ for DBH indicated nonlinear
effects of this input variable on carbon storage. For
carbon sequestration (Figure 4d), two additional input
variables related to tree health (condition) and site
condition (CLE) were also examined. The five input
variables can be grouped into three categories accord-
ing to p* and o: most important (DBH), moderate
importance (condition, height, CLE), and negligible
importance (land use).

Eco-D calculates dry deposition of air pollution to
trees based on the dry deposition velocity and the air
pollutant concentration and assumes that the pollut-
ants do not damage plant functions. For dry deposi-
tion velocity (V) of NO,, temperature and LAI were
the most important, as indicated by a high u*. While
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Figure 4. Output from MOAT analysis showing standard deviation of elementary effect (o) versus the mean of the absolute value of the
elementary effect (u*) for Eco-B (a) isoprene and (b) monoterpenes, Eco-C (c) carbon storage and (d) sequestration, and Eco-D dry

deposition velocity (V) for (e) NO,, (f) SO,, and (g) O;.

they had similar p*, temperature had a higher ¢ than
LAl indicating that its relationship to V,; of NO, was
much less linear than for LAI. RH, wind speed, and
PAR all had smaller p* than temperature and LAI,
indicating their more moderate and similar effects on
V4 of NO,; these variables all had a higher ¢ than
LAl indicating a less linear relationship to V; of NO,.
Pressure had a negligible effect, as indicated by low
uw* and o. For V, of SO, and Os, a similar pattern of
ranking based on p* was displayed: temperature >
RH > LAI > wind speed > PAR > pressure. Among
these, temperature had the greatest p* and o, indicat-
ing its large impact on model output and a highly

non-linear relationship with output; RH, LAI, wind
speed, and PAR clustered in the middle of the (u*, 6)
plane, while pressure had negligible effect.

Variance-Based Decomposition (VD)
Analysis

While MOAT is computationally cheap, it cannot
fully explore the input space, has difficulty with cate-
gorical input variables, and assumes input variables
are uncorrelated. To overcome these disadvantages,
VD was employed in the study. In addition to four
direct input variables (genus, leaf biomass, temperature,
and PAR), the sensitivity of one indirect input

©2020 International Society of Arboriculture
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Figure 5. Sensitivity measures (S; and Sy;) of (a) isoprene and (b) monoterpenes emissions, (c) carbon storage and (d) sequestration,

and dry deposition velocity (V;) for (e) NO,, (f) SO,, and (g) Os.

variable (CLE) was also examined, because previous
studies have demonstrated that altering CLE values
could greatly affect BVOC emissions (Pace et al.
2018). For isoprene (Figure 5a), the order of impor-
tance measured by Sy was genus > leaf biomass >
temperature > CLE > PAR. Genus played a dominant
role, since base emission rates were assumed to be
based on genera. The differences between S; and Sy;
for all five input variables were large, indicating sig-
nificant interaction effects between input variables.
For monoterpenes (Figure 5b), the order of impor-
tance measured by Sy was genus > leaf biomass >
temperature > CLE; large interaction effects also
existed for all input variables as indicated by the large
differences between S, and Sy;.

©2020 International Society of Arboriculture

Among the four input variables that determine car-
bon storage (Figure 5¢), DBH played the most domi-
nant role, species had a smaller role, while height and
land use had negligible effects. For carbon storage,
the model interaction effects were small, as indicated
by the small difference between S; and Sy. For carbon
sequestration (Figure 5d), DBH again had the largest
effect, while condition and CLE had moderate effects;
the other three input variables (species, height, and
land use) all had negligible effects. The differences
between S, and St; for DBH, condition, and CLE indi-
cated the existence of important interaction effects
between these variables and carbon sequestration.

For V; of NO, (Figure 5¢), LAI and PAR had the
most dominant effect, while RH, temperature, and
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wind speed had smaller effects, and pressure had a
negligible effect. The small differences between S
and Sy, for these variables indicated minimal interac-
tion effects between these input variables and the out-
put. For ¥ of SO, and O;, the pattern of rankings of
importance were similar: PAR had the largest effect,
followed by RH, LAI, temperature, and wind speed
with moderate effects, and pressure with a negligible
effect. For PAR and RH, interaction effects were
detected by the differences in S; and Sy

Bin Regression Analysis

While VD can quantify the effects of individual input
variables and their interaction impacts on output vari-
ability, it does not identify general input-output rela-
tionships. For those input variables identified as
important in VD (unordered categorical input vari-
ables were excluded), a bin quantile regression analy-
sis was employed, and the general input-output
relationships at the aggregated level were described
using regression form, regression coefficients, and
the adjusted R*> (Table 4). Note that by binning the
data we do inflate the adjusted R? of the models; our
goal here is to generally describe the median model
response.

Leaf biomass showed a concave relationship with
both emissions of isoprene and monoterpenes (Eco-B
outputs), as indicated by a significant negative param-
eter on X? (a significant positive parameter would be
convex). With an increase in leaf biomass, the emis-
sions increased at a faster rate initially, then at a
slower rate, and finally became relatively insensitive
to the change in leaf biomass. The concavity of the
monoterpenes vs. leaf biomass relationship was
greater than that of the isoprene vs. leaf biomass rela-
tionship. Although leaf biomass of an individual
genus at a specific temperature affected BVOC emis-
sions in a linear manner (Equation 1), with different
base rates from different genera and the nonlinear
relationship between temperature and the tempera-
ture correction factors (Equations 2 and 3), the com-
bined effect across all genera and temperature in the
simulation produced a concave relationship. CLE
showed a linear relationship with both isoprene and
monoterpenes emissions, and their adjusted R? values
were lower than that of leaf biomass, indicating a weaker
relationship with BVOC emissions when compared
with the leaf biomass and BVOC relationship. By
contrast, temperature showed a convex relationship
with both BVOC emissions, indicating that the

Table 4. Bin quantile regression analysis of i-Tree Eco-B, C, and D outputs for most important input variables.

Module Output variable Y Input variable X
Eco-B Isoprene Leaf biomass
Eco-B Isoprene Temperature
Eco-B Isoprene PAR

Eco-B Isoprene CLE

Eco-B Monoterpenes Leaf biomass
Eco-B Monoterpenes Temperature
Eco-B Monoterpenes CLE

Eco-C Carbon storage DBH

Eco-C Carbon gross sequestration DBH

Eco-C Carbon gross sequestration Condition

Eco-C Carbon gross sequestration CLE

Eco-D V4, NO? PAR

Eco-D Vi, NO? Relative humidity
Eco-D V4, NO? LAI

Eco-D V4, NO? Temperature
Eco-D V3,S0? PAR

Eco-D V,,SO? Relative humidity
Eco-D V,,SO? Temperature
Eco-D V4,SO? LAI

Eco-D V,,0? PAR

Eco-D V,03 Relative humidity
Eco-D V3,0? LAI

Eco-D V,,0° Temperature

Regression equation Regression form Adjusted R’
Y=0.16 +1.32X— 0.18X? Concave 0.99
Y=-0.45+0.82X+ 0.49X* Convex 0.96
Y=0.94X Linear 0.87
Y=095X Linear 0.87
Y=0.34+1.66X—0.38X> Concave 1.00
Y=-0.35+0.89X+0.39X Convex 0.99
Y=0.89X Linear 0.74
Y=-0.18 + 0.65X + 0.2X> Convex 0.99
Y=0.99X Linear 0.98
Y=091Xx Linear 0.78
Y=0.82X Linear 0.59
Y=042+1.148X - 0.467X* Concave 0.94
Y=0.77X Linear 0.55
Y=0.99X Linear 0.98
Y=02+097X-0.22X* Concave 0.96
Y=0.35+1.15X-0.39X* Concave 0.99
Y=0.86X Linear 0.71
Y=0.15+0.98X—0.16X> Concave 0.98
Y=0.975X Linear 0.95
Y=037+1.16X—- 041X Concave 0.98
Y=0.85X Linear 0.69
Y=09775X Linear 0.95
Y=0.15+0.98X—0.17X* Concave 0.98
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output responded relatively insensitively at low and
moderate values of temperature, but then increased
strongly as the temperature increased; the degrees of
convexity, measured by were 0.49 and 0.39 for isoprene
and monoterpenes, respectively. This result makes
sense, since emission increased nearly logarithmically
at higher temperatures. Unlike leaf biomass and tem-
perature, PAR showed a strong linear relationship
with isoprene emissions. The relationships between
binned median inputs and median Eco-B output vari-
ables were generally strong, with adjusted R? values
ranging from 0.87 to 1.00.

DBH showed a convex relationship with carbon
storage, while it had linear relationship with gross
carbon sequestration; these relationships had a high
adjusted R?. By contrast, the linear form used to
describe the relationships between tree condition and
CLE to gross carbon sequestration had a relatively
low adjusted R?, indicating either a weaker input-
output relationship, or the model we proposed to rep-
resent the binned quantile regression (Equation 8)
was inadequate to capture this relationship.

PAR showed concave relationships with V; of
NO,, SO,, and Os, with the degree of concavity of
NO, > O; > SO,; V, of all three gases also showed
concave relationships with temperature with similar
degrees of concavity. For all other input variables,
linear relationships were detected. LAI showed the
strongest linear relationship with V; (high adjusted
R?), while RH showed the weakest linear relationship
(low adjusted R?). This may indicate Vy responds to
RH and interacts with other input variables in more
complex ways. The dry deposition processes of all
three gases showed similar regression patterns with
input variables.

DISCUSSION

The Emissions of Isoprene and
Monoterpenes

The amount of BVOCs emitted was affected by tree
physiology (e.g., genus, leaf biomass) and environ-
mental factors (e.g., temperature). The VD analysis
indicated that genus had the largest influence on the
emissions of isoprene and monoterpenes, and there
were strong interaction effects among input variables,
as indicated by the large differences between S; and
St and the high ¢ in the MOAT analysis. In Eco-B,
each genus has a specific B; value, varying from 0
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(e.g., Pyrus) to 70 (e.g., Liquidambar) ug/g'/hr! for
isoprene emissions, and from 0 (e.g., Pyrus) to 7.9
(e.g., Pistacia) ug/g'/hr' for monoterpenes emis-
sions. Misidentifications of tree species may or may
not result in large changes in BVOC emissions; how-
ever, misidentifications of tree genera could produce
large deviations in emissions, as demonstrated in one
study in Munich, Germany that showed isoprene
emissions decreased and monoterpene emissions
increased primarily due to misclassifications of tree
species (Pace et al. 2018). Genus-level BVOC emis-
sion rates are used. If species-specific emissions are
demonstrated to provide more accurate estimates, the
model can be updated to use species-specific BVOC
emission rates. Note that in the MOAT analysis, p*
for both Eco-B outputs were much larger in magni-
tude than for Eco-C and Eco-D outputs. This difference
may be because a strong interaction existed among
these input variables (high o). High VOC-emitting
genera can increase the magnitude of EE.

The roles of other factors (e.g., leaf biomass, tem-
perature, PAR, and CLE) were highly affected by the
selection of a specific genus. As expected, the effects
of CLE were smaller than leaf biomass, because
CLE’s role is mainly through its effect on leaf bio-
mass. Eco-A calculates leaf biomass using different
approaches when CLE changes between classes (e.g.,
0~1, 2~3, and 4~5). The same environmental factors
may have a smaller influence if low-emitting genera
are selected, and a larger influence when high-emitting
genera are selected. Leaf biomass affected BVOC
emissions in a concave manner (Table 4), which con-
tradicts the linear relationship expressed in Equation 1.
This is probably because in the SA, we resampled
values of genus, leaf biomass, PAR, and temperature
across the entire parameter space, and therefore these
other parameters, in addition to leaf biomass, also
varied across different simulations. The concave rela-
tionships may be due to the simultaneous changes of
all the variables and the interactions between the vari-
ables across the sample space. The effect of tree phys-
iology (e.g., genus and leaf biomass) is greater than
that of environmental factors (e.g., temperature, sun-
light), which indicates planting of low-emitting genus
is a good strategy to help prevent BVOC emissions
(Nowak and Crane 2000). Temperature showed a
convex relationship with both BVOC emissions, and
extreme temperature can strongly increase BVOC
emissions (Sharkey et al. 1991; Calfapietra et al.
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2013). This may be due to the physiological functions
of plants to protect against heat stress (Bonan 2016),
and cooler environments can also reduce BVOC
emissions. While genus and temperature both impact
BVOC emissions, an urban planner generally has
limited control over temperature; thus, maximizing
the use of low VOC-emitting trees is an efficient
strategy to prevent and reduce BVOC emissions.

Carbon Storage and Sequestration

DBH played a dominant role for both carbon storage
and sequestration (high u* and Sy;) while land use and
tree height had negligible effects (low p* and Sp).
These findings indicate that in terms of data collec-
tion, increasing the accuracy of DBH measurements
is an effective way to reduce model output uncer-
tainty. DBH is important because allometric equa-
tions typically have a nonlinear relationship (e.g.,
exponential or log-log) between DBH and carbon
storage, which means that even small errors in DBH
measurements can lead to inaccurate carbon estima-
tors (Jucker et al. 2017). These results suggest large
trees play a more important role in estimators of car-
bon than small trees; large trees (DBH > 77 cm) store
approximately 1,000 times more carbon than small
trees (DBH < 7 cm)(Nowak 1994). Sustaining the
health of large trees, and accurately measuring the
DBH of large trees, is critical for carbon management
and estimation.

Given the high correlation between DBH and height,
it is counterintuitive that height had a small influence
on carbon estimation (low pu* and Sy,). This difference
is likely because some allometric equations do not
use height as an explanatory variable (Equation 5). To
compete for sunlight, trees often initially allocate
resources to maximize tree height growth and
approach their maximum height rapidly and then
invest resources in diameter growth (Jucker et al.
2017). This makes carbon estimation based on height
alone problematic, because trees of similar height can
have very different woody biomass. In addition,
urban trees are more open-grown than trees in for-
ested stands. However, McPherson et al. (2016) state
that allometric equations using both DBH and height
as predicator variables typically have higher accuracy
than corresponding allometric equations employing
only DBH. Although not as large as previously
thought, species also affected the estimations of car-
bon storage (Sp; = 5.4%) and sequestration (Sp =

6.5%) mainly through the selection of allometric
equations of different forms and coefficients, which
reflects differences among wood density and the
water content of species (McPherson et al. 2013).
This finding indicates that employing species-specific
allometric equations could improve the accuracy of
carbon estimators. Some studies also indicate that devel-
oping urban-specific allometric relationships is nec-
essary (McHale et al. 2009). However, urban-specific
allometric equations are scarce and location-specific,
and the very few that exist are usually developed based
on street trees (McPherson et al. 2016). Employing
allometric equations developed for street trees for
other urban trees may be problematic, as growing
conditions vary widely across the urban environment.
The current approach adopted in Eco-C, namely to
use forest-based allometric equations and apply a bio-
mass correction factor if it is an open-grown environ-
ment (Nowak et al. 2013), is popular in urban forestry,
although some studies criticize that this simple cor-
rection results in conservative estimates of biomass
(Aguaron and McPherson 2012). Future studies to
develop urban-specific allometric equations and to
perform uncertainty analyses of the biomass correc-
tion factor are needed.

For carbon sequestration, two additional input fac-
tors (CLE and condition) were examined. CLE repre-
sent site characteristics that impact sunlight to the tree
crown, while condition is a measure of tree health. These
two factors affect carbon estimators by adjusting tree
growth rates. Both MOAT and VD showed that CLE
and condition played moderate roles in model output
(Figures 4 and 5), and the bin quantile regression
analysis showed that carbon sequestration tended to
increase linearly with the increase of CLE and condi-
tion (Table 4). These linear relationships may inade-
quately capture input-output relationships, as
indicated by the low values of adjusted R* (0.59 and
0.78). Consistent with the results from the bin quan-
tile regression, VD also showed that the effects of
CLE and condition may depend on the selection of
other input factors, as indicated by the large differ-
ence between S; and Sy. This difference may be due
to the responses of different species, which may have
different tolerances to abiotic and biotic stressors.
This finding suggests that adaptive management
approaches are needed to enhance and sustain forest
health to maximize carbon sequestration and storage.
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Air Pollution Removal by Dry

Deposition Processes

Both MOAT and VD analyses revealed that LAI was
the most important factor for V; of NO,, and an
important factor for V; of SO, and O; (Figures 4 and 5).
Bin quantile regression analysis showed that dry depo-
sition of all three gases tended to respond linearly to
LAI which is consistent with the analysis performed
by Hirabayashi et al. (2011). However, this linear rela-
tionship is unlikely to be maintained with an increase
of LAI As LAI increases, there is more chance of
overlay among the leaf distribution, as well as
resource (e.g., nutrients) and microenvironment (e.g.,
light) limitations (Chapin et al. 2011). Although trees
adapt to these limitations, the leaves tend to behave at
a lower efficiency as LAI increases, and thus are
unlikely to maintain a linear relationship with V; at
higher LAI values (Van der Zande et al. 2009).

RH was an important factor for V3 of NO,, SO,,
and O; (Figures 4 and 5). Eco calculates stomatal
conductance by employing the Ball-Berry model, which
is based on empirical relationships between stomatal
conduction and photosynthesis from numerous leaf gas
exchange measurements (Medlyn et al. 2011). During
the process, Eco assumes RH is equivalent to the rel-
ative humidity at the leaf surface (Hirabayashi et al.
2011). Therefore, RH affects the stomatal conduction
directly as an input to the Ball-Berry model, as well
as indirectly through the influence of net leaf photo-
synthesis. Dry deposition of all three gases showed
linear behavior with the change of RH (Table 4),
which is consistent with the result obtained by Hira-
bayashi et al. (2011). However, a linear model may be
inadequate to fully capture the response of V; to RH,
as indicated by relatively low adjusted R*> values
(Table 4). Bonan (2015) shows that stomatal conduc-
tance responds to vapor pressure deficit linearly but at
different rates with changing temperature, which indi-
cates the linear model is not completely justified to
represent the response of V; to RH. The large differ-
ences between S; and St; also indicate that the response
of V;to RH may depend on other factors. Our conclu-
sion regarding the relationship between RH and V; is
based on applying SA to the Ball-Berry model. How-
ever, the Ball-Berry model has been criticized for
employing leaf surface RH as a direct input, because
stomata sense and respond directly to transpiration
water fluxes (Medlyn et al. 2011). Therefore, it is the
leaf-to-air vapor pressure deficit rather than RH that

©2020 International Society of Arboriculture

actually drives this process. Future model develop-
ment should directly incorporate vapor pressure defi-
cit into the calculation of the stomatal conductance.
Wind speed and pressure were among the least
important factors for dry deposition (Figures 4 and 5).
Wind speed is important for determining aerody-
namic and quasi-laminar boundary layer resistances,
because high winds reduce the thickness of the
boundary layer of still air around each leaf and pro-
duce steeper gradients for the exchange of elements
(e.g., water vapor, carbon dioxide) between the leaf
surface and the atmosphere (Chapin et al. 2011).
However, canopy resistance, which is the main driver
of dry deposition, does not appear to be affected by
wind speed (Hirabayashi et al. 2011); as a result, wind
speed plays a minor role in determining dry deposition.
Pressure also appeared to have a limited relationship
with V; (Figures 4 and 5). Pressure affects stomatal
conduction indirectly through the computation of the
direct and diffuse PAR (Hirabayashi et al. 2011).
Temperature and PAR affects the opening and
closing of stomata during photosynthesis and transpi-
ration (Bonan 2015). For the photosynthetic process,
PAR mainly affects light-harvesting reactions, while
temperature mainly influences carbon-fixing reac-
tions through the control of enzymes (Bernacchi et al.
2013). For transpiration processes, water is taken up
by the tree’s roots, transported vertically by the xylem,
and evaporates from the leaf surface to the ambient
atmosphere through a water potential gradient. The
entire process is driven by vapor pressure deficit and
radiative forcing, which is closely correlated to tem-
perature and light intensity (Will et al. 2013). The
MOAT and VD analyses gave different conclusions
about the V3 response to temperature and PAR. MOAT
indicated that temperature was the most important
factor, while VD indicated that PAR had the largest
effect. The differences may be due to the different
approaches of the two methods, as well as the nonlin-
ear response curves of V; to temperature and PAR.
MOAT is based on changing one factor at a time
across its entire range while fixing all other factors at
certain values, and therefore may not fully explore
the parameter space (a 6-dimensional space in this
case). VD is a global method based on the simultane-
ous change of all input factors among their PDFs. The
typical response curve of stomatal conduction to PAR
for many species is that conduction increases with
increasing PAR up to about 300 to 400 W/m?, and is
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relatively insensitive to further increases in PAR
(Jones 2013). When the randomly selected levels used
to calculate EE lie outside the range of 300 to 400 W/nm??,
a conclusion that conduction is insensitive to PAR may
be obtained. The response curve of ¥y to PAR was
concave in the bin quantile regression analysis (Table
4). V, also responded to temperature in a concave
way but with less concavity than with PAR (Table 4).
Bonan (2015) shows that there exists an optimal tem-
perature for the response of stomatal conductance,
with the values being 15 to 25 °C for most C; plants
(plants that don’t have photosynthetic adaptations to
reduce photorespiration). The different response mech-
anisms of V; to PAR and temperature indicate poten-
tial model inadequacies to differentiate these response
curves. More systematic modeling practices, which
can capture different V; response mechanisms (e.g.,
threshold and optimal points), are needed in the future.

PAR, LAI, RH, and temperature all play important
roles in dry deposition processes. The VD analysis

showed that PAR and RH were the most sensitive
variables for V; of SO, and O;, while they were less
sensitive for V; of NO, (Figure 5). This may be
because there were greater changes in V; for SO, and
O; than for NO, when input variables were altered
similarly. For example, when increasing PAR from
50 to 600 W/m?, V4 of SO, and Oj; increased by 0.31
and 0.33 cm/s™, respectively, which is larger than that
of NO, (0.18 cm/s ™). The variations of V; with respect
to PAR for these three gases are detailed in Figure 6.
Hirabayashi et al. (2011) also observed similar pat-
terns in their sensitivity analysis of Eco-D in Balti-
more. These different degrees of sensitivity may be
due to different parametrization schemes for the cal-
culation of the quasi-laminar boundary layer and can-
opy resistances, where NO, shows higher values for
mesophyll and cuticular resistances compared with
SO, and O; (Hirabayashi et al. 2015). For PAR and
LAI Eco employs one of the best available processes
in the literature to scale up from the leaf to canopy,
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and the interaction between PAR and LAI is fully
captured by different components of PAR (e.g., direct,
diffuse) and LAI (e.g., sunlit, shaded)(Hirabayashi et
al. 2011). For RH and temperature, single values,
instead of vertical profiles around canopy height, are
employed in Eco, which may constrain the model
performance. In addition, the model assumes that leaf
temperature is equal to air temperature, while leaf
traits (e.g., hair) and properties (e.g., latent heat
exchange) may make leaf temperature differ from air
temperature (Yu et al. 2015). Future model develop-
ment may focus on the improved representation of
RH and leaf temperature to reduce the uncertainties
of model outputs.

CONCLUSIONS

In this study, sensitivity analyses (SA) were per-
formed to investigate how the characteristics of the
Eco inputs impact the ecosystem services and disser-
vices of urban trees predicted by this model. Here the
focus is on the inputs to three Eco modules: BVOC
emissions (Eco-B), carbon storage and sequestration
(Eco-C), and dry deposition velocity of air pollutants
(Eco-D). Two SA with different theoretical founda-
tions are employed. Morris one-at-a-time (MOAT) is
based on changing one factor at a time across its entire
range to see what effect it has on the output, while
variance decomposition (VD) is based on decompos-
ing the variance of the output into different fractions
which can be attributed to different inputs or their
interactions. The results provide useful information for
future urban Forest Inventory and Analysis (FIA) data
collections (https://www.nrs.fs.fed.us/fia/urban), model
uncertainty analyses, and urban forest management.

Genus has the largest influence on BVOC emis-
sions by determining base emission rates and the
interaction between genus and other input factors.
Temperature shows a convex relationship with both
BVOC emissions, indicating that BVOCs increase at
a greater rate with temperature as temperature
increases (Sharkey et al. 1991). High temperatures
can strongly increase BVOC emissions. Leaf bio-
mass has a concave relationship with BVOCs, indi-
cating that the emissions increase at a faster rate
initially, then at a slower rate, and finally become rel-
atively insensitive to the change in leaf biomass;
understanding these inflection points from sensitive
to insensitive is important to control BVOC emis-
sions while maximizing other leaf related ecosystem
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services. PAR has a linear relationship with isoprene
emissions. These findings indicate that maximizing the
use of low VOC-emitting trees is an efficient strategy
to prevent and reduce BVOC emissions, and main-
taining cooler environments (e.g., through tree tran-
spiration) can also help to reduce BVOC emissions.

DBH has the greatest influence on carbon storage
and sequestration provided by urban trees, and car-
bon storage tends to increase in a convex manner as
DBH increases. Unlike relationships among input
variables and BVOC emissions, which show strong
interactions, the combined interactions between DBH
and the other input variables and their influence on
carbon storage and sequestration appears minimal.
These results indicate that increasing the accuracy of
DBH measurements, especially for larger trees, is
critical for accurate carbon estimators. Employing
species-specific allometric equations can also improve
the accuracy of carbon estimators. Effort should be
spent on improving current or developing new bio-
mass equations in urban environments whenever pos-
sible. By contrast, tree height and land use appear to
play minimal roles in carbon storage and sequestra-
tion. For carbon sequestration, tree condition and
CLE are also important. Maintaining a good site envi-
ronment and tree health are critical to maximizing
carbon storage and sequestration provided by trees.

For the dry deposition processes, PAR, LAI, RH,
and temperature all play important roles, with PAR
and LAI generally having the largest influence. Dry
deposition velocity is sensitive to LAl and RH in a
nearly linear manner, while it is sensitive to tempera-
ture and PAR in a concave manner. Air pressure has
almost no influence on dry deposition, while wind
speed has a minimal influence. The interaction between
the input variables and their influence on dry deposi-
tion velocity is also minimal. There exists an optimal
temperature for maximum dry deposition velocity,
while PAR affects dry deposition velocity up to cer-
tain threshold value. Representation of RH and tem-
perature around the entire canopy space as a single
value may constrain model performance. Future model
development should focus on the improved represen-
tative of RH and leaf temperature.

Trees provide important ecosystem services and
disservices to urban communities. This analysis pro-
vided insight into the relationships between tree char-
acteristics, environmental factors, and model parameters
on the estimated ecosystem services and disservices
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of urban trees. Results identified the most important
input variables to i-Tree Eco, and future field plot
campaigns should emphasize accurate measurements
for these variables. In addition, several gaps regarding
the representativeness of input variables and model
parameters in Eco were identified, which may help to
assist future model development. The knowledge gained
from this analysis is beneficial to subsequent model
uncertainty analyses, which in turn contributes to
improved urban forest planning and management.
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Résumé. 11 est connu que les arbres fournissent divers services
écosystémiques et causent aussi certains préjudices aux commu-
nautés urbaines pouvant étre quantifiés par le recours a des
modeles fondés sur des données de terrain et environnementales.
L’impact des variables environnementales et de la structure des
arbres sur les résultats du modeéle est souvent incertain. Nous réa-
lisimes une analyse de sensibilité (AS) de i-Tree Eco, un modéle
courant pour la forét urbaine, afin d’analyser I’impact relatif de
différentes entrées de modele sur trois sorties de module: les
émissions de composé organique volatil biogénique (COVB)
(isopréne et monoterpenes); le stockage et la séquestration du car-
bone; et le dépot sec de dioxyde d’azote, de dioxyde de soufre et
d’ozone. Les méthodes AS incluaient des applications originales
de la méthode Morris et une méthode de décomposition fondée
sur la variance qui intégre la simulation Monte Carlo avec un
échantillonnage par hypercube latin et une analyse Iman Cono-
ver. Une étude de cas fut réalisée dans la ville de New-York,
Etats-Unis avec des données de terrain recueillies en 2013. Le
genre de I’arbre a eu la plus grande influence sur les émissions de
COVB en établissant les taux d’émissions de base et ses interac-
tions élevées avec les autres facteurs d’entrée, alors que les émis-
sions de COVB sont sensibles a la biomasse des feuilles d’une
maniére concave et a la température d’une manieére convexe, tan-
dis que les émissions d’isopréne montrent une forte relation
linéaire avec le rayonnement photosynthétiquement actif (RPA).
Le diametre a hauteur de poitrine joue le role le plus important
quant a ’estimation du stockage et de la séquestration du car-
bone; I’exposition a la lumicre du houppier et la condition de
I’arbre sont également importants pour la séquestration du car-
bone. La vitesse de dépot sec est sensible a 1’indice de surface
foliaire et & ’humidité relative d’une maniére quasi linéaire ainsi
que sensible a la température et au RPA d’une maniére concave.
Les résultats fournissent des orientations afin de faciliter les
futures campagnes avec parcelles expérimentales sur le terrain et
le développement de modeles. Les informations révélées par les
AS sont également bénéfiques pour réduire les incertitudes des
modeéles ce qui, & son tour, facilite une gestion et une prise de
décision plus efficaces en matiére de foréts urbaines.
Zusammenfassung. Bdume sind dafiir bekannt, dass sie ver-
schiedene Okosystemleistungen und Fehlleistungen fiir stid-
tische Gemeinschaften erbringen, die mit Hilfe von Modellen auf
der Grundlage von Feld- und Umweltdaten quantifiziert werden
konnen. Es ist oft ungewiss, wie sich die Baumstruktur und
Umweltvariablen auf das Ergebnis der Modelle auswirken. Hier

fithren wir eine Sensitivitdtsanalyse von i-Tree Eco, einem géngi-
gen stadtischen Waldmodell, durch, um die relative Auswirkung
verschiedener Modelleingaben auf drei Modulausgaben zu anal-
ysieren: Emissionen biogener fliichtiger organischer Verbind-
ungen (BVOC)(Isoprenund Monoterpene), Kohlenstoffspeicherung
und -bindung und trockene Deposition von Stickstoffdioxid,
Schwefeldioxid und Ozon. Die Methoden der Sensitivitétsanalyse
umfassten neuartige Anwendungen der Morris-Einzelmethode
und eine varianzbasierte Zersetzungsmethode, die die Monte-Carlo-
Simulation mit der lateinischen Hypercube-Probenahme und der
Iman-Conover-Analyse integriert. Eine Fallstudie wurde in New
York City, New York, USA, durchgefiihrt, bei der 2013 Feldfiachen-
daten gesammelt wurden. Die Gattung hat den grofiten Einfluss
auf die BVOC-Emissionen, indem sie die Basis-Emissionsraten
bestimmt und ihre hohen Wechselwirkungen mit anderen Ein-
gangsfaktoren. Die BVOC-Emissionen reagieren auf die Blatt-
Biomasse in konkaver Weise und die Temperatur in konvexer
Weise. Die Isopren-Emissionen zeigen eine starke lineare Bezie-
hung mit der photosynthetisch aktiven Strahlung (PAR). Der
Durchmesser in Brusthohe spielt die wichtigste Rolle sowohl fiir
die Kohlenstoffspeicherung als auch den [sequestration estima-
tors]: Die Belichtung der Krone und der Zustand des Baumes
sind ebenfalls wichtig fiir die Kohlenstoffbindung. Die Trocken-
depositionsgeschwindigkeit ist, in nahe zu linearer Weise, sensi-
bel fiir den Blattflichenindex und die relative Feuchte, wiahrend
sie in konkaver Weise fiir die Temperatur und die PAR empfind-
lich ist. Die Ergebnisse bieten eine Anleitung zur Erleichterung
kiinftiger Feldparzellenkampagnen und Modellentwicklungen.
Das von der Sensitivitdtsanalyse aufgedeckte Wissen kann Unsi-
cherheiten im Umgang mit dem Modell reduzieren, was wie-
derum Entscheidungsfindungen erleichtert und eine effektivere
stadtische Waldbewirtschaftung ermoglicht.

Resumen. Se sabe que los arboles proporcionan diversos
servicios ecosistémicos a las comunidades urbanas, que se
pueden cuantificar utilizando modelos basados en datos de campo
y ambientales. A menudo es incierto como la estructura del arbol
y las variables ambientales afectan la salida del modelo. Aqui
realizamos un analisis de sensibilidad (SA) de i-Tree Eco, un
modelo comun de bosque urbano, para analizar el impacto rela-
tivo de diferentes entradas de modelo en tres salidas de modulo:
emisiones de compuesto organico volatil biogénico (BVOC)(iso-
preno y monoterpenos), almacenamiento y secuestro de carbono,
deposicion en seco de didxido de nitrogeno, didxido de azufre y
ozono. Los métodos SA incluyeron nuevas aplicaciones del mét-
odo uno a la vez de Morris y un método de descomposicion
basado en varianza, que integra la simulacion de Monte Carlo con
el muestreo de hipercubos latinos y el analisis de Iman Conover.
Se realiz6 un estudio de caso en la ciudad de Nueva York, Nueva
York, EE. UU., con datos de la grafica de campo recopilados en
2013. EI género tiene la mayor influencia en las emisiones de
BVOC al determinar las tasas de emision base y sus altas interac-
ciones con otros factores de entrada. Las emisiones de BVOC son
sensibles a la biomasa de las hojas de una manera concava y la
temperatura de una manera convexa, mientras que las emisiones
de isopreno muestran una fuerte relacion lineal con la radiacion
fotosintéticamente activa (PAR). El diametro a la altura del pecho
juega el papel mas importante tanto para el almacenamiento
como para los estimadores de secuestro de carbono; la exposicion
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alaluz de la copa y el estado de los arboles también son impor-
tantes para el secuestro de carbono. La velocidad de deposicion
en seco es sensible al indice de area foliar y a la humedad relativa
de una manera casi lineal, mientras que sensible a la temperatura
y al PAR de una manera concava. Los resultados proporcionan
orientacion para facilitar futuras campafias de trazado de campo y
desarrollo de modelos. El conocimiento revelado por la SA tam-
bién es beneficioso para la reduccion de la incertidumbre del
modelo, que a su vez facilita una gestion y toma de decisiones
mas eficaces de los bosques urbanos.
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