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ABSTRACT

The collection and analysis of urban forest inventory data has been steadily increasing in recent decades. In
addition to typical assessments such as number of trees, size distribution, and species composition, estimates of
ecosystem services provide empirical indicators of quantity and monetary value to anthropologic populations. As
most urban inventories are sample-based, sources of uncertainty and their magnitude provide important infor-
mation for judging the reliability of estimated population parameters. Most modern analysis tools provide an
indication of uncertainty via a sampling error statistic, but other types of uncertainty due to measurements or
statistical models are not accounted for. In this study, we examined measurement variation for a suite of urban
tree attributes and found measurements were equally or less variable than those taken on forest-grown trees. The
notable exception was tree diameter which was more highly variable. In addition to quantifying the measure-
ment variability, simulations that propagate the variation were conducted to assess the additional variance
incurred for estimates of ecosystem services and associated valuations. The results generally indicated an in-
crease of about 1% or less in the standard error of the estimate for most ecosystem services and their value.
Measurement variation may contribute larger amounts of uncertainty for urban inventories lacking adequate

field crew training and quality assurance processes.

1. Introduction

Unlike traditional forest inventories which have been formally con-
ducted for well over a century, urban forest inventories have only
become more commonplace in the last several decades. This is largely
due to recognition that trees in urban environments contribute a wide
range of benefits, including carbon storage and sequestration, air
pollution reduction, and energy effects (Nowak and Dwyer, 2007; Irga
et al., 2015; Kong et al., 2016). Often, these urban inventory efforts are
conducted independently city-by-city as the desire for the information
arises locally. Ideally, urban inventories would be conducted like a na-
tional forest inventory (NFI), i.e., national consistency in methods and
procedures (Gulsrud et al., 2018). In the U.S., this concept was put into
practice when the Forest Inventory and Analysis (FIA) program (U.S.
NFI) began expansion into urban inventory in the early 2000s (Nowak
et al.,, 2006; Cumming et al., 2007). Ultimately, these efforts led to a
formalized urban inventory program within FIA that began with Austin
TX in 2014 (Nowak et al., 2016) and expanded to approximately 40
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cities nationwide by 2021. Along with the nationally-consistent in-
ventory protocols (U.S. Forest Service, 2017), there have been associ-
ated advancements in technical procedures (Nowak, 2020) and
analytical tools (mycitystrees.com). Thus, the availability and use of
urban inventory information is rising dramatically.

It is important for users of urban inventory statistics to understand
that some amount of uncertainty accompanies the estimates due to the
sample-based approach. As with most NFIs, inventory statistics are
typically reported with a sampling error and other nonsampling varia-
tion is ignored or deemed trivial. Primarily, nonsampling uncertainty is
due to field measurement variability and the use of statistical models to
predict attributes such as tree volume or biomass. In the context of
population estimates, the magnitude of additional uncertainty due to
field measurement variation has been reported in several studies (Qin
et al., 2019; Shettles et al., 2016; Westfall and Patterson, 2007). A
common underlying theme is that the magnitude of additional uncer-
tainty is directly related to the reliability of the field measurements and
their subsequent role as inputs into statistical models. Using a diameter-
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and height-based tree biomass model for example, tree diameter often
has a strong effect on biomass predictions but adds little uncertainty
because diameter measurement variation is low. Although tree height
measurement variation tends to be large, the additional uncertainty
imparted to population estimates of tree biomass is dampened as height
has relatively small influence (compared to diameter) in tree biomass
model predictions.

In an urban inventory context, measurement variability of tree-level
attributes is largely unknown (Roman et al., 2017; Bancks et al., 2018).
There is a need to quantify this information as well as understand how
propagation of this uncertainty through ecosystem service prediction
models contributes to overall uncertainty of population estimates
derived from urban inventories. Although tree diameter and height are
commonly used input variables in NFI applications, urban inventory
models often rely on tree crown measurements to estimate ecosystem
service values (Nowak, 1996; McPherson et al., 1998; Gillner et al.,
2015). Thus, the contribution of measurement variation to overall es-
timate uncertainty may differ notably from results found in typical NFI
applications. Examples of key urban inventory outputs arising from
model predictions based on individual tree measurements include car-
bon storage, rainfall interception, air pollution amelioration, and energy
use reductions (Xiao et al., 2000; Rahman et al., 2015; Grote et al., 2016,
). The objectives of this study are 1) to quantify urban inventory mea-
surement variation for a range of tree-level attributes, 2) compare
measurement variation between urban and forest environments, 3)
propagate measurement variation through statistical models whose
predictions are used to estimate important urban ecosystem services,
and 4) assess the additional contribution of measurement variation to
uncertainty in these estimates. Quantifying the magnitude of measure-
ment variability and the subsequent effects on ecosystem service model
outputs provides essential reliability information to consumers of urban
forest inventory information.

2. Methods
2.1. Data

The data used in this study were collected as part of the urban forest
inventory conducted by the Forest Inventory and Analysis (FIA) program
of the U.S. Forest Service. The urban inventory is implemented using a
14.63 m (48 ft) radius circular plot configuration with four 2.07 m

Urban Microplots:
2.07 m radius
3-3.66m @ 270°
4—-3.66 m @ 360°

from plot center \

Plot Center:
14.63 m radius
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(6.8 ft) circular microplots located at 3.66 m (12 ft) from plot center at
azimuths of 90, 180, 270, and 360 degrees (Fig. 1). Sample trees having
diameter (breast-height or root-collar depending on species) > 12.70 cm
were tallied on the primary plot; whereas sample trees with diameter >
2.54 cm and <12.70 cm are recorded on microplots. Field measure-
ments of individual trees include azimuth and distance from plot center,
species, diameter, total height, rotten/missing cull, and various crown
measures including uncompacted crown ratio, crown width, crown
dieback, crown light exposure, and missing foliage. Due to the highly
variable nature of tree forms encountered in urban environments, trees
with multiple stems are also treated as a single ‘mother’ tree for the
purposes of assessing the crown characteristics listed above; however
observations of diameter, total height, crown class, and compacted
crown ratio are also taken for each stem present (U.S. Forest Service,
2017).

Upon completion of the plot measurements conducted as part of the
production inventory, a subset of plots is selected for quality assurance
(QA) audits which consist of an independent remeasurement by a QA
field crew. These remeasurements are usually done within two weeks
and the QA crew has no knowledge of the recorded values from the
production crew. Thus, these data include both the production and QA
crew tree attribute data for those plots receiving a QA remeasurement.
For this study, 87 QA plots from 29 urban inventories across the U.S.
were used to assess measurement variability (Table 1).

The urban inventory of Kansas City, MO was selected to assess the

Table 1
Mean and standard deviation of continuous tree-level variables for the QA and
production measurements from 87 urban inventory plots.

QA Production

Attribute Mean Std. dev. Mean Std. dev.
Diameter (cm) 23.7 16.5 23.8 16.7
Total Length (m) 12.9 6.1 12.7 6.1
Compacted Crown Ratio (%) 48.4 18.8 48.0 19.0
Uncompacted Crown Ratio (%) 65.7 21.1 64.1 20.8
Foliage Absent (%) 9.4 14.6 8.9 13.4
Crown Dieback (%) 3.9 11.0 4.4 10.4
Rotten/Missing Cull (%) 1.2 3.7 1.3 4.3
Crown Width Wide (m) 6.7 4.0 7.0 4.1
Crown Width 90 ° (m) 5.5 3.5 5.7 3.5

Urban Plot Design

Urban Microplots:
\ 2.07 m radius

1-3.66 m @ 90°

2—-3.66 m @ 180°

from plot center

Fig. 1. Urban inventory plot configuration used by the FIA program.
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effects of measurement variability on population estimates of ecosystem
services. This inventory was conducted from 2016 to 2018 with a sample
size of 371 plots distributed across the 160,821 ha metropolitan area.
The tree data consisted of 1,628 records with 74 species present.
Numbers of trees per plot ranged from 0 to 49, with an average of
approximately 4.4.

2.2. Analysis

To understand the magnitude of measurement variability, differ-
ences between the production and QA data can be evaluated. Because
the two measurements are independent, it is necessary to pair individual
trees tallied by both crews before proceeding. This was accomplished
using an algorithm very similar to that described in Pollard et al. (2006),
where trees were matched based on their diameter, distance, and azi-
muth values. A key difference in this analysis is that mother trees must
first be matched, and then additional stems within mother trees matched
subsequently. Although unlikely, this ensures stems from different
mother trees are not matched. It should be noted that, although the
matching algorithm used was tested against a large hand-matched
dataset and found to perform well (Pollard et al., 2005), tree matching
itself is an inexact science. In particular, when several trees of similar
size and species are located in close proximity it can be diffi-
cult/impossible to determine if a correct match has been made. Fortu-
nately, trees growing in urban environments tend to be more isolated
than forest trees which increases the likelihood of proper matching
outcomes.

Once the tree matching is complete, for any attribute y given
matched tree i, it is straightforward to assess the differences (d;,) be-
tween crews as:
dyi = yqi 7ypi (1)
where y; is the QA crew measurement of attribute y on tree i and y,; is
the corresponding production crew measurement. When d,; is evaluated
over a number of trees (n,), a measurement variability distribution is
obtained. Empirically, these distributions are characterized by the mean
(ay) and standard deviation (sdy) calculated as:

2‘: d,vi
3}\ _ i=1 (2)
l’l_v
ny —\2
5 (4-2)
s = 3)
' ny, —1

In addition to describing the distributions, these data were also used
to assess the measurement differences against established data quality
standards for each variable (U.S. Forest Service, 2017). These standards
are in the form of a tolerance value and a measurement quality objective
(MQO). An example MQO for total height is the QA and production
measurements should be within 10 % (tolerance) of each other for at
least 90 % of the trees. This assessment would be performed by assessing
for each tree whether the differences were within 10 % (using y; as the
comparative basis) and then determining the percentage of trees
meeting the criteria. This percentage is then compared to the MQO. The
percentage of urban trees within tolerance for attribute y was also
compared to those reported for forested trees (Pollard et al., 2006;
Westfall, 2009).

In some cases, tree form characteristics make it impossible to mea-
sure the diameter at the specified location of 1.37 m height from ground
(Magarik et al., 2020). These situations are recognized in the data with a
‘length to diameter measurement point’ (LTDMP) entry which indicates
where the diameter was measured on the stem. Although specific tree
measurement protocols are defined (U.S. Forest Service, 2017), the in-
dependent nature of the QA process sometimes results in diameter
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measurements being taken at different locations and making direct
comparisons between the two measurements may be misleading. An
assessment of how differences in diameter measurement locations affect
the MQO results was undertaken for differences between 0.0 and 0.3 m
in increments of 0.03 m.

While these assessments are informative, it is also of value to
examine how the measurement variability contributes to uncertainty in
estimates of quantity and monetary value for ecosystem services. This
was accomplished by perturbing randomly the original measurements
for each variable to mimic the measurement variation, i.e., generate
likely measured values had the field work been done by a different
person. This was accomplished by developing a (normal) distribution of
measurement differences from which to randomly select a value to
modify the original measurement. It is very common that the mea-
surement variability is related to the size of the object and thus the goal
is to predict the standard deviation of the measurement difference dis-
tribution given the size of the object. Assuming a mean of zero and using
the predicted standard deviation, perturbed values for each variable of
interest can be generated. Specifically, the steps involved were:

1) Partitioning the range of empirical measurement difference values
into classes such that a sufficient number of observations (> 10) are
present in each class to reasonably estimate the mean and standard
deviation for each class. Usually this resulted in 6-10 classes,
depending on the overall distribution of difference values.

2) Calculating the mean and standard deviation of the empirical mea-
surement differences for each size class.

3) Fitting a linear regression model to describe the standard deviation
as a function of the size class means viasq, = fl + 1Y, + €y, where
Sq,, is the standard deviation of measurement differences for attribute
y in size class k, ¥, is the mean of the production data for attribute y
in size class k, f, and f; are estimated parameters, and €, is random
error (Fig. 2).

4) Predicting the standard deviation of attribute y for each individual
tree i in the production inventory based on the observed data value
using sq, = fo + S1Ypi-

5) Generating a standard normal variate (constrained to + 3) and
multiplying this number by the predicted standard deviation for the
variable.

6) Take the randomly generated difference value and add it to the
original measured value to obtain a perturbed value.

Thus, a new dataset can be generated that reflects the variation in
measurement among different persons. This process was applied to the
Kansas City, MO data described earlier and repeated 500 times to pro-
duce a wide range of plausible tree measurement outcomes.

Propagating the measurement variability into effects on urban tree
ecosystem service values was accomplished by processing each
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Fig. 2. Standard deviation of diameter measurement differences by diameter
size class and linear trend line to predict standard deviation of diameter mea-
surement difference distribution for tree i.
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perturbed data set in i-Tree Eco software (v. 6.0.21, Nowak, 2020). The
ecosystem service estimates of interest in the study are quantity and
monetary value for carbon storage, carbon sequestration, avoided pre-
cipitation runoff, and air pollution removal, as well as structural value
(cost to replace tree with a similar tree). Carbon storage and seques-
tration outputs are affected by tree diameter, height, crown dieback, and
crown light exposure; avoided precipitation runoff estimates depend on
tree height, crown ratio, crown width, and percent missing canopy;
study variables used in air pollution removal assessments are crown
ratio, height, and crown width. Tree diameter and crown dieback are
inputs for structural valuations. Monetary values for other attributes are
obtained from valuations of $188.00/tonne for carbon, $2.361,/m? for
avoided precipitation runoff, and city-specific values for pollution
removal (Nowak, 2020) of $1,462.77 per tonne (CO), $1,951.66 per
tonne (03), $303.36 per tonne (NO), $92.31 per tonne (SO,), and $85,
835.31 per tonne (PM> 5). In this analysis, all pollutants were combined
to generate a single removal estimate and associated valuation. The
perturbed datasets resulted in 500 different population estimates for
each of the ecosystem services listed and the variance of these estimates
were used to determine the additional variability contributed by mea-
surement variation.

To estimate the population mean, 1) the values (y;x) from each tree i
in plot j for ecosystem service k are summed and expanded to a per-
hectare basis (a’l, where a is the plot area), and 2) the mean (y,) for
ecosystem service k on a per-hectare basis is calculated using the n
sample plots:

no N

> > vwa!
==l

n
Dk
=

Yk = @

n n
The population total for ecosystem service k is then obtained via
multiplication by the area (ha) of the population (Ar):
Yi=Ary, )

The estimated variance of the total v(?k> , associated standard error,
and percent sampling error are:

n

Z(Y.fk - yk)z
(¥ =4 ©
se(?k> = v(?k) ()

se% (IA/A> = se(?k)/?k x 100 ®

The preceding formulae estimate the uncertainty due to sampling
alone and do not account for additional uncertainty arising from mea-
surement variation. The contribution due to measurement is estimated
from simulation, where the variance arises from the R = 500 perturbed
datasets and was calculated as:

R —~m ~m 2
> <Ykr - Yk >
oM™\ _ r=l1
()= ©

Sm o, . . .
where Y. is the estimated population total for ecosystem service k, m
indicates the estimate is from perturbed data, r indexes the perturbed

data sets, and 17:1 is the mean of the estimated population totals from the
R perturbed datasets. The total variance, associated standard error, and
percent sampling error that includes both sampling and measurement
uncertainty is:

v (V) =v(¥e) +v(77) (10)
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sen(72) =

sem%(f/k) = se, (IA/,()/?,\ x 100 (12)

Vim (?k) an

3. Results

The overall mean and standard deviation of measurement differ-
ences, the percent MQO compliance, and comparative values of MQO
compliance of forest-grown trees are shown in Table 2. Except for
compacted crown ratio and crown width (widest point), the mean dif-
ferences (Hy) are all less than the measurement precision of the variable,
e.g. 0.25 cm for diameter. In contrast, the standard deviations (s4,) seem
large, which implies the perceived repeatability of measurements is
often more optimistic than observed data indicates. Generally, the
percent meeting the measurement tolerance is higher for urban trees
than for forested trees. A notable exception to this generalization was for
diameter (breast height) where the results were ~89 % for forested trees
(Pollard et al., 2006) and ~84 % for urban trees. The analysis of effects
of differing measurement locations on the outcome for urban trees
suggest this was not a factor in the lower score for the urban trees
(Table 3). Locational differences of 0.03 m or less were used in the
calculations, however only a 0.1 % increase in agreement was found
when using only those measurements taken at the exact same location.
Further, there is little change in the statistic if all measurements within
0.3 m are used. Additional investigation revealed that although the
tolerance does take tree size into account, a greater proportion of large
trees tend to have differences outside the allowable range than smaller
trees. It is surmised that diameter distributions in urban areas tend to
have more large trees than those observed in forested settings. Thus,
there is a concomitant decrease in the proportion within the specified
tolerance.

Generally, the linear regression models used to predict the standard
deviation of measurement differences as a function of attribute size
provided satisfactory fits to the data. The results for estimated model
parameters, RZ, and RMSE are shown in Table 4. R? values ranged from
approximately 0.4 — 0.9, except for crown dieback and compacted crown
ratio which exhibited large differences in within-class variability. The
estimated slope parameters were statistically significant (a = 0.05)
except for crown dieback, compacted crown ratio, and foliage absent.
Negative slope estimates were given for uncompacted and compacted
crown ratio, indicating measurement variability is larger for short crown
lengths that would need to be assessed in the upper portions of trees and
further distance from the observer.

The above described models were used to perturb individual tree
values and allow for repeated simulation of plausible inventory esti-
mates. These simulated inventories were processed in the i-Tree Eco
software (Nowak, 2020) to obtain distributions of estimated values for
various ecosystem services, with the express purpose of calculating the

. . - Sm
uncertainty attributable to measurement variation v<Yk) and the

resultant sep, (?k> that combines both sampling and measurement un-

certainty. The results suggest the contribution of measurement vari-
ability is nearly negligible for the Kansas City urban inventory, with
increases in standard error for ecosystem service estimates being about
0.4 % or less (Table 5). The exception is for pollution valuation (Nowak,
2020), which is composed of contributions from various pollutants
estimated from different models having varying sensitivities to changes
in tree crown sizes and highly different valuations which contributes to
greater variability than found in other ecosystem service attributes.

4. Discussion

The MQO analysis indicates urban trees measurements are generally
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Table 2
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Mean (Zy) and standard deviation (sdy) of measurement differences, sample size (n), acceptable tolerance, and percent of measurements within tolerance for urban- and

forest-grown trees.

Measurement % within tolerance
Variable Hy) Sd, n tolerance Urban Forest
Diameter breast height (cm) —0.07 1.53 977 +0.25 /50.8 cm 83.9% 89.0 % °
Azimuth (°) 0.87 14.34 557 +10° 96.9 % 97.0% "
Horizontal Distance (m) 0.00 0.60 557 +0.06 m * 94.8 % 91.0 % "
Species - - 527 No Tolerance 96.2 % 95.0 % "
Present Tree Status - - 527 No Tolerance 99.2 % 100.0 % °
Rotten/Missing Cull (%) 0.00 2.09 457 +10 % 99.6 % 96.0 % "
Total Length (m) 0.17 1.50 563 +10 % 76.0 % 77.0 % °
Compacted Crown Ratio (%) 1.55 12.45 558 +10 % 81.7 % 73.0 %"
Uncompacted Crown Ratio (%) 0.20 9.83 720 +10 % 77.5 % 74.0 % ©
Crown Class - - 558 No Tolerance 81.0 % 75.0 % ©
Crown Light Exposure - - 720 +1 class 90.3 % 86.4 % ©
Foliage Absent (%) 0.81 11.12 720 +10 % 86.5 % -
Crown Dieback (%) —0.34 6.95 720 +10 % 97.1 % 95.9 % ©
Crown Width Wide (m) —-0.34 1.40 720 +1.5m 86.9 % 80—90%"
Crown Width 90 ° (m) -0.21 1.30 720 +1.5m 84.9 % 80—90%*

@ Urban microplot: + 0.06 m, Urban microplot woodland species: + 0.12 m, Urban subplot: & 0.3 m from 0.0-7.28 m, Urban subplot: + 0.6 m from 7.28 to 14.33 m,
Urban subplot: + 0.06 m from 14.33 to 14.63 m, Urban subplot multi-stemmed woodland species: + 0.6 m from 0.0-7.28 m, Urban subplot multi-stemmed woodland
species: + 0.9 m from 7.28 to 14.33 m, Urban subplot multi-stemmed woodland species: + 0.3 m from 14.33 to 14.63 m.

b pollard et al. (2006).
¢ Westfall (2009).
4 pollard and Smith (1999).

Table 3

Maximum distance between QA and production crew diameter measure-
ment points (LTDMP) and the associated percent of diameter observations
within the acceptable measurement tolerance.

Max. difference in LTDMP (m) % within tolerance

0.00 83.8%
0.03 83.9 %
0.06 84.1%
0.09 83.6%
0.12 83.6%
0.15 83.3%
0.18 83.2%
0.21 83.1%
0.24 83.1%
0.27 83.1%
0.30 82.7%
Table 4

Estimated parameters, p-values (Pr > |t|), and model fit statistics (RMSE = root
mean squared error, R? = proportion of variation explained) for prediction of
standard deviation of measurement differences sq, = o + 1Yy + Epk-

Attribute Bo Pr>|t| f Pr>|tf RMSE R?

Diameter —0.1221  0.8857 0.0528 0.0117 1.53 0.40

Total Length 0.4957 0.0073 0.0660 <.0001 0.32 0.73

Compacted 9.5305 0.0004 —0.0159  0.5764 2.10 0.05
Crown Ratio

Uncompacted 18.2047 <.0001 —0.1095 0.0251 2.99 0.54
Crown Ratio

Foliage Absent 8.9564 0.0222 0.1529 0.1341 3.41 0.47

Crown Dieback 9.1608 0.2008 0.1091 0.6105 8.27 0.07

Crown Width 0.2903 0.2923 0.1335 0.0005 0.39 0.88
Wide

Crown Width 90° 0.6287 0.0222 0.0946 0.0029 0.28 0.85

more repeatable (exc. diameter) than those taken on forest-grown trees.
A likely explanation is that urban trees are often open grown (or nearly
so), making it easier to see the upper portion of the stem and crown
extent. For diameter measurements, a cursory analysis showed that
larger trees (~ 38+ cm) disproportionately failed to meet the tolerance
in comparison to smaller trees. It is suspected this phenomenon also

Table 5
Estimates (?k), standard errors based on sampling variation (se(?k) ), stan-

dard errors based on sampling and measurement variation (sem(?k) ), and

percent increase in standard error due to measurement variation for various
ecosystem services and associated valuations.

Ecosystem Service Y se (ﬂ) se ( ?k) %
change
Carbon storage (tonnes) 3.99E+06  3.75E+05 3.77E4+05 0.31%
Carbon storage ($) 7.51E+08  7.06E+07  7.08E+07  0.31%
Carbon sequestration 1.56E+05  1.38E+04  1.38E+04  0.36%
(tonnes/yr)
Carbon sequestration ($/yr) 2.94E4+07  2.59E+06  2.60E+06  0.36%
Avoided runoff (m>/yr) 8.42E+06 1.82E4+06 1.83E+06 0.13%
Avoided runoff ($/yr) 1.99E+07 4.30E+06 4.31E+06 0.13%
Air pollution removal 3.53E+03  7.65E+02  7.66E+02  0.24%
(tonnes)
Air pollution removal ($) 1.55E+07 3.36E+06 3.40E+06 1.01%
Structural value ($) 1.22E+10 1.08E+09 1.08E+09 0.21%

occurs for forested tree measurements; however, the diameter distri-
bution of urban trees tends to be skewed towards a preponderance of
larger trees and thus these trees have more impact on the overall result.
The minor effect on results due to differences in LTDMP suggest little
tree taper in the area of the stem where diameter measurements are
taken, i.e., less than the measurement tolerance value over 0.3 m of stem
length.

Although field crews undergo comprehensive training and certifi-
cation tests, for some attributes the measurement repeatability is poorer
than desired. In these cases, several options may be considered: 1) do
nothing — assume that the measurements are taken with the best accu-
racy attainable given the field conditions, 2) provide more focused
training and/or alternative measurement methods that may improve
repeatability, or 3) use allometric models to predict the attribute values
instead of measuring them in the field. As many urban inventory efforts
are locally implemented, field crew training can be challenging (Roman
et al., 2013). In cases where further instruction is necessary, van Doorn
et al. (2020) provide a number of excellent suggestions to maximize
training effectiveness. The use of models as a substitute for measure-
ments should include an assessment of the trade-offs between model and
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field measurement options. For example, Westfall et al. (2020) reported
RMSE for crown width model predictions ranging from 0.9 to 2.6 m
(mean = 1.7 m) across 29 species groups. The data used here suggested
a RMSE range of roughly 0.3-2.3 m when assessed across species groups
with an overall value of 1.1 m. Usually, field measurement is more ac-
curate than a model prediction for a given tree, however employing
models can reduce field work time and provide spatial/temporal con-
sistency. Thus, careful deliberation is needed when choosing measured
or modeled values for any given attribute.

Relative to the sampling uncertainty the additional measurement
variability had little effect on standard errors of the estimates. Carbon
storage and sequestration were minimally affected (Table 5), likely in
part due to the inputs of crown light exposure and crown dieback having
relatively good measurement repeatability (Table 2). Increased uncer-
tainty was found for pollution removal and avoided precipitation runoff
which are more dependent on measurements such as crown width,
crown ratio, and total height that exhibit poorer consistency in mea-
surement. In contrast, structural value was the least affected by mea-
surement variation as tree size (diameter) is the primary determinant. A
key underlying assumption in the analysis is the contribution of mea-
surement uncertainty is reflected in the realized repeatability of mea-
surements, which is highly dependent on training and quality assurance
processes (Baker, 1993). Thus, other urban forest inventory efforts may
be subject to increased effects of measurement variation when repeat-
ability is less than found in this study (Roman et al., 2017; Bancks et al.,
2018). Understanding relationships between differing amounts of
measurement variability and the associated magnitude of additional
uncertainty in ecosystem service estimates are topics for further study.

Generally, the results are consistent with other studies that have
shown sources of measurement uncertainty relative to sampling vari-
ability are usually small (McRoberts and Westfall, 2016; Paul et al.,
2017). A key underlying factor is that while repeated measurements of
individual trees may vary considerably, the effects of random tree-level
differences are aggregated at the plot level and tend to be offsetting such
that little change occurs in plot-level values. Further, there are often
plots in urban inventories that have no trees present and therefore are
unaffected by tree-level measurement variability. As the proportion of
treeless plots increases, the additional uncertainty due to measurements
will decrease. However, in situations where smaller sampling error
statistics are realized, the relative importance of measurement uncer-
tainty will become more important. This seems likely in the near future
as more advanced estimation methods are employed to increase preci-
sion of estimates (Saarela et al., 2015; Kangas et al., 2016). Fig. 3 shows

that with se%(?k> = 5% for carbon storage estimates, the increase in
standard error due to measurement variability is approximately
Sem (?k) = se(?k) x1.011 (1.1 % increase), however when the

se%(f’k> is reduced to 1% the contribution due to measurement vari-

ability results in sep, (?k) = se(f/k> x 1.243 (24.3 % increase).

Although this study focused on uncertainty due to measurement
variation, it should be acknowledged that further uncertainty exists in
statistical models and would increase the overall variance of the esti-
mates. The magnitude of the additional variance is unknown and de-
pends on several factors including the sample size for model calibration,
the model goodness of fit (McRoberts and Westfall, 2014) and the spe-
cific input variables to the model (Lin et al., 2020). The additional
variance due to statistical model usage should not be considered trivial,
as it has been shown to be greater than uncertainty contributed by
measurement variation in tree diameter and height (McRoberts and
Westfall, 2016). Thus, an area for further study in the context of urban
forest inventory estimates is empirical assessment of variance arising
from the statistical models employed. This can be a challenging
endeavor as often the relevant statistics for the models being employed
are not readily available (Lin et al., 2021).
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measurement variation in the context of percent error due to sampling
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5. Conclusion

In a formal inventory program such as FIA, considerable effort is
undertaken in training and certification of field personnel to ensure
accurate measurements of tree attributes, however repeated measure-
ments of the same tree and attribute will often yield non-identical re-
sults. A conclusion of this study was that for most attributes urban tree
measurements are equally or more consistent than those taken on
forested trees. Tree diameter was the primary exception to this finding,
and suggests further work is needed to refine measurement protocols for
urban trees which tend to be of relatively larger size and exhibit more
highly variable lower-stem characteristics than trees in forested
environments.

The impact of measurement variability on ecosystem service esti-
mates depends on the magnitude of differences and their relative
importance in subsequent predictions from statistical models. Despite
the elevated importance of tree crown measurements in urban forest
inventory applications, their measurement variability did not translate
into practically meaningful increases in uncertainty for ecosystem ser-
vice estimates. Similarly, variation in typical tree measurements such as
diameter and height appeared to have no appreciable detrimental effects
on population estimates. Thus, when field crew competency is ensured
through strict training, certification, and quality assurance processes,
consumers of ecosystem services estimates for management and policy
decision-making can be assured there is little additional uncertainty due
to measurement variability.
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