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Abstract
1. Large-scale ecological sampling networks, such as national forest inventories

(NFIs), collect in situ data to support biodiversity monitoring, forest manage-
ment and planning, and greenhouse gas reporting. Data harmonization aims to
link auxiliary remotely sensed data to field-collected data to expand beyond
field sampling plots, but outliers that arise in data harmonization—questionable
observations because their values differ substantially from the rest—are rarely
addressed.

2. In this paper, we review the sources of commonly occurring outliers, including
random chance (statistical outliers), definitions and protocols set by sampling net-
works, and temporal and spatial mismatch between field-collected and remotely
sensed data. We illustrate different types of outliers and the effects they have on
estimates of above-ground biomass population parameters using a case study of
292 NFI plots paired with airborne laser scanning (ALS) and Sentinel-2 data from
Sawyer County, Wisconsin, United States.

3. Depending on the criteria used to identify outliers (sampling year, plot location
error, nonresponse, presence of zeros and model residuals), as many as 53 of the
292 Forest Inventory and Analysis plot observations (18%) were identified as
potential outliers using a single criterion and 111 plot observations (38%) if all
criteria were used. Inclusion or removal of potential outliers led to substantial dif-
ferences in estimates of mean and standard error of the estimate of biomass per
unit area. The simple expansion estimator, which does not rely on ALS or other
auxiliary data, was more sensitive to outliers than model-assisted approaches that
incorporated ALS and Sentinel-2 data. Including Sentinel-2 predictors showed
minimal increases to the precision of our estimates relative to models with ALS
predictors alone.
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1  |  INTRODUC TION

Forests provide countless ecological and economic functions, so 
monitoring and estimating forest resources have become global prior-
ities. National forest inventories (NFIs) have been established globally 
to support forest resource estimation for greenhouse gas reporting 
and economic valuations, but NFIs also support other ecological pur-
poses (Chirici et al., 2012; EPA, 2022; Romijn et al., 2015; Tinkham 
et al., 2018; Tomppo et al., 2010). Applications of NFI data include 
ecological indicators of climate change (Horn et al.,  2018; Knott 
et al., 2020; Will-Wolf et al., 2017; Zhu et al., 2012); below-ground my-
corrhizal associations with tree species (Averill et al., 2022; Carteron 
et al.,  2022; Jo et al.,  2019); invasion biology of plants, pests and 
pathogens (Baer & Gray, 2022; Fei et al., 2019; Iannone et al., 2016); 
and biodiversity patterns and processes (Chirici et al.,  2012; Fei 
et al., 2018; Winter et al., 2012; Zeller et al., 2018), among others. 
In addition to characterizing observed ecological patterns and pro-
cesses, NFI data have also supported the parameterization of eco-
logical models including spatially explicit landscape models (Purves 
et al., 2007; Suárez-Muñoz et al., 2021; Wang et al., 2013), tree growth 
models (Lichstein et al., 2010; Giebink, DeRose, et al., 2022; Heilman 
et al., 2022) and species distribution models (Crookston et al., 2010; 
Iverson et al., 2019; Prasad et al., 2020), which aim to predict forest 
responses to changing climate and disturbances.

NFIs collect data on forest attributes at regional to continental 
scales, and the sub-populations  (land  area) of interest included in 
NFIs range from forests impacted by specific activities (e.g. manage-
ment and harvest), forests  of  specific ownership classes (e.g. only 
public land), to only forestland or all land (Tomppo et al., 2010). To 
capture this range, many NFIs use probability-based sampling de-
signs: inventory plots are established across the landscape to collect 
a representative sample of the population of interest (Bechtold & 
Patterson, 2005; Tomppo et al., 2010). These strategic inventories 
(many sites collecting a relatively small quantity of data) provide a 
contrast to traditional, place-based ecological research networks 
(few sampling sites collecting a relatively large quantity of data). 
NFIs require careful planning to ensure estimation of parameters 
are consistent and generalizable across the population of inter-
est (i.e. forestlands). Ongoing efforts to coordinate among NFIs 

internationally (Kovac et al., 2014; McRoberts, Tomppo, et al., 2012; 
Prasad et al., 2020; Tomppo & Schadauer, 2012) aim to ensure con-
sistency in global efforts to provide estimates of how forests miti-
gate and contribute to climate change through the capture, storage 
and emissions of greenhouse gases (such as the United Nations 
Framework Convention on Climate Change, UNFCCC, Reducing 
Emissions from Deforestation and Forest Degradation, REDD+, and 
the Intergovernmental Panel on Climate Change, IPCC; IPCC, 2019).

The recent proliferation of remote sensing technologies has 
facilitated the estimation of forest resources by integrating NFI 
data with remotely sensed data. This process, hereafter ‘data har-
monization’, combines geospatial data and/or data types from mul-
tiple sources (Global Forest Observations Initiative,  2020; Lister 
et al., 2020; White et al., 2013). Remote sensing provides the oppor-
tunity for NFIs to estimate forest resources beyond the small pro-
portion of land inventoried by on-the-ground sampling, filling the 
gaps between NFI plots (Wilson et al., 2013; Yu et al., 2022). Remote 
sensing may also improve cost efficiency of NFIs, for example, strat-
ifying by forest/non-forest to reduce sample size needed to meet 
precision standards, providing low-cost information about forest at-
tributes if NFIs are given a small budget, or reducing travel expenses 
to remote areas where access may be difficult (Lister et al., 2020).

However, NFI definitions and protocols were often formulated 
and established decades before the emergence and proliferation of 
remote sensing (Lister et al., 2020; Tomppo et al., 2010), so geospa-
tial data harmonization using NFI data can lead to outliers—defined 
broadly as potential mismatches among data from different sources 
that lead to values that are biologically untenable or statistically dif-
ferent from the rest (Kendall et al., 1982). For example, NFIs might 
define forest/non-forest based on canopy cover and/or land use, but 
remote sensing might detect forest-like land cover in areas that are 
considered non-forest by NFIs (e.g. trees outside forests in orchards, 
parks and residential areas; Thomas et al., 2021). NFIs must consider 
whether the definitions they adhere to and the attributes these defi-
nitions describe can be characterized through the harmonization of 
remotely sensed and field-collected data.

Here, we provide an overview of potential outliers that arise 
from geospatial data harmonization of remotely sensed and field-
collected NFI data. Our study had two objectives: (1) to provide a 

4. Outliers arise from many causes and can be pervasive in data harmonization
workflows. Our review and case study serve as a note of caution to researchers
and practitioners that the inclusion or removal of potential outliers can have unin-
tended consequences on population parameter estimates. When used to inform
large-scale biomass mapping, carbon markets, greenhouse gas reporting and en-
vironmental policy, it is necessary to ensure the proper use of NFI and remotely
sensed data in geospatial data harmonization.

K E Y W O R D S
airborne laser scanning, data harmonization, Forest Inventory and Analysis (FIA), lidar, 
Sentinel-2
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literature review on common sources of outliers between remotely 
sensed and NFI data and (2) to illustrate the effects of retaining or 
removing outliers on estimates of above-ground live and standing 
dead biomass per unit area (hereafter ‘biomass per unit area’) using 
a case study in Sawyer County, Wisconsin, United States (US). We 
conclude with discussion on how outliers may affect other sampling 
efforts beyond NFIs and how the uncertainty that arises from geo-
spatial data harmonization can have substantial effects on resource 
estimation that informs management, carbon markets and green-
house gas reporting.

2  |  A PRIMER ON REMOTE SENSING -
A SSISTED ESTIMATION

A general data harmonization workflow for estimating forest pa-
rameters (e.g. biomass per unit area) for a population (study area) 
from field-collected and remotely sensed data includes the follow-
ing steps. First, forest inventory data are collected at plots within 
the population of interest to estimate tree- and plot-level biomass. 
Individual tree measurements, usually diameter and height, are con-
verted to tree-level biomass predictions using allometric models. 
The United States Department of Agriculture Forest Service, Forest 
Inventory and Analysis (FIA) program uses a component ratio method 
which first predicts the volume of different components of the tree 
and converts volume to biomass and carbon predictions using scal-
ing factors based on wood densities and carbon fractions (Domke 
et al., 2012; Doraisami et al., 2022; Miles & Smith, 2009; Woodall 
et al., 2011). Other allometric models can be used with NFI data (in-
cluding Jenkins et al., 2003; Chave et al., 2005; Chave et al., 2014; 
Colmanetti et al., 2018; Gonzalez-Akre et al., 2022). These predic-
tions can be standardized to per unit area (e.g. megagrams of bio-
mass per hectare) using expansion factors based on NFI sampling 
design that relate plot area and sample size to the population. Some 
NFIs make publicly available their inventory data and associated 
volume/biomass/carbon predictions (such as the FIA DataMart, 
https://apps.fs.usda.gov/fia/datam​art/datam​art.html) while others 
only release estimates of population parameters such as country- or 
region-level estimates of total forest area (Tomppo et al., 2010).

Next, remotely sensed data are compiled for the same popu-
lation (Figure 1). Passive sensors rely on the reflectance of the sun 
from surfaces, whereas active sensors use their own light or other 
energy source (Lu et al., 2016). Generally, passive sensors provide in-
formation about the reflectance of the forest canopy, whereas active 
sensors have the potential to penetrate the canopy and provide ad-
ditional information (Gonzalez et al., 2010; Vaglio Laurin et al., 2014). 
Remotely sensed data may be delivered as raster data with a fixed res-
olution (hereafter ‘pixel based’) or, in the case of lidar, as point clouds 
for which users are not constrained by a pre-determined grid and can 
‘clip’ data to features (such as an NFI plot footprint) or calculate met-
rics and create summaries at user-defined resolution.

Concurrent forest inventory and remote sensing is possi-
ble when sample size is small and equipment is available (Stovall & 

Shugart,  2018). This is common practice for traditional ecological 
research networks that can commission their own remote sensing. 
However, concurrent field sampling and remote sensing for NFIs 
(generally a large sample size with many field crews) usually become 
economically or operationally unfeasible (Oh et al.,  2022, but see 
Babcock et al.,  2018). Instead, publicly available, large-scale aerial 
(such as uncrewed aerial systems or airplane-based platforms) or sat-
ellite (such as Landsat or Sentinel) remote sensing are typically used. 
Temporal resolution (revisit time) and data quality (due to inconsistent 
lighting condition or cloud cover) often necessitate the use of a time 
window around the field inventory date to get complete coverage of 
the population of interest. Once an appropriate sensor is chosen, ei-
ther measurements from the sensor or metrics are calculated for NFI 
plots and the rest of the population units for the study area.

After compiling NFI plot data and remotely sensed data, one of 
several estimators used to estimate forest biophysical population 
parameters (e.g. biomass per unit area) is selected. Detailed descrip-
tions of these estimators can be found in McRoberts et al.  (2013), 
Ståhl et al.  (2016), Lister et al.  (2020) and McConville et al.  (2020). 
Two estimators were the focus of this study. The simple expan-
sion estimator (hereafter ‘expansion estimator’) relies solely on the 
probability-based NFI sample to generate population estimates. The 
model-assisted estimator uses remotely sensed data to reduce the 
variance (or increase the precision) of the estimate. To do this, the 
model-assisted estimator requires a model to be constructed relat-
ing NFI plot biomass to remotely sensed metrics. Then, this model 
is used to predict biomass for each population unit. Population es-
timates are based on the predicted values for the population units 
but are adjusted based on the NFI plot observations. More details on 
these estimators can be found in the case study below.

3  |  OUTLIERS AND NONRESPONSE

The term ‘outlier’ describes observations that are questionable be-
cause their values are biologically untenable or statistically different 
from the rest, which brings into question whether they are mis-
takenly sampled from a different population or that the sampling 
procedures or model used to predict the attribute have failed to cor-
rectly characterize them (Kendall et al., 1982). This definition allows 
some observations to be characterized as outliers based on random 
effects—by chance they are outside of the range of the rest—while 
others may have known causes due to features of the sampling pro-
cedure or measurement protocol. Outliers due to random effects are 
determined by a threshold for a variable, for example, 1.5 times the 
interquartile range below the first quartile or above the third quar-
tile. In regression, a threshold can be set for either observed values or 
their residuals (difference between observed and predicted values), 
for example, observations with the largest absolute values of residu-
als and are many standard deviations away from the mean (Draper & 
Smith,  1981). There are many other types of outliers where values 
may not reach a statistical threshold, but rather the values are ab-
normal given the inventory procedure or sensor specification. These 

https://apps.fs.usda.gov/fia/datamart/datamart.html
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procedural outliers can arise from a variety of sources: human error; 
accuracy and precision of equipment (such as Global Positioning 
System [GPS], receivers that are influenced by connectivity, weather, 
topography or canopy-related interference); sampling design and 
protocols (such as definitions of forest/non-forest and minimum size 
classes for measurement); and data availability (such as return win-
dow for satellite-based sensors); among others.

Nonresponse—the inability for NFIs to collect data at a given loca-
tion or time—can lead to missing data. Nonresponse occurs for a variety 
of reasons for NFIs, including denied access on private lands or haz-
ardous conditions (Domke et al., 2014; Patterson et al., 2012; Westfall 
et al., 2022). Nonresponse can also arise from plots that cannot be lo-
cated during remeasurements by field crews, plots located in tidal zones 
and plots outside of geopolitical boundaries (Burrill et al., 2021). These 
types of missing data can be missing at random, missing completely at 
random or missing not at random (Little & Rubin, 2002; Rubin, 1987). 
Missing at random and missing completely at random occur when miss-
ingness is not linked to predictor or response variables. If the probability 
of nonresponse is equally likely and is not related to a particular cause 
in an NFI—that is nonresponse is missing completely at random—there 
are ways to compensate for missing data through the probability de-
sign of the NFI by adjusting expansion factors (the amount of land each 

plot represents; Domke et al., 2014). If nonresponse is missing at ran-
dom (missing and observed data have systematic differences but these 
differences can be fully explained by other characteristics of the NFI), 
strata can be constructed to account for these differences (Domke 
et al., 2014). However, if data are missing not at random—that is they 
have a specific cause or are related to a specific stratum or category 
within the NFI—the probability sample can be compromised (Domke 
et al., 2014). For example, if nonresponse arises primarily from forests 
with characteristics unlike the rest of the population (e.g. ownership 
and management), the conclusions drawn from this subset of data are 
no longer applicable to all forestland.

4  |  SOURCES OF OUTLIERS ARISING 
FROM GEOSPATIAL DATA HARMONIZ ATION

4.1  |  Procedural outliers due to NFI protocols and 
definitions

Entities that conduct NFIs identify key populations of interest when 
designing and conducting field data collection. Setting thresholds 
and protocols are important for ensuring the population of interest is 

F I G U R E  1  Passive and active remote sensing of forest inventory plots. (a, c) Passive optical sensors such as Sentinel-2 report metrics in 
rasterized (pixel) form, and plot values are typically based on either the average of overlaid pixels or the pixel that coincides with the plot 
centroid. (b, d) Active sensors such as lidar (right) generate data in point clouds that can be clipped to the inventory plot footprint and allows 
for the detection of features at a finer resolution. Red circles represent an example Forest Inventory and Analysis (FIA) central macroplot 
with radius of 18 m. Normalized Difference Vegetation Index (NDVI) (a, c) can range from −1 to 1, but the colour gradient was scaled to NDVI 
>0 for visualization purposes. Background imagery (b, d) was from the 2010 collection of the National Agriculture Imagery Program (NAIP).
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measured consistently (IPCC, 2019; Tomppo et al., 2010). Thresholds 
and protocols serve as assumptions in models, provide context to 
the interpretation of results and guide precision standards for NFIs 
(Bechtold & Patterson, 2005). Some examples include forest/non-
forest definitions; minimum size thresholds for tree measurement; 
and a nested macro/sub/microplot design to reduce the effort and 
cost to measure and/or tally smaller trees and seedlings, among 
others (Figure 2). Thresholds and protocols are informed by entity 
objectives including cost considerations and precision standards, 
among many other factors (Tomppo et al., 2010).

NFIs pay close attention to where and when data are collected. In 
the FIA program, base-intensity field data are collected for approx-
imately one plot per 2400 hectares of forestland. The FIA program 
collected data intermittently only on productive forestland for the 
first ~80 years of the program's existence (‘periodic’ inventory), but 
beginning in the late 1990s/early 2000s, the FIA program switched 
from periodic to annual inventories, for which a portion of the plots 
(e.g. 1/10 to 1/5) on all forestland within a state are measured each 
year, and each plot is remeasured on a 5- to 10-year interval (gen-
erally, 5–7 years in the eastern US and 10 years in the western US; 
Bechtold & Patterson,  2005). The annual inventory spreads the 
workload of periodic inventories over multiple years, while gaining 
better temporal resolution to detect change by revisiting plots every 
5–10 years. Some areas intensify sampling above baseline sampling 
intensity by increasing the number of plots and/or reducing remea-
surement period.

NFI thresholds limit what is measured on field plots, but re-
mote sensors are often agnostic to these thresholds and have 

specifications of their own. The presence of understorey vegetation 
not measured in the NFI protocol may be predicted by remote sens-
ing, but presence of other non-vegetation objects such as human-
made objects or wildlife may also be predicted (Figure 2). NFIs may 
also set limits on the type of vegetation data collected, for example, 
whether the NFI includes protocols for down dead wood or herba-
ceous understorey vegetation (Bechtold & Patterson, 2005). Trees 
that are near the edge, but just outside of, the NFI plot boundary 
are not measured by field crews, but remote sensing could detect 
canopy features of those trees that extend into the plot; vice versa, 
trees that are just inside the NFI plot boundary will be measured by 
the field crew even though a substantial portion of the tree may fall 
outside of the plot (and is therefore clipped out of the lidar point 
cloud). For pixel-based products, unmeasured vegetation in and 
around the plot contributes to the value of the pixel.

4.2  |  Spatial mismatch of NFI plots between field 
measurement and remote sensing

Co-registration error of NFI and remotely sensed data can occur due 
to inaccuracy of plot coordinate measurements made in the field, 
often obtained through satellite navigation (Dorigo et al.,  2010; 
McRoberts et al., 2018; Pascual et al., 2021). Here, we refer to GPS 
because it is used by the FIA program but note that other NFIs may 
use different satellite navigation technologies (i.e. Global Navigation 
Satellite Systems) that have similar location accuracy concerns. 
Horizontal root mean square errors (RMSE) of consumer-grade GPS 

F I G U R E  2  Detection of forest attributes by Forest Inventory and Analysis (FIA) and remote sensing. Red cylinders indicate FIA subplot 
(solid) and microplot (dashed) footprints that are clipped out of a point cloud. Features in black are measured by FIA and included in the 
point cloud; features in blue may be included in the point cloud but are not measured by FIA; features in red are measured by FIA but not 
included in the clipped point cloud; features in grey are not measured by FIA and are clipped out of the lidar point cloud but may contribute 
to pixel-based metrics of lower resolution satellite imagery such as Normalized Difference Vegetation Index (NDVI) computed from 
Sentinel-2 red and near-infrared bands.
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receivers are typically 5–10 m under forest canopy and is influenced 
by weather conditions, timing of satellites, canopy cover and topog-
raphy that interrupt satellite connections (Kaartinen et al.,  2015). 
Inaccuracy of coordinate measurements may cause a substantial 
number of actual plot centres to be located near the measured plot 
boundary or outside the plot area altogether. The spatial mismatch 
and resultant inaccuracy of biophysical variables can be partially 
alleviated by using survey-grade differential GPS receivers (dGPS) 
(Andersen et al., 2022; Pascual et al., 2021). RMSE of dGPS receiv-
ers are less than consumer-grade GPS receivers, with RMSE typically 
<1 m under closed forest canopy (Hasegawa & Yoshimura, 2003). 
However, managing dGPS receivers merely for plot centre measure-
ment can be expensive and laborious for large-scale NFIs. Coordinate 
averaging can also alleviate inaccuracies (McRoberts et al., 2018) but 
is only possible for plots with multiple remeasurements. Gobakken 
and Næsset (2009) suggest that increasing plot size (increasing the 
ratio between plot size and expected spatial error) can help reduce 
the effects of spatial mismatch by increasing the area of overlap 
even with location inaccuracy; that is, estimates of forest attributes 
for larger plots are less sensitive to spatial errors.

Similarly, differences in spatial resolution of remotely sensed 
data and plot size can lead to spatial mismatch. When plot centroids 
are used to extract a single pixel from rasterized data, the actual 
measured area may contain additional pixels or vegetation outside 
of the measured area that  may contribute to the pixel value, es-
pecially when plot size differs from pixel size (Figure 2; Hyyppa & 
Hyyppa, 2001; Muukkonen & Heiskanen, 2007). Plots may also be 
assigned to an incorrect pixel even when the pixel size is equal to 
plot size if spatial errors are present (McRoberts, 2010). In addition, 
mismatches between plot (often circular) and pixel (square) shape 
may occur (Figure 1c), although the effects of these mismatches are 
minimal (Packalen et al., 2022).

4.3  |  Temporal mismatch

Remotely sensed data are rarely temporally coincident with field-
collected data (Oh et al., 2022). Instead, most remote sensing occurs 
sporadically for aerial-based systems (such as county- or state-
acquired lidar) or on daily to weekly time-scales for satellite-based 
systems (such as a 16-day return period for Landsat 8). In addition, 
data from satellite-based sensors may need to be compiled across a 
wider period to capture days without cloud cover. Because of tem-
poral mismatches, forests can change between field measurement 
and remote sensing. Changes vary in magnitude and cause (biotic, 
abiotic or anthropogenic), from small, natural changes associated 
with stand development and aging, to moderate disturbances due to 
pests, wildlife or silviculture, to large disturbances that remove the 
forest completely such as stand-replacing disturbance (e.g. wildfire, 
flooding and windthrow), clear-cut harvesting and land conversion 
(Fitts et al., 2022). Depending on the sequence of events (remote 
sensing followed by disturbance followed by field sampling, or vice 
versa), forest parameters may be under- or over-estimated when 

harmonizing remotely sensed and NFI data. The selection of an ap-
propriate time window or revisit time should consider the magnitude 
of change in the population parameter of interest. For example, bio-
mass is accumulated slowly so a multiple-year window may be ap-
propriate, but remote sensing to map wildfires may need a restricted 
window and/or use a sensor with a higher frequency revisit time.

4.4  |  Statistical outliers

Some outliers create obvious data anomalies, where algorithms 
based on remotely sensed data predict the presence of trees and/
or other vegetation even though field crews did not collect data 
on these plots (e.g. non-forest plots with trees in the FIA program). 
However, others are more subtle and may only be identified when 
considering a statistical model relating remotely sensed metrics 
to field-collected data. In such cases, plots have abnormally large 
model residuals which contribute to loss of accuracy and precision 
for resource estimates (Draper & Smith,  1981). Statistical outliers 
can be identified by evaluating the distribution of residuals and 
determining if any are larger than a certain threshold (McRoberts 
et al., 2017). Data can also have high leverage (different from the rest 
of the predictor values, detected by large Cook's distance), and may 
be influential (shift parameter estimates when retained/removed).

5  |  HARMONIZING NFI DATA WITH LIDAR 
AND SENTINEL-2:  A C A SE STUDY FROM 
SAW YER COUNT Y, WISCONSIN, USA

5.1  |  Data and methods

5.1.1  |  NFI data from the FIA program

We focused our case study on Sawyer County, WI, USA (ca. 45.89 N, 
91.14 W, Figure S1) because (1) airborne laser scanning (ALS) lidar 
data had become recently available for the county (collected in 
2017) and (2) the county has been well-sampled by the FIA program 
due to the large amounts of forest cover and double intensified sam-
pling over the study period (292 plots, approximately one plot per 
1200 ha forestland). Because the publicly available FIA database an-
onymizes some plot locations (perturbing coordinates and swapping 
plot attributes between a small proportion of similar plots within 
counties to maintain plot integrity and landowner privacy; Bechtold 
& Patterson, 2005), we used actual locations of FIA plots obtained 
from the National Information Management System internal to 
the FIA program. Plots measured between 2012 and 2019 were 
included  to  obtain  full  coverage  of  the  study  area. Each plot con-
sisted of a central 168.1 m2 (7.31 m radius) circular subplot with three 
surrounding subplots with centroids at 0-, 120- and 240-degree 
azimuths (Bechtold & Patterson,  2005). Because observations on 
subplots are spatially autocorrelated with each other, we focused 
solely on the central subplot.
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We compiled biomass estimates for our study from the FIA da-
tabase (Burrill et al., 2021). The FIA program uses a component ratio 
method to predict biomass for individual trees using diameter at 
breast height, tree height and other stand characteristics (Woodall 
et al., 2011). Predictions were calculated at the individual tree level 
for live and standing dead trees and expanded to per-unit-area (me-
gagrams [metric tonnes] per hectare, Mg ha−1) using the FIA expan-
sion factors for the proportion of forest represented on each FIA 
plot.

5.1.2  |  Remotely sensed data 
collection and processing

ALS data for Sawyer County were acquired from the Wisconsin 
State Cartographer's Office. ALS data were collected in April of 
2017 using a Leica ALS 70 lidar sensor at an altitude of 1800 m with 
a 40-degree field of view. The average pulse density was approxi-
mately three returns per m2. Applying the area-based approach to 
lidar inventory (Næsset, 2002; White et al., 2013), we summarized 
vegetation heights within each central subplot using mean, maxi-
mum and quantile return heights in 5% intervals, and vertical stand-
ard deviation, skewness, kurtosis and entropy of the distribution 
of return heights as estimates of vertical heterogeneity. The same 
metrics were then generated for a rectangular grid (pixels) tessel-
lating the county at a resolution that closely matched the area of 
the central subplots. We excluded return points less than 2 m above 
ground to filter out understorey vegetation and greater than 45.7 m 
(the tallest recorded tree for Wisconsin in the FIA database) to filter 
out false returns that are considered noise (Figure 2). We also set 
height = 0 when there were fewer than 10 vegetation returns (<2% 
vegetation on average) per pixel or FIA plot because these were sus-
pected to be incorrectly identified as vegetation by the instrumenta-
tion's point classification system.

Surface reflectance data from the European Space Agency's 
Copernicus Sentinel-2 (Drusch et al.,  2012) were acquired from 
2017 to 2020. We removed clouds, split data into seasons and 
composited across years using the median value for each cloud-
free pixel. We calculated Normalized Difference Vegetation Index 
(NDVI) and Enhanced Vegetation Index and generated tasselled 
cap bands following Shi and Xu (2019). The resulting collection of 
Sentinel-2 data included 33 bands at 20 × 20 m pixel resolution. To 
facilitate the use of both the lidar and Sentinel-2 data, we used 
two versions of ALS data: (1) ALS metrics were calculated from 
vegetation returns in the circular FIA central subplot and tessel-
lated to a subplot-sized grid (described above) for models harmo-
nizing FIA data with ALS only, and (2) gridded ALS pixel data were 
reprojected, resampled and aligned to the 20  × 20 m resolution 
Sentinel-2 images for models harmonizing FIA data with both ALS 
and Sentinel-2. Plots were assigned remotely sensed metrics from 
this 20 × 20 m ALS raster dataset based on the plot centre coordi-
nates and coincident pixels.

5.1.3  |  Identifying outliers

We used multiple criteria to identify potential outliers and con-
structed subsets of the data with and without these potential 
outliers (Table  1). First, scatter graphs of biomass versus ALS 
metrics (Figure  3) revealed that many plots had positive ALS 
return heights but no biomass reported by FIA. Although these 
could be the result of some of the following causes, we simply 
flagged each of these plots as potential outliers. Second, follow-
ing McRoberts et al.  (2018), we identified plots with potential 
GPS errors. We consulted all records of each plot remeasure-
ment since FIA began the annual survey in 1999. For each plot 
in each year of sampling, we calculated the difference between 
the recorded plot coordinates and the average of the coordinates 
across all remeasurements of each plot (generally 3–5 measure-
ments per plot). Then, we identified plots whose coordinates de-
viated by more than 9.29 m from the average plot coordinates; 
these would share less than 25% of the same area (McRoberts 
et al.,  2018). Third, temporal mismatch is a likely issue when 
comparing NFI data to lidar data. Because NFI plots were visited 
across many years to complete the full panel, plot measurement 
dates for only 51 of 292 plots (17%) coincided with the year of 
ALS data collection. We flagged plots as potential outliers when 
there was a clear mismatch between biomass and ALS return 
height (zero biomass reported by FIA but positive ALS return 
height) and the NFI plot was inventoried before or after 2017 
(i.e. ALS collection year). Fourth, although we planned to flag all 
causes of nonresponse (10 possible nonresponse codes in the FIA 
database; Burrill et al., 2021), only denied access plots occurred 
in our dataset. Fifth, plots with zero biomass recorded by FIA and 
ALS indicating no positive vegetation returns are theoretically 
correctly identified; however, inclusion of excessive zeros (zero-
inflation of the predictor and response distributions) may ques-
tion the validity of model assumptions as described below 
(Ancelet et al., 2010). When a model with a non-zero intercept is 
used to estimate biomass as a function of remotely sensed met-
rics, plot observations at the origin increase the variance (have a 
non-zero residual) and may be influential (outside of the distribu-
tion of the rest of data) which can have non-negligible effects on 
the shape of the relationship. When a model is forced through 
the origin, these plots have zero residuals and only affect the re-
lationship via increase/decrease in sample size (the value of n in 
Equations 5 and 6 below). Sixth, our data showed likely hetero-
scedasticity (Figure 3), so we used an approach that accounted 
for unequal variances to identify plots with statistically signifi-
cant residuals following McRoberts et al.  (2018). To do so, we 
constructed a nonlinear model of biomass as a function of ALS 
mean return height (Zmean) (see Equation 3 below), grouped ob-
servations into 12 equal size groups ordered on Zmean, calculated 
within-group variance of residuals and mean of Zmean, estimated 
within-group variance as a function of within-group Zmean, and 
estimated within-group variance (Varpred) for each observation. 
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We then evaluated which observed residuals fell outside of the 
95% confidence interval: CI = 0 ± 1.96

√

Varpred  .

5.1.4  |  Estimating biomass per unit area using 
simple expansion and model-assisted estimators

We used two approaches for estimating county-wide mean above-
ground biomass per unit area, the simple expansion estimator and the 
model-assisted estimator (Cochran,  1991; McRoberts, Gobakken, 
et al., 2012a; McRoberts et al., 2013; Särndal et al., 2003). The ex-
pansion estimator relies on the assumption of an equal probability 
NFI sample and does not require auxiliary data (except for the iden-
tification of outliers). Using the expansion estimator, mean biomass 
per unit area (�̂EXP) can be expressed as:

and variance of the estimate of the mean (Vâr
(

�̂EXP

)

) can be estimated 
as:

where yi is the total biomass at each of the n FIA plots (McRoberts, 
Gobakken, et al., 2012). The expansion estimator serves as a baseline 

(1)�̂EXP =
1

n − 1

n
∑

i=1

yi ,

(2)Vâr
(

�̂EXP

)

=
1

n − 1

n
∑

i=1

(

yi− �̂EXP

)2
,

TA B L E  1  Description, criteria and quantity of different outliers identified in Sawyer County.

Outlier class Description Criteria
Number of outliers 
(% out of 292 total)

Zero biomass, positive 
ALS returns

ALS indicated the presence of trees, but FIA 
reported no biomass

Zmean >0, biomass = 0 49 (16.8%)

GPS errors Spatial mismatch between coordinates of the 
sample and the mean coordinates across all 
remeasurements used to clip the ALS point 
cloud and extract Sentinel-2 variables

Recorded GPS coordinates >9.29 m 
from average coordinates

16 (5.5%)

Temporal mismatches FIA collected data before or after ALS data 
collection, but there was a mismatch (FIA 
reported no biomass but ALS indicated the 
presence of trees)

FIA measurement year ≠ 2017, FIA 
reported 0 biomass but ALS 
vegetation return heights >0 m

FIA before lidar: 31 
(10.6%)

FIA after lidar: 9 
(3.1%)

Nonresponse FIA plot was not measured due to nonresponse. In 
Sawyer County, the only cause of nonresponse 
was denied access

Non-sampled reason code field 
populated in FIA database

14 (4.8%)

Double zero No positive vegetation returns from ALS, and FIA 
reported no biomass

Zmean = 0, biomass = 0 50 (17.1%)

Statistical outliers Large residuals (observed – predicted biomass) Residuals outside of confidence 
interval while accounting for 
heteroscedasticity (see Identifying 
outliers section)

12 (4.1%)

All Plots meet any of the outlier criteria See above criteria 111 (38.0%)

Abbreviations: ALS, airborne laser scanning; FIA, Forest Inventory and Analysis; GPS, Global Positioning System.

F I G U R E  3  Relationship between biomass and mean airborne 
laser scanning (ALS) return height and the presence of outliers. 
Grey symbols indicate Forest Inventory and Analysis (FIA) plots 
(circles = base intensity, triangles = intensified sample) and are 
marked with an additional symbol if they were part of an outlier 
subset. Solid black and grey lines indicate the relationship when 
all or none of the outliers are removed, respectively. Dashed lines 
indicate the relationship when different classes of outliers are 
removed. Note that temporal mismatch classes (FIA before and 
after lidar) are subsets of the zero-biomass, positive lidar return 
class, and that 50 plots (double zero) are at the origin.
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to compare the effectiveness of incorporating remotely sensed data in 
the model-assisted estimator.

For the model-assisted estimator, we compared two models that 
related biomass to remotely sensed data. First, we used a nonlinear 
regression model of the form:

where �1 and �2 are parameters to be estimated and xi is the remotely 
sensed metric of interest, and �i is the residual error. This model was fit 
in R (version 3.6.0, R Core Team, 2019) using the nonlinear least squares 
(‘nls’) function.

Second, we used linear regression models of the form:

and

where � j is the jth parameter to be estimated for each of J remotely sensed 
metrics xi,j. Equation 4 differs from Equation 5 in that it includes a non-
zero intercept. Fitting linear models and calculation of the model-assisted 
estimators were performed in R using the linear model (‘lm’) function.

Using the different model forms with the model-assisted estima-
tor, the estimate of mean biomass per unit area can be expressed as:

where N is the population size (pixels in the county), and ŷi is the pre-
dicted value of biomass from Equations  3, 4, or 5. The variance of 
the biomass estimate can be expressed as:

where �i = ŷi − yi.
To show how the inclusion or removal of outliers affects variance 

estimates relative to a null baseline, we calculated a variance ratio 
(VR):

where Vâr
(

�̂NULL

)

 is the variance of the expansion or model-assisted 
estimator of the full sample and Vâr

(

�̂EST

)

 is the variance obtained on 
an outlier-removed subset using Equations 2 and 7 for expansion and 
model-assisted estimators, respectively. The VR was also used to com-
pare model-assisted estimators to the null expansion estimator using 
all data (i.e. no outliers removed); this special case is relative efficiency 
and can be interpreted as the factor by which the sample size would 
have to be increased for the expansion estimator to produce the same 
variance as the model-assisted estimator.

We used two data sources for predictors in model-assisted es-
timators, ALS and Sentinel-2. We calculated a correlation coeffi-
cient between biomass and a suite of ALS and Sentinel-2 metrics 
and chose the predictors with the largest correlations to include in 
our models for the model-assisted estimators (Figure S2). Our mod-
els included a nonlinear model with mean vegetation return height 
(Zmean) from ALS and a linear model with autumn tasselled cap band 
2 (greenness, TC2) from Sentinel-2. We also included the linear 
model with the lowest corrected Akaike information criterion that 
combined ALS with Sentinel-2, which used ALS Zmean and Sentinel-2 
spring NDVI.

5.2  |  Case study results and discussion

In total, we flagged 111 of 292 FIA plots (38.0%) as potential outli-
ers. Most of these outliers (99, 33.9% of the total FIA plots) had zero 
biomass recorded by FIA, and 50 plots (17.1%) also had zero positive 
vegetation returns (Table  1, Figure  3). However, the remaining 61 
plots (20.8%) had potential issues. For example, plots with no bio-
mass but positive ALS returns were abundant (49 plots, 16.8%). Of 
these, 31 plots (10.6%) were measured before, and 9 plots (3.1%) 
were measured after 2017 (the year ALS data were collected). In ad-
dition, we found 16 plots (5.5%) with potential GPS error. Of these 
plots, 4 plots (1.4%) had no recorded biomass, but 12 plots (4.1%) 
had some reported biomass. Nonresponse from denied access ac-
counted for 14 plots (4.8%). Finally, our analysis of model residu-
als indicated that 12 plots (4.1%) were statistical outliers. Although 
the proportions of these different types of outliers might be context 
dependent, extrapolating to the full NFI of approximately 130,000 
plots, the removal of the most abundant outlier class (zero biomass 
but positive ALS returns) could lead to upwards of 22,000 plots re-
moved from national-scale biomass estimation.

We produced estimates of county-wide biomass per unit area 
when retaining and removing outliers from the analysis using expan-
sion and model-assisted estimators. We compared mean and variance 
of biomass estimates, and whether model-assisted versus expansion 
estimators were more sensitive to the inclusion of outliers (Figure 4, 
Tables 2 and 3). We found that mean biomass estimates were smaller 
using the nonlinear model-assisted estimator (Equation 3) versus the 
expansion estimator (all points below the 1:1 line in Figure  4) but 
were similar when comparing the nonlinear model-assisted estima-
tor using Zmean versus the linear model-assisted (with no intercept) 
estimator using Zmean + NDVI as predictors (Equation 5, Figure S3). 
The model using only the Sentinel-2 TC2 as a predictor was less ac-
curate than models that included ALS Zmean and was removed from 
the rest of the analysis. Relative efficiency was >1.88 (approximately 
two- to threefold reduction in variance, Table 3) when using the lin-
ear and nonlinear model-assisted versus expansion estimator, re-
gardless of the removal of any class of outlier, indicating a successful 
harmonization of ALS, Sentinel-2 and FIA plot data. VR comparing 
the model-assisted estimators on the full sample versus outlier-
removed subsets showed that removing statistically significant 

(3)yi = �1xi
�2 + �i ,

(4)yi = �0 +

J
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j=1

� jxi,j + �i ,
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ŷi − yi
)

,

(7)Vâr
(

�̂MA

)

=
1

n(n − 1)

n
∑

i=1

(

�i−�
)2
,

(8)VRNULL∕EST =
Vâr
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F I G U R E  4  Mean biomass per unit area (AGB, Mg ha−1) estimated using expansion (EXP) and model-assisted (MA) estimators. Error bars 
represent 95% confidence intervals. Dashed line indicates 1:1 relationship and dotted lines indicate null model (no outliers removed) mean 
biomass.

TA B L E  2  Estimates of mean (�̂) and variance (V̂ar
(

�̂
)

) of above-ground biomass (Mg ha−1) using model-assisted linear (MA_lin) and 
nonlinear (MA_nl) and simple expansion (EXP) estimators.

Outliers removed n �̂EXP V̂ar
(

�̂EXP

)

�̂MA_nl V̂ar
(

�̂MA_nl

)

�̂MA_lin V̂ar
(

�̂MA_lin

)

None 292 65.65 20.70 61.14 9.63 63.84 11.02

FIA after lidar 283 67.74 21.54 62.85 9.19 65.52 10.59

Statistically significant 280 59.12 17.24 55.21 6.30 58.15 7.71

Nonresponse 278 68.95 22.02 64.15 8.77 66.68 10.12

GPS error 276 63.73 20.55 61.42 8.63 63.88 9.68

FIA before lidar 261 73.44 23.72 66.07 8.65 69.48 9.69

Zero biomass, positive lidar 
returns

243 78.89 25.60 70.13 7.83 73.68 8.77

Double zero 242 79.21 25.70 61.13 9.63 54.38 10.53

All 181 97.18 29.81 70.37 6.96 66.48 7.51

Abbreviations: FIA, Forest Inventory and Analysis; GPS, Global Positioning System.

Outliers removed
MA nonlinear 
RE

MA nonlinear 
VR

MA linear 
RE

MA linear 
VR

None 2.15 — 1.88 —

FIA after lidar 2.25 1.05 1.95 1.04

Statistically significant 3.29 1.53 2.68 1.43

Nonresponse 2.36 1.10 2.05 1.09

GPS error 2.40 1.16 2.14 1.14

FIA before lidar 2.39 1.11 2.14 1.14

Zero biomass, positive lidar 
returns

2.64 1.23 2.36 1.26

Double zero 2.15 1.00 1.97 1.05

All 2.97 1.38 2.76 1.47

Abbreviations: FIA, Forest Inventory and Analysis; GPS, Global Positioning System.

TA B L E  3  Relative efficiency (RE) 
comparing the variance of the null 
expansion (EXP) estimator (all data 
included) to the model-assisted (MA) 
estimators and variance ratio (VR) 
comparing the MA estimator from 
outlier-removed subsets to the null model-
assisted estimator (all data included).
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outliers had the largest reduction of variance (VRNONE/STAT = 1.53 
and 1.43 for the nonlinear and linear model-assisted estimators, re-
spectively, Table 3).

Removal of outliers had larger effects on the expansion estima-
tor than on the model-assisted estimator. Our model-assisted esti-
mator used a nonlinear model that is forced through the intercept 
which led to plots with biomass = 0 having zero residuals. Removal 
of any type of zero biomass outliers had larger effects on esti-
mates of mean biomass per unit area using the expansion estima-
tor, where removing zero-biomass outliers decreased denominator 
in Equation  1 (Figure  4). Because GPS errors happen sporadically 
(i.e. approximately equal number of positive and negative residuals, 
Figure 3), we found that the removal of data for plots with poten-
tial erroneous GPS coordinates had the smallest differences for es-
timates of mean biomass per unit area (Table 2). In total, when all 
outliers were removed, estimates of mean and variance of biomass 
per unit area increased by 48% and 44%, respectively, in the ex-
pansion estimator, versus 15% increase in estimated mean and 28% 
reduction in estimated variance of biomass in the nonlinear model-
assisted estimator.

6  |  WHAT TO DO WITH OUTLIERS?

There are many proposed methods for dealing with outliers. 
Often, outliers that arise from protocol are considered in the QA/
QC procedure of data analysis and are removed from the sample 
(McRoberts et al., 2017). These data are often removed from the 
analysis because issues can be easily traced to their source within 
the NFI protocol/definitions or data quality issues. However, the 
choice to retain or remove these data can have consequences for 
the estimation of forest population parameters (e.g. mean biomass 
per unit area), especially when using an estimator that relies solely 
on the field-collected data (i.e. the expansion estimator). In our 
case study, 4.1%–16.8% of FIA plots may be outliers if defined by 
a single criterion or 38% if all criteria are used. The removal from 
the analysis greatly reduces sample size and brings into question 
whether the sample can still be characterized as a probability sam-
ple of the NFI. The contribution of each sample unit to population 
estimates using design-based estimators decreases as sample size 
increases (Equations 1 and 6), so the removal of outliers in small 
area estimation (when sample size is already limited) can lead to 
unstable population estimates (Breidenbach & Astrup,  2012; 
Goerndt et al., 2011).

Another option is to use methods that are more robust to out-
liers. Using zero-inflated models that account for the presence of 
structural zeros (i.e. those that arise from protocol definitions) in 
addition to random zeros (i.e. ‘true’ zeros that arise from variabil-
ity in the attribute of interest) can help reduce the effects of zeros 
on the relationship between predictor and response, but methods 
to do so are rarely applied to forest biomass estimation (Ancelet 
et al., 2010). Rubin (1987) suggests that instead of assuming these 

values are zeros or removing them from the dataset, multiple impu-
tation (i.e. imputing the value multiple times based on a distribution 
rather than a single time based on the mean) can help to retain the 
sample size while accounting for uncertainty in the ‘true’ value of 
the missing data. Models such as k-nearest neighbours, random for-
ests and other machine learning algorithms are potentially robust to 
outliers, but interpretability of relationships and sensitivity to other 
characteristics of the data (such as sample size) may hinder their ap-
plicability (McRoberts et al., 2017; Yang et al., 2022).

There is the option of doing nothing with the outliers, and the 
effects may vary based on the estimator. For the expansion estima-
tor, when outliers are removed, the sample size decreases, which 
can cause an increase in uncertainty (Equation 2). Our case study 
from Wisconsin shows this trade-off: estimated variance increased 
when all types of outliers except statistically significant residuals 
or GPS errors were removed. By using a model-assisted estimator, 
estimated variance was reduced (VR > 1) for all subsets, indicating 
that model-assisted estimators were less sensitive to reduced sam-
ple size.

There are programmatic changes that can be made to alleviate 
future effects of outliers. Lister et al.  (2020) highlight the use of 
remote sensing in pre-field analysis by FIA (i.e. to reduce the like-
lihood and associated cost of sending a field crew to measure a non-
forested area) and how the evolution of the technology and imagery 
used in this process have increased precision of the NFI. Continued 
improvements to pre-field remote sensing can help reduce the num-
ber of outliers by improved detection of forest changes that spatially 
and temporally align with field inventories. Uncertainty in plot loca-
tions when using commercial grade GPS receivers (errors as great as 
10 m) can be partially alleviated if NFIs invest in survey grade dGPS 
units. When the use of dGPS is economically or operationally unfea-
sible, some GPS errors can be reduced through coordinate averaging 
(McRoberts et al., 2018), although in our case study, GPS errors did 
not strongly influence the accuracy or precision of mean biomass 
estimates (Figure 3). Other protocol definitions could be adjusted to 
better ensure that remote sensing-based models are predicting the 
same attributes that are being measured in the field. For example, 
sampling of smaller trees and other understorey vegetation could 
be expanded to the full subplot area (Figure 2). In our case study, we 
filtered out ALS vegetation returns <2 m to mimic the lack of under-
storey sampling in the FIA protocol (Bechtold & Patterson, 2005). 
Methods for accounting for nonresponse, such as imputing esti-
mates based on previous measurements and/or other NFI plots in 
the population and improving the process to request access, could 
reduce the likelihood of nonresponse-related outliers and their 
impacts on estimation (Domke et al.,  2014; Westfall et al.,  2022; 
Westfall & Wilson,  2022). Mismatches in observed and predicted 
biomass resulting from temporal mismatches between field sampling 
and remote sensing may be due to harvest or other disturbance, so 
incorporating more information about drivers of change may help 
better diagnose temporal mismatches (Edgar & Westfall, 2022; Fitts 
et al., 2022).
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7  |  E X TENDING BE YOND THE NFI

Our review focused on NFIs, but discussion on outliers from geo-
spatial data harmonization could be applied to other survey data. 
The quantity of ecological research networks has increased over 
recent years and serve a variety of purposes, including measur-
ing gas fluxes using eddy covariance (regional flux tower sampling 
networks embedded within the international FLUXNET network), 
sampling aquatic and terrestrial biodiversity (United States National 
Ecological Observatory Network, NEON, Forest Global Earth 
Observatory Network, ForestGEO, among others), and coordinat-
ing experiments across sites (Long Term Ecological Research, LTER, 
Nutrient Network, NutNet, among others). These networks are 
conducting their own remote sensing (such as the airborne observa-
tion platform from NEON or eddy covariance data from FLUXNET) 
and/or compiling other sources of remotely sensed data in a similar 
manner to the workflow described here (Davies et al., 2021; Friend 
et al., 2007; Kamoske et al., 2022; Musinsky et al., 2022). For ex-
ample, NEON data have been used in data harmonization work-
flows for studying patterns of biodiversity (Kamoske et al., 2022), 
but the relationship between remotely sensed and on-the-ground 
measurements may be less reliable than expected (Pau et al., 2022). 
ForestGEO sites collect field inventory data over the course of 
many years, but remote sensing (commissioned at ForestGEO sites 
or compilation of other remote sensing) may not be temporally co-
incident (Davies et al., 2021). As these ecological research networks 
continue to grow and expand their sampling and analyses, they 
should continue to address questions about the validity of their 
data harmonization workflows.

Methods for harmonizing Global Ecosystems Dynamics 
Investigation (GEDI) satellite-based lidar with other sensors and field 
inventory data are of recent interest for global biomass mapping 
(Kellner et al., 2022; Silva et al., 2021). The GEDI L4B gridded bio-
mass product was built using a suite of biomass models (Duncanson 
et al.,  2022), and Dubayah et al.  (2022) showed high correlation 
between GEDI biomass and an aggregated FIA biomass product 
(64,000 ha hexagons containing an average of 20 FIA plots; Menlove 
& Healey, 2020). Due to the location errors of FIA plots and GEDI 
footprints (~10 m each on average), it is uncertain whether spatial 
co-registration of these two data sources can be achieved at the 
plot/footprint level (Roy et al., 2021). Additionally, GEDI is near the 
end of its life span, and it is uncertain if GEDI or a similar programme 
will exist in the future. Practitioners incorporating GEDI or any other 
remotely sensed data in geospatial data harmonization workflows 
should consider whether the longevity of a particular remote sensing 
mission will preclude its use in future applications.

NFI data are being used to assess carbon baselines and 
additionality—the relative increases in carbon stored on the land-
scape due to forest management practices such as delayed harvest, 
reforestation and prevention of land conversion—as potential natural 
climate solutions (Badgley et al., 2022; Giebink, Domke, et al., 2022). 
These baselines rely on the assumption that field-collected data 
and remote sensing are properly linking remotely sensed metrics 

to carbon stocks or biomass. But, as shown in our case study, the 
precision and accuracy of these baseline estimates may be sensi-
tive to potential outliers. Furthermore, if local calibration and vali-
dation of model estimates and/or data products are conducted and 
sample plots are removed to compensate for outliers identified as 
part of this process, that may jeopardize the underlying probability 
sample used to calculate design-based estimates of the population 
parameter of interest (Anderson-Teixeira & Belair,  2022; Badgley 
et al., 2022).

In summary, our review and case study serve as a note of 
caution to researchers and practitioners aiming to harmonize 
remotely sensed data with field-collected data to ensure that 
what is being measured in the field is being predicted by mod-
els based on their remote sensing technologies of choice. The 
inclusion or removal of outliers may have large effects on the 
estimation of forest resources, and therefore careful attention 
should be paid to the workflow used and whether the treatment 
of outliers will impact the conclusions drawn from geospatial 
data harmonization.
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Figure S1. Map of study area and examples of remotely sensed data. 
Dots indicate publicly available (i.e., perturbed) FIA plot coordinates.
Figure S2. Correlation between Sentinel-2 metrics and aboveground 
biomass (TOTAL_AGB). Variables with the highest correlation with 
TOTAL_AGB (TC2_fa and ndvi_sp) were used to build a linear model 
for the model-assisted estimator.
Figure S3. Relationship between linear and nonlinear model-
assisted  (MA) estimators. Nonlinear estimator used the model 
form yi = �1xi

�2 + �i (Equation 3) where xi  = Zmean for the ith plot, 
and the linear estimator used the model form yi =

∑J

j=1
� jxi,j+ �i 

(Equation 5) where xi,1  = Zmean and xi,2  = Sentinel-2 spring NDVI for 
the ith plot. Dashed line indicates 1:1 relationship and horizontal and 
vertical dotted lines indicate null model (no outliers removed) mean 
aboveground biomass per unit area (AGB).
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