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In 2023, a new generation of National Land Cover Database (NLCD) Tree Canopy Cover (TCC) data were pro-
duced that include annual 30m gridded time-series products for the Conterminous United States (CONUS). These
NLCD TCC v2021.4 products have more frequent time steps, inter-annual coherency, lower product release la-
tency, improved accuracy, uncertainty metrics, and documentation over previous versions. Our methodology
leveraged Google Earth Engine (GEE) to generate annual time-series composites from Landsat and Sentinel-2
imagery that were used to predict annual pixel-wise TCC. Next, we used a moving window approach with a
5x5 window of equal-area tiles (480 x 480 km) to calibrate 54 random forest models on 2011 Forest Inventory
and Analysis (FIA) reference data. Then we used model temporal transfer to apply each 2011 model to the
window’s center tile, with annual time-series predictors, to predict per pixel annual TCC and standard error (SE).
To quantify model uncertainty, we simulated uncertainty for each TCC model to derive an uncertainty metric,
Tau (1), which enables users to incorporate confidence boundaries into environmental and ecological applica-
tions using the NLCD TCC v2021.4 data. An independent statistical assessment of the 2011 TCC map, conducted
using 16,607 FIA observations, yielded a weighted Root Mean Square Deviation (RMSDy,) of 12.8 percent TCC
and weighted Mean Absolute Error (MAE,,) of 8.0 percent TCC at the CONUS scale. This paper provides a
detailed description of the methodology and example use cases of the NLCD TCC and United States Forest Service
Science v2021.4 products, paving the way for robust and repeatable future TCC updates.

1. Introduction et al.,, 2022), fractional snow mapping and surface temperatures to

inform wildfire risk and water availability (Rittger et al., 2020; Pestana

Forest structure is crucial for ecosystem health and stability
providing vital services that are key to business and industry sustain-
ability and human-wellbeing (Millennium Ecosystem Assessment (Pro-
gram), 2005a; Millennium Ecosystem Assessment (Program), 2005b;
Diaz et al., 2015). Therefore, tree canopy cover (TCC) data, such as the
National Land Cover Database (NLCD), are essential for policy and de-
cisions on sustainable management of natural resources. The TCC data
meet a diverse set of user communities’ needs ranging from public cit-
izens and institutions to private industry, providing critical support for a
wide range of practical applications such as forest health, disturbance
dynamics and recovery (Poulos et al., 2021; Berryman and McMahan,
2019; Wickham et al., 2023), wind storm economic loss and risk
modeling (Lavelle et al., 2023), bioenergy suitability studies (Guler
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and Lundquist, 2022), urban energy related costs (McDonald et al.,
2020), and improving the precision of forest inventory estimates
(Freeman et al., 2024; Lister et al., 2020).

TCC data are continuous data that can change gradually or abruptly
through space and time, making it distinct from thematic data classifi-
cations like forest cover and land use (Nelson et al., 2020). For example,
the U.S. Department of Agriculture (USDA), Forest Service, Forest In-
ventory and Analysis (FIA) Program, the congressionally mandated and
authoritative source for data on the nation’s forests, uses a forest defi-
nition that specifies at least 10 percent TCC of any size tree or has evi-
dence of at least 10 percent TCC in the past, among other criteria
(Oswalt et al., 2019). Internationally, the United Nations Food and
Agricultural Organization also defines forest as land with potential
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canopy cover over 10 percent (Food and Agriculture Organization of the
United Nations, 2015). Additional criteria used in forest cover class
definitions usually include temporal considerations, land use, tree
abundance and arrangement, and sometimes species.

In 2001, recognizing the need for spatially continuous authoritative
TCC data, the Multi-Resolution Land Characteristics consortium added
TCC to the United States Geological Survey (USGS) National Land Cover
Database (NLCD) product suite, which included thematic classification
and fractional impervious cover layers (Homer et al., 2004; Wickham
et al., 2014). In 2011, the USDA Forest Service began producing the
NLCD TCC calibrated with the FIA program’s Nationwide Forest In-
ventory data (a plot-based inventory and monitoring data set and a
Federal Geographic Data Asset in the same theme), which the
Multi-Resolution Land Characteristics consortium continues to
distribute as part of the USGS NLCD product suite (Coulston et al., 2012;
Homer et al., 2015). These TCC data provide unique complementary
data when combined with other components of the NLCD data suite. For
example, the NLCD data suite can provide customers across the nation
with annual measures of percent canopy cover over impervious surfaces
in developed areas to improve estimates of storm water run-off in hy-
drologic models (Dowtin et al., 2023). NLCD TCC is the only continuous
(0-100 percent) TCC Federal Geographic Data Asset in the Land Use -
Land Cover theme, that can adequately support both forest inventory
(status) and monitoring (trends) (Sohl et al., 2025).

The ability to regularly monitor Earth’s surface through time using
freely available, moderate resolution (10-30m) imagery, has fueled a
revolution in the production of temporally continuous and coherent data
products (Woodcock et al., 2020; Drusch et al., 2012; Wulder et al.,
2012; Friedl et al., 2022) at national (White et al., 2017; Zhao et al.,
2018; Brown et al., 2020; Boryan et al., 2011) and global scales (Gong
et al., 2013; Hansen et al., 2013; Buchhorn et al., 2020; Potapov et al.,
2022; Zanaga et al., 2022). Data products produced at large scales
require significant computing infrastructure and extensive image
pre-processing to increase signal-to-noise ratio with the diverse earth
observation data. Recognizing these challenges, the NLCD TCC stake-
holders identified three goals: 1) produce temporally coherent annual
time-series of TCC, 2) improve TCC efficiency and reproducibility, and
3) improve product accuracy and uncertainty metric reporting.

To meet NLCD stakeholders’ goals, we developed an innovative
workflow that combines local and Google Earth Engine (GEE) environ-
ments with full consideration of decreasing development costs and
increasing production speed (Gorelick et al., 2017; Woodcock et al.,
2008; Wulder et al., 2022). GEE offers a comprehensive library of im-
agery assets and derivatives, enabling quick processing using
high-performance parallel computing capabilities, which reduces the
need for extensive in-house information technology capabilities and
subjective manual analyst steps that increase development costs, such as
those needed to reduce boundary artifacts (Hansen and Loveland, 2012;
Ruefenacht et al., 2022; Yang et al., 2018). The hybrid of cloud and local
processing allowed us to release an annual TCC dataset with full accu-
racy and uncertainty characterization without compromising model
performance. GEE computing costs, managed through Google Cloud
Platform, were an initial consideration and will continue to be moni-
tored for future NLCD TCC data releases.

This manuscript summarizes how the USDA Forest Service met
stakeholders’ needs with innovative workflows developed and imple-
mented in local and GEE environments used for image processing,
modeling, and post-regression routines, as well as more robust quality
assurance, reference data, and accuracy assessments. These new tech-
niques were first incorporated into the USDA Forest Service production
of the annual CONUS NLCD TCC v2021.4 that includes the Science
(2008-2021) and NLCD (2011-2021) TCC products released publicly in
2023.
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2. Methodology

Fig. 1 illustrates the new USDA Forest Service TCC workflow that was
developed and rigorously tested over several years to produce the
annual NLCD TCC v2021.4 products. The testing and implementation of
the new workflow techniques were piloted over at least 4-6 of our GEE
processing tiles (each roughly the size of Colorado). We first performed
Quality Assurance (QA) and Quality Control (QC) - together referred to
as QAQC - on 2011 FIA reference data on local computers and leveraged
GEE to generate predictor data that includes static terrain, Cropland
Data Layer data, and fitted spectral data. Static and 2011 fitted spectral
predictor data were exported for local processing where they were
joined with the QAQC 2011 FIA reference data in training tables to
calibrate and create time-invariant Random Forest (RF) models. The
time-invariant RF models were generated across 54 equal-area tiles
(480 x 480 km) using a 5x5 moving window approach that avoided GEE
memory constraints and reduced model output artifacts. Next, RF
models were ingested into GEE and used to predict annual Science TCC
images that include two model outputs: per-pixel TCC predictions and
model errors. Following model prediction, we implemented a post-
regression routine that was applied to the Science TCC images to pro-
duce NLCD TCC. The post-regression routine reduced artifacts and
interannual noise, resulting in more stable TCC trends. The workflow
developed to produce annual TCC products has multiple outputs
including the annual Science TCC and Standard Error (SE), information
on model uncertainty (Tau) and model performance, and the refined
annual NLCD TCC product (TCC only).

2.1. Reference data

For decades, efficacy and cost criteria for national scope
management-level projects have dictated that remotely sensed TCC es-
timates are the only feasible option for wide-scale data capture. There
are many ways to quantify percent TCC — the amount of tree cover for a
specific area of observation — each with its own strengths, weaknesses,
accuracies, and application suitability (Jennings et al., 1999; Gatziolis,
2012; Ma et al., 2017; Tang et al., 2019; Tompalski et al., 2021; Smith
et al.,, 2008). For the NLCD TCC project, the FIA program
photo-interpreted tree (crown) canopy cover on 63,010 plots using the
FIA annual inventory probabilistic sample design for the 2011 panel
(Ruefenacht et al., 2022; Bechtold and Patterson, 2005). The photoin-
terpretation protocol and associated quality control procedures are
documented by Goeking et al. (2012). USDA National Agriculture Im-
agery Program 1-m 4-band imagery was used, with imagery primarily
from 2011 or earlier, depending on each state’s National Agriculture
Imagery Program acquisition schedule (USDA Farm Production and
Conservation).

Data quality is often more important than data quantity in machine
learning. To ensure data quality, we implemented proactive preventa-
tive QAQC measures to identify and address potential issues with the
reference data plots. We removed 476 plots due to quality issues, 1972
plots with low confidence based on FIA data collection protocols, and
703 plots with multiple photo interpretations (Ruefenacht et al., 2022).

To ensure stability of reference data over time, we implemented
three temporal QAQC procedures: spectral stability, false zero TCC, and
temporal mismatches. For the spectral stability procedure, we normal-
ized the time-series of annual spectral composites (see section 2.2) and
identified reference data plots that intersected pixels with low spectral
variability through time. We combined these data with predictor data
(see section 2.2) creating spectrally stable training datasets. We applied
bootstrap and RF algorithms in R to these datasets creating 500 boot-
strapped TCC predictions (R Core Team, 2020). We differenced the TCC
observed and bootstrapped TCC predicted values through time. We used
a threshold of greater than 70 percent difference to flag potential un-
stable reference data plots. These plots were visually examined by
experienced analysts, resulting in the removal of 47 low quality
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Fig. 1. The NLCD TCC v2021.4 workflow for the Science and NLCD TCC products. The workflow components legend labels characteristics in the larger work-

flow diagram.

reference data plots.

The second temporal QAQC check was designed to evaluate false
zero TCC observations. We identified 844 reference data records with
both a TCC value of less than one percent and a tree-covered label in the
intersecting pixel of the Forest Service Landscape Change Monitoring
System (LCMS) product (USDA Forest Service, 2023). Analysts inspected
high resolution aerial imagery at these locations and confirmed 549
reference data plots were true positives (i.e., zero TCC values). The
remaining 295 reference data plots were predominantly located in the
Southwestern US, where discriminating shrub vs tree cover in 1 m im-
agery is notoriously challenging. These plots were removed from the
reference data.

The final temporal QAQC check was designed to address noise
introduced to the modeling relationships due to temporal mismatches.
The National Agriculture Imagery Program imagery used in the TCC

photointerpretation ranged from 2009 to 2011, while predictor data
used for model building is from 2011 (see section 2.2). If reference data
locations experienced tree cover losses or gains after the imagery data
used for photointerpretation and prior to collection dates for the 2011
spectral predictors, this temporal imprecision could introduce noise to
the models. We identified and removed 1384 reference data plots that
intersected with LCMS-labeled forest cover loss and 2792 that inter-
sected with LCMS-labeled forest cover gain between 2008 and 2012,
mostly in the highly dynamic forest systems of the Southeastern US.

In total, these QAQC efforts removed 7.9 percent of reference data
plots from the original dataset. The remaining 55,356 reference data
plots were randomly divided into two groups —70 percent for model
training and 30 percent for independent map accuracy assessment.
Table 1 includes the number of reference data plots used in each 5x5
moving window tile model.
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Table 1

Science of Remote Sensing 12 (2025) 100301

Number of plots used for model training, mean observed tree canopy cover with standard deviations, and random forest out-of-bag model performance metrics (root
mean square deviation and percent variance explained) for each of the 54 mapping tiles and for each set of predictors.

Tile Number of Plots Set 1 Set 2

mean tcc +sd RMSD PVE mean tce +sd RMSD PVE
0 11,491 26.3 + 36.4 13.5 86.1 32.8 + 36.0 13.5 86.2
1 12,103 36.9 + 40.9 14.3 87.7 37.5 + 40.6 14.2 87.9
2 9133 50.3 +£42.8 14.4 88.7 39.4 £ 42,6 14.3 88.7
3 6498 51.6 + 42.7 14.2 88.9 39.6 + 42.5 14.2 88.9
4 10,638 9.1 +£17.0 10.2 63.4 13.2 + 16.7 10.2 63.6
5 14,773 9.1+17.9 11.3 60.1 13.6 +17.9 11.3 60.5
6 18,725 14.5 £ 26.7 12.0 79.7 23.3 £ 26.6 11.9 79.9
7 21,013 19.7 + 31.8 12.8 83.7 28.3 + 31.5 12.7 83.9
8 21,828 28.5 +37.9 13.5 87.1 34.4 +37.6 13.5 87.3
9 21,219 35.1 +40.4 14.1 87.8 36.9 + 40.1 14.0 87.9
10 17.096 41.4 +£41.5 14.0 88.6 38.4 +41.3 13.9 88.7
11 12,607 44.5 + 41.7 13.9 88.9 38.6 + 41.5 13.8 89.1
12 10,400 10.3 +20.2 10.4 73.2 17.0 + 20.1 10.4 73.2
13 16,060 9.3 £18.9 10.3 70.2 15.6 + 18.8 10.3 70.5
14 22,078 8.6 +18.6 10.9 65.4 14.7 + 18.6 10.9 65.8
15 28,423 12.0 + 24.6 11.3 78.9 21.1 + 24.4 11.2 79.2
16 31,512 17.5 £ 30.3 12.2 83.7 27.1 £+ 30.1 12.2 83.8
17 31,475 24.6 + 35.9 13.0 86.9 32.9 + 35.7 12.9 87.1
18 30,570 31.8 £39.1 13.6 87.8 35.8 + 38.9 13.5 87.9
19 25,200 38.6 + 40.4 13.8 88.4 37.3 £40.2 13.6 88.6
20 17,856 44.3 + 40.6 14.1 88.0 37.3 + 40.4 13.9 88.2
21 10,815 51.7 + 40.1 14.2 87.4 36.6 + 39.9 14.0 87.7
22 12,897 13.9 £ 24.8 11.3 79.3 21.9 £ 24.8 11.3 79.4
23 19,939 11.3 +£22.1 10.6 76.9 19.1 + 22.1 10.6 77.1
24 26,858 9.8 +£20.8 10.9 72.8 17.5 + 20.8 10.8 72.9
25 34,483 12.8 + 25.5 11.3 80.3 22.2 +25.3 11.2 80.6
26 37,158 18.0 + 30.7 12.2 84.3 27.6 + 30.5 12.1 84.5
27 35,763 23.8 + 35.6 12.7 87.3 32.4 + 35.4 12.6 87.4
28 33,098 31.5 + 39.0 13.4 88.1 35.7 + 38.7 13.3 88.3
29 27.503 39.8 + 40.4 13.8 88.3 37.3 +40.2 13.6 88.6
30 18,653 46.8 + 40.5 13.9 88.1 37.5 + 40.4 13.8 88.4
31 11,111 54.4 + 39.4 13.9 87.6 36.1 + 39.3 13.7 87.9
32 12,627 14.4 £ 25.2 11.4 79.6 22.3 £25.3 11.4 79.7
33 18,924 11.7 + 22.7 10.6 78.5 20.0 + 22.7 10.5 78.8
34 24,940 9.6 +20.8 9.9 77.2 18.1 + 20.8 9.9 77.5
35 31,432 11.4 +23.7 10.4 80.9 20.8 + 23.6 10.3 81.2
36 33,190 16.2 + 29.0 11.4 84.6 26.2 £ 29.0 11.3 84.9
37 31,234 21.6 + 34.2 11.8 88.1 31.5 + 34.0 11.7 88.3
38 29,010 29.7 +38.2 12.6 89.1 35.4 + 38.0 12.5 89.3
39 24,318 38.4 + 39.8 13.5 88.4 36.7 £ 39.7 13.4 88.7
40 16,582 46.3 + 40.2 13.7 88.4 37.1 + 40.0 13.5 88.6
41 9892 54.9 + 39.1 13.5 88.1 36.1 + 39.0 13.3 88.4
42 9997 16.7 + 27.3 12.2 79.8 24.0 +27.3 12.2 80.1
43 14,726 13.1 + 24.6 11.1 79.8 21.8 £ 24.6 11.0 80.0
44 19,727 10.2 + 22.1 9.9 79.9 19.6 + 22.1 9.9 80.0
45 24,820 10.3 £ 22.1 9.6 81.0 19.5 + 22.1 9.6 81.4
46 26,042 14.3 £ 27.0 10.5 84.8 24.5 £+ 26.9 10.5 85.0
47 24,071 17.1 + 30.4 10.6 87.9 28.0 + 30.3 10.5 88.0
48 22,616 25.1 +35.4 11.5 89.5 33.1 +35.4 11.4 89.7
49 18,934 34.3 £ 38.1 12.7 88.9 35.4 £+ 38.0 12.5 89.1
50 12,678 43.4 +39.1 13.2 88.5 36.2 + 39.0 13.1 88.7
51 7524 52.2 + 38.3 13.2 88.2 35.5 + 38.3 13.0 88.4
52 6221 19.6 + 30.5 12.4 83.5 27.7 + 30.6 12.4 83.6
53 9398 14.2 + 26.8 10.8 84.0 24.5 + 27.0 10.7 84.2

2.2. Predictor data

We used spectral data from all available Sentinel-2 and Landsat 5-8
imagery within a growing season window to generate annual-medoid
composites from 1984 to 2022. On a pixel-wise basis, the medoid is
the value that minimizes the sum of square difference between the
median value of each band’s value to ensure that composite pixel values
are taken from a single date across bands (Flood, 2013). Medoid com-
posites were produced from top-of-atmosphere Landsat collection 2 data
provided by the USGS and Sentinel-2 provided by the European Space
Agency Copernicus Earth observation program, both accessed from the
GEE Data Catalog (Landsat Collections in Earth Engine | Earth Engine
Data Catalog; Harmonized Sentinel-2 MSI and Instrument). A
cross-sensor correction was not warranted based on Chastain et al.

(2019), findings of minimal, unbiased top-of-atmosphere reflectance
differences between Landsat and Sentinel-2 making further corrections
unnecessary for regional and continental scale analyses seeking to
maximize temporal frequency and spatial coverage. All spectral data
were projected to the Albers Conical Equal Area coordinate system and
snapped to the NLCD grid.

The Landsat 7 scan line correction failure in 2003 created unac-
ceptable artifacts in model outputs during workflow pilot test runs.
Dropping Landsat 7 imagery all together, however, also created poor
outputs in pilot testing, due to image scarcity between 2003 and 2015
leading to a higher number of gaps in the time-series record and
resulting in sub-standard spectral composite quality. To solve these is-
sues, and keep the spectral record as stable as possible, we produced two
sets of annual-medoid composites (Set 1 and Set 2 predictor data can be
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found in the Supplementary Table 1). Setl used all available Sentinel-2
and Landsat 5, 7, and 8 images, excluding all Landsat 7 data after 2002.
Set2 used all available Sentinel-2 and Landsat 5, 7, and 8 images,
excluding only Landsat 7 bands most affected by scan line correction
striping artifacts: the visible, near-infrared bands and associated calcu-
lated indices after 2002. In 2016, once Sentinel-2 imagery became
available, the five-day repeat acquisition strategy introduced volume
processing challenges due to the abundance of available images. We
addressed this by shortening the growing season date range window.
The growing season window was June 1 to September 30 for composite
years prior to 2016 and July 1 to September 1 for composite years 2016
and later.

To eliminate no or bad data pixels caused by clouds, shadows, or
other anomalies and to temporally smooth the annual-medoid com-
posites, we used the Landsat-based detection of Trends in Disturbance
and Recovery (LandTrendr) algorithm in GEE (Kennedy et al., 2018).
LandTrendr iteratively breaks annual-composite time-series into linear
segments with fitted spectral values outputting a smoothed time series of
spectral images. We ran LandTrendr separately on setl and set2 com-
posite stacks.

Annual binary agriculture data were derived from the annual na-
tional Cropland Data Layer by re-classifying all non-tree crops as agri-
culture and all remaining classes are non-agriculture (USDA National
Agricultural Statistics Service, 2008). Static terrain datasets used
include elevation, slope, and aspect from the US National Elevation
Dataset produced by the USGS 3D Elevation Program (Geological Sur-
vey, 2019; Gesch et al., 2002, 2018). Aspect — cosine and sine — trans-
formations were also used. Annual binary agriculture data and static
terrain datasets were stacked with the setl and set2 LandTrendr time
series, to create two model predictor data stacks.

2.3. Modeling

2.3.1. Spatial considerations and testing

It is common practice when modeling over large spatial extents to
split reference and predictor data into geographic subpopulations, build
spatially explicit RF models, use the models to predict only the area
defined by the model training data, and finally, stitch the contiguous
predictions together to cover the full extent of interest. This approach is
believed to optimize the tradeoffs between (1) storage and processing
costs, (2) local variability in calibration and predictor data impact on
model performance and fit, (3) post-regression costs to reduce seam-line
artifacts at model boundaries, and (4) the ability of reference data
density to sufficiently support both model training and independent map
validation needs. However, the approach is known to create artifacts,
especially evident in model predictions along the seam lines or bound-
aries (in space and time) between image processing units and model
subpopulations units.

The use of irregular shaped ecologically based geographic zones to
subset model populations for national extent mapping is common. The
Annual NLCD Land Use Land Cover thematic classification models use a
step-wise model hierarchy culminating in 20 discrete modeling zones
(Geological Survey, 2024). LANDFIRE products, as of 2023, used 13
discrete zones for modeling TCC and height and existing vegetation type
maps (La Puma, 2023). The national annual Cropland Data Layer data
use 48 state level model zones (Boryan et al., 2011). Commonly used
ecozones are built by grouping similar ecosystem characteristics.
Therefore, they tend to have discrete boundaries right in transition
zones between ecosystems. This presents challenges when using eco-
zones to subset model populations. The dissimilarity across ecosystem
transition zones translates directly into dissimilarities between edges of
model transition zones. This can result in egregious boundary effects and
potentially poor model predictions in transition zones, which by nature
are often of high interest in time-series inventory and monitoring
records.

The previous NLCD TCC modeling approach, using the 66 USGS
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CONUS ecozones (Homer et al., 2004; Ruefenacht et al., 2022), could
not support current Forest Service business needs for TCC products.
Tipton et al. (2012) found that, when modeling TCC in equally size grid
subsets, increasing sample spatial density above the base FIA program
intensity (approximately 1 sample per 2428 ha (6000 acres or 24 km?))
yielded only marginal improvements in model performance across
diverse landscapes, provided the absolute number of samples was at
least roughly 1500 samples per model. Moisen et al. (2012) found that
when calibrated over much larger regions, TCC models could be used to
predict smaller subsets with no compromise in model performance. In
temporally coherent model calibration and application, it is not un-
common to create temporal subpopulations for model training and
calibration using temporal moving windows to subset reference data (e.
g. Su et al. (2021)); however, this approach (moving windows to subset
reference data) has not been widely applied to spatially coherent model
training and application.

We tested multiple approaches to subset geographic model sub-
populations: different scales of ecozones (six aggregated USGS zones,
CONUS-wide boundaries), equal-area grid at different tile sizes (indi-
vidual 54 equal-area tiles (480 x 480 km), 3x3 tile aggregate, and 5x5
tile aggregate), and moving windows with different window sizes. Five
assessment criteria were used to evaluate results: 1) quantity and
arrangement of seam-line artifacts in mapped TCC and Standard Error
(SE), 2) visual quality of mapped TCC and SE at local scales, 3) statistical
model performance metrics, 4) representative variability between
training and predictor data across geographic subpopulations, and 5)
ability to hold out 30 percent of reference data for independent map
validation that were in line with previous literatures’ guides for refer-
ence data density.

Different spatial modeling approaches failed different evaluation
criteria. Merging USGS zones into six larger units yielded too many and
too severe seam lines at model-boundary edges. The CONUS wide
approach resulted in a sub-standard map when visually assessed for TCC
prediction quality at local scales. We used 54 equal-area tiles (480 x
480 km), where the tile size was dictated by GEE memory and I/0
constraints rather than by an autocorrelation test. The 54 equal-area tile
approach generated no boundary artifacts between neighboring tiles of
mapped outputs, likely due to the tile size being smaller than the limit of
spatial autocorrelation in local conditions as captured in the model
predictors. However, the approach failed to contain the minimum
acceptable density of 1000 reference data plots per model area, for 27 of
the 54 tiles (Coulston et al., 2012). Tests using a larger standard tile size
(roughly 2#10° km or a combination of a 3x3 neighborhood of the 480
x 480 km tiles) failed model-performance metric criteria and the pres-
ence of seam-line artifacts.

One approach successfully met all criteria: the moving window
approach, where each of the 54 tiles was used as a center tile of a 5x5 tile
window (Fig. 2). For each iteration, training data is gathered from the
5x5 tile window, but the resulting model is applied only to the window’s
center tile. For each year, all 54 tile model outputs are mosaiced
together to create one image per year. Local visual inspections of pre-
dictions revealed no anomalies or seam lines, and model performance
metrics fell within expected range of values. Reference data plot counts
for the training datasets ranged from 4311 to 25,993. This abundance of
data allowed us to consider the possibility of withholding data for in-
dependent map validation assessments. We examined how the fre-
quency and range of TCC values would change when withholding
reference data. These examinations showed the frequency and range of
TCC values were well represented even when as much as 30 percent of
the reference data were withheld.

2.3.2. Temporal considerations and testing

Temporal transferability of models, applied outside of the reference
data time period, is not a new concept and cross-temporal validation is
documented (Filippelli et al., 2024). Time-invariant models, a subset of
temporal transfer, predicts annual time-series of land-cover data for
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Fig. 2. Illustration of the 54 equal-area tiles (480 x 480 km) used for modeling and mapping TCC in GEE. The training datasets are drawn from 5x5 tile windows. We
applied the RF generated predictions to only the center tile. This illustration shows the center.

years of spectral predictors that were not used to train the models
(Vogeler et al., 2018). This method presumes a model of the relation-
ships between one year of spectral predictors and reference data can be
applied to other years of predictor data resulting in a time-series of
predictions that are a function of real changes in the reflectance of the
biophysical characteristics of surface vegetation. Sources of noise in the
time-series of the predictor data must be low. As recent advances in
image processing are constantly improving remote sensing data re-
sources (see section 2.2), noise in the data is being reduced.

We tested the temporal transferability of the RF model outputs over
four pilot tiles from distinct ecoregions in the CONUS. Tiles selected
included tile 14 in the Southwest CONUS characterized by Pinyon-
Juniper and Ponderosa forests, tile 19 in the Southeast characterized
by deciduous and conifer forests, tile 38 in the upper-Midwest domi-
nated by deciduous forests, and tile 43 in the Northwest characterized by
conifer forests (Fig. 2). Initial testing identified obvious issues due to
lack of consistency in the spectral record (see section 2.2). Additional
testing evaluated if stable areas in the forest landscape also remained
stable in the TCC time-invariant model outputs. These tests indicate
whether the time-invariant model approach assumption of reasonable
consistency in time-series predictors through time are met.

To test the stability of the time-invariant model outputs, we extrac-
ted predictor year 2011 values from both predictor setl and predictor
set2 separately (see section 2.2) for reference data within 5x5 tile win-
dows centered over each pilot tile. We combined these predictor datasets
with associated reference data creating two training datasets: one for the
setl predictors and the other for the set2 predictors. We created RF
models for both training datasets. We used the RF model built using the
set1 predictors to predict pixel-wise TCC and SE for each pilot tile for the
years 2016 through 2019. We used the RF model built using the set2
predictors to predict pixel-wise TCC and SE for each pilot tile for the
years 2008 through 2015. We defined stable areas in the forested
landscape of each pilot tile by first filtering all pixels in each tile using
the 2011 NLCD Land Cover forest map classes 41, 42, and 43 (Dewitz
and Geological Survey, 2021). Next, we calculated spectral data vari-
ability metrics for the NLCD forest pixels through time by normalizing
all spectral predictor layers for each year. We averaged the normalized
values for each pixel and computed standard deviations for each pixel’s

time-series of image spectral predictor data. We selected a conservative
threshold of <0.0009 standard deviation to identify pixels with tem-
poral stability across the spectral time-series. Finally, we ran a bootstrap
analysis on these spectrally stable forest locations to test if the TCC
values predicted from the time-invariant modeling approach also
remained stable through time.

2.3.3. National scale modeling, error and uncertainty

The TCC workflow was accomplished within GEE and on local
servers (Fig. 1). GEE’s high-performance cloud storage and computing
compacity enabled efficient processing of wall-to-wall annual compos-
ites and ancillary data, smoothing time-series spectral imagery, rapid
application of RF models and post-regression filters, and unparallel
exploration and analytical applications support with the geeViz package
for quality assessment and other processes (Housman). Robust local
servers, ensured we upheld FIA confidentiality responsibilities and
protocols during extraction of predictor stack values over reference data
locations, training RF models, and modeling prediction uncertainty
(Tau) (see section 2.3.4).

Using the 5x5 moving window approach (see section 2.3.1) to subset
reference and predictor data, we produced RF models for each 54 equal-
area tiles with the Scikit-Learn sklearn.ensemble.Random-
ForestRegressor function (Breiman, 2001; Pedregosa et al., 2011). To
determine the optimal number of variables for each decision tree split
(mtry), we employed the tuneRF function within the randomForest
package in R (R Core Team, 2020). For the sklearn.ensemble.Random-
ForestRegressor function, we set the min_samples_leaf to the mtry results
and the maxsamples parameter was set to use 63.2 percent of the
training data to mirror the out-of-bag (OOB) procedure performed by
the R RF algorithm. Scikit-Learn was chosen over R to generate the RF
models because it permits the exportation of RF decision trees as text
files, which can be imported into GEE to generate TCC maps. To avoid
memory errors during model ingestion into GEE, models greater than 15
mb were divided into separate files of 15 mb or less and ingested into
GEE as blobs.

GEE allowed us to efficiently apply the time-invariant 2011 TCC
models to annual predictor stacks to predict pixel-wise mean TCC and SE
for every 30-m pixel across the CONUS for years 2008-2021. In GEE the
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RF decision tree blobs were concatenated according to their moving
window tile before applying them using the ee.Classifier.decision-
TreeEnsemble function with the output mode set to RAW_REGRESSION.
The RAW_REGRESSION setting preserves all individual decision tree
TCC estimates for each pixel. We set the number of decision trees for the
RF algorithm to 500 and averaged the end node TCC estimates. End node
TCC variances were also recorded, and SE calculated by taking the
square root of the variances on a pixel-wise basis. For map years prior to
and including 2015 the TCC Set2 2011 model and corresponding pre-
dictors were used to TCC and SE. For map years 2016 and onwards, TCC
and SE predictions were generated using the 2011 TCC setl model and
setl predictor stack.

2.3.4. Modeling Tau uncertainty

Pixel-wise SE from model predictions describes one aspect of un-
certainty in image-based predictions, specifically, how much the mean
predicted value of the pixel would vary if the model were repeatedly
trained and tested on different bootstrap samples. However, a known
limitation of RF models is that they cannot extrapolate beyond the range
of their initial training data values. Coulston et al. (2016) developed a
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Tau (1) statistic to address the need for a more probabilistic (inference
enabled) measure of model uncertainty especially for applications
where the confidence of the predictions are important, such as envi-
ronmental and ecological modeling. Tau (t) provides a measure of un-
certainty for new observations. Tau outputs approximation of the
prediction uncertainty which can be used to construct confidence in-
tervals around the predictions themselves.

For each of the 54 equal-area RF models, we calculated the Tau (1)
statistic by calculating the standard deviation and RF predictions from
individual trees within the ensemble. We simulated data by randomly
resampling the training data 2000 times and generating RF models for
each of these iterations. Each of these iterations retain the observed and
predicted TCC values for the approximate 37 percent holdout datasets
allowing comparisons between the variability in the tree-level pre-
dictions and the true error. These pairs of observations and predictions
were used to calculate Tau (t) using Equation (1).

. 2
T \/ (observed — predicted) Equation 1

var(predicted)

Fig. 3. Mean TCC differences (predicted TCC — observed TCC) for stable pixels through time for four modeling tiles: 14 (275 plots), 19 (928 plots), 38 (541 plots),
and 43 (246 plots). The dots and lines in the middle of the violin plots represent the mean diff.
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2.4. Post-regression routines

The Multi-Resolution Land Characteristics consortium NLCD prod-
ucts have traditionally served many end users of geospatial data,
including policy and land managers. As such they have a high level of
cartographic post-regression to bridge the gap between raw spatial data
and a consumer ready product, often improving accuracy, reliability,
and the maps usability and accessibility across broad audiences. We
developed a post-regression workflow to turn the scientific TCC raw-
spatial data outputs into the final NLCD TCC v2021.4 maps using a
sequence of routines (Fig. 4).

2.4.1. Non-tree masks

TCC values were predicted over all pixels, which results in non-zero
TCC values over water, impervious features, and other visible-from-
above features where there are no trees. Non-tree masks were applied
to Science TCC data to create the NLCD TCC product. We mask non-treed
pixels using three masks: a tree mask created from the LCMS Land Cover
tree classes (USDA Forest Service, 2023), an agriculture mask created
from the annual Crop Data Layer non-tree crops (Boryan et al., 2011;
USDA National Agricultural Statistics Service, 2008), and a water mask
created from the NLCD water class (Dewitz and Geological Survey,
2021). The LCMS tree mask is the three-year moving window mode of
the LCMS Land Cover tree class time-series. We combine the three
non-tree masks to recode TCC to zero for pixel’s that were flagged
non-tree in the non-tree mask.

For non-urban areas, we applied a minimum-mapping unit to mask

Non-Urban Tree Mask

NLCD /
water =0
Non-water = 1
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small clumps of trees. We defined the minimum-mapping unit as tree
clumps greater than four connected pixels in size (30 x 30 m*4 or
greater), using queen’s case of adjacency (nine neighbor). Non-urban
tree clumps less than or equal to four connected pixels was recoded to
zero percent TCC.

Trees in urban landscapes, where single broad canopy trees exist
over impervious surfaces, warrant specific filtering techniques. We first
define urban areas using the Topologically Integrated Geographic
Encoding and Referencing U.S. Census Block 2018 data (Marx, 1986)
and refine the boundaries further using the LCMS Land Use “developed”
class, because even within an urban boundary there are “non--
developed” areas. At pixels which both Topologically Integrated
Geographic Encoding and Referencing data and LCMS Land Use label
“developed” urban areas, we masked (set to zero) the TCC pixel values
where the magnitude of the TCC value in a pixel is not greater than or
equal to the product of its SE and Tau value at the 87th confidence
percentile (see section 2.3.4).

2.4.2. Change magnitude thresholds

Fitting routines can be applied on predicted outputs to reduce
interannual noise and return longer duration trends (Kennedy et al.,
2010). To reduce minor interannual variability in the NLCD TCC time
record, we applied a simple per-pixel fitting routine. This routine is
applied to the TCC time-series after masking, and updates TCC values
when a minimum change threshold is met. First, we established a
baseline TCC value (TCCpaseyr) for 2011. The TCCpaseyr is the median
TCC value from 2008 to 2010. For each year following the TCCpaseyr, we

NLCD
Post

Processing
Filtered & Masked
Non-Urban
Tree Mask TCC

CDL
Non-tree ag =0
Non-tree ag = 1

~—

Urban Tree Mask

U.S. Census /
Urban =1

Non-Urban =0

LCMS Landcover
Tree =1 y
Non-Tree =0
(Water * Ag * Tree * Urban) |
Tree pixel clumps >= 4 pixels
U.S. Census
Urban=0 y
Non-Urban =1

(Non-Urban Tree Mask
+ Urban Tree Mask) * TCC

Mask &
Filtered TCC

Calculate TCC
baseline 2008-2010

Masked Urban

Tree Mask

Apply magnitude threshold
for TCC change to occur
at 10% +/- TCC

TCC & SE

LCMS Landcover
Developed = 1 \
Non-Developed =0 Urban * Developed *
(If TCC-SE*Tau<0,
then 0, otherwise 1)
Tau Statistic
-87th percentile

/

Fig. 4. The NLCD v2021.4 post-regression workflow.
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applied a minimum change threshold of +10 percent to each TCC
observation sequentially in the time series. At observations where the
minimum change threshold is met or exceeded (TCCchangeyr), the
TCCpaseyr value is updated to reflect the most recent TCCchangeyr value.
Fig. 5 shows an example of a treed pixel’s values through time before
and after the change magnitude routine is applied.

2.5. Quality management

We did QAQC throughout the TCC workflow to identify localized
artifacts that statistical tests alone could not. For production, the pur-
pose of QAQC was to ensure quality of training, predictor and TCC
model outputs throughout the processing chain, and to make improve-
ments to the post-regression routine. For example, we reduced seam
lines and spectral anomalies in final outputs by identifying set 1 and set
2 predictors during QAQC of medoid composites in pilot tests. We used a
visualization toolkit (geeViz) to efficiently assess the quality of the TCC
model outputs and ensure the data met national level quality standards
(Housman). Many improvements were made to the post-regression
routine because of QAQC. With QAQC we were able to ensure the
masking and change threshold routines were implemented correctly.
Without QAQC there would have been more artifacts in the TCC model
output and the NLCD TCC product because of unresolved issues in the
processing chain.

2.6. Model performance and map accuracy assessment

We assessed the TCC RF model performance with OOB metrics and
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conducted an independent accuracy assessment for the 2011 TCC map
product. Ideally, the randomness of the RF algorithm results in unbiased
OOB estimators of model accuracy. However, because samples are used
repeatedly to create decision trees and derive OOB metrics, OOB results
can be biased and should not be used for map accuracy assessment
purposes (Bylander, 2002; Mitchell, 2011; Canovas-Garcia et al., 2017).

2.6.1. Model performance metrics

The RF algorithm withholds approximately 37 percent of the training
data to use for OOB model performance metrics (R Core Team, 2020).
We extracted the OOB Root Mean Square Deviation (RMSD) (Equation
(2)) and Percent Variance Explained (PVE) (Equation (3)) for each of the
108 RF models in R, even though they were not used to produce mapped
products (see section 2.3.3).

. 2
RMSD — \/ > (Observed — Predicted)”, 00

Number of Samples Equation 2
. 2
PVE=|1- 2 (Observed — IML *100 Equation 3
> (Observed — Observed)

2.6.2. Map validation

Traditional methods for assessing map accuracy emphasizes the use
of independent data for map validation purposes, these data are not used
to train or calibrate the model (Congalton and Green, 2008; Foody,
2002; Stehman and Foody, 2019). Accordingly, we withheld a randomly
selected 30 percent of the final CONUS reference data (16,607 plots) to

Science TCC sample timeseries
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Fig. 5. For a given pixel, a sample Science (a) and NLCD (b) TCC time series from 2008 to 2021. The NLCD TCC value was updated three times when TCC change
exceeded +10 percent compared to the 77 percent TCC baseline — in 2011, 2016, and 2020.
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use for the map accuracy assessment.

Spatially unbalanced validation datasets can lead to biased accuracy
assessment if they do not representatively sample the phenomenon of
interest or use methods that account for representative area weights
(Stehman and Foody, 2019). The FIA base grid is a spatially balanced
sampling design that enables probabilistic estimates, is representative of
US forests populations, is spatially balanced within FIA estimation units,
and robustly allows the collection of different intensities in different
geographies per partner needs (Reams et al., 2005). While the FIA
photointerpretation collect for the TCC project is spatially balanced
across FIA estimation units, for this accuracy analysis the data are used
at a national scale which exhibits varying spatial densities across states;
therefore, estimators need to account for the varying spatial weights
(density) of the data. To create a nationally coherent set of area weights
per plot that accounts for locations dropped during reference data
refinement, we developed a GIS routine to assign area weights to each
validation plot to calculate a weighted-by-area root mean square devi-
ation (RMSDy,). Thiessen polygons were created for each holdout vali-
dation plot location. Thiessen polygons on the borders of CONUS
extended far beyond CONUS extents, so we calculated their area from
the neighboring polygons mean area. We used a set of three levels of
geographic neighbor sets to calculate the mean: the first set was
non-border polygons immediately adjacent to the border polygons; the
second set was polygons immediately adjacent to the first set; the third
set was polygons adjacent to the second set. The polygon area corre-
sponding to each validation plots was used to calculate the RMSD,, as
shown in Equation (4) and the weighted mean absolute error (MAE,)
using Equation (5).

Predicted TCC — TCC)**Plot A
RMSD, — > (Predicted TCC — Observed TCC)“*Plot Area Equation 4
> Plot Area
MAE, — > abs(Predicted TCC — Observed TCC)* Plot Area Fquation 5

> Plot Area
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3. Results

The NLCD TCC v2021.4 product suite includes wall-to-wall maps of
spatially and temporarily consistent TCC data ready to use in a variety of
applications (Fig. 6). These data and Tau confidence percentiles are
available for download from the Multi-Resolution Land Characteristics
consortium website (Multi-Resolution Land Characteristics Consortium)
and archived with full documentation in the Forest Service geodata
clearinghouse (USDA Forest Service). Tau, which was first delivered in
the v2021.4 data release, can be used to meet a variety of users’ needs,
such as constructing confidence intervals around TCC predictions or in
custom tree masking routines. Data viewing and clipping are enabled in
the Multi-Resolution Land Characteristics consortium online viewer
(Multi-Resolution Land Characteristics Consortium) and big data ap-
plications can take advantage of TCC data in the cloud through the GEE
data catalog (USDA Forest Service Geospatial Technology and Applica-
tions Center (GTAC)). Details on technical product changes between
minor version releases are reported at the time of product release to
update users.

3.1. Model performance metrics

The TCC setl and set2 RF models were compared for each of the 54
equal-area tiles, both OOB RMSD and PVE model performance metrics
(equations (2) and (3)) (Table 1 and Fig. 7) (see section 2.3 for TCC
model details). The largest difference between model performance
within a single tile was 0.2 for RMSD and 0.4 for PVE; average difference
between setl and set2 model performance metrics within tiles was 0.08
for RMSD and 0.20 for PVE. Across the CONUS RF TCC models, mean
RMSD is 12.2 for both model sets, with an overall range of 14.4-9.6.
Across the CONUS RF TCC models, mean PVE is 83, with a high of 90
and a low of 60. Western and Eastern model results are differentiated to
allow general regional comparisons, where Western tiles include all tiles
south and west of North Dakota (tile 46 in Fig. 2).

Fig. 6. The wall-to-wall CONUS NLCD TCC map in year 2021. Science TCC v2021.4 data are available annually for years 2008-2021. The CONUS NLCD TCC

v2021.4 data are available annually for years 2011-2021.

10



J. Heyer et al.

Science of Remote Sensing 12 (2025) 100301

A
Random Forest Out-of-Bag RMSD Per Tile
15
14
N13
B 12
11
10
9
9 10 11 12 13 14 15
Set 1
*eastowest
B
Random Forest Out-of-Bag Percent Variance Explained Per Tile
A
©
)

Set 1
-eastowest

Fig. 7. Comparison of the RF model performance metrics for two sets of 2011 TCC models used to map TCC in 54 equal-area tiles across CONUS. Values for the
Western tiles are squares and values for the Eastern tiles are black dots, where Western tiles include all equal-area tile units south and west of North Dakota or tile 46

in Fig. 2. The 1-to-1 line is shown in light gray.
3.2. Model standard error

We sampled a random one percent of pixels from the 2011 Science
TCC CONUS map to determine if model predictions varied between the
Eastern and Western CONUS. The random sample suggests model

Fig. 8. Display of per-pixel TCC and SE from Western and Eastern CONUS
mapping tiles where Western tiles include all tiles south and west of North
Dakota (tile 46 in Fig. 2). The x-axis are bins of TCC at ten percent intervals and
the y-axis are SE. The lines within the boxes represent the median SE. The data
(100,744,490 values) are approximately one percent random sample of the
CONUS pixels.
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predictions in the East had larger SE ranges than in the West (Fig. 8). SE
for Eastern and Western model results were lowest where the models
predicted no-tree cover (zero percent).

Fig. 9 is a comparison of TCC and SE data from this current release
(v2021.4) to the TCC and SE data of the previous TCC release (v2019) of
Science (A, C) and post-regression (NLCD) (B, D) for map year 2011 (A,
B) and 2016 (C, D).

3.3. Map accuracy

We conducted an independent map accuracy assessment for the 2011
NLCD TCC v2021.4 map using the 16,607 plots excluded from the model
training datasets (see section 2.1). Using a Thiessen polygon weighting
routine per plot, we calculated RMSD,, and MAE,, using equations (2)
and (3) as described in section 2.6.2. The CONUS TCC map at the level of
a national summary had a RMSD;, of 12.8 and MAE,, of 8.0.

3.4. Example applications

The TCC workflow was redesigned to improve the temporal and
spatial coherency of the TCC products to improve their ability to support
inventory and monitoring applications. Here we provide several selected
examples of how TCC data can be used to address landscape wide
analysis for both exploration and decision support.

TCC loss and gain through time are evidence of spatiotemporal
patterns caused by various natural disturbance and human activity
events. In three localized case areas, the new TCC time-series data depict
changing status of TCC before and after wildfire events (USDA Forest
Service and US Geological Survey) and change events that appear to be
timber harvests (Fig. 10). A key feature of continuous TCC data is that
they offer more information than a simple binary or thematic “change”
or “no change” class, while also providing spatiotemporal patterns. The
percent TCC visibly drops following each event, sometimes a fraction of
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Fig. 9. A random sample of 100,744,490 (approximately one percent of the CONUS) pixels were used to compare the current (2021-4) and previous release (v2019)
of Science (A, C) and NLCD or post-regression (B, D) TCC and SE data and data for map year 2011 (A, B) and 2016 (C, D).

the original percent TCC and sometimes a stand clearing event. The data
yield information on the amount of relative change in percent canopy
cover through time along with spatiotemporal patterns.

A second key feature of these new TCC data is their temporal and
spatial coherence which supports broad-scale status and trends in treed
landscapes. We show how these TCC time-series data can provide
nuanced information for monitoring TCC before and after individual
disturbance events, natural disasters, and targeted management activ-
ities. The impacts of the catastrophic 2016 wildfire in Gatlinburg, Ten-
nessee can be seen through the changes in both amount and
arrangement of TCC (Fig. 11). The fire’s impact is seen in the Monitoring
Trends in Burn Severity burn perimeter and TCC time series. Prior to the
fire, tree canopy covered approximately 80 percent of the area within
the fire perimeter. After the 2016 wildfire event, TCC decreased 60
percent in absolute terms (75 percent in relative terms) and tree canopy
covered only 20 percent of the total area. Post-fire, TCC gradually re-
covers within the burned area. Characterizing the degree of change,
both loss and gain, in the percent tree cover at annual time-steps has real
and practical implications for forest conditions, fire prevention, resto-
ration planning, erosion control, water quality, and the potential for
salvage logging.

Finally, in this example, we explore temporal and change magnitude
trends in TCC at broader ecoregion due to wildfires (Fig. 12). We used all
wildfire burn boundaries across the CONUS between 2010 and 2017
from the Monitoring Trends in Burn Severity data set (USDA Forest
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Service and US Geological Survey). We normalized TCC time series to
the Monitoring Trends in Burn Severity wildfire year, graphing TCC
annual values so that x-axis values less than zero include TCC plots from
years before the wildfire, and x-axis values greater than zero depict TCC
plots in the years after the wildfire. In this analysis, in all regions at least
one fire event had a TCC record of event +8 years. We grouped the fire
event year normalized TCC trends by Environmental Protection Agency
(EPA) level 1 ecoregions to explore the impacts of wildfire events across
ecosystem scales (Omernik and Griffith, 2014). The highest mean
ecoregion TCC occurs in the Marine West Coast Forests ecoregion, which
also showed the largest absolute decrease in magnitude of TCC during
the post-fire period. This analysis demonstrates how the time-series of
TCC data can capture broad-scale tree vegetation responses to wildfire.
These data can support additional broad-scale analyses to explore the
impacts of different fire disturbance regimes on TCC, the average
severity (measured by decreases in TCC) by fire year in each ecoregion
and whether it has changed through time, and temporal data about the
growth rates of TCC after fire relative to fire size and severity.

4. Discussion

This manuscript presents the methods investigations, processing
workflow, QAQC practices, and results from a new generation of annual
NLCD TCC maps (v2021.4). The techniques to map spatially continuous
national TCC with satellite data have been improving for decades
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Fig. 10. Left images are TCC in 2008 and the right images are TCC in 2021. The top row shows TCC before and after the East Troublesome fire in northern Colorado.
The middle row shows TCC before and after wildfire and mechanical/timber harvest of TCC in northern California. The bottom row shows TCC before and after

mechanical/timber harvest in Georgia.

(DeFries et al., 1999; Huang et al., 2001; Hansen et al., 2002; Sannier
et al., 2023; Egorov et al., 2023; Harrison et al., 2025; Sexton et al.,
2013). Still, the annual NLCD TCC data are unique in their combination
of strengths. First, the new workflows support a “collections” approach,
where the entire record is updated after changes to the established
processing workflow. This approach prioritizes the length and co-
herency of the annual TCC records. Products that do not take this or a
similar approach to temporal coherency may confound methodological
change with true change, making data comparisons through time chal-
lenging. Second, the continuous annual TCC products meet the need for
national and international forest reporting and monitoring because the
reference data (and or definitions for classification) used to calibrate and
assess models and final map products, are harmonized with the defini-
tions of the USDA Forest Service and represent the full range of TCC
(0-100 percent) (Zalles et al., 2024). Coherent uninterrupted time-series
of continuous (0-100 percent) TCC data offer additional information
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over annual, categorical maps of forest cover for management and policy
(Vogt et al., 2024; Betts et al., 2024). Yet, most time-series mapping
continues to focus on coarse classes of categorical forest cover through
time (Sohl et al., 2025). Third, the reference data used to assess final
maps, uses a statistical national all-ownership and all-lands sample
design — the FIA annual inventory (Ruefenacht et al., 2022; Bechtold and
Patterson, 2005). Tree cover or forest map assessments not based on
such a probabilistic design may introduce bias into accuracy assess-
ments. Fourth, including timely map accuracy and true model uncer-
tainty metrics, such as Tau (1), is critical for data-driven natural resource
management decisions. Finally, the application of robust accuracy and
uncertainty techniques to these data and reported (in metadata and
technical docs) at time of release are an important step forward in total
project QAQC.

We met project goals to produce spatially and temporally continuous
data (annual time-steps), improve product reproducibility and quality,
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Fig. 11. Maps of a 2016 wildfire event in Gatlinburg Tennessee. The upper left map is TCC in 2015, before the wildfire. The upper right map is TCC in 2017, the year
after the fire. The lower left map is TCC in 2021, showing TCC gain I the years following the fire.

decrease product release latency, and reduce costs through a combina-
tion of new approaches. This workflow allows for the release of new
CONUS annual TCC time-series data within 6 months of the last satellite
image capture (end of growing season of previous year). We used the
GEE cloud computing environment for image processing, model pre-
dictions, and post-regression routines, overcoming computation and
storage challenges in previous TCC workflows. Availability of USGS
Collection 2 Landsat Tier 1 and Sentinel-2 (A/B) Level-1C top-of-atmo-
sphere reflectance imagery in the GEE data catalog and the geeViz Py-
thon library allowed us to effectively process thousands of Landsat and
Sentinel scenes and generate annual composites (1984-2022)
(Housman). National composites smoothed with the LandTrendr algo-
rithm, reduced seam lines and spectral anomalies in final products. The
moving window approach, where for each center tile a RF model was
trained on reference data and predictors within a 5x5 window of
equal-area tiles (480 x 480 km) then applied to the center tile, allowed
for 30 percent holdout of reference data (16,607 plots) without
compromising model performance. An independent statistical assess-
ment of the CONUS 2011 TCC map yielded an RMSD,, of 12.8 and MAE,,
of 8.0. Incorporating a time-invariant modeling approach enabled pro-
duction of annual TCC time-series without new reference data collec-
tion. In this framework, we trained models on the relationships between
2011 FIA photo-interpreted reference data and 2011 predictor data,
then applied the 2011 models to other years in the predictor time-series.
It is critical with model temporal transfer that the assumption of tem-
poral consistency in model inputs remain intact throughout the time
series. Vogeler et al. (2020) proved this assumption could be met even as
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Landsat sensor characteristics change from Multispectral Scanner to
Landsat 8. A recent study demonstrated that under temporal transfer
LandTrendr smoothed Landsat time-series predictors produced more
accurate model predictions than using non-smoothed composites
(Filippelli et al., 2024).

Results demonstrate the ability of time-invariant model approach to
produce stable TCC predictions for other years in the time series even
with two predictor sets. Image quality and availability through time
forced the use of two sets of predictors and two sets of models (to
accommodate Landsat 7 scan-line related issues between 2003 and
2015) and a narrowing of the growing season window filter (starting in
2016). Pilot testing over four pilot areas from diverse ecosystems
showed no major shifts in model TCC residual values through time
(Fig. 3). CONUS-wide results show the consistency in the pattern and
magnitudes of model SE over ranges of TCC, in years 2011 and 2016, for
all sampled pixels (Fig. 9A and C) and for all sampled pixels in treed
areas (NLCD TCC) (Fig. 9B and D).

Model performance metrics also indicate that the time-invariant
modeling approach was not compromised by the inclusion of two sets
of models. Specifically, OOB model performance results comparing the
two sets of 2011 models within each tile show a near 1:1 relationship
(Fig. 7). Comparisons between the 54 equal-area tiles, find trends for
RMSD and PVE OOB for both model sets almost identical: RMSD ranges
from 14.4 to 9.6 (setl) and 14.3-9.6 (set 2) with a median of 12.3, and
PVE ranges from 60.1 to 89.5 (setl) and 60.5 to 89.7 (set2) with a
median of 86.7. Finally, visual quality assessments of mapped TCC and
SE annual results also found limited anomalies through the time series.
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Mean TCC for MTBS burn boundaries in forested EPA ecoregions (2010-2017)
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Fig. 12. TCC temporal records averaged over MTBS burn boundaries show TCC values drop post-fire events in both forest and non-forest dominated Environmental
Protection Agency (EPA) level 1 ecoregions (USDA Forest Service and US Geological Survey). MTBS burn boundaries from 2010 to 2017, were used to ensure two
years of TCC Science product data were included before a potential burn in 2010, and five years of data were included following a burn. For example, if a burn
occurred in 2017, there would be five years of data from 2017 to 2021. Value 0 on the x-axis is the TCC mean at the burn event year. Negative x-axis values are the

TCC mean in N years before the burn. For example, x-axis value —2 is the TCC mean two years before the burn (x-axis 0). Positive x-axis values are the TCC mean in N
of years after the burn. For example, x-axis value 2 is the TCC mean two years after the burn (x-axis 0).

Model performance improved from previous TCC releases. Model
outputs had lower SE median, quartile, min and max values across TCC
ranges (Fig. 9 black and gray bars). Median RMSD (12.3) and PVE (86.7)
for the 2011 v2021.4 model sets are an improvement compared to the
NLCD TCC v2019 release (Ruefenacht et al., 2022). Distinguishing

between Western and Eastern CONUS TCC model performance per tile
allows general regional comparisons. Western regions have lower model
SE in all but the 80-90 percent and 90-100 percent canopy cover bins,
which occur less frequently in the predominantly dry Western land-
scapes (Fig. 8). In general, Western model performance has lower
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median RMSD and PVE than those of Eastern tiles (Fig. 7). The PVE
model min and max are lower in the Western regions (from 60 to 86)
than the Eastern regions (87.1-89.7). These PVE values indicate there is
potentially more variability in the target variable (observed TCC) and
the models’ ability to account for that variability in the Western regions
compared to the Eastern regions.

To improve quality management we invested in robust quality
assurance, assessment, and control approaches that are challenging to
quantify as a traditional result. A systematic approach to quality
assurance and use of best practices are key for every step of the project
chain to ensure these Federal Geographic Data Asset datasets maintain
and improve efficiency and quality of data for users. These approaches
included: clear input from management partners, detailed planning in
product design and process development, rigorous data quality checks
throughout the processing chain, planning and implementing rigorous
pilot testing of all new workflow components individually from start to
end (e.g., medoid composite testing to mitigate quantity and impact of
image gaps in the time series), using visualization toolkits (e.g., geeViz)
for rapid exploration and analysis of TCC outputs, and planning and
implementing quantitative routines to ensure model outputs meet
quality standards at the national level (including releasing map accuracy
assessments, multiple model uncertainty metrics, and rigorous process
documentation and control). These approaches were designed to create
a quality system to support subsequent product runs, ensure future TCC
products and processes can proactively address issues, drive continuous
improvements, and advance customer satisfaction. Additional project
benefit in switching to open-source cloud-based production are the
contributions made to open-source code libraries, training, and modern
computation techniques improving the available scientific knowledge
base. While it is common to make statements of the incredible number of
pixels processed per second to produce a map product of this breadth,
our experience indicates more attention should be given to investing in
systems that leverage strengths of humans-in-the-loop to produce
quality vegetation maps at large extents that serve management and
policy needs (Wu et al., 2022). Repeatedly, we find that analysts identify
localized artifacts in outputs that statistical tests do not.

Examples of applications with these TCC data illustrate how the
nationwide annual TCC v2021.4 data can meet a variety of users’ needs
and enable new practical applications of inventory and monitoring data.
These temporally and spatially coherent continuous TCC data depict
changes in the forest condition (direction and magnitude) of TCC,
characterizing non-stand replacing events. This information can com-
plement emerging national change attribution data sets to meet needs
for an ecological perspective on disturbance regimes (Betts et al., 2024;
Kennedy et al., 2014; Stahl et al., 2023).

There are limitations on the appropriate use of these annual NLCD
TCC data. For example, when using these maps to report areal extents,
statistical estimators should be used rather than pixel summing (zonal)
techniques in most cases (Waldner and Defourny, 2017; Francini et al.,
2022; Greenfield and Schleeweis, 2023). Also, challenges with relying
only on moderate resolution TCC maps in regions with highly heterog-
enous land-cover are known and assessments of prior NLCD TCC prod-
ucts were shown to exhibit increasing underestimation of TCC and
increased spatial error increased with increasing urban density (Heris
et al., 2022).

We identified improvements to make to subsequent NLCD TCC data
releases. First, using the methods presented with only slight modifica-
tions, we improved the interannual coherency of the TCC time-series by
extending annual TCC data back to 1985 in the Science and NLCD TCC
v2023.5 (1985-2023) products (Housman et al., 2025). The v2023.5
data can be downloaded from the US Forest Service geodata clearing-
house or GEE (USDA Forest Service). Next, we noticed seam lines be-
tween Great Plains and Midwest tiles where there are Science TCC
differences over highly productive crops such as corn. For the Science
TCC v2023.5 product, TCC differences were lessened over crops be-
tween problematic tiles by modifying our moving window modeling
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approach for the problem tiles. Finally, in certain areas our quality as-
sessments revealed notable differences in SE and TCC between 2015 and
2016, when our image acquisition date range narrowed, and Sentinel-2
imagery became available. For the NCLD TCC v2023.5 product, we
modified the urban tree mask by adjusting the Tau (t) value confidence
percentile between 2015 and 2016, resulting in less SE and TCC differ-
ences between those years.

There were issues identified in the v2021.4 data that persisted in the
v2023.5 data. The v2021.4 data RMSD,, of 12.8 and MAE,, of 8.0,
suggest there are localized areas with larger map errors. The RMSD,,
metric gives more weight to outliers and is a useful descriptor when
large errors are especially undesirable. The MAE,, is a simpler descrip-
tion of the average errors without consideration of whether the errors
are large or small. When errors are uniformly distributed MAE,, and
RMSDy, are similar. Future improvements could expand the map accu-
racy assessment to include temporal cross-validation, multiscale spatial
assessment across ranges of TCC, and provide explicit metrics on change
in both magnitude and direction of TCC through time (Stehman and
Foody, 2019; Riemann et al., 2010; Pontius et al., 2025). Doing so would
better inform users’ on when and where TCC products meet the suit-
ability requirements for their applications. Furthermore, time-invariant
temporal transfer can result in increased model bias through time
(Filippelli et al., 2024). Research investigations are underway to test the
efficacy of expanding reference data years using more FIA reference data
used, and/or augmenting the FIA sample with nation-wide airborne
LiDAR data or crowd-sourced photointerpretation for time-agnostic
modeling. Recent work by Corro et al. (2025) with the NLCD TCC
v2021.4 products demonstrate methods to enhance the NLCD TCC thus
improving the accuracy of TCC within urban areas. Finally, production
efforts are underway to increase user access to Science and NCLD TCC
data for exploration and geospatial analysis in a cloud-based platform.
The goal of this effort is to empower TCC data users that include policy
and land managers, with an easy-to-use online environment where they
can leverage the TCC data to make informed land management
decisions.

5. Conclusions

This generation of the nationwide annual NLCD TCC v2021.4
(2011-2021), produced by the USDA Forest Service and attributed to the
USGS NLCD product suite, meets user community and stakeholder
defined needs. The workflow presented reduced development costs,
increased production speed, minimized subjective analyst interaction,
improved data and process quality through quality management mea-
sures, and improved product release latency rate. Recently, this robust
workflow was used to expand annual NLCD TCC products back to 1985,
in the most recent NLCD TCC data release v2023.5, to further support
information needs on the status (inventory) and trends (monitoring) of
TCC. This Federal Geographic Data Asset dataset in the Land Cover and
Land Use Change theme is delivered through a unique inter-agency
collaboration between USDA Forest Service and the Department of
Interior USGS as members of the Multi-Resolution Land Characteristics
consortium. The authoritative data provides a unique and complimen-
tary information source for the many public and private customers of the
annual NLCD product suite.
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