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A B S T R A C T

The U.S. Geological Survey (USGS), in partnership with several federal agencies, has developed and released four
National Land Cover Database (NLCD) products over the past two decades: NLCD 1992, 2001, 2006, and 2011.
These products provide spatially explicit and reliable information on the Nation’s land cover and land cover
change. To continue the legacy of NLCD and further establish a long-term monitoring capability for the Nation’s
land resources, the USGS has designed a new generation of NLCD products named NLCD 2016. The NLCD 2016
design aims to provide innovative, consistent, and robust methodologies for production of a multi-temporal land
cover and land cover change database from 2001 to 2016 at 2–3-year intervals. Comprehensive research was
conducted and resulted in developed strategies for NLCD 2016: a streamlined process for assembling and pre-
processing Landsat imagery and geospatial ancillary datasets; a multi-source integrated training data develop-
ment and decision-tree based land cover classifications; a temporally, spectrally, and spatially integrated land
cover change analysis strategy; a hierarchical theme-based post-classification and integration protocol for
generating land cover and change products; a continuous fields biophysical parameters modeling method; and
an automated scripted operational system for the NLCD 2016 production. The performance of the developed
strategies and methods were tested in twenty World Reference System-2 path/row throughout the conterminous
U.S. An overall agreement ranging from 71% to 97% between land cover classification and reference data was
achieved for all tested area and all years. Results from this study confirm the robustness of this comprehensive
and highly automated procedure for NLCD 2016 operational mapping.

1. Introduction

1.1. History and recent activities in large area land cover database
development

The late 1990s to early 2010s witnessed several pioneering and
formative developments in global and national land cover datasets

using coarse resolution (∼1 km) remotely sensed data. The most sig-
nificant are The International Geosphere-Biosphere Programme (IGBP)
DISCover global land cover database (Loveland and Belward, 1997)
developed by U.S. Geological Survey (USGS)/University of Nebraska
(Loveland et al., 2000), University of Maryland Global land cover data
(Hansen et al., 2000), the National Aeronautics and Space Adminis-
tration (NASA) Earth Observing System’s MODIS global land cover (by
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Friedl et al., 2002), Global Land Cover 2000 led by the European
Commission’s Joint Research Centre (Bartholomé and Belward, 2007),
and GLOBCOVER 2005 -led by European Space Agency with Interna-
tional collaborators (Arino et al., 2008). The United States National
Land Cover Database (NLCD) was initiated during this era to bring
national large-area land cover classification to a medium resolution
(30-m) in order to make land cover information more relevant to na-
tional applications (Vogelmann et al., 2001). Following the success of
NLCD, international communities have continued to advance medium
resolution (∼30-m) land cover product development at global scales,
including the 30-m Global Land Cover (Globeland30) by the China land
cover team (Chen et al., 2014, 2015), Fine Resolution Observation and
Monitoring of Global Land Cover (FROM_GLC) by Tsinghua University
of China (Gong et al., 2013), Global Mangrove Forests Data (Giri et al.,
2011), Global Forest Change 2000–2014 (Hansen et al., 2013), Global
Landsat Tree Cover (Sexton et al., 2013a), Global Forest Cover Change
of 1975, 1990, 2000, and 2005 (Kim et al., 2014), Global Human Set-
tlement of 1975, 1990, 2000, 2014 (Pesaresi et al., 2016), Global Urban
Footprint circa 2002 (Esch et at., 2013), Global Impervious Cover 2010
(Song et al., 2016), Global Inland Water Body circa 2000 (Feng et al.,
2015), and Global Cropland Extent 2015 (Teluguntla et al., 2017).
These activities were driven by an increasing demand for more accu-
rate, higher spatial resolution, and up-to-date land cover datasets re-
quired by the global change and land management user communities.
The successful completion of those products was attributable primarily
to the improved technological and algorithm advancement for land
cover characterization, and the ever-increasing availability of multi-
temporal and multi-resolution remote sensing and geospatial datasets.

1.2. Emerging trends and challenges in large area land cover monitoring
from remote sensing

Until the late 2000s, most large-area (national or global) compre-
hensive land cover and land cover change monitoring based on medium
resolution images (∼30-m) was conducted using a conventional change
detection method between two points in time. Since 2009, the opening
of the USGS Landsat data archive has enabled a new paradigm for ad-
vancing land change science (Woodcock et al., 2008; Wulder et al.,
2018). The paradigm promotes a new approach to land change mon-
itoring by extending from simple change detection at a bi-temporal
scale to a multi-temporal scale (Jin and Sader, 2005; Latifovic and
Pouliot, 2005; Kennedy et al., 2007; Huang et al., 2010; Zhu et al.,
2012; Sexton et al., 2013b; Franklin et al., 2015). Such an approach can
generate land cover products that depict more complex spatial and
temporal land cover condition and changes caused by natural or an-
thropogenic driving forces. The multi-temporal datasets enable a better
understanding of land cover dynamics and the implications of these
changes on land resources management and ecosystem services.

There are several challenges for realizing this new paradigm as it
relates to large-area land cover and change monitoring. From a the-
matic perspective, it has long been recognized that there is spectral
variation within a single land cover type and spectral similarities
among different land cover types (e.g., different types and practices of
cultivated croplands, and forested wetlands versus upland forest).
These have posed great challenges for spectral-based land cover clas-
sification. The challenges can be further compounded when a long time-
series land cover and change product is targeted. From a temporal
perspective, the quality of each individual land cover map in a time
series has a direct impact on the accuracy of mapped land cover and
change (no-change). The errors and inconsistency in multi-temporal
time-series land cover and change maps due to differences in class
definition, input data, and methods can lead to illogical and false land
cover changes (Latifovic and Pouliot, 2005; Sexton et al., 2013b;
Franklin et al., 2015). Consequently, they may yield unreliable esti-
mates of land cover change rate and change trajectory and have a direct
and negative impact on the accuracy of the product.

Another challenge is to accurately map various land cover types and
changes over vast and complex landscapes subject to various land use
and management practices. Some land cover patterns are spatially un-
ique in shape and size, and changes occur at a confined spatial and
temporal scale (e.g., a few pixels of water body or a stream), while
other types are spatially clustered and confined within areas of certain
geometry or terrains (e.g., forest cut or irrigated cropland, objects
formed by a group of pixels). Mapping diverse land cover classes and
changes in a large region requires spatially and temporally re-
presentative training data and a need to achieve a balance between
maintaining the spatial coherence of certain land cover types while
keeping single pixel level information for other types. In addition,
mixed pixels are a challenge for spectral-based classification algo-
rithms. Separating changes between land cover condition and land
cover conversion over large and diverse landscapes often requires
special treatment and strategies beyond the conventional spectral-only
change detection. Under such conditions, geographic ancillary data and
local knowledge about the landscape and natural environment, vege-
tation dynamics, and land use practices can all be used to improve the
accuracy of either classification or the post-classification processes
(Srinivasan and Richards, 1990; Brown et al., 1993; Jin et al., 2013;
Chen et al., 2014). In essence, to achieve a high accuracy in large area
time series land cover and change mapping, careful integration of
multi-temporal, multi-spectral, and geospatial data and knowledge is
necessary.

1.3. Review of U.S. National land cover database development

The United States NLCD had its beginnings in the mid-1990s with
the formation of the Multi-Resolution Land Characteristics (MRLC)
Consortium by the USGS, the U.S. Environmental Protection Agency
(EPA), and the National Oceanic and Atmospheric Administration
(NOAA). Additional MRLC partners beyond the three originals now
include the U.S. Department of Agriculture (USDA) Forest Service
(USFS), National Agricultural Statistical Service (NASS), the Bureau of
Land Management (BLM), the National Park Service (NPS), the U.S.
Fish and Wildlife Service (USFWS), and the Army Corps of Engineers
(USACE) (Wickham et al., 2014). For NLCD, the 1992 product was the
first land cover dataset at 30-meter resolution ever produced for the 48
conterminous states with a consistent, coast-to-coast methodology. By
the 2001 release, NLCD had evolved to a database concept with mul-
tiple products including land cover, percent tree canopy, percent im-
perviousness, and database derivatives of Landsat imagery, elevation
data and derivatives, other ancillary and intermediate datasets, and
metadata and other supporting information (Homer et al., 2004). For
the 2006 release, NLCD began quantifying land cover change over time
(Fry et al., 2011). NLCD 2011, which was released in 2013, represents a
decade of consistently produced land cover and impervious surface for
the Nation across three periods: 2001, 2006, and 2011 (Fry et al., 2011;
Homer et al., 2015). Overall, the USGS, in partnership with several
federal agencies, has developed and released four NLCD product data-
bases over the past two decades: NLCD 1992, 2001, 2006, and 2011.
These databases provide spatially explicit and reliable information on
the Nation’s land cover and land cover change.

2. Requirements for a new generation NLCD 2016

Despite several successful data releases, there remains a funda-
mental need across government and private sectors for more timely,
accurate, and relevant products. In addition, there is increasing demand
for products that better represent shrub and grass ecosystems than past
NLCD land cover classes. Hence, the NLCD team has responded to this
need with an NLCD 2016 database design that produces accurate land
cover change information more cohesively and consistently by cor-
recting legacy errors in NLCD products; including additional products
for shrub, grass, and bare ground and additional forest disturbance
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classes; and executing this in a production model faster than any pre-
vious NLCD.

3. Objectives and components of NLCD 2016

The aim of NLCD 2016 is to develop a nationally consistent multi-
temporal land cover and land cover change database at 30-m spatial
resolution from 2001 to 2016 at 2–3-year intervals. The database will
enable the monitoring of a wide variety of land cover and land cover
changes (e.g., urban development, vegetation disturbance and succes-
sion), and will facilitate scientific understanding of causes and con-
sequences of these changes in a consistent and credible way. The da-
tabase will also provide input data to a variety of environmental models
and allow simulation of many natural and anthropogenic processes that
are not directly observable.

The NLCD 2016 database design was based on several guiding
principles, including the need to (1) upgrade the original NLCD 2001
and correct base errors in the land cover product that persisted over
several epochs from 2001 to 2011, (2) develop consistent and accurate
land cover and change products from 2001 to 2016, (3) design proce-
dures that capitalize on data-rich and technological advancement to
automate NLCD production at a lower cost, (4) ensure that the new
design works seamlessly to provide an integrated NLCD 2016 database
for the nation, and facilitates and supports a more rapid update cycle
for NLCD beyond 2016, and (5) develop additional fractional vegeta-
tion products for shrub, herbaceous, and bare ground and integrate
them into the land cover product.

NLCD 2016 will consist of the following major components, all at
30-m resolution:

(1) A cloud-free time series Landsat imagery dataset from 2001 to 2016
at 2–3-year intervals for the conterminous U.S.

(2) A new set of 7-epoch NLCD land cover and change products from
2001 to 2016 at 2–3-year intervals.

(3) A percent imperviousness and change trajectory product for 2001,
2006, 2011, and 2016.

(4) A percent tree canopy cover product for 2011 and 2016.
(5) A suite of percent shrub, herbaceous, and bare ground products for

2016.

4. Research priorities in developing NLCD 2016

NLCD 2016 is envisioned as a new generation of land cover and land
cover change product that further enhances information content, con-
sistency, utility, and relevancy of NLCD. Here we highlight several re-
search priorities we focused on throughout the development of the
NLCD methodology: (1) integration of multi-source information for
land cover characterization and change detection, (2) leveraging expert
knowledge and ancillary data to support land cover and change mod-
eling, (3) a hierarchical approach for land cover and change analyses,
and (4) integration of a pixel-based and object-based land cover mod-
eling. The following sections discuss each of the four research priorities.

4.1. Integration of multi-spectral, multi-temporal, and spatial information

The general procedure for NLCD 2016 land cover characterization
and change detection consists of four steps: assemble training data, land
cover classification, post-classification, and final integration. For each
step we integrated spectral, temporal, spatial, and land cover trajectory
data for help in building models. For assembling training data, we used
multi-temporal Landsat images to generate spectral change maps, along
with other land cover datasets [e.g., NLCD legacy data, USDA Cropland
Data Layer (CDL), a National Wetland Inventory (NWI) dataset] to
derive initial training data. We also created spatial objects via image
segmentation and used them to refine the training data. At the classi-
fication step, we incorporated spectral, temporal, and spatial and

terrain information as independent variables for the input to a decision
tree classifier to create a pixel-based land cover map for each epoch. We
also employed spatial objects to derive an object-based land cover map.
At the post-processing and final integration step, we incorporated pixel-
based and object-based land cover maps as well as ancillary data to
improve the initial land cover label, and to produce the final land cover
and change maps.

4.2. Expert knowledge and ancillary data

The important role of expert knowledge and ancillary data in
characterizing land cover and changes has been demonstrated (Shafer
and Logan, 1987; Srinivasan and Richards, 1990; Jin et al., 2013; Chen
et al., 2014). Expert knowledge about land cover and change trajec-
tories can be expressed as rules and/or attributes and built into a system
to aid in land cover modeling and classification. Geospatial ancillary
data have been recognized as a valuable source of information for large
area land cover characterization (Srinivasan and Richards, 1990; Brown
et al., 1993) and for land cover change analysis (Lu et al., 2007; Jin
et al., 2013). For NLCD 2016, we have collected and prepared many
ancillary datasets to address different issues related to particular land
cover classes. The ancillary data were used not only for developing
training data but also for land cover classification and post-processing.
We used published products, as well as data and rules that we created
based on expert knowledge. For example, we characterized the long-
term dynamics of shrubland and herbaceous cover in the western
United States based on historical records of fire extent and burn se-
verity, the ecological conditions of the site (vegetation type, tempera-
ture, precipitation, and soil type), and the expected time of vegetation
recovery after fire. We also determined the timing of forest disturbance
and associated land cover types post-disturbance based on magnitude of
spectral changes and the known trajectory of forest recovery at a given
site.

4.3. A hierarchical approach to mapping land cover and change

A hierarchical approach offers advantages by adopting different
training data creation, classification, and post-processing algorithms/
models to handle different land cover classes separately in order to
minimize the spectral and spatial confusion (Sulla-Menashe et al., 2011;
Smith, 2013; Chen et al., 2014). For example, the NLCD production
mapped urban developed areas and changes using a regression-tree
algorithm, which was separate from the classification of all other land
cover types (Yang et al., 2003a, 2003b; Xian and Homer, 2010). For
NLCD 2016, we developed new models that were tailored to each
particular land cover type. At the training data assembling step, we
used different models to create training data for each land cover class.
At the classification step, we employed a decision tree algorithm for
land cover classification and a regression-tree algorithm for mapping
urban and rangeland classes. At the post-classification stage, we built
specific models for each land cover type to correct errors due to tem-
poral and spatial inconsistency in class labels, and executed these
models sequentially, with one class at a time.

4.4. Integration of pixel-based and object-based land cover modeling

Mapping diverse land cover classes and changes requires a balance
between maintaining the coherence of multi-pixel object for certain
land cover types and keeping single-pixel level information for other
types. Several researchers have explored integration of pixel-based and
object-based land cover mapping (Myint et al., 2011; Smith, 2013;
Costa et al., 2014; Chen et al., 2014). We adopted that strategy for
NLCD 2016 land cover processing. A general rule we followed was to
use an object-based approach for mapping change of natural vegetation
and agricultural classes (with relatively large patch size) to maintain
the spatial coherence, to use a pixel-based approach for water, snow/
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ice, and developed classes to retain their spatial details, and to integrate
object-based and pixel-based approach for no change areas. This ap-
proach facilitates an optimized and consistent multi-temporal land
cover and change product.

5. Implementation and methods

5.1. Methods for image pre-processing

One fundamental requirement for development of a long-term,
consistent national land cover and land cover change database is a well-
calibrated, spatially and temporally consistent Landsat imagery dataset
for the Nation. Research on image pre-processing strategies has led to
development of (1) a protocol for image selection, (2) a cloud, shadow,
and scene anomaly mask, and (3) a cloud and shadow and gap fill
procedure.

5.1.1. Landsat image selection
We created a script that searched through the Landsat image archive

and downloaded all images that met the predefined threshold of cloud
cover (< 20%). For each Landsat path/row, one cloud-free leaf-on
image (hereafter referred to as a base image) was selected for each
target year (2001, 2003, 2006, 2008, 2011, 2013, and 2016). For 2016,
a leaf-off image was also selected. If there was no cloud-free image
available for a target year, an alternate cloud-free image acquired from
a year either before or after the target year was selected. In some cases
when selected base images had clouds or some anomalies, additional
image(s) (hereafter referred to as a fill images) were chosen and later
used to fill cloud/shadow areas in the base image. Up to three fill
images were selected as needed, and these images could be either leaf-
on or leaf-off, preferably within two years of the base image date.

5.1.2. Cloud masking and filling
Clouds, cloud shadows, smoke from active fires, and other anoma-

lies were delineated by drawing an area of interest around each
anomaly in the affected base and fill images. New spectral data in
masked areas were estimated using a cloud filling method (Jin et al.,
2013). This method is based on the concept of the Spectral Similarity
Group (SSG), which uses the fill image to find similar pixels in the base
image. Pixels that have the same SSG from the reference image are
projected (based on geographic coordinates) to the base image, and the
mean values of those pixels from the base image are calculated and used
to fill the cloud/shadow pixels.

5.2. Method and models for land cover characterization and land cover
change modeling

Research conducted for NLCD 2016 land cover modeling focused on
developing methods for (1) multi-temporal spectral change detection;
(2) assembling training data for multi-temporal land cover modeling;
(3) generating an initial set of multi-temporal land cover classification
map based on training data and a decision-tree algorithm, (4) a post-
classification strategy to improve the initial land cover and change
maps, and (5) an integration process to generate the final NLCD 2016
land cover and change product. The following sections elaborate on
each of the five elements in detail.

5.2.1. Methods for multi-temporal spectral change detection
In the past, NLCD has been produced either as one single dataset

(NLCD 1992) or as an updated database from a baseline dataset (NLCD
2001, 2006 and 2011) using a bi-temporal change detection method
named the Multi-Index Integrated Change Analysis (MIICA) (Jin et al.,
2013). MIICA utilizes four spectral change indices to produce a change
map with two classes of biomass increase and decrease for two-dates of
Landsat imagery. Besides using the MIICA model, for NLCD 2016 we
utilized multi-temporal Landsat images to detect and quantify long-

term spectral change at 2–3-year intervals from 2001 to 2016, where
either land cover type or condition change occurred. Several existing
and newly developed spectral indices were utilized: (1) the Normalized
Burn Ratio (NBR), (2) the Normalized Difference Vegetation Index
(NDVI), (3) Change Vector (CV), (4) Relative Change Vector (RCV), and
(5) the Normalized Spectral Distance (NSD). These spectral indices
were used to detect spectral change over a multi-temporal domain from
2001 to 2016. In addition, a disturbance map produced by Vegetation
Change Tracker (VCT) (Huang et al., 2010) was used to extend the
multi-temporal spectral change back to 1986 to form a longer time
series disturbance dataset. This 1986–2016 disturbance dataset plays a
very important role in the following training data creation, classifica-
tion, and post-processing.

5.2.2. Methods for multi-temporal land cover modeling
Mapping multi-temporal land cover and changes requires consistent

and robust method. We designed a two-step processing procedure: (1)
assembling spectrally, spatially, and temporally consistent training data
for each epoch year (every 2–3 years from 2001 to 2016), and (2)
conducting land cover modeling/classification for each epoch. First, a
set of models was developed to assemble a training dataset for each
land cover type of each epoch year starting from 2016. The training
data were created based on Landsat images and derived indices, mul-
tiple spectral change products from change detection, trajectory ana-
lysis, and a variety of ancillary data. The ancillary data included NLCD
legacy data 2001, 2006, and 2011, the NOAA Coastal Change Analysis
Program land cover data, USDA CDL and an accumulated Cultivated
Crop Layer, hydric soil and NWI dataset. In addition, image objects
derived from each individual Landsat image were used to refine pixel-
based training data to mitigate noise in the classification.

After all training data were prepared, the second step was to con-
duct a land cover classification for each epoch year using a decision-tree
classifier called C5 (Breiman et al., 1984; Quinlan, 1993). The C5
classifier employs an information gain ratio method in tree develop-
ment and pruning, and has many advanced features including boosting
and cross-validation. Specifically, the classification process im-
plemented for NLCD 2016 involves (1) drawing training samples (2% of
all available training data per path/row), validation samples (1%), and
a minimum number of 5,000 samples per class, (2) executing the C5
classification algorithm to generate a set of rules based on the training
data, and (3) applying the decision rules to generate a land cover
classification map. Our C5 classifications used four set of independent
variables (1986–2016 disturbance year map at 2–3-year intervals,
Landsat image of the year, compactness of Landsat image segmentation
polygons, and a DEM and its derivatives). The classification was con-
ducted for every epoch year twice (a full version and a light version).
The light version excluded the urban and wetland classes from the
dependent variables and the 1986–2016 disturbance year from the in-
dependent variables. Two versions of classifications were then in-
tegrated with ancillary data and the object-based information. A total of
seven initial land cover maps were generated in a back-in-time order
with the past NLCD legacy data year taking precedence (i.e. 2016,
2011, 2006, 2001, 2003, 2008, and 2013).

5.2.3. Methods and models developed for post-classification
There were errors in the initial land cover classification maps and in-

consistency in land cover change sequence due to the quality of input data
and limitation of the automated classification. A post-classification process
was implemented to correct the errors in land cover maps for each year as
well as the temporal inconsistency in the time series land cover maps from
2001 to 2016. The post-processing focused on checking the spatial co-
herence of land cover labels for each epoch, temporal consistency of land
cover labels over time, and logic of land cover change trajectory. The
process utilized information from spectral and spatial data, temporal
change trajectory, expert-knowledge, and ancillary data to refine the in-
itial land cover and change labels through a set of rules.
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The post-processing was conducted for each land cover type in a
hierarchical order: (1) water, (2) wetlands, (3) forest and forest tran-
sition classes, (4) permanent snow and ice, (5) agricultural lands, and
(6) persistent shrubland and herbaceous. Different sets of rules and
models were developed for each of the six land cover categories.
Table 1 lists major issues and solutions applied for land cover post-
processing. Two examples are presented here to illustrate the concept:
one for water and one for the forest classes. For water, several models
were used to reduce the confusion between water and other land cover
classes. For instance, some coniferous forest was misclassified as water
because of its spectral darkness and/or impact of deep terrain shadows.
This error was corrected if the slope of the site is greater than 2% and
the land cover from NLCD legacy data is coniferous forest. We also
identified water change patterns such as water patch size, water fre-
quency, and water change consistency over time to separate spurious
change from real change. Other misclassified water pixels near the
borders of water bodies were relabeled as wetland if the presence of
water at the location is not persistent over time. Another strategy for
water post-classification is to use ecoregion boundaries as strata to se-
parate real land cover change (from water to herbaceous or hay/pas-
ture) in the Prairie Pothole Region (PPR) of the U.S. from the ephemeral
changes in the eastern coastal wetlands caused by tides.

We also developed a series of post-processing models for forest and
disturbed forest classes. For example, we integrated object-based land
cover information based on Landsat image segments of each epoch year
and the polygons of disturbance-year for improvement of land cover
labels. We also used a disturbance dataset, a rangeland cover map, and
other ancillary data to distinguish climax shrub and herbaceous classes
from the spectrally similar yet different land cover classes related to
forest disturbance and recovery. In addition, we mitigated confusions
between forest and cropland using CDL data, confusions between up-
land and lowland forest using NWI and NLCD legacy data. We em-
ployed a leaf-off image to separate coniferous and deciduous forest and
improved accuracy of mixed forest class.

Our post-processing methods also included a check on temporal
consistency of time series land cover maps, and applied models to
correct the illogical changes in the land cover label sequence. For ex-
ample, for a pixel of interest, if the multi-temporal land cover map
shows only one year out of seven mapped as forest, and the year is
neither the beginning (2001) nor in the end year (2016), and all other
years are mapped as cropland, then the forest label for that one year
will be changed to cropland. Another example is that if there are no
spectral changes identified over the entire time period from 2001 to
2016, and the land cover of all NLCD legacy datasets is forest, then the

Table 1
Example of main issues and data used for rule-based post-processing.

Land cover theme Issues Data and method used for Post-processing

Water Confusion with wetland • The frequency of water exists over seven epochs

• The extent of water at a given epoch

• The maximum extent of water over seven epochs

• Ecoregion map
Mixed pixels near border of water body • The frequency of water exists over seven epochs

• The extent of water at a given epoch
Differentiate ephemeral water change or meaningful water
change

• Region stratification

• Water change pattern analysis
Confusion in area with deep shadows caused by terrain or
buildings

• NLCD legacy data

• Digital Elevation model (DEM) derivatives
Permanent snow/ice Seasonal and inter-annual variability of snow/ice cover • The frequency of snow over seven epochs

• The extent of snow at a given epoch

• The minimum extent of snow over seven epochs
Missing areas of snow/ice under deep terrain shadows • NLCD legacy data

• DEM derivatives
Forest Forest succession in an illogical order • Change land cover label according to ecological succession process

Confusion with agriculture class due to phenology • Use NASS ancillary data and long-term disturbance year product to separate disturbed forest
areas from agricultural area

Confusion between forest regrowth classes with permanent
shrub/grass lands

• Time series of disturbance data & long-term land cover strata

• Ancillary data such as NLCD legacy data

• Shrub continuous fields from Shrub project

• Existing Vegetation Type (EVT)

• Monitoring Trends in Burn Severity (MTBS) data
Confusion among coniferous, mixed, and deciduous forest
classes

• Both leaf-on and leaf-off images of 2016

• Forest disturbance data

• NLCD legacy data
Cultivatedcropland Spectral confusion with non-agricultural herbaceous or

shrubland or forest classes
• USDA CDL and Cultivated cropland data

• NLCD legacy data

• Image object-based information

• Long-term land cover strata
noise within the agricultural fields • Image segmentation and objects
Change of cropland and CRP land • Persistence of spectral and land cover changes over time

Shrubland Confusion between disturbed forest class and shrub • Persistence of shrubland

• Shrubland maps based on continuous field modeling products
Challenges in monitoring shrubland changes by spectral data
alone

• Use fire ecological succession models

• Recovery rate stratified by land cover type (sage vs. non-sage), region (mainly based on
perspiration), fire severity

Herbaceous Confusion between disturbed forest and herbaceous • Persistence of herbaceous

• Shrubland and herbaceous maps based on continuous field modeling products
Confusion with hay/pasture • Regional mask and disturbance data layer

• NLCD legacy data
Wetland Change between emergent wetland and woody wetland • Reference to classification results and disturbance date to determine if it is forest/shrub or

grass
Woody wetland confusion with upland forest class • Use NWI, Wetland Potential Index, NLCD legacy data
Inland wetland and coastal wetland change pattern difference • Region stratification

Developed Confusion with non-developed classes • Use imperviousness data to determine developed classes
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final label of this pixel will be forest for all seven epochs. Table 1 lists
the examples of main issues and procedures developed for post-pro-
cessing for major land cover classes.

5.2.4. The final integration process
After all post-processing was completed, the last step was to in-

tegrate all intermediate datasets from the previous steps into a final
product. The main goal of the final integration was to create coherent
spatial-temporal objects across all years from 2001 to 2016 so that all
spatial-temporal objects followed a temporal change (or no change)
trajectory in the same way, and all pixels within an object belonged to
the same land cover class for an epoch year. The final integration
checked and corrected spatial inconsistencies of all land cover and
change patches, and also resolved class label issues pertinent only to
local environments (e.g., in coastal area only). The premise for spatial
consistency checking is that many land cover types (e.g., cropland,
forest and forest disturbance, wetland, herbaceous, shrubland, and hay/
pasture) often appear as a spatial object rather than as an individual
isolated pixel. For those land cover types we applied models to check
for differences between pixel-based and the object-based land cover
labels. If the difference occurs, a rule-based model was applied to re-
concile the differences using the majority label of the object-based land
cover map. In contrast, for water and developed classes, we kept pixel-
based land cover labels in order to retain all small land cover and the
related changes. As a result of this process, spatially and temporally
consistent land cover maps were obtained.

6. Methods and models for continuous fields products

6.1. Impervious surface

The methodology for generating the NLCD 2016 urban impervious
surface product was built upon previous experience and evolved from
mapping for a single date (Yang et al., 2003a) and bi-temporal change
(Yang et al., 2003b; Xian and Homer, 2010) to multiple dates (Homer
et al., 2015) across 2001–2016. Additional models and procedures were
developed to employ the NLCD 2011 impervious surface product as the
baseline for training data and Landsat imagery pairs acquired in 2011
and 2016 as the primary predictive variables for identifying impervious
changed areas.

The procedure includes four steps: (1) training data development,
(2) impervious surface modeling, (3) comparison of initial model out-
puts, and (4) final editing and product generation. In step one, either a
NASA Defense Meteorological Satellites Program (DMSP) Nighttime
Lights data layer (for 2011) or NOAA’s Visible Infrared Imaging
Radiometer Suite (VIIRS) Day/Night band (DNB) Nighttime Lights data
(for 2016) was superimposed on the published NLCD 2011 impervious
surface product to exclude low density impervious areas outside urban
and suburban centers. This ensures only urban core areas are used to
produce statistically stable training data. Two training datasets, one
having a relatively large urban extent and one having a relatively small
extent, were assembled through imposing two separate thresholds of
nighttime lights imagery on the 2011 impervious data layer. Next, each
of the two training datasets were used separately to build regression
tree models for predicting percent impervious surface using 2011
Landsat imagery as predictive variables (Xian and Homer, 2010). These
two sets of regression tree models were created and used to produce
two 2011 initial impervious surface maps. Similarly, the same two
training datasets were used with 2016 Landsat images to create two sets
of regression tree models and two 2016 initial impervious surface maps.
Using the same training data for both sets of regression trees ensures
stable and comparable outcomes from multiple predictive scenarios. In
step three the two pairs of initial impervious maps were compared to
remove false estimates due to high reflectance from nonurban areas and
to retain 2011 impervious values unchanged from 2011 to 2016. For
changed areas, an updated 2016 impervious surface map was

generated. The last step of the procedure was a clean-up to correct
mapping errors by both hand editing and automated processes. In some
areas hand editing was used to remove false impervious estimates in
areas such as mines and barren land, and to add missed developed areas
where very low imperviousness exists such as in city parks and golf
courses. To map earlier years of NLCD, two impervious product pairs
were compared with the preceding published year to retain areas of
changed impervious values. Additionally, improved road data layers for
2011 through 2016 were created and used in impervious feature
identification to improve the accuracy of the impervious product.

6.2. Tree canopy cover

The NLCD Tree Canopy Cover (TCC) products provide estimates of
percent tree canopy cover (0–100%) for each 30-m pixel. The U.S.
Forest Service became the lead agency for the TCC product for the 2011
NLCD. The product included three geospatial data layers: (1) an ana-
lytical TCC product based on raw model output, (2) standard errors for
each pixel, and (3) a cartographic product for which non-tree areas with
non-zero canopy cover were masked out of the analytical product. The
basic approach is described by Coulston et al. (2012). The 2016 TCC
product will include a re-map of 2011 TCC and the 2016 TCC product
using consistent methods for both dates. The analytical vs. cartographic
distinction will not be used for the 2016 product suite; rather, a “best”
pixel product and an accompanying metadata layer that indicates the
origin of the pixel (modeled tree canopy cover vs. masked based on
ancillary information) will be provided. A change layer (2016 vs. 2011)
will also be produced.

6.2.1. Training datasets
To support the 2011 TCC mapping effort, percent canopy cover was

estimated using a dot grid overlaid on images from the National
Agriculture Imagery Program (NAIP) or other sources of high-resolution
imagery where NAIP imagery was unavailable. The land cover at each
dot was interpreted as tree or not tree, and then a percent canopy cover
value was computed for the overall grid. Canopy cover was determined
in this manner at locations representing approximately 20% of the plot
network used by the Forest Inventory and Analysis (FIA) program. Over
63,000 locations were interpreted for the 2011 TCC mapping effort. For
the 2016 TCC product, resources were not available to re-interpret tree
canopy cover for all of the locations used in the 2011 product. Rather,
3% of the original locations were re-interpreted using newer NAIP
imagery based on the occurrence of wildfires or large NDVI changes
detected in Landsat-derived time series.

6.2.2. Canopy cover models
Percent canopy observations, derived from the aforementioned

photo-interpreted dot grids, were used to train models using Landsat
spectral data and derived indices as predictor variables. To produce the
2011 tree canopy data layer, Landsat 5 TM images from 2009 to 2011
were used. Landsat 8 OLI images from 2014 to 2016 were used for the
2016 product. Image data were summarized temporally for each pixel
in two ways: (1) growing season median values were calculated
(Ruefenacht, 2016), and (2) harmonic regression coefficients were
produced from the full three-year time series. Ancillary variables, such
as elevation derivatives, were also used as predictor variables. Random
forests regression was used as the modeling framework and has been
found to produce better results than other methods tested (Freeman
et al., 2016).

6.2.3. Final product assembly
Modeled tree canopy cover for each path/row was qualitatively

examined for anomalies, and when present, path/rows were modeled
iteratively using slight changes to input parameters or input data until a
satisfactory output was produced. A series of three masks were then
applied to each path/row: (1) a percent canopy “threshold” mask (per-
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pixel standard errors were used to determine if any pixel with non-zero
canopy could actually have zero canopy), (2) an agricultural mask
(based on the consistent presence of cultivated crops on a pixel as in-
dicated by the Cropland Data Layer) and (3) a water mask. The masked
products were mosaicked by MRLC mapping zone, and then subjected
to another round of qualitative reviews to check for anomalies. A
companion layer that indicates change in tree canopy cover between
2011 and 2016 will be generated for the NLCD product suite for the first
time as part of the 2016 release. Standard errors output from tree ca-
nopy models will be used to assess confidence in tree canopy cover
change between the two years. Change areas that meet a threshold level
of confidence will be portrayed in the final change product.

6.3. Shrub, herbaceous, and bare ground

We developed an approach that generated the continuous field
products of shrub, herbaceous and bare ground for the western U.S. as a
new database component of NLCD 2016. The approach requires use of
multi-resolution remote sensing data and field measurements to quan-
tify land cover and vegetation components in the rangeland ecosystem
(Homer et al., 2012; Xian et al., 2013). Specifically, nine components in
the Western U.S. are being estimated for every Landsat 30-m pixel,
including: continuous fractional cover of herbaceous, annual herbac-
eous, bare ground, litter, shrub, sagebrush (Artemisia spp.), big sage-
brush (Artemisia tridentata spp.), and sagebrush and shrub height. Each
of these components was predicted by the following steps: (1) ground
collection of ocular estimates of component cover corresponding with
vegetation patches visible on WorldView 2 (WV–2) (2-m resolution)
imagery, (2) using these data as training for regression tree models to
predict each component across each WV–2 footprint, (3) downscaling
the 2m products to 30-m resolution, and (4) using the downscaled data
as training data for a regression tree model that predicts each fractional
component using Landsat images (Xian et al., 2013).

Most mapped components had significant correlations with in-
dependent validation data collected from the field, and the root mean
square errors of predicted factional component of all vegetation and
cover type is less than 10% in study areas of the northwest U.S. and are
less than 20% for study areas in the southern U.S. (Xian et al., 2013).
While some uncertainties remain with height estimates, the method
provides an unbiased and cost effective approach to quantify shrubland
components at a regional scale, and offers valuable information to
improve thematic land cover classification in arid and semiarid areas.
For NLCD 2016 development, the estimated components were cross-
walked to NLCD land cover classes of shrubland, herbaceous, and
barren based on a set of decision rules determined by indicators of
vegetation cover and ecological regions (Rigge et al., 2017). The three
cross-walked land cover classes are incorporated into the NLCD 2016
land cover modeling process.

7. Automation and documentation of the implementation
procedures

Given the objectives, magnitude, and large spatial and temporal
dimensions that NLCD 2016 targets, it was not feasible to implement
the project without a high degree of processing automation. A large
integrated central working database and server system was procured to
allow collaborative and centralized processing and scripting. For NLCD
2016 production, a series of scripts were written to automate the pro-
cess. Scripting improved efficiency and reduced the possibility of
human errors during production. Scripts were developed for image pre-
processing, land cover modeling, and impervious modeling processes
using Practical Extraction and Report Language (PERL) and Python.
With these two languages custom code was generated to gather input
data and call software packages such as ERDAS IMAGINE®, ArcGIS®,
and Trimble eCognition® to process the data, execute models, and
generate all output from the modeling processes. All processing

procedures and models for NLCD 2016 were documented so that they
are transparent and can be tracked and reproduced. The documents
include: (1) NLCD 2016 image selection and pre-processing, and NLCD
2016 land cover and change modeling and post-classification, (2) a line-
by-line interpretation of each individual model, and (3) a dictionary
that lists all files from model output, including file names and a de-
scription of each file.

8. Results from pilot studies and preliminary assessment

8.1. Results

All procedures described previously were implemented and tested in
twenty WGS-2 path/row across the Conterminous United States. The
test areas cover diverse landscapes with many land cover types and
changes over the period of 2001–2016, including forest areas in the
Southeastern U.S. and the Pacific Northwest, the wetlands in southeast
coastal areas and the PPR region in north central U.S., the agricultural
lands and grasslands in the central U.S., the shrubland and grassland in
western U.S., and the urban development in and around cities. The
results from the pilot studies are presented by focusing on several major
land cover categories and changes, namely, forest and changes caused
by disturbances, wetland distribution and changes, agricultural land
and conversion, shrubland and changes caused by fire disturbance, and
urban development and changes.

8.1.1. Forest and changes
Fig. 1 shows a subset area of all land cover and change maps in

west-central Georgia in the southeastern U.S. (path 22, row 39) for
2001, 2003, 2006, 2008, 2011, 2013, and 2016. The area is dominated
by forests with some hay/pasture lands. Timber production is very
important throughout the region where vast expanses of industrial-scale
pine plantations occur. Intensive land use of commercial tree farming
resulted in a cyclic change of land cover associated with a sequence of
tree planting, growth, maturation and cutting over time. Forest har-
vesting and regeneration are the major driving forces of land cover
change. The cleared land typically remains in a mechanically disturbed
state for a brief period and is then replanted into trees; however, in
some cases, the land is left for natural regeneration.

The land cover change maps in Fig. 1 clearly show the trajectory of
this change sequence from 2001 to 2016. The forest clear-cut is shown
in purple, the regeneration of shrub/scrub after cutting was mapped in
light blue, and the young trees or transitional forest at the later stage of
regrowth was mapped in green. The success of mapping this land cover
and changes is attributed to the spectral and temporal information
derived from Landsat images and other data.

8.1.2. Wetland and changes
The area of wetlands in the U.S. wetland increased by an average of

32,000 acres (12,900 ha.) annually from 1998 to 2004 (Dahl 2006). In
contrast, the wetland area declined by an estimated 62,300 acres
(25,200 ha) between 2004 and 2009 (Dahl 2011). For this study, two
examples of wetland changes are presented. One is in the PPR of north
central U.S., which is characterized by many small lakes and potholes.
Fig. 2 shows a subset in this area where changes of wetland and water
extent are highly sensitive to seasonal and inter-annual variability of
weather conditions. For instance, in a dry year (2008), many water
bodies and potholes dried out and the land cover changed from water to
either wetlands or hay/pasture; in contrast, in a very wet year (2011),
many wetland areas were covered by water. The dynamics of the
wetlands is clearly shown in the time series land cover and change
maps. Another example of mapped wetland changes is in the coastal
zone of the southeastern US (not shown by a figure). The area is
characterized with mixed forest, woody wetland, and agricultural
lands. The main changes are from the forest (woody) wetland to mixed
woody and herbaceous wetlands as the result of tree cutting. These
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Fig. 1. Forest and changes trajectory in west-central Georgia of the southeastern U.S. from 2001 to 2016. Note the forest clear-cut area (in purple), the regeneration
of shrub/scrub after cutting (in light blue), and the young trees or transitional forest at the later stage of regrowth (in green). (For interpretation of the references to
colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2. Wetland and change trajectory from 2001 to 2016 in central North Dakoda of the U.S. Note the changes of wetland and water extent over time caused by
seasonal and inter-annual variability of weather conditions. Many water bodies and potholes dried out in 2008 and the land cover changed from water to either
wetlands or hay/pasture. In contrast, many wetland areas were covered by water in a very wet year in 2011.
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Fig. 3. Cultivated cropland and changes from 2001 to 2016 in northeast South Dakoda of the central U.S. The area is predominantly by cultivated cropland with a
stable land use practice.
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Fig. 4. Shrubland/herbaceous/bare ground and changes from 2001 to 2016 in southwest Idaho of the U.S. Some shrubland in the area was stable and changed little
over time, but other areas were burned and changed to herbaceous or bare ground after the fire.
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areas often recovered to woody wetland quickly due to regrowth in this
hot and humid environment.

8.1.3. Cultivated cropland and changes
Fig. 3 shows the land cover in a predominantly cultivated cropland

area in South Dakota with a stable land use practice and land cover
condition. The three dominant land cover types are cultivated cropland,
hay/pasture, and herbaceous. The time series land cover maps show
that very limited land cover changes occurred in the area over the
2001–2016 period. The limited changes shown in the land cover change
maps are the increase of cultivated cropland due to change of land use
and change between wetland and surface water extent caused by var-
iation in weather and climate condition.

8.1.4. Shrubland/herbaceous/bare ground and changes
It is a great challenge to monitor land cover condition and changes

of shrubland, herbaceous and bare ground in the semi-arid western US
using remote sensing data (Homer et al., 2012). The sometimes subtle

differences in spectral signature and the transient changes of vegetation
in response to weather conditions make it very difficult to accurately
detect and map these land cover type and changes. Our method relied
on a disturbance dataset, the time series Landsat images, and the un-
derstanding of ecological conditions of the region, and was applied to
regions where new NLCD cross-walked shrub, herbaceous and bare
ground products are available. Fig. 4 shows the distribution and
changes of one shrubland and herbaceous area in southwest Idaho.
Some shrubland in the area was stable and changed little over time, but
some were burned and then changed to herbaceous or bare ground after
the fire (shown in change maps). Some shrubland areas burned early
(before 2001) and regrew back to shrubland in 2004, then later
changed to herbaceous after 2011. Over time, a loss of shrubland in the
area is observed, which indicates the potential impact of disturbances
on this ecosystem.

8.1.5. Developed areas and changes
Land cover condition and changes in and around urban and

Fig. 5. Developed areas and changes from 2001 to 2016 near the city of Atlanta, Georgia. The changes of imperviousness were observed both within existing
developed areas (intensity change) and in non-developed areas (conversion to developed), especially from 2001 to 2006 period.

L. Yang et al. ISPRS Journal of Photogrammetry and Remote Sensing 146 (2018) 108–123

119



suburban areas due to development activities were mapped by multi-
temporal imperviousness modeling. It is one of the best land cover types
mapped spatially and temporally in terms of consistency and accuracy.
Fig. 5 shows one urban area and its changes of imperviousness near the
city of Atlanta, Georgia. The notable changes of imperviousness in this
area are mapped correctly in both timing and location. The changes
took place both within existing developed areas (intensity change) and
in non-developed areas (conversion to developed), and the urban ex-
pansion over time can be clearly observed, especially from 2001 to
2006 period.

8.2. Assessment of results from the pilot studies

The NLCD 2016 prototype method was heavily scrutinized in sub-
jective ways as the process was developed. An objective assessment of
the method was also needed and conducted to evaluate the results. It
should be noted that the goal of this assessment is not a formal accuracy

assessment of NLCD 2016 as those reported for the past NLCD products
(e.g., Stehman et al., 2003; Wickham et al., 2013), as such an assess-
ment can only be made after the final NLCD 2016 products are gener-
ated. Instead, the purpose of this assessment was to evaluate the con-
sistency and robustness of the developed models for generating initial
land cover maps in different landscapes and across temporal domains.
Here we conducted the assessment for all pilot areas and for all epoch
years. The reference data used to evaluate the classification were drawn
from a training data pool, and was independent from the data used for
land cover classification. The assessment parameters are overall
agreement, producer’s agreement and user’s agreement between
mapped and reference (training) data. While the assessment results
reported in this paper are not the accuracy of the final NLCD 2016 land
cover products, they are likely to be conservative (the same as or lower
than the accuracy of the final product) because the final products
should have a higher overall accuracy after all additional post classi-
fication procedures are applied. We note that the assessment reported

Table 2
Agreement between map and reference labels for NLCD 2001 for path 18, row 35. Sample size is reported in the column and row labeled n. Producer’s agreement
(Prod) and User’s agreement (User) are rounded to the nearest whole number. Agreement was defined as a match between the land cover map and the reference
labels of training data. OA is overall agreement defined as a match between the map and reference labels. OA=0.90.

LC class 11 22 23 24 31 41 42 43 44 45 46 52 71 81 82 90 95 User n

11 2515 1 0 0 1 2 0 0 0 0 0 0 0 0 0 3 0 0.99 2522
22 0 1027 90 2 2 1 0 0 0 1 1 0 25 302 3 4 0 0.70 1458
23 0 200 396 32 6 0 0 0 0 0 0 0 4 92 12 0 0 0.53 742
24 7 23 113 190 3 0 0 0 0 0 0 0 3 20 4 1 0 0.52 364
31 2 41 20 2 60 2 1 0 0 0 13 0 14 111 10 0 0 0.22 276
41 2 47 1 0 3 136,491 7426 5142 0 0 1 0 0 358 10 271 0 0.91 149,752
42 0 4 0 0 0 2217 4421 447 0 1 0 0 0 2 1 6 0 0.62 7099
43 0 0 0 0 0 254 135 106 0 0 0 0 0 0 0 0 0 0.21 495
44 0 0 0 0 0 1 0 0 138 1 0 0 0 2 0 3 0 0.95 145
45 0 2 0 0 0 2 1 0 0 138 46 0 0 48 2 8 0 0.56 247
46 0 13 1 0 9 4 0 0 0 5 522 0 0 189 1 5 0 0.70 749
52 5 12 0 0 7 0 0 0 0 0 0 0 14 56 9 1 0 0.00 104
71 0 24 0 0 3 0 0 0 0 0 0 0 1027 211 0 0 0 0.81 1265
81 0 619 28 0 39 48 2 0 0 1 38 0 805 42,479 273 67 0 0.96 44,399
82 0 13 5 0 3 6 0 0 0 0 0 0 6 352 561 4 0 0.59 950
90 2 3 0 0 0 412 31 21 0 0 0 0 3 63 5 250 0 0.32 790
95 1 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0.00 2
Prod 0.99 0.51 0.61 0.84 0.44 0.98 0.37 0.02 1.00 0.94 0.84 n/a 0.54 0.96 0.63 0.40 n/a
n 2534 2029 654 226 136 139,441 12,017 5716 138 147 621 0 1901 44,285 891 623 0 211,359

Land cover classes: Open Water (11), Perennial Ice/Snow (12), Developed-Open Space (21), Developed-Low Intensity (22), Developed-Medium Intensity (23),
Developed-High Intensity (24), Barren Land (31), Deciduous Forest (41), Evergreen Forest (42), Mixed Forest (43), Transitional Forest/Young Tree (44), Transitional
Forest/Shrub (45), Transitional Forest/Herbaceous (46), Shrub (52), Grassland/Herbaceous (71), Pasture/Hay (81), Cultivated Cropland (82), Woody Wetland (90),
Herbaceous Wetland (95).

Table 3
Agreement between map and reference labels for NLCD 2006 for path 18, row 35. The notations in the table are the same as in Table 2. OA=0.89.

LC class 11 22 23 24 31 41 42 43 44 45 46 52 71 81 82 90 95 User n

11 2228 2 1 2 0 1 1 0 0 0 0 0 0 0 0 1 0 0.99 2236
22 2 890 90 4 4 0 0 0 0 0 0 0 32 365 5 7 0 0.64 1399
23 1 201 390 34 4 0 0 0 0 0 1 0 7 108 12 3 0 0.51 761
24 8 12 146 199 8 0 0 0 0 0 0 0 4 19 4 0 0.50 400
31 3 55 35 7 71 6 1 0 0 0 18 0 12 95 9 2 0 0.23 314
41 5 16 0 0 2 140,829 8042 5335 9 0 6 0 0 63 1 261 0 0.91 154,569
42 2 2 0 0 0 2052 4178 434 8 0 0 0 0 1 0 5 0 0.63 6682
43 0 0 0 0 0 268 125 99 0 0 0 0 0 0 0 1 0 0.20 493
44 1 0 0 0 1 30 25 2 323 1 13 0 0 20 1 4 0 0.77 421
45 0 1 0 0 4 0 0 0 0 57 64 0 0 84 5 10 0 0.25 225
46 0 8 3 0 3 0 0 0 0 3 812 0 0 174 29 11 0 0.78 1043
52 1 6 0 0 6 0 0 0 0 0 0 0 10 35 0 1 0 0.00 59
71 0 37 3 0 2 0 0 0 0 0 0 0 1012 345 3 0 0 0.72 1402
81 0 657 45 2 23 3 0 1 0 2 48 0 787 40,828 438 83 0 0.95 42,917
82 0 26 10 1 1 0 0 0 0 0 5 0 23 340 723 3 0 0.64 1132
90 2 9 0 0 0 431 26 17 1 1 14 0 3 86 1 236 0 0.29 827
95 0 2 1 0 0 2 0 0 0 0 0 0 1 2 2 0 0.00 10
Prod 0.99 0.46 0.54 0.80 0.55 0.98 0.34 0.02 0.95 0.89 0.83 n/a 0.54 0.96 0.59 0.37 n/a
n 2253 1924 724 249 129 143,622 12,398 5888 341 64 981 0 1891 42,565 1231 630 0 214,890
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here is for land cover only. As for the percent imperviousness, percent
tree canopy cover, and percent shrub/herbaceous/bare ground pro-
ducts, a separate evaluation will be made after the final products of
these database components become available.

8.2.1. Overall, producer’s and user’s agreement of land cover maps for two
sample path/row

For path 18 row 35, the land cover overall agreement of individual
epoch year was high and consistent, 90% for 2001, 89% for 2006, 88%
for 2011, and 88% for 2016 (Tables 2–5). High user's agreement
(≥70%) were realized for water (11), deciduous forest (41), disturbed
forest (44, 46), and hay/pasture (81) for all four epoch years, and for
cropland (82) in 2011 and 2016 when agreement was defined as a
match between the map and the reference label. In contrast, low user’s
agreement (< 35%) were observed for barren (31), mixed forest (43),
and wetland (90, 95) classes. The high producer’s agreement (≥70%)
were also very consistently shown in several classes, including water
(11), high intensity developed (24), deciduous forest (41), forest dis-
turbed classes (44, 45, 46), and hay/pasture (81) for all epoch years.
Low producer’s agreement (< 35%) were recorded for mixed forest
(43) and wetland (90). We noted that the low agreement of the mixed
forest class was due to a problem of the training data, which was a very
weak class mapped in the legacy NLCD.

For path 41 row 30, the land cover overall accuracies of individual
epoch years were also high and consistent: 89% for 2001, 88% for
2006, 88% for 2011, and 88% for 2016. High user's accuracies (≥70%)
were realized for water (11), low intensity developed area (22), con-
iferous forest (42), shrubland (52), herbaceous (71), and cropland (82)
for all four epoch years. In contrast, low user’s accuracies were ob-
served for barren (31) and deciduous forest (41). High producer’s ac-
curacies (≥70%) were also very consistently shown in several classes,
including water (11), low and medium intensity developed (22, 23),
coniferous forest (42), disturbed forest (44, 45), shrubland (52), her-
baceous (71), and cropland (82) for all epoch years. No real low
(< 35%) producer’s accuracies were recorded for any land cover
classes.

8.2.2. Overall agreement of land cover maps for all path/row of pilot study
area

Additional assessment was made for all 20 path/row from our pilot
studies (Table 6). The results show that the overall agreement of the 20
path/rows and all seven-epoch year ranges from 71 to 97%. Also noted
is an interesting geographic pattern showing difference in quality of
land cover maps: in the eastern U.S., the overall agreement ranges from
70% to mid-80%, while in central and western U.S., it ranges from 80%
to upper 90%. This pattern is likely attributable to the fact that the land

Table 4
Agreement between map and reference labels for NLCD 2011 for path 18, row 35. The notations in the table are the same as in table 2. OA=0.88.

LC class 11 22 23 24 31 41 42 43 44 45 46 52 71 81 82 90 95 User n

11 2419 2 1 1 0 3 0 0 0 0 0 0 1 0 0 1 0 0.99 2428
22 0 980 102 3 2 0 0 0 0 0 0 0 34 351 10 5 0 0.66 1487
23 0 248 473 39 16 3 0 0 0 0 3 0 10 81 15 2 0 0.53 890
24 9 12 176 218 7 0 0 0 0 0 3 0 4 19 9 0 0 0.48 457
31 2 56 50 7 74 3 1 0 0 2 24 0 11 148 26 2 0 0.18 406
41 4 10 2 0 1 141,267 8440 5344 5 1 1 0 0 4 1 274 0 0.91 155,354
42 0 0 0 0 0 2181 4117 400 0 0 1 0 0 0 1 11 0 0.61 6711
43 0 0 0 0 0 253 130 118 0 0 0 0 0 0 0 0 0 0.24 501
44 0 3 0 0 0 2 0 0 376 2 0 0 0 12 3 1 0 0.94 399
45 0 10 1 0 2 1 1 0 2 256 19 0 0 149 10 13 0 0.55 464
46 0 12 4 2 2 0 0 1 0 1 832 0 0 99 23 2 0 0.85 978
52 0 6 1 1 7 0 0 0 0 0 0 0 11 56 4 0 0 0.00 86
71 2 34 5 1 0 0 0 0 0 0 0 700 391 4 0 0 0.62 1137
81 0 594 41 2 37 0 0 0 0 3 32 0 757 27,282 374 68 0 0.93 29,190
82 0 25 20 1 3 0 0 0 0 0 5 0 27 252 879 3 0 0.72 1215
90 10 10 0 0 0 358 36 13 1 7 3 0 63 6 232 0 0.31 739
95 2 22 3 0 1 19 7 0 0 2 34 0 19 139 14 40 0 0.00 302
Prod 0.99 0.48 0.54 0.80 0.48 0.98 0.32 0.02 0.98 0.93 0.87 n/a 0.44 0.94 0.64 0.35 n/a
n 2448 2024 879 274 153 144,090 12,732 5876 384 274 957 0 1574 29,046 1379 654 0 202,744

Table 5
Agreement between map and reference labels for NLCD 2016 for path 18, row 35. The notations in the table are the same as in table 2. OA=0.88.

LC class 11 22 23 24 31 41 42 43 44 45 46 52 71 81 82 90 95 User n

11 2261 1 2 1 0 2 0 0 0 0 0 0 0 0 0 2 0 0.99 2269
22 0 1131 97 4 0 17 4 0 0 0 0 0 20 307 7 1 0 0.71 1588
23 2 250 449 34 1 9 0 0 0 0 0 0 6 113 25 1 0 0.50 890
24 4 16 163 250 0 0 0 0 0 0 2 0 5 47 9 1 0 0.50 497
31 2 59 45 12 12 4 1 0 8 9 0 23 146 22 1 0 0.03 344
41 1 30 2 0 0 149,936 7194 4968 0 226 0 0 0 55 12 255 0 0.92 162,679
42 0 4 0 0 0 2732 5944 709 0 46 0 0 1 4 0 10 0 0.63 9450
43 0 0 0 0 0 449 255 319 0 0 0 0 0 0 0 0 0 0.31 1023
44 0 0 0 0 0 2 1 176 18 0 0 0 2 2 0 0 0.88 201
45 0 7 0 0 0 139 84 8 0 971 4 0 0 42 19 7 0 0.76 1281
46 0 8 2 1 0 0 0 0 0 9 778 0 0 38 18 8 0 0.90 862
52 1 3 1 0 0 0 0 0 0 0 0 0 25 111 8 0 0 0.00 149
71 0 10 1 0 0 0 0 0 0 0 0 0 266 259 3 0 0 0.49 539
81 0 587 43 1 6 8 4 1 0 29 13 0 1409 35,987 852 70 0 0.92 39,010
82 0 14 8 1 0 0 0 0 0 2 0 0 18 325 1193 6 0 0.76 1567
90 3 13 1 0 0 376 39 13 0 20 0 0 2 45 6 227 0 0.30 745
95 0 10 1 0 0 35 9 3 0 22 8 0 13 125 21 44 0 0.00 291
Prod 0.99 0.53 0.55 0.82 0.63 0.98 0.44 0.05 1.00 0.72 0.96 n/a 0.15 0.96 0.54 0.36 n/a
n 2274 2143 815 304 19 153,709 13,534 6022 176 1351 814 0 1788 37,606 2197 633 0 223,385
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cover and land use in the eastern U.S. is more complex with smaller
patch size and more fragmented land than those in the central and
western U.S.

9. Discussion

The NLCD 2016 approach reported here provides a solid foundation
to meet the project objectives, although some method dependencies and
limitations should be noted. The developed methods rely on relatively
perfect imagery to achieve a high accuracy. If the image quality and
acquisition time are not optimized, they can have a negative effect on
land cover model outcome. Also, some modeling process rely more on
ancillary data and/or expert knowledge to determine land cover con-
dition and changes, which have uncertainties regarding spatial, tem-
poral and thematic accuracies. For example, it is often difficult to de-
termine how long exactly it will take for trees to completely recover
after disturbances occur at a given location and time; likewise, the
decision rules used for separating hay/pasture from cultivated crop-
lands based on general land use practice may not always hold.

The NLCD 2016 product is a comprehensive and flexible database
with a medium spatial resolution designed and suitable for wide range
of applications. We note that this database is for conterminous U.S.
only. For users engaged in land cover and change studies at a global
scale, other datasets are needed (e.g. those cited in Section 1.1 of this
paper). The NLCD land cover product has always followed one pre-
defined classification scheme. For users who use a different scheme or
require more detailed classes, they need to either cross-walk the NLCD
classes or to use other available datasets, such as the USDA NASS
Cropland Data Layer (for detailed cropland types), the LANDFIRE Ex-
isting Vegetation Type (for detailed vegetation types). Likewise, for
applications that require products with higher spatial resolution, users
should explore other regional data sets, such as the NOAA Costal
Change Analysis Program land cover and change product with 1–5-m
resolution.

10. Conclusions

This paper reports on a new strategy for developing a multi-tem-
poral land cover and change database for the conterminous U.S., called
NLCD 2016. This innovative approach provides a strategy to integrate

multi-source data and expert knowledge for land cover characterization
and change detection, uses a hierarchical approach for land cover and
change analyses, and implements a hybrid approach to integrate pixel-
based and object-based land cover modeling. The performance of the
prototype NLCD 2016 database created using these strategies was tested
in 20 WGS-2 path/rows within the conterminous U.S. An overall
agreement from 71% to 97% between the land cover product and the
reference data was achieved for all tested path/rows and all seven-
epoch year of 2001, 2003, 2006, 2008, 2011, 2013 and 2016. These
results indicate that the new method provides a robust, comprehensive,
and highly automated procedure for NLCD 2016 operational mapping.
This new approach will generate NLCD 2016 land cover and change
products at 2–3 year intervals from 2001 to 2016, with additional da-
tabase components and likely a higher accuracy than any previously-
released NLCD. A full production of NLCD 2016 for the conterminous
U.S. is now in progress, and is scheduled to be completed by the end of
2018.

Looking beyond NLCD 2016, new evolving land change require-
ments necessitate even more frequent cycles of land cover updates to
understand land cover change on an annual basis. The developed NLCD
2016 approach provides a solid foundation to meet this future re-
quirement. Further research and analysis will be required to determine
the optimal course for future NLCD product direction and production.
Towards this end, several existing and new initiatives at the national
level (The Landscape Fire and Resource Management Planning Tools
Project, The Gap Analysis Program, Landscape Change Monitoring
System, and Land Change Monitoring, Assessment, and Projection)
offer promising opportunities to help expand the future NLCD product
vision through project collaboration. The Any change of future NLCD
direction will carefully consider resources available, the credibility of
new technical and data solutions, and the ability to maintain NLCD
product accuracy and consistency.
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