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Spatial Assessment of Two Widely Used Land-Cover
Datasets Over the Continental U.S.

Pei-Yu Chen, Mauro Di Luzio, and Jeff G. Arnold

Abstract—Satellite-based land-cover datasets are required
for various environmental studies. Two of the most widely used
land-cover datasets for the U.S. are the National Land-Cover Data
(NLCD) at 30-m resolution and the Global Land-Cover Char-
acteristics (GLCC) at 1-km nominal resolution. Both datasets
were produced around 1992 and were expected to contribute
similar land-cover information. This study investigated the NLCD
distribution within each of 11 GLCC classes at 1-km unit in ten
U.S. states. Our analyses showed that the NLCD had similar
spatial distribution as the GLCC for the classes of grassland,
shrubland, as well as deciduous and evergreen forests. Meanwhile,
the GLCC class of cropland and pasture was highly correlated
to the NLCD classes of row crops and pasture/hay. The GLCC
savanna was appropriately related to the NLCD grassland, pas-
ture/hay, and deciduous forest. The NLCD classes of row crops,
pasture, and deciduous forest mainly dominated the GLCC class
of cropland/woodland mosaic. Spatial similarity was lower for
the GLCC classes of mixed forest, wooded wetland, and crop-
land/grassland mosaic. In addition to the NLCD urban areas,
the GLCC urban and built-up lands were consistently related to
the NLCD vegetated areas due to the common mixture of urban
and vegetated lands. A set of subclass land-cover information
provided through this study is valuable to understand the degrees
of spatial similarity for the global vegetated and urban-related
classes in selected study areas. The results of this study provide
great reference for interchanging less-detailed global land-cover
datasets for detailed NLCD to support environmental studies.

Index Terms—Global Land-Cover Characteristics (GLCC), Na-
tional Land-Cover Data (NLCD).

I. INTRODUCTION

LAND-COVER information has become essential and crit-
ical for environmental studies and land use planning. The

appropriate use of this information is usually a consequence of
the derived spatial scale. For local studies, fine-resolution data
(e.g., one to few meters) are generally more appropriate than
coarse-resolution data (e.g., one to few kilometers), which con-
versely play an important role in several global environmental
and climatic studies.

In the U.S., an intermediate-scale dataset, National Land-
Cover Data (NLCD) [1], is often used for regional- as well
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as national-scale investigations. The NLCD, developed based
on 1992 satellite imagery at 30-m resolution, was consistently
classified and seamlessly covers the entire country. It provides
a suitable land-cover dataset to support national environmental
assessments using watershed-based water quality models, such
as the Soil and Water Assessment Tool (SWAT) [2] and Spa-
tially Referenced Regressions on Watershed (SPARROW) [3].
A general concern with NLCD is the update of the information
content that takes extensive time and tremendous processing ef-
fort. In fact, the new version of the datasets [4], based on the
2000 vintage Landsat data, is still under completion by several
federal agencies forming the MultiResolution Land Character-
istics Consortium (MRLC).

The need for satellite-based land-cover data becomes crit-
ical for near real-time analysis on a national scale. Over the
last few years, several research institutes and government orga-
nizations have updated extended land-cover databases. For ex-
ample, a new global land-cover database for the year 2000/2001
was developed by using Moderate Resolution Imaging Spec-
trometer (MODIS) data [5]. The Canada Center for Remote
Sensing implemented SPOT/Vegetation data to produce a na-
tional land-cover database for Canada for the year 1998 [6]. All
of these newly produced land-cover database were generated at
1-km resolution.

Previously, another land-cover dataset, the Global
Land-Cover Characteristics (GLCC), was produced at 1-km
nominal spatial resolution for the entire globe [7], [8]. The
GLCC was developed using satellite data collected across 1992
through 1993, like for the NLCD. Although developed based on
different satellite sensors with different goals and resolutions,
the two datasets were expected to contribute similarly to the
land-cover information over the conterminous U.S.

Different vegetated land-cover types have varied influences
on water and energy cycles. The expansion of urban distri-
butions alters climate and rainfall patterns. Both vegetated
and urban-related areas were important for land-cover studies.
The objective of this study was to analyze the spatial dis-
tribution (zonal and pixel based) of the NLCD and GLCC
over the U.S. This study investigates the NLCD distribution
within the selected 1-km 1-km GLCC pixels to analyze the
spatial relationship of land-cover information between the
two datasets. The results will contribute to the knowledge of
land-cover correlation between fine-resolution and coarse-res-
olution dataset. Investigating the degree and areas of agreement
between the two datasets can provide background information
for interchanging less-detailed land-cover maps in a large area
or whenever appropriate.

0196-2892/$20.00 © 2005 IEEE
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TABLE I
CLASSIFICATION SCHEMES OF GLCC AND NLCD, RESPECTIVELY, BASED ON

THE MODIFIED LAND-COVER CLASSES OF ANDERSON LEVEL I. THE NUMBERS

IN PARENTHESES REPRESENT LAND-COVER CODES

II. MATERIALS AND METHODS

The NLCD and GLCC datasets were generated based on an
entire year of satellite images. Both leaves-off and leaves-on
datasets were analyzed to distinguish vegetation types. The
NLCD is a 21-class land-cover classification scheme resembling
the well-established Anderson land-use/land-cover classifica-
tion system [9] (Table I). The GLCC datasets were provided in
seven different land-cover classification schemes, and the U.S.
Geological Survey (USGS) land-use and land-cover classifica-
tion in 24 classes was adopted for this study due to similarity to
the Anderson classification scheme (Table I). Both land-cover
datasets are available for free download at the USGS web site.

The positional accuracy of each pixel is important, since this
study investigated the NLCD distribution within 1 km 1 km
GLCC pixels. Each Landsat Thematic Mapper (TM) image used
to create the NLCD was terrain-corrected using digital terrain
elevation data and georegistered using ground control points, re-
sulting in a root mean square registration error of less than one
pixel (30 m) [1]. The registration accuracy of GLCC data has
not been officially published yet. The USGS web documentation
[10] stated that the goal of positional accuracy is 1-km or less
for the Advanced Very High Resolution Radiometer (AVHRR)
images used to create the GLCC. The ground control points
and hydrographic features were used for geometric registration.

Digital elevation data were incorporated to reduce registration
errors [10].

A. Land-Cover Datasets

The NLCD was produced based primarily on 1992 vintage
Landsat-5 TM data and was provided on a state-by-state basis
[1]. The TM multiband data were processed using an unsu-
pervised clustering algorithm [11]. The resulting spectral clus-
ters were resolved into one of 21 thematic classes using aerial
photography and ground observations. Clusters that represented
more than one land-cover category were identified using various
ancillary datasets and models developed to split the confused
clusters into the correct land-cover categories.

The GLCC datasets were derived from National Oceanic and
Atmospheric Administration (NOAA) AVHRR images [12].
The concept of seasonal land-cover regions was applied to the
GLCC creation to present the temporal and spatial patterns
of vegetation. The AVHRR normalized difference vegetation
index (NDVI) composites and other ancillary geographic data,
including digital elevation model, ecoregion data, and country
or regional-level vegetation and land-cover maps, were used
to classify global land-cover data. An unsupervised clustering
method was applied to multitemporal NDVI composites, and
each land-cover cluster was classified based on ancillary data
and expert interpretation. Postclassification was implemented
using multisource geographic data to refine classes containing
two or more disparate land-cover types [13].

Accuracy assessment of land-cover maps derived from
satellite data has been an important concern of the remote
sensing community [14]. The 1992 NLCD has accuracy
ranging from 37% (central U.S.) to 69% (western coast)
(http://edcwww.usgs.gov/programs/lccp/accuracy). Much of
the classification error occurred among the NLCD classes that
aggregate into a single Anderson level I class. For example,
pasture/hay was often confused with row crops, and mixed
forest with deciduous forest and evergreen forest. Other sources
of disagreement were between the forest and agricultural
classes, and between the forested wetland class and the forest
classes. Moreover, mines were often confused with transitional,
hay/pasture, and deciduous forest [1], [8].

For the GLCC datasets, the averaged classification accuracy
was 59.4% [15]. The highest individual class accuracies oc-
curred in the classes of evergreen broadleaf forests (78%) and
barren (95%). The wetlands had the lowest accuracy about 33%.
Both classes of deciduous broadleaf forests and savannas had
relatively poor accuracies around 40%. Most errors occurred
when shrublands were identified as wetlands, and croplands as
deciduous forest. Other errors included confusing deciduous
forest with wetlands, and evergreen and deciduous forest with
croplands.

B. Data Processing

A subset of the GLCC was prepared for each of 48 continental
states. The land-cover distribution in GLCC datasets was com-
puted for each state. Since the classification scheme of GLCC
was designed to characterize global land-cover types, class re-
visions including class removal and merging were necessary for
further studying the GLCC datasets for the U.S.
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TABLE II
PROPORTION OF LAND-COVER DISTRIBUTION OF NLCD FOR THE STUDIED STATES

The following GLCC classes were omitted from this study
due to small area existing in the U.S.: mixed dryland/irrigated
cropland pasture (213), mixed shrubland/grassland (330), de-
ciduous needleaf forest (412), herbaceous wetland (620), and a
variety of tundra (810, 820, 830, and 850). The next step was
combining some GLCC classes to correspond to the individual
NLCD class. For example, the GLCC evergreen broadleaf forest
(421) and evergreen needleleaf forest (422) were combined as
evergreen forest. The same adjustment was applied to the GLCC
dryland cropland/pasture (211) and irrigated cropland/pasture
(212) combined as cropland/pasture.

For the rest of GLCC classes, most of them directly corre-
sponded to the NLCD classes except the agricultural classes

and savanna (332). The GLCC classes
of cropland and pasture , cropland/grassland mo-
saic (280), and/woodland mosaic (290) contained more than one
land-cover type. The NLCD did not have the class of savanna
(332) as the GLCC. This study primarily focused on high-den-
sity vegetated lands and urban-related areas; therefore, no fur-
ther work was applied to the GLCC classes of barren or sparsely
vegetated (770), water bodies (500), and snow or ice (900).

A total of 11 GLCC classes were used for the data analyses.
They were ten vegetated classes and one urban-related class
including grassland, shrubland, deciduous forest, evergreen
forest, mixed forest, wooded wetland, cropland and pasture,
cropland/grassland mosaic, cropland/woodland mosaic, sa-
vanna and urban, and built-up land. The former six classes
directly corresponding to the NLCD classes were implemented
to evaluate the agreement between the two datasets in 1-km
units. The remaining four vegetated classes involving more than
one land feature were applied to assess the data relationship.
The only urban class was utilized to investigate the relation-
ship of urban-related land-cover between the two datasets.

Ten out of the 48 states were chosen for this study, and each
was dominated by one of the ten vegetated classes. All of the
urban-related lands in ten selected states were analyzed due to
a small amount of urban area in each state.

The NLCD for ten states were resampled from 30- to 25-m
resolution. The statistical data of land-cover distribution for the
ten states was recorded for this study (Table II). A total of 1600
(40 40) small pixels in 25-m resolution constitute one large
pixel in 1-km resolution. The land-cover distribution of NLCD
within each dominant GLCC class in the correspondent state
was calculated in percentage. Moreover, the NLCD distribution
within the GLCC urban-related areas was computed for each
of the ten states. Only the large pixels completely covered by
1600 small pixels were used for this study. Most edge pixels
along each state boundary were discarded due to incomplete
information. A database was established to store the land-cover
data of GLCC and NLCD for each dominant GLCC class and
urban-related areas. Each record of the database represented one
1 km 1 km pixel and consisted of the location of the pixel,
the land-cover type of GLCC, and the geocorrespondent land-
cover composition of NLCD in percentage. The average and
standard deviation for each geocorrespondent NLCD class were
calculated for each dominant GLCC class and the urban-related
areas.

III. RESULTS

A. Agreement Evaluation

The NLCD distributions within the six GLCC classes were
analyzed to determine agreements. Each of the six states chosen
for the study was dominated by one of the selected land-cover
types except Florida. The six states were South Dakota for grass-
land, Nevada for shrubland, West Virginia for deciduous forest,
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TABLE III
PROPORTION OF LAND-COVER DISTRIBUTION OF GLCC FOR THE STUDIED STATES

Washington for evergreen forest, Maine for mixed forest, and
Florida for wooded wetland (Table III). Although the wooded
wetland occupies only 4% of the land-cover in Florida, the state
of Florida has the largest wetland in U.S. The averaged results
(Table IV) revealed that each studied GLCC pixel at 1-km reso-
lution contained two or more NLCD classes. For example, each
studied GLCC grassland pixel on average was occupied by ten
NLCD classes including water (1%), bare rock (1%), deciduous
forest (1%), evergreen forest (1%), shrubland (4%), grassland
(67%), pasture/hay (5%), row crops (8%), small grains (7%),
and fallows (4%). The 67% of NLCD pixels within a GLCC
grassland pixel agreed as grassland in South Dakota (Table IV).
Our results showed that the GLCC datasets in selected states had
agreements to the NLCD distribution greater than 60% on av-
erage for the classes of grassland, shrubland, deciduous forest,
and evergreen forest. Both mixed forest and wooded wetland of
GLCC had agreements as low as 33% and 14%, respectively.
The mean and standard deviation of each NLCD class simply
served as references of NLCD distribution within each of the
six studied GLCC classes.

The GLCC grassland in South Dakota dominated more than
45% of land-cover (Table III) and was mostly located in the
west [Fig. 1(a)]. Our analyses showed that the agreement was
67% in average for grassland, and the area in disagreement was
primarily occupied by shrubs and crops [Fig. 1(b)]. A small
proportion of nonvegetated land-cover (water and bare rock)
was embedded in the GLCC grassland (Table IV). Both GLCC
and NLCD showed that shrubland occupied about 79% of land-
cover in Nevada (Tables II and III). Our results exhibited that
the GLCC shrubland distribution had a high agreement of 81%
to the NLCD shrubland, while the other 19% was mainly dis-
tributed by the NLCD evergreen forest and grassland (Table IV).
For the forestlands, the agreements on average between the two
datasets were about 72% for the deciduous forest in the state of
West Virginia and 63% for the evergreen forest in the state of
Washington (Table IV). The deciduous forest was mostly con-

TABLE IV
SPATIAL COMPARISONS OF LAND-COVER DISTRIBUTION BETWEEN THE GLCC
(1 km� 1 km) AND NLCD (25 m� 25 m). THE NUMBERS AND NUMBERS IN

PARENTHESES REPRESENTED THE AVERAGED NLCD COMPOSITION AND

STANDARD DEVIATION, RESPECTIVELY, FOR THE STUDIED GLCC CLASSES

fused with mixed forest and pasture in West Virginia, while the
evergreen forest was primarily confused with the other types
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Fig. 1. Grassland distribution in GLCC for (a) the state of South Dakota and
(b) the land-cover information in NLCD correspondent to the GLCC grassland
in South Dakota.

of forests in Washington (Table IV). The classes of wetland
and urban were barely related to the above GLCC vegetated
land-cover classes.

The previous results showed that the land-cover type of
GLCC was resolved based on the major vegetation type in each
1-km pixel. But, the GLCC mixed forest and wooded wetland
did not follow the same rule. The GLCC mixed forest covered
more than 45% of land in the state of Maine (Table III). Only
33% of NLCD pixels within a GLCC mixed forest pixel agreed
as mixed forest in Maine. The results revealed that nearly 51%
of GLCC mixed forest in average was actually covered by the
NLCD deciduous forest and evergreen forest (Table IV). The
GLCC map showed that a high density of mixed forest was
located in the north part of Maine, while the NLCD showed
that the mixed forest was equally distributed in Maine (Fig. 2).
Similar distribution disagreements happened to the evergreen
and deciduous forest, which contributed to the poor agreement
of mixed forest (Fig. 2). The GLCC wooded wetland in Florida
had the lowest agreement around 14%. It was unexpected that
more than 50% of GLCC wooded wetland was covered by the
NLCD herbaceous wetlands (Table IV), whereas no GLCC
herbaceous wetland was found in the U.S. According to the
NLCD, the woody wetlands dominated 21% of land-cover
in Florida [Table II and Fig. 3(a)], which was much different
from the 4% in the GLCC (Table III). Most agreed wooded
wetland was located in the southern Florida [Fig. 3(b)]. More

Fig. 2. Forestland distribution for the state of Maine according to the GLCC
and NLCD, respectively.

than 43% of NLCD woody wetlands were identified as the
evergreen forest in GLCC, and another 25% of NLCD woody
wetlands were recognized as the cropland/woodland mosaic
in GLCC (Fig. 2). Similar situations happened to the NLCD
herbaceous wetlands. The NLCD herbaceous wetlands were
mostly identified as the cropland/woodland mosaic, cropland
and pasture, or wooded wetland in GLCC.

B. Relationship Assessment

Four GLCC classes containing more than one vegetated
land-cover type were used for the relation assessment due
to each of the four GLCC classes correspondent to two or
more NLCD classes. Each of the four states chosen for the
study was mainly occupied by one of the selected GLCC
classes. The four states were Iowa for cropland and pasture,
Wisconsin for cropland/grassland mosaic, Kentucky for crop-
land/woodland mosaic, and Oklahoma for savanna (Table III).
Our results showed that the relationship was strong up to

% % % between the GLCC cropland and pasture
and NLCD pasture/hay and row crops in Iowa (Table V). The
four GLCC classes were mostly related to the NLCD pas-
ture/hay, row crops, deciduous forest, and grassland (Table V).

The state of Iowa is a key state for corn production and had
about 92% of land covered by the GLCC cropland and pasture
(Table III). Our analyses showed that the GLCC cropland and
pasture were, as expected, primarily related to the NLCD row
crops and pasture (Table V). The percentage of NLCD row crops
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Fig. 3. Woody wetlands distribution in NLCD for (a) the state of Florida and (b) the land-cover information in GLCC correspondent to the NLCD woody wetlands
in Florida.

TABLE V
RELATION OF LAND-COVER DISTRIBUTION BETWEEN THE GLCC (1 km
� 1 km) AND NLCD (25 m� 25 m). THE NUMBERS AND NUMBERS IN

PARENTHESES REPRESENTED THE AVERAGED NLCD COMPOSITION AND

STANDARD DEVIATION, RESPECTIVELY, FOR THE STUDIED GLCC CLASSES

within each GLCC cropland and pasture was greater than 90%
in most areas of the northern Iowa except river zones [Fig. 4(a)].
The percentage of NLCD row crops decreased gradually to-
ward the south; meanwhile the density of NLCD pasture/hay

Fig. 4. Percentage of (a) row crops and (b) pasture/hay of NLCD for each
1-km unit of cropland and pasture in GLCC across the state of Iowa.

increased. The southern central Iowa was mainly occupied by
the NLCD pasture/hay [Fig. 4(b)].

The GLCC cropland/grassland mosaic and cropland/wood-
land mosaic were the major land-cover types for the states
of Wisconsin and Kentucky, respectively (Table III). Both
GLCC land-cover classes had the same relationship to the
NLCD deciduous forest, pasture, and row crops (Table V).
Both relationships were unexpected. For example, the GLCC
cropland/grassland mosaic was strongly related to the NLCD
deciduous forest but little to the NLCD grassland (Table V). An-
other unexpected result was that the GLCC cropland/woodland
mosaic had a very high relationship to the NLCD pasture/hay
(Table V). Both relationships were possibly caused by the con-
fusions of deciduous forest with croplands and row crops with
pasture/hay. The GLCC savanna in central eastern Oklahoma
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Fig. 5. Proportions in percentage of GLCC urban and built-up land distribution for (a) each of the ten states and (b) the relationship of GLCC urban and built-up
land to the NLCD low-intensity residential, high-intensity residential, commercial/industrial/transportation, and urban/recreational grasses on average for each of
the ten states. The error bars in (b) represented the stand deviations for each NLCD class.

occupied about 29% of the land-cover (Table III). The results
showed that the GLCC savanna was primarily related to the
NLCD grassland, and meanwhile properly corresponded to
NLCD deciduous forest and pasture (Table V). The NLCD
evergreen and mixed forest, shrubland and wetland were barely
related to the four GLCC classes. A small proportion of non-
vegetated NLCD such as residential, commercial, and water
were distributed in the four GLCC vegetated lands (Table V).

C. Urban-Related Area Investigation

Each of the ten states contributed data for studying the
relationship of urban-related areas between the two datasets. In
general, the GLCC urban and built-up lands occupied a small
proportion of land-cover for the ten states ranging from 0.09%
(Nevada) to 2.46% (Florida) Fig. 5(a). Our results showed that
the GLCC urban and built-up land was strongly correlated
to the NLCD low-intensity residential and showed little rela-
tionship to the NLCD urban/recreation grasses Fig. 5(b). The
relationship between the two datasets was variable state by state
for the NLCD high-intensity residential and commercial/in-
dustrial/transportation. The GLCC urban and built-up land in
the ten states was consistently related to the nonurban NLCD
classes such as deciduous forest, grassland, pasture/hay, row
crops, and water. The NLCD evergreen forest and mixed forest
were occasionally related to the GLCC urban and built-up land
as well.

IV. DISCUSSION

A significant source of disagreement for the NLCD was be-
tween upland forest classes (deciduous, evergreen, and mixed

forests) [8]. The mixed forest was often confused with decid-
uous forest and evergreen forest in this study. Although both
datasets showed that the upland forests occupied around 80%
of Maine (Tables II and III), the scenarios of forest distribu-
tions were different between the two datasets (Fig. 2). The three
forest classes were equally distributed around the state in the
NLCD, but visibly centered at three different locations in the
GLCC (Fig. 2). The agreement increased from 33% to 84%
when three upland forests were grouped as one forest class in
Maine (Table IV). Improvements were slight for the classes of
deciduous forest from 72% to 85% in West Virginia and ever-
green forest from 63% to 78% in Washington (Table IV). The
major forests in similar spatial distributions for both GLCC and
NLCD explained the smaller degree of improvement for the de-
ciduous and evergreen forests. Meanwhile, data users should be
aware that both deciduous and evergreen forest were less con-
fused with mixed forest (Table IV).

A noticeable confusion was found between the wetland
classes in GLCC through this study. The NLCD presented that
a few of herbaceous wetlands were scattered in several states,
but no GLCC pixels in herbaceous wetlands were found in
the U.S. The wetland classes in NLCD were classified with
accuracy as high as 67% for the wooded wetland and 81%
for the herbaceous wetland [8]. This study results showed
the herbaceous wetland could not be distinguished from the
wooded wetland in GLCC, which could be the result of spec-
tral similarities between the two wetlands. Other land-cover
classification schemes for the GLCC tended to combine both
wetland classes as one class of permanent wetland, which
would promote the agreement result from 14% to 65%.

The similarity level of land-cover percentage and spatial
distribution determined the degrees and areas of agreement



CHEN et al.: SPATIAL ASSESSMENT OF TWO WIDELY USED LAND-COVER DATASETS 2403

or relationship between the NLCD and GLCC datasets. Sig-
nificant spatial differences led to the low agreements for the
mixed forest in Maine and wooded wetland in Florida. The
high agreement for the shrubland in Nevada was a result that
both datasets had very similar numerical (percentage) and
spatial (distribution) information (Tables II and III). The NLCD
exhibited that of Wisconsin was dominated by deciduous
forest, whereas the GLCC showed no deciduous forest in
Wisconsin (Tables II and III). The strong disagreement of
deciduous forest distribution was one of the factors causing
the relationship between the GLCC cropland/grassland mosaic
and the NLCD deciduous forest. Although the two datasets had
similar percentages (49% versus 47%) for deciduous forest in
Kentucky, much of NLCD deciduous forest occurred in areas of
GLCC cropland/woodland mosaic. Both datasets showed that
agricultural land occupied most of Iowa and had similar spatial
distributions. Hence, the GLCC cropland and pasture was
correctly correlated to the NLCD row crops and pasture/hay.
Land-cover data from other sources are certainly required to
validate the areas in low agreements or relationships.

The confusion between the forest and agricultural classes in
both NLCD and GLCC datasets was another source causing
unanticipated relationships. Three crop-related GLCC classes
(cropland and pasture, cropland/grassland mosaic, and crop-
land/woodland mosaic) were correlated to both pasture/hay and
row crops in NLCD. Many croplands in the U.S. were located
between pasture/hay and could not be separated out in 1-km
pixels. Moreover, the GLCC cropland/grassland mosaic was
unexpectedly correlated to the NLCD deciduous forest. This
study found that grassland was often confused with agricultural
and forest classes. For example, the agricultural classes of
NLCD occupied more than 20% of GLCC grassland. The
GLCC showed that cropland and pasture covered the entire
state of Iowa except the northeast corner dominated by the
cropland/grassland mosaic. The NLCD showed the northeast
corner of Iowa was occupied by pasture and deciduous forest.
The same confusion occurred in Wisconsin where the GLCC
cropland/grassland mosaic corresponded to the NLCD pas-
ture/hay and deciduous forest. Similar confusion in Kentucky
showed the GLCC cropland/woodland mosaic corresponding
to the NLCD pasture/hay.

The urban and built-up lands covered a small area compared
to the vegetated lands, but the urban-related information is as
critical as vegetation distributions to environmental studies.
Several NLCD classes such as deciduous forests, grassland,
pasture, and cropland were consistently related to the GLCC
urban and built-up lands as a result of the common mixture of
urban and vegetated lands. The NLCD class of urban/recre-
ational grasses represented the greenness in urban-related
areas; therefore, the relationship was relatively low to the
GLCC urban and built-up lands. The relationship between two
datasets for the urban-related areas increased up to 55% on
average when the NLCD residential and commercial areas were
grouped as one urban class for the ten states.

Numerous minor land-cover features were missed in the
GLCC datasets due to the 1-km resolution. For example, small
grains and fallows are omitted in croplands, and orchards/vine-
yard could be omitted within either shrublands or croplands.

The NLCD classification scheme provided land-cover informa-
tion in detail, but some minor classes might not be as valuable
as others for large-scale research studies. The Anderson Level
I classification scheme including water, urban, barren land,
forest, agricultural land, wetland, and rangeland could simply
eliminate confusion between similar land-cover classes, but
might miss some important land features such as shrubland and
grassland. More studies are required regarding systematically
grouping land-cover classes based on research objectives and
data availability. Due to coarse resolution, the total areas of
some dominant land features based on the GLCC might be
overestimated, while some insignificant land-cover classes
were underestimated.

This study assessed the spatial distribution of two land-cover
datasets at state scales, and the resulting set of subclass land-
cover information for 11 original or derived GLCC classes pro-
vided data users the insights of land features in 1-km unit. The
subclass information could be changed if the study were con-
fined to a local scale or extended to ecoregional scales. The data
agreements and relationships would be significantly improved
if the study site had a nearly homogeneous land-cover distribu-
tion. For example, the northern Iowa homogeneous croplands
could have the data relationship up to 90%. Further work is
necessary to compare multiple outcomes of land-cover agree-
ments and relationships between the two datasets in a diversity
of scales. Meanwhile, the data applications are critical to ap-
prove the importance of this work and to examine the impact of
land-cover information at various scales on modeling outputs.

V. CONCLUSION

This work studied the spatial distributions of the NLCD and
GLCC for the classes of agricultural land, forest land, range-
land, wetland, and urban-related areas. The NLCD distribution
within each studied GLCC class in 1-km unit was analyzed to
determine data similarity in ten U.S. states. Our results showed
a general agreement for the classes of grassland, shrubland,
deciduous forest, and evergreen forest. Strong disagreement oc-
curred in the classes of mixed forest and wooded wetland. Both
NLCD classes of pasture/hay and row crops were indistinguish-
able in the cropland of GLCC at 1-km resolution. The GLCC
classes of cropland and pasture, cropland/woodland mosaic,
savanna, and urban and built-up land were appropriately related
to the NLCD classes. The confusion between cropland and
forest land possibly caused the unusual relationship between
the GLCC cropland/grassland mosaic and NLCD deciduous
forest. The mixture of urban and vegetated lands caused the
constant relationship between the GLCC urban and built-up
lands and NLCD vegetated lands. Several minor land features
were most likely omitted in the 1-km pixel, and the dominated
land-cover class in GLCC was overestimated. Some minor
classes in the NLCD were probably redundant for state- to
national-scale studies. Hence, a purpose-driven class grouping
is necessary for NLCD classes to minimize data confusions and
improve data similarity.

One of the strong advantages of satellite data is providing
real-time information for research studies. Several updated
land-cover maps based on coarse-resolution satellite images
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have been produced over the last few years, and more will
be available for research purposes in the near future. The
coarse-resolution data provided less detailed land-cover infor-
mation and have been restricted for global or national studies
so far. The first set of national land-cover datasets in detail
was produced based on 1992 data, and the new one using
2000 satellite imagery is still under processing. Near real-time
studies certainly need to rely on the updated but less detailed
land-cover datasets. This study produced a set of subclass
land-cover information in 1-km unit for several GLCC classes,
which provided data users the area information of data agree-
ment and relationship between the GLCC and NLCD datasets.
Other information such as local land-cover maps derived from
fine-resolution satellite data or field survey is required to
verify the areas in low agreements or relationships. For those
areas in reasonable agreements or relationships, the recently
updated global land-cover data could serve as an input for local
to regional studies to enhance near real-time environmental
research.
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