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Abstract: Spatial heterogeneity is present in the land surface at every scale and is one of the key
factors that introduces inherent uncertainty into simulations of land surface processes and parameter
retrieval based on remotely sensed data. Because of a lack of understanding of the heterogeneous
characteristics of global mixed pixels, few studies have focused on modeling and inversion algorithms
in heterogeneous areas. This paper presents a parameterization scheme to describe land cover
heterogeneity quantitatively by composition and boundary information based on high-resolution land
cover products. Global heterogeneity features at the 1-km scale are extracted from the ‘GlobeLand30’
land cover dataset with a spatial resolution of 30 m. The composition analysis of global mixed pixels
shows that only 35% of pixels over the land surface of Earth are covered by a single land cover type,
namely, pure pixels, and only 25.8% are located in vegetated areas. Pixels mixed with water are
more common than pixels mixed with any other non-vegetation type. The fragmentation analysis
of typical biomes based on the boundary length shows that the savanna is the most heterogeneous
biome, while the evergreen broadleaf forest is the least heterogeneous. Deciduous needleleaf forests
are significantly affected by canopy height differences, while crop and grass biomes are less affected.
Lastly, the strengths and limitations of the method and the application of the land cover heterogeneity
characteristics extracted in this study are discussed.
Keywords: spatial heterogeneity; land cover; mixed pixel; compositions; fragmentation;
radiative transfer

1. Introduction
Heterogeneity is present in the land surface at all spatial scales, complicating the understanding
and description of land surface processes [1,2]. The inversion of biophysical vegetation parameters
(e.g., the leaf area index) at the global scale commonly relies on satellite images with moderate
spatial resolution (a few hundred meters to a few kilometers) [3]. Moderate-resolution pixels are
usually heterogeneous when the land covers are not uniform in the field of view of the sensors;
these pixels are deemed mixed pixels [4]. Heterogeneity within mixed pixels is a key factor that affects
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the precise simulation of the radiative characteristics of land surfaces and the inversion of land surface
parameters [5,6].
Assuming the homogeneity of moderate resolution pixels is widely adopted in current global
remote sensing products [3,7]. Such an assumption would induce considerable errors to the products
when the targets are not homogeneous. One study indicated that trees in croplands covering as
much land as the Amazon forest were neglected when aggregated at the global scale [8]. Also,
high disagreement exists in current 1-km land cover products developed for different purposes,
especially in mixed tree types [9]. To improve the land cover mapping accuracy, the best approach is to
better identify heterogeneous landscapes [9,10]. For leaf area index (LAI) inversion, large negative bias
(up to 45%) would be present when a pixel is composed of vegetation and open water [11]. LAI retrieval
errors at coarse resolution are negatively correlated with the proportion of the dominant land cover
type in mixed pixels [12]. In moderate resolution imaging spectroradiometer (MODIS) LAI products,
neglecting the intra heterogeneity of a classification scheme generally lead to LAI overestimation in
savanna areas and underestimation in forest areas [13]. Therefore, identifying the composition of
mixed pixels in heterogeneous areas is helpful for the modeling and inversion processes by the remote
sensing approach.
The mixing manner concerned with radiative transfer is another issue in the characterization of
land surface heterogeneity. It is commonly recognized that the bidirectional reflectance distribution
function (BRDF) of mixed pixels approximately obeys a linear weighted law in the landscape
scale [14,15]. However, errors might be introduced when a linear weighting law is applied at the
pixel scale. The fraction of absorbed photosynthetic active radiation (FPAR) is underestimated
when cross-radiation was ignored, and the error has reached 52% under extreme conditions [16].
This influence is closely related to the sizes of the patches. The more fragmented the patches are, the
greater the cross-radiation effects [17–19]. When the land surface structure is complicated and the
average patch size is less than one hundred meters, cross-radiation must be considered [20].
Researchers have attempted to describe land surface heterogeneity quantitatively from different
perspectives e.g., empirical index [21], as well as fractal [22], variogram [23], and entropy spectra [24].
These methods are developed in empirical or probabilistic manners regardless of mixed pixel modeling
and inversion. The reflectance of mixed pixels can be represented as the sum of contributions of
single-scattering and multi-scattering components [25,26]. The single scattering contributions could
be seen as a linear area-weighted sum of land objects and thus are related to the composition
of mixed pixels. The composition of mixed pixels has been applied in a variety of areas e.g.,
landscape typology [27,28] and vegetation change [29]. The approaches to estimate compositions of
mixed pixels includes spectral mixture analysis [30,31] and the aggregation of land cover at a finer
resolution [32,33]. The multi-scattering component, aroused by the three-dimensional (3-D) structure
(e.g., the contrast height difference) of the pixel area, is usually presented as a nonlinear form like
cross-radiation or mutual shadowing effects. Researchers have proposed various approaches to account
for the multi-scattering component e.g., shaded canopy and shaded soil [34], cross endmember [35],
and directional gap probability in boundary regions [25]. To characterize the heterogeneity features for
mixed pixel modeling at the global scale, the composition and shadowing at boundary regions should
be properly considered.
In this work, a high-resolution (30 m) land cover dataset is adopted to describe land objects
distribution in moderate resolution pixels. Land cover maps provide thematic characterizations of
biotic and abiotic properties of the Earth’s surface [7,36]. The prior information of land cover properties
could offer us a chance to depict the structure of the scenarios. A 30-m resolution map is capable of
capturing major parts of spatial variability of vegetation cover [23], though the heterogeneity in a
30-m extent is disregarded. The objective of this paper is to propose a parameterization scheme to
describe land cover heterogeneity quantitatively in mixed pixels. The proposed method, which is
based on composition and boundary information, is applied to a 30-m resolution land cover dataset
to analyze the global characteristics of land cover heterogeneity at a 1-km scale. The composition
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and fragmentation, especially in vegetated areas, are then analyzed. The results could contribute to
mixed pixel modeling and parameter inversion as well as identify heterogeneous landscapes in a
global context.
Remote Sens.
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Figure 1. Global distribution of biome types in 2010 based on the moderate resolution imaging

Figure 1. Global distribution of biome types in 2010 based on the moderate resolution imaging
spectroradiometer (MODIS) Leaf Area Index (LAI)/Fraction of Absorbed Photosynthetically Active
spectroradiometer
(MODIS) Leaf Area Index (LAI)/Fraction of Absorbed Photosynthetically Active
Radiation (FPAR) (Type 3) classification system.
Radiation (FPAR) (Type 3) classification system.
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Multi-scattering across a boundary is closely related to the sun-boundary-sensor geometry and
Multi-scattering across a boundary is closely related to the sun-boundary-sensor geometry and
the boundary height difference [25]. The boundary orientation indicates the direction from the higher
the boundary height difference [25]. The boundary orientation indicates the direction from the higher
patch to the lower patch. For example, a north-south boundary denotes that the higher patch is at the
northern side and the lower patch is at the southern side. The orientations extracted in this study
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patch to the lower patch. For example, a north-south boundary denotes that the higher patch is
at the northern side and the lower patch is at the southern side. The orientations extracted in this
study include four types: north → south, south → north, east → west, and west → east, due to
the gridded format of GlobeLand30. The canopy height difference across boundaries is difficult to
estimate precisely due to the lack of normalized global vegetation height products. To simplify the
computations, the vegetation types are classified into three height ranks (high/moderate/low) in this
paper based on prior knowledge, as shown in Table 1.
2.2.3. Effective Boundary Length
In mixed pixels, not all boundaries have considerable influences on the radiative transfer process.
For each boundary, an effective boundary length is defined based on the overall boundary length,
boundary orientation, and the height difference in the boundary canopy. For a pixel with a specific
sun-boundary-sensor geometry and boundary characteristics (boundary length, orientation, and height
difference), the radiative transfer process can be simulated accurately by a model that considers the
land cover heterogeneity [9]. However, it is difficult to calculate the effective boundary length by using
an analytic formula.
To analyze the effective influence of the boundary length on the radiative transfer process of
global mixed pixels, the boundary orientation and boundary height difference are first assigned grades
according to their influence on the radiative transfer process. Then, a weight ranging from 0 to 1 is
assigned to each grade. The global weighted boundary length can be calculated as follows:
BLeo =

4

∑ BLi × ωi

i =1

where BLeo is the effective boundary length when only considering the boundary orientation, BLi is the
boundary length of orientation pattern i in the mixed pixel, and wi is the weight of i. Notably, wi is
related to the sun-boundary-sensor geometry.
BLehd =

3

∑ BL j × ω j

i =1

where BLohd is the effective boundary length when only considering the boundary canopy height
difference, BL j is the boundary length of the height difference pattern j in the mixed pixel, and w j is
the weight of j. In this paper, three height difference patterns, namely high-moderate (H-M), high-low
(H-L) and moderate-low (M-L), are used.
2.3. Extraction of Land Cover Heterogeneity Characteristics
The GlobeLand30 data are first partitioned into multiple 1 km × 1 km units for the next analysis.
Each unit overlaps approximately 34 × 34 pixels of GlobeLand30. The units with valid data are then
utilized to extract compositions and boundary information separately. For the compositions, the land
cover types are generalized to endmember types as in Table 1. The number of endmembers and
the corresponding abundance are statistically calculated in a 1 km × 1 km unit. For the boundary
information, the boundary is defined and calculated on a gridded form. The west-east and north-south
boundary are detected by scanning adjacent rows and columns respectively. If the canopy height ranks
given in Table 1 of the adjacent land cover are different, the boundary is deemed valid. Then the type
of boundary and boundary length of each type are calculated. Finally, the maps of the number of
endmembers and overall boundary length at the 1-km scale are generated at the global scale. The flow
chart describing the detailed extraction procedures is given in Figure 3.
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Figure 9. Frequency distributions of different endmember numbers and boundary lengths for different
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evergreen needleleaf forest, and deciduous needleleaf forest, respectively).
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Over 70% of the pixels in evergreen broadleaf forests are composed of one or two land cover
types. Also, the average boundary length of evergreen broadleaf forests is the lowest (1551 m) of the
eight biomes, which denotes the low heterogeneity of the biome at the 1-km scale. For deciduous
needleleaf forests, 71.3% pixels are composed of two endmembers, while the boundary length is the
second highest with m = 4411 m and std = 4420 m. Boreal forests with a grass understory make up
the typical landscape pattern of the biome and should be the primary concern in the modeling and
inversion of this biome. The deciduous broadleaf forest and evergreen needleleaf forest biomes have
similar characteristics. Almost 15% of the pixels in these biomes are pure pixels, while most pixels have
two or three endmembers (70.9%), and almost 12% of pixels are composed of four or five endmembers.
The average boundary length and standard deviation are similar at approximately 3700 to 3800 m.
These two forest types show moderate heterogeneity in forest biomes.
The grass/cereal crop and broadleaf crop biomes have high fractions of pure pixels at
approximately 30.0% and 35.2%, respectively. The average boundary lengths of 2316 m and 2493 m
are generally lower than those of other biomes. Grass and crop pixels exhibit low fragmentation,
but mixtures with other land cover types are common. Human activities and the existence of the
ecological transition zones may be the two primary reasons for the heterogeneity in grass and crop
biomes. Savanna occupies the highest boundary length (m = 4989, std = 4680) of the eight biomes.
Most of the pixels (73.8%) are mixed with two or three endmembers. Savanna pixels are more likely to
be highly fragmented and include multiple cover types. Overall, the heterogeneity degree of biomes
from high to low are as follows: savanna, deciduous needleleaf forest, evergreen needleleaf forest,
deciduous broadleaf forest, shrub, broadleaf crops, grass/cereal crops, evergreen broadleaf forest.
3.4. Analysis of the Effective Boundary Length
Shadowing effects are closely associated with geometric conditions and boundary features
(e.g., the orientation and canopy height differences in this paper). The effective influence of the
boundary length on the radiative transfer process is analyzed based on a weighted boundary length
by considering the orientation and canopy height difference separately. According to the formula of
the effective boundary length and RTAF model simulations [25], the weights of various boundaries are
normalized and given in Table 2 for the sun zenith angle, azimuth angle, and view zenith angle values
of 45, 120, and 0 degrees, respectively.
Table 2. Weights of boundary types. ’H’, ‘M’ and ‘L’ are symbols of canopy height ranks shown in
Table 1. (‘-’ represents a west-east orientation; ’/’ represents a north-south orientation).
Boundary Type

wi

wj

Boundary Type

wi

wj

H-M
M-H
M-L
L-M
H-L
L-H

0
0
0
0
0
0

0.75
0.75
0.25
0.25
1
1

H/M
M/H
M/L
L/M
H/L
L/H

0.75
1
0.75
1
0.75
1

0.75
0.75
0.25
0.25
1
1

Based on this information, the effective boundary lengths BLeo and BLehd and the mean boundary
lengths of the eight typical global biomes were calculated. Table 3 presents the average total boundary
length (BL), the effective boundary length considering orientation (BLeo , denoted as type 1), the effective
boundary length considering boundary height differences (BLehd , denoted as type 2), the percentage
decreased between the mean boundary length and type 1 boundary length (∆m1), and the percentage
decreased between the mean boundary length and type 2 boundary length (∆m2).
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Table 3. Comparison of the mean boundary lengths of typical biomes for boundary length (BL), BLeo ,
and BLehd .
Biome
Grass/cereal
crops
Shrubs
Broadleaf crops
Savanna
EBF
DBF
ENF
DNF

Mean BL

Mean BLeo

Mean BLehd

∆m1

∆m2

2316.1

1019.6

1410.4

55.98%

39.10%

3539.6
2494
4989.6
1551
3626.9
3867.3
4411.5

1545.9
1093.7
2194.8
679.7
1590.9
1696.9
1933

2694.8
1559.2
3955.9
1358.9
3097.6
3311.9
4323.5

56.33%
56.15%
56.01%
56.18%
56.14%
56.12%
56.18%

23.87%
37.48%
20.72%
12.39%
14.59%
14.36%
1.99%

The effective boundary length reflects how much the boundary length impacts the radiative
transfer process (∆m1 and ∆m2 reflect impacts from the orientation and canopy height difference,
respectively). Table 3 shows that the impacts from the boundary orientation are significantly larger
than those from the boundary canopy height difference (with the average ∆m1 and ∆m2 of 56.13%
and 20.56%, respectively). In terms of boundary orientation, the eight biomes exhibit similar patterns,
which suggests that the boundary orientations are similar (uniformly distributed) in different biomes.
In other words, the bias associated with boundary orientation during the radiative transfer process
is similar for all of the biomes. With respect to the canopy height differences, the ∆m2 values of the
eight biomes exhibit evident differences. The mean effective boundary length of deciduous needleleaf
forests only decreased by 1.99% compared to other biomes, which indicates that the differences in
the boundary canopy height in this biome are notable and the associated influence on the radiative
transfer model should not be neglected. Moreover, the effective boundary lengths of grass/cereal
crops and broadleaf crops decreased by 39.10% and 37.48%, respectively, suggesting that the canopy
height difference is not significant. In conclusion, the bias associated with canopy height differences is
more notable in forests, especially deciduous needleleaf forests, than in other biomes.
3.5. The Effects of Land Cover Data
The precision of extracted heterogeneity parameters is highly related to the accuracy as well as
the resolution of input land cover data. A comparison of heterogeneity parameters extracted from
GlobeLand30, CORINE-100, and CORINE-250 are displayed in Figure 10. The three land cover maps
show good consistency with one another with respect to the number of endmembers, as well as a
declining trend to the boundary length. There exists misclassification between shrubland and forest in
Corine maps at the middle-left of the landscape. As a consequence, the number of endmembers of
Globeland30 are a little larger than that of Corine at the same region. Misclassification and scale issues
are the main sources of inconsistency. The misclassification of land cover types (e.g., wetland and
shrubland in Figure 10) with same canopy height rank has little influence on the boundary length but
would induce differences in the number of endmembers. The GlobeLand30 product adopted in this
paper outperforms other global high-resolution land cover products in terms of accuracy. The land
surface heterogeneity parameters calculated using GlobeLand30 is by far the most achievable way to
obtain the global land surface heterogeneity in a quantitative manner. With the improvement of land
cover product, more accurate knowledge of global land surface heterogeneity characteristics should
be acquired.
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and the transition zone between savanna and desert (Northern Africa) for agricultural land [43].
A comparison of the current 1-km global land cover maps indicated that the transition zones of
major ecosystems and areas of major human activities, such as boreal forests and tundra, savanna
and major mountain ranges, appear as major areas of disagreement [9]. Our analysis results also
indicated that these regions are of high heterogeneity, which may explain the disagreement between
the 1-km resolution land cover maps and the provided detailed heterogeneity features (compositions
and fragmentations) for these regions.
The uncertainty of heterogeneity characteristic estimation originates from land cover data.
The accuracy of the land cover data directly determines the correctness of the extracted heterogeneity
characteristic. The influence of misclassification is different for the calculation of different heterogeneity
parameters. In general, the misclassification of land cover types with similar canopy heights has little
influence on the boundary length or the effective boundary length (e.g., grassland and bare land),
but would induce changes in the number of endmember results. The misclassification between land
covers with different canopy heights introduces many uncertainties into the calculation of the effective
boundary length. In the validation report of Globeland30, forest, cultivated land, and non-vegetated
classes (water, artificial surfaces, and bare land) showed relatively higher accuracy (over 83% generally).
Heterogeneity features involved with these classes promise to be more reliable. As the accuracy
of grassland, shrubland, and wetland classes is relatively lower (about 73%), the robustness of
heterogeneity features related to these classes needs to be improved. Therefore, the accuracy of
the land cover product should be considered to meet the requirement of the application objective of
the heterogeneity characteristic product.
The spatial resolution of land cover products also causes variations in the estimation of the
heterogeneity characteristic. High-resolution land cover data can reveal more details of land surface
difference, including the different land cover types and the difference inside each land cover type.
The heterogeneity characteristic calculated based on land cover data with a higher resolution tends
to result in more endmembers and a larger boundary length for each pixel, as shown in Figure 10.
However, the relative fragmentation degree should be consistent under same scales. Different scales of
the land cover data reveal the heterogeneity of the pixels in different stratifications. The selection of the
land cover product depends on the application objective of the heterogeneity characteristic. Previous
research showed that a pixel size with less than 100-m resolution is sufficient to capture the major part
of the spatial variability in the vegetation cover at the landscape scale [1]. The resolution of 30 m used
in this paper is capable of describing land cover heterogeneity in 1-km units. If the information of the
variety inside each land cover types is needed in the heterogeneity characteristic, a resolution higher
than 30 m should be applied, for example, 1-m resolution.
Due to the seasonal change of the land cover, the heterogeneity characteristic also has a seasonal
variation. However, the high-resolution land cover products are generated usually on the baseline of
one year. The change of the land cover change within a year cannot be well-presented from existing
land cover products of 30-m resolution. For example, cultivated land would transfer to bare land after
the harvest season, and the crop canopy height varies significantly with crop growth. Therefore, over
the land cover types with obvious seasonal variation, the estimation of heterogeneity characteristic may
have uncertainty caused by seasonal variation. Because the 30-m land cover products are generated in
specific years, such as the GlobeLand30 generated in 2000 and 2010, when the estimation generated in
a specific year is used in other years, the uncertainty caused by inter-annual variation of land cover
products appears.
4.2. Potential Applications
Global heterogeneity characteristics could provide potential directions for future research
involving radiative transfer modeling and parameter inversion algorithms. First, in the present
inversion algorithms of satellite products, pixels are generally assumed to be covered with a single
type. The analysis in this paper shows that the pixels mixed with water account for 21.3% of all mixed
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pixels, and the pixels mixed with artificial surfaces and permanent snow and ice account for 8.05% of
all mixed pixels. These non-vegetation constituents can evidently affect pixel reflectance and cause
obvious errors in vegetation parameter inversion. The heterogeneity parameters supply an indicator
to separate the pixel mixture pattern and apply the corresponding inversion method to improve the
inversion accuracy, which brings up the prospect of improving the total product accuracy. There are
no radiative transfer models to simulate the scenes mosaicked by multiple vegetation types at present.
The analysis in this paper shows that the pixels mixed with different vegetation types account for
64.0% of all pixels in global vegetated areas, which is the most common mixture pattern. The obvious
height differences between different vegetation types over boundary areas will cause cross-radiation
and shadowing effects, and these effects become non-negligible under some conditions. The land
cover heterogeneity characteristics could contribute to the development of radiative transfer models to
better simulate the bidirectional reflectance of globally, widely distributed mixed pixels.
The heterogeneity characteristics provide detailed information of pixels beyond just identifying
these regions for the application of landscape typology and land use systems. The sub-pixel
composition helps to determine where the disagreements come from and to elucidate precise land
cover variation within a spatial unit; the boundary information reflects the landscape structure
and fragmentation degree, which are known to relate to ecosystem services [44] and landscape
aesthetics [45], and could also be utilized the for assessment of landscapes. A recent study
suggested that heterogeneous landscapes may need to be explicitly represented as separate classes
in future products [10]; therefore, the mixture pattern displayed in our results could be valuable to
relevant developers. Moreover, it can serve as a basis of sampling or selecting validation sites with
considerations of heterogeneity features [46–49].
5. Conclusions
At moderate spatial resolutions, the heterogeneity of pixels is a key problem that affects the
precise simulation of the radiative transfer processes and accurate inversion of land surface parameters.
This paper presents a parameterization scheme to describe pixel heterogeneity quantitatively based on
compositions and boundary information from high-resolution land cover data. This scheme provides
an approach to evaluate the heterogeneity characteristics of global mixed pixels and analyze the
influence of land cover heterogeneity on mixed pixel modeling. The following conclusions were drawn
from this study:
(1)

(2)

At the 1-km scale, heterogeneity caused by the mixture of different land cover types exists globally.
Only 35% of pixels over the land surface of Earth are covered by a single land cover type, namely,
pure pixels, and only 25.8% of them are located in vegetated areas. The composition analysis
yielded two main findings. First, most pixels are characterized by mixtures of different vegetation
types, accounting for 64.0% of all pixels in global vegetated areas. Large amounts of mixed pixels
are composed of endmembers with different canopy heights, which are more commonly existed
in ecological transition zones. Second, mixed pixels with water are more common than mixed
pixels with any other non-vegetation type, accounting for 21.3% of all mixed pixels.
Mixed pixels with more endmembers are generally more fragmented, though pixels with two
endmembers could be extremely fragmented. Eight typical biomes exhibited obvious but
different intra heterogeneity features at global extents. The land surface in biomes are far from
uniform, as is assumed in many product algorithms. The heterogeneity degree of biomes from
high to low are: savanna, deciduous needleleaf forest, evergreen needleleaf forest, deciduous
broadleaf forest, shrub, broadleaf crops, grass/cereal crops, evergreen broadleaf forest. The biases
associated with boundary orientation during radiative processes are similar, while biases caused
by canopy height differences are not the same in all biomes. Deciduous needleleaf forest areas
are significantly affected by canopy height differences, while grass/cereal crops and broadleaf
crops are less affected.
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This paper analyzed global heterogeneity characteristics at a 1-km scale with the aim of
contributing to the establishment of heterogenous models and improving the inversion accuracy
of satellite products at a moderate resolution. The detailed impacts of land cover heterogeneity
characteristics on parameter inversion and the utilization of the features in modeling warrant
further exploration.
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