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Abstract: Multiple endmember spectral mixture analysis (MESMA) has been widely applied for
estimating fractional land covers from remote sensing imagery. MESMA has proven effective in
addressing inter-class and intra-class endmember variability by allowing pixel-specific endmember
combinations. This method, however, assumes that each land cover type has an equal probability
of being included in the model, and the one with the least estimation error (e.g., root mean square
error) was chosen as the “best-fit” model. Such an approach may mistakenly include a land cover
class in the model and overestimate its abundance, or it might omit a class from the model and
subsequently lead to underestimation. To address this problem, this paper developed a land cover
class-based multiple endmember spectral mixture analysis (C-MESMA) method. In particular, a
support vector machine (SVM) method with reflectance spectra and spectral indices, including
the normalized difference vegetation index (NDVI), the biophysical composition index (BCI), and
the ratio normalized difference soil index (RNDSI), were employed to classify the image into six
land cover classes: pure impervious surface area (ISA), pure vegetation, pure soil, ISA-vegetation,
vegetation-soil, and vegetation-ISA-soil. With the information of land cover classes, an individual
MESMA method was applied to each mixed class. Finally, the fractional maps were derived through
integrating land cover fractions of each land cover class. Quantitative analysis of the resulting percent
ISA (%ISA) and comparative analyses with traditional MESMA indicate that C-MESMA improved
the estimation accuracy of %ISA.

Keywords: multiple endmember spectral mixture analysis (MESMA); class-based multiple
endmember spectral mixture analysis (C-MESMA); support vector machine (SVM)

1. Introduction

Spectral mixture analysis (SMA) has been widely applied to address the mixed pixel problem,
a typical issue associated with medium- and coarse-resolution remote sensing imagery [1-4]. SMA
assumes that each image pixel is comprised of several land cover classes, each of which has distinctive
spectral signatures [1,5]. Traditional SMA approaches, with a fixed set of endmembers, perform
reasonably well in areas with relatively homogenous land covers, particularly due to the easiness of
identifying representative endmembers. In urban and suburban environments, however, inter-class
and intra-class spectral variability widely exist [6-10]. Therefore, the capability of traditional SMA
models in dealing with complex urban and suburban landscapes has been questioned, as the few
endmembers may not be able to represent their corresponding land cover classes [11-13].

As an improved version of SMA, multiple endmember spectral mixture analysis (MESMA)
developed by Roberts et al. [14] has successfully addressed the issues of endmember variability, and
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been widely applied to numerous fields, including impervious surface area (ISA) extraction, vegetation
detection, and water management, etc. With MESMA, modeling errors, such as root mean square of
the residual error (RMSRE) [15], have been typically considered as important criteria for selecting the
best-fit model [14]. Generally, with the same number of endmembers, a model with a smaller RMSRE
is chosen due to higher modeling accuracy. In the case of the availability of different endmembers
numbers, the model with the fewer number of endmembers is selected when their RMSRE difference
is trivial [11]. For successful spectral unmixing, the selection of an appropriate endmember set is
essential, and the selection may greatly impact the performances [16]. In particular, if an endmember
is mistakenly included in an SMA model, its abundance is likely to be over-estimated (e.g., greater

’

than zero) [17]. Moreover, with the minimization of RMSRE as the criterion, some erroneously selected
endmembers may have a better fit due to the existence of within-class and between-class spectral
variability. As an example, spectral signatures of ISAs are similar to those of dry soils [18,19], and they
are often mistakenly considered as endmembers in farmlands [20], where major land covers should
only include vegetation and soil. This is primarily due to the selection of the ISA-vegetation model
instead of the vegetation-soil model if only RMSRE are considered. As a result, the abundance of ISAs
in farmlands is mistakenly over-estimated, while that of soil is underestimated by MESMA.

Recently, several approaches have been proposed to address the abovementioned deficiency.
Franke et al. [21] proposed a hierarchical multiple endmember spectral mixture analysis to divide an
image into several land cover types (several levels) to limit the spatial distribution of endmembers.
Subclasses’ fractions were extracted from the upper level classification results. They found that the
distribution of endmembers could be well constrained from the results obtained from the upper level,
thereby improving the classification accuracy. Liu and Yang [22] introduced a similar method that
classified the study area into rural and urban subsets with the assistance of road network density.
MESMA was then carefully applied to urban subsets using three types of endmembers (vegetation, ISA,
and soil), while a supervised classification model was employed for the rural area. Results illustrated
that this method could minimize the spectral confusion between some urban land cover classes and
agricultural landscapes.

Although these two methods can spatially constrain the distribution of endmembers, they cannot
fully address the mix-pixel problem. A critical limitation of hierarchical MESMA [21] is that a pixel
at level 1 is assigned to the ISA or the pervious surface class based on their corresponding fraction
values resulted from a linear SMA. For instance, at level 1, a pixel is assigned to the impervious class
with the ISA fraction higher than 50%, otherwise it is assigned to the pervious class. In other words,
mixed pixels still exist in both pervious surface and ISA classes. Results from hierarchical MESMA is
promising. However, these outcomes were only from the high spatial resolution image (four meters).
This method still needs to be verified in the middle and coarse resolution images. In Liu and Yang’s
research [22], a vegetation cover threshold was utilized to separate vegetation and non-vegetation.
This threshold, however, is pixel-based, which would also contain mixed pixels in both vegetation and
non-vegetation classes.

To address the aforementioned problems, this paper proposed a land cover class-based MESMA
(C-MESMA) to map the land cover fractions of urban/suburban environments using a Landsat image.
We developed this method through combining supervised classification and MESMA techniques.
At the first level, a support vector machine (SVM) was applied to classify the study area into six
land cover classes, three pure land cover classes (e.g., ISA, vegetation, soil) and three mixed land
cover classes (e.g., ISA-vegetation, vegetation-soil, and vegetation-ISA-soil). For pure land cover
classes, a fraction value of one is assigned to the corresponding class. For mixed land cover classes,
a MESMA was implemented with corresponding spectral libraries to extract each endmember’s
fractional coverage. Finally, fractions of ISA, vegetation, and soil of each land cover class were merged
together to produce final fractional maps of ISA, vegetation, and soil. We tested the performance of the
developed C-MESMA by comparing it to the results of the standard MESMA.
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The next section introduces the study area and data sources. Section 3 presents the method of
C-MESMA, as well as comparative analyses with traditional MESMA. Results of C-MESMA and an
accuracy assessment are reported in Section 4. Finally, discussion and conclusions are provided in
Sections 5 and 6.

2. Study Area and Data Source

Two counties (Figure 1): Milwaukee and Waukesha in Wisconsin, United States, were selected
as the study area. Geographically, both of these two counties are located in the Great Lakes Region
with a humid continental climate. They cover about 2665 km? with a population of 1.3 million [23].
Milwaukee is dominated by urban and suburban land uses (e.g., commercial, residential, and industrial
areas, efc.), while Waukesha is majorly covered by suburban and rural lands (e.g., farmland and forest).
A large amount of ISA, bare soil, and vegetation exist in this study area, making it an ideal site for
examining the effectiveness of the proposed C-MESMA model.
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Figure 1. Study area. (A) United States; (B) Wisconsin; (C) False color of Landsat 7 ETM+; (D) NDVI;
(E) BCL and (F) RNDSL

A scene of Landsat 7 Enhanced Thematic Mapper plus (ETM+) image (path 23, row 30) acquired
on 11 September 2001 was used as the primary data. Six spectral bands (except the thermal
band) with a spatial resolution of 30 m were utilized for C-MESMA. Digital numbers (DNs) of
the image were converted into calibrated radiance image using the Landsat calibration model provided
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by ENVI, a commercial remote sensing image processing software. An atmospheric correction
model, Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH) (Atmospheric
Model: Mid-Latitude Summer, Aerosol Model: Rural, Aerosol Retrieval: 2-Band (K-T), Output
Reflectance Scale Factor: 1), was applied to accurately compensate for atmospheric effects [24].
A Digital Orthophoto Quarter Quadrangle (DOQQ, Scale: 1:24,000) image of Milwaukee and
Waukesha (13 April 2000) was utilized as the reference data to evaluate the performance of supervised
classification and MESMA result. Water areas were masked with a supervised classification method
before applying C-MESMA.. All the images were re-projected to the Universal Transverse Mercator
(UTM) with zone 16 and WGS84 datum.

layers

v

Image Stacking

Supervised
classification

Vegetation

3 Spectral
libraries

Fractions: Fractions: Fractions:

Forest, Forest, Forest,

Planted land, W Planted land, W Planted land,

High albedo, Nelll High albedo,

Low albedo. Low albedo.
Soil

al results

Vegetation

Figure 2. Flowchart of class-based MESMA. High albedo, low albedo, and ISA were combined as ISA.
Forest, planted land, and vegetation were combined as vegetation. Soil in soil pure land cover class
and soil in fraction images were combined as soil.

3. Methods

C-MESMA includes two processes: supervised classification and MESMA (see Figure 2).
Especially, supervised classification comprises the spectral indices generation and layer stacking,
while MESMA contains subpixel unmixing (MESMA) and fraction image merging. Three spectral
indices, normalized difference vegetation index (NDVI) [25], biophysical composition index (BCI) [26],
and ratio normalized difference soil index (RNDSI) [27], were calculated and stacked with the Landsat
reflectance image. Spectral characteristics of all land cover classes were expected to be enhanced
by adding these three spectral indices [28]. Then, a support vector machine (SVM) was applied to
the stacked image with six classes of elaborately-selected training samples. They were selected with
reference to the DOQQ image to avoid the potentially-mixed pixels and to validate the correctness
of the sample. These training samples contain three pure land cover classes: ISA (60 samples),
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soil (37 samples), and vegetation (60 samples), and three mixed land cover classes: vegetation-ISA
(60 samples), vegetation-soil (60 samples), and vegetation-ISA-soil (26 samples). The ISA-soil land
cover type was merged into the class of vegetation-ISA-soil as very few pixels belong to the ISA-soil
land cover type. The whole study area was partitioned into six layers based on the results of SVM.
Since the land cover classes of ISA, vegetation, and soil were considered as pure pixels, they were not
involved in the unmixing process. Instead, a fraction value of one was assigned to the corresponding
class directly. MESMAs were applied to the three mixed land cover classes with corresponding spectral
libraries. Three fractional maps of ISA, vegetation, and soil were finally produced through merging
the pure land cover classes, resulting from the SVM and the fraction images acquired from MESMA.
Figure 2 shows the flowchart of the C-MESMA.

3.1. Supervised Classification

Spectral indices have been widely applied to remote sensing imagery to achieve better
performances for image classification and visual interpretation [29]. In this paper, we applied this
strategy to emphasize the spectral signatures of different land cover classes, aiming to mitigate spectral
confusion between high albedo ISA and dry soil, low albedo ISA, and water, as well as shadow and
water covers.

Three spectral indices, including biophysical composition index (BCI), normalized difference
vegetation index (NDVI), and ratio normalized difference soil index (RNDSI), were stacked into the
original reflectance bands of Landsat image. BCI, which is calculated by a reexamination of a tasseled
cap transformation, can enhance the ISA information in the urban/suburban area. This shows better
performance by reducing the soil effect when compared to the normalized difference impervious
surface index (NDISI) and normalized difference built-up index (NDBI) [26]. Normalized difference
vegetation index (NDVI) is a spectral indicator that represents vegetation cover and condition.
It is the most successful attempt to quickly identify vegetation areas and their “condition” from
remotely-sensed imagery [25]. Further, RNDSI can suppress ISA and vegetation values, as well as
highlight soil information [27]. With each of these indices, only one land cover can be emphasized
while others are suppressed, leading to enhanced differences between land cover types. These three
indices can be calculated from Equations (1)—(3).

H+L))2-V
ey = H¥L)2-V )
(H+L))2+V
TC1—TClupin _ TC2—TC2uin _ TC3—TC3min
Where H - TClmaX*TClmin ¢ o TczmaX*Tczmin ¢ and L - TC?’maX*TC?’min :

TC1, TC2, and TC3 represent the first, second, and third component in the tasseled
cap transformation.

NDVI — Bnir — BreD @

Bnir + BreD

Bnir and Bggp refer to the reflectance in near-infrared and red bands, respectively.

NNDSI

RNDSI = =G
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where NNDSI = m, and NTC1 = H. H has the same values in Equation (1) and the

NDSI can be written as Equation (4):

_ (band 7 — band 2)
NDSI = (band 7 + band 2)

where band 7 and band 2 are the seventh and second bands of the Landsat TM/ETM+ image. Xx and
Xpin are the maximum and minimum values of corresponding bands respectively (e.g., NDSI,,x and
NDSI,,;, represent the maximum and minimum value of NDSI respectively).

(4)
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SVM is a widely used approach for the classification of remotely sensed imagery [30]. Its objective
is to find the hyperplane that separates the dataset into a predefined number of discrete classes in a
fashion consistent with the training samples [31]. A large number of applications have shown that SVM
can produce a better performance than other pattern recognition techniques, like maximum likelihood
and neural network classifiers [30]. Therefore, a SVM classification method was adopted in this
research. With these three spectral indices (see Figure 1), as well as six Landsat spectral bands, an SVM
classification was performed to classify the image into six land cover classes, namely ISA, vegetation,
soil, ISA-vegetation, vegetation-soil, and vegetation-soil-ISA. Training samples were acquired from
the Landsat image with a careful check from the DOQQ image. In a total of 330 reference samples
(55 samples for each class) were employed to calculate the confusion matrix and to evaluate the
performance of SVM classification.

3.2. MESMA

3.2.1. Endmember Selection and Spectral Library Construction

Endmember selection is a critical step for successfully implementing SMA [32]. Deciding the
number of endmembers and their corresponding spectral signature is the first step to select proper
endmembers. In this study, endmembers were extracted through choosing “pure” pixels in the Landsat
image. The endmembers were selected with the following steps: (1) examining the entire study area
carefully through visualizing the DOQQ image; (2) figuring out the number of endmembers in this
study area; (3) overlapping the Landsat ETM+ image with the DOQQ image; (4) identifying regions
containing corresponding endmembers; (5) extracting ETM+ pixels that locate in the center of each
individual region; (6) comparing these selected pixels to the pixels of same location in the SVM image
and removing erroneously-labeled pixels; and (7) averaging the spectra of selected pixels of each
endmember and employing the mean spectrum as endmember. Finally, five endmembers—forest,
planted lands, high albedo features, low albedo features, and soil—were selected to build the spectral
library. As it is unnecessary to perform a MESMA for pure land cover types, three spectral libraries
were constructed, each of which is corresponding to each mixed land cover class (e.g., [ISA-vegetation,
vegetation-soil, and vegetation-soil-ISA) (see Table 1). Spectral reflectance values and spectral indices
of each endmember are shown in Figure 3.

Table 1. Spectral libraries and endmembers.

Libraries (Number of Endmember) Endmembers
ISA-Vegetation (4) High albedo, Low albedo, Forest, Planted land
Vegetation-Soil (3) Forest, Planted land, Soil
Vegetation-Soil-ISA (5) High albedo, Low albedo, Forest, Planted land, Soil
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B. Spectral Indices
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Figure 3. Spectral reflectance (A) and spectral indices (B) of each endmember.

3.2.2. Model Construction

SMA assumed that a spectrum of a mixed pixel is combined by several endmembers’ spectra. It
centers on applying a mathematical method to derive the fraction of each endmember. Linear SMA
is one of the most commonly used SMA with the assumption that each land cover was combined,
linearly, to form a pixel’s spectrum. LSMA can be expressed as Equation (5):

n

Ri =) fiRix +ER,; ©)
k=1

wherei=1,...,m (m: number of bands); k=1, ... , n (n: number of endmembers); R; is the spectral

reflectance of band i; f is the proportion of endmember k within the pixel; Rj is the known spectral

reflectance of endmember k within the pixel on band i; and ER; is the estimation error for band i.

A fully-constrained least squares solution [24] was applied which assuming that the following two
n

conditions are satisfied simultaneously: > fy = 1,and 0 < f, < 1.

Although simple, LSMA is not suitable for complex urban environments with a large number of
manmade materials. As only one endmember is allowed for each cover type, LSMA cannot adequately
address spectral variability in complex urban areas [11,33-35]. Multiple Endmember Spectral Mixture
Analysis (MESMA), which was proposed by Roberts [14], is an improved method accounting for
within-class and between-class spectral variability [25]. The number of spectra is not limited in the
spectral library and the endmember combination can vary from pixel to pixel, which effectively solves
the spectral variability issue in LSMA. In this study, MESMA was applied to three mixed land cover
types with their corresponding spectral libraries. RMSRE (Equation (6)) was utilized as the parameter
to select the best-fit endmember model. In other words, it is used to evaluate the performance of
the endmember combination. Here, we used the abbreviation of RMSRE in order to differentiate the
root mean square error (RMSE) which was utilized for assessing the accuracy between estimated and
reference fractions in MESMA results:

RMSRE = (6)

where ER; is estimation error of band i, which was calculated using Equation (5), and N is the total
number of bands.

Generally, a model with more endmembers may lead to a lower RMSRE when compared to
that with fewer endmembers. However, inappropriate endmembers may be included and, therefore,
lead to erroneous estimation of fractional land covers. To address this problem, a model with fewer
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endmembers may be selected as the best-fit model if, when compared to the model with a larger
number of endmembers, the RMSRE’s difference is small (e.g., less than 0.1) [21]. With land cover
fractions derived from MESMA, vegetation fractions were derived as the summation of those of forest
and planted lands, and ISA fractions were calculated through adding the fractions of low-albedo and
high-albedo materials. Finally, the fractional land cover maps were generated through combining the
fraction images resulted from SVM and MESMA.

3.3. Accuracy Assessment

Accuracy assessment is a required procedure for evaluating the model performance. Traditional
accuracy assessment methods, such as a confusion matrix, Kappa coefficient, and overall accuracy,
however, are not applicable for subpixel-based mixture analysis [36-38]. The most commonly used
approach is root mean square error (RMSE), which compares the fraction values between reference
and modeled results. Reference fraction values were measured from the DOQQ imagery in the same
sample sites as samples in the MESMA result. In this study, only the fraction of ISA is chosen to be
analyzed, owning to the facts that (1) soil and vegetation change extremely between seasons and
(2) the acquisition date of DOQQ image was not perfectly matched to the date of the Landsat image.
Therefore, accuracy analysis of vegetation and soil was ignored. RMSE can be written as Equation (7):

@)

where X; is the modeled ISA fraction value of sample 7, and X; is the reference ISA fraction value of
sample i, and N is the number of samples.

In total, we selected 351 samples (vegetation: 62, soil: 20, ISA: 32, vegetation-soil: 37,
vegetation-ISA: 128, and vegetation-ISA-soil: 72) using a stratified random strategy. Each sample
was designed as 90 m x 90 m (3 pixels x 3 pixels in the Landsat image) to mitigate the impact of
geometric errors introduced in data acquisition and projection transformation. Fractions of ISA in
the DOQQ image were extracted by digitizing ISAs within the sample (See Figure 4). For examining
the performance of C-MESMA, we identified eleven categories, including all samples, ISA samples,
vegetation samples, soil samples, vegetation-soil samples, vegetation-ISA samples, vegetation-ISA-soil
samples, ISA-excluded samples, ISA-included samples, all pure land cover type samples, and all mixed
land cover type samples. The accuracy of each category was also compared to the corresponding
results of the traditional MESMA.

4. Results

4.1. SVM Classification

With SVM, the whole study area was classified into six land cover classes. Classification results
(see Figure 5) indicate that ISA areas were mainly located in Milwaukee County, especially in the
downtown area and large shopping malls. Vegetation was primarily distributed in the southern region.
Soil, which was much more dispersed than vegetation and ISA, was significantly distributed in the
rural area. Vegetation-ISA was the major land cover type in the residential area, which was located
outside the central business district (CBD) region. Vegetation-soil areas mainly occupied the farmland
area. Vegetation-ISA-soil areas were mainly close to roads and residential lands.

The confusion matrix and Kappa statistics were calculated to illustrate the accuracy of SVM
classification. With the overall accuracy of 87.58% and Kappa coefficient of 0.85, SVM result is
acceptable for further analysis. Details of classification accuracy are shown in Table 2.
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Figure 4. Illustration of reference land cover fraction calculation. The background is a portion of a
DOQQ image; the red rectangle represents the 90 m x 90 m (3 x 3 pixel in Landsat image) sample; the
green region is the area with impervious surfaces. The reference fraction was calculated by dividing
the area of impervious surfaces by the area of the sample (8100 m?).

2.5 5 10 Miles ;i\

0
s B s v s ) Y

Figure 5. Result of SVM. ISA: impervious surface area, V: vegetation, S: soil, V-I: vegetation-ISA, V-S:
vegetation-soil, V-I-S: vegetation-ISA-soil. Water was marked before applying the SVM.



Remote Sens. 2016, 8, 349 10 of 17

Table 2. Confusion matrix of SVM classification.

Reference Data

Classified Data

ISA v S I-v V-§ V-I-S Total User Acc. (%)

ISA 54 0 6 2 1 1 64 84.38
Vv 0 55 0 2 12 0 69 79.71
S 0 0 43 0 1 0 44 97.73
I-v 0 0 3 50 7 1 61 81.97
V-S 0 0 3 1 34 0 38 89.47
V-I-S 1 0 0 0 0 53 54 98.15

Total 55 55 55 55 55 55 330

Prod. Acc. (%) 98.18 100 78.18 90.91 61.82 96.36
Overall Accuracy = 87.58% Kappa Coefficient = 0.85

Note: ISA, V, S, I-V, V-5, and V-I-S mean classes of impervious surface area, vegetation, soil, impervious
surface-vegetation, vegetation-soil, and vegetation-impervious surface-soil, respectively.

4.2. MESMA

Five endmembers, including planted land, forest, high albedo, low albedo features, and soil, were
selected to build the spectral libraries of corresponding land cover types. For each mixed land cover
type (i.e., ISA-vegetation, vegetation-soil, and vegetation-soil-ISA), an individual MESMA was applied
to estimate the fraction of these endmembers. Subsequently, the ISA fractional map was generated
through adding the fractions of low and high albedo features for these mixed land cover types, and
merging the fractional maps for the pure land cover classes (see Figure 6A). Similarly, the vegetation
fractional map was derived through adding the fractions of forest and planted lands for the mixed land
cover types, as well as merging those for the pure classes (see Figure 7A). Finally, the soil fractional
map was created through merging the fractional soil maps for the mixed and pure soil fractional
maps (see Figure 8A). For a better comparative analysis, the resultant fractions of ISA, vegetation, and
soil generated from the traditional MESMA with the same endmembers, data source, and unmixing
algorithm were also shown in Figures 6B, 7B and 8B.

Visualization of the ISA fractional map (Figure 6A) suggests that high percentage of ISAs (%ISA)
is concentrated in the CBD of Milwaukee City and large shopping malls. Additionally, major roads
and highways also contribute to high values of %ISA, as well. Medium %ISA mainly dominated
residential areas surrounding the CBD of Milwaukee. Comparatively, a consistent spatial pattern of
ISA distribution was found with C-MESMA and MESMA. Major differences, though, lie in the ranges
of the estimated %ISA values in urban and rural areas. With C-MESMA, higher %ISA values were
obtained in urban areas, while lower %ISA values were derived in rural areas (see Figure 6A,B). Taking
rural areas as an example, the %ISA of planted lands and forest areas is near zero with C-MESMA,
while the values are approximately 20% with MESMA. This overestimation is primarily due to the
mistaken inclusion of ISA endmembers in MESMA. Conversely, for urban areas, %ISA values are
higher with C-MESMA, mainly due to the exclusions of soil members.

Figure 6. Cont.
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Figure 7. Vegetation fraction. (A) Vegetation fraction of C-MESMA; and (B) vegetation fraction
of MESMA.
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Figure 8. Soil fraction. (A) Soil fraction of C-MESMA; and (B) soil fraction of MESMA.

In addition to %ISA, there are also differences in terms of the estimation of vegetation and soil
fractions (see Figures 7 and 8). It appears that, with C-MESMA, the fractions of vegetation are relatively
higher when compared to those derived from MESMA (see Figure 7). For soil fractions, it appears that
less soil was estimated in urban Milwaukee, and a higher amount of soil was derived in rural areas
with C-MESMA (see Figure 8).

4.3. Accuracy Assessment and Comparative Analysis

In addition to the visual examinations of the fractional maps of ISA, vegetation, and soil, a
quantitative accuracy assessment was also applied. As discussed in Section 3.3, we examined the
accuracy of %ISA estimation for eleven groups of samples, namely ISA, vegetation, soil, vegetation-soil,
vegetation-ISA, vegetation-ISA-soil, ISA-excluded, ISA-included, all pure land cover types, and all
mixed land cover types. RMSE of each group of samples was calculated for both C-MESMA and
MESMA (see Figure 9). Results revealed that, for almost all categories except soil, RMSE values of
C-MESMA were significantly lower than those of MESMA. With C-MESMA, the overall RMSE was
0.12, which is significantly lower than 0.18 with MESMA. RMSE of soil with C-MESMA (0.35) was
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slightly higher than that in MESMA (0.34). Of course, both of them were relative high compared
to those of the other land cover types, indicating the difficulty of separating ISA and bare soil. In
addition to accuracy assessment for all samples, with C-MESMA, RMSEs of vegetation, vegetation-soil,
vegetation-ISA-soil, ISA-included, and mixed land cover samples were less than 0.1. Especially, the
RMSE of vegetation land cover type was 0.01, meaning that almost all fractions in the C-MESMA
matched perfectly with the reference data. RMSEs in the corresponding land cover types of MESMA
were at least 0.05 higher than those with C-MESMA. The RMSEs of ISA, vegetation-soil, ISA-excluded,
and pure pixels with C-MESMA were a somewhat higher, but their values were much lower than those
with MESMA. In summary, these comparative analyses show that the performance of C-MESMA is
better than MESMA for almost all land cover types in this research.

C-MESMA ®MESMA

ALL ISA \% S V-S V-1  V-I-S N-ISA [-ISA PURE MIXED

Figure 9. RMSEs of ISA in C-MESMA and MESMA methods. All: global RMSE; ISA: ISA; V: vegetation;
S: soil; V-S: vegetation- soil; V-I: vegetation-ISA; V-I-S: vegetation-ISA-soil; N-ISA: ISA-excluded; I-ISA:
ISA-included; PURE: pure land cover type (ISA, soil, and vegetation); MIXED: mixed land cover types
(vegetation- soil, vegetation-ISA, and vegetation-ISA-soil).

In order to further investigate the relationship between the estimated fractions in the result of
C-MESMA and the reference data, a scatterplot was employed to display their correlation (Figure 10).
A trend line, which indicates the linear relationship, showed that the slope was close to one, and the
R-squared value was 0.88, indicating a significant correlation between the estimated fractions and the
reference values.
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Figure 10. Scatter plot of ISA fraction.

5. Discussion

Although MESMA allows endmembers and their combinations to vary from pixel to pixel, the
“best-fit” model may still choose an inappropriate endmember set, mainly due to inter-class and



Remote Sens. 2016, 8, 349 14 of 17

intra-class variations of the endmember spectra. As a result, erroneous fractional estimates of land
covers may be obtained due to the mistakenly inclusion or exclusion of endmembers in the model [17].
Unfortunately, few SMA/MESMA techniques have addressed this problem in previous studies, and
most scholars ignore the fact that endmembers are not equally distributed, spatially. Franke et al. [21]
and Liu and Yang [22] did partially address this limitation by dividing the whole study area into
several regions, which, to some degree, restricts the distribution of endmembers. Their methods also
have limitations. Mixed pixels cannot be fully separated with the classes of impervious surface and
non-impervious surface areas/vegetation, thereby leading to the misclassification in the resultant
segmented images. To accommodate the mixed pixel problem, we introduced mixed land cover types
in the SVM classification. That is, the entire study area is classified into three pure land cover types
(e.g., ISA, soil, vegetation) and three mixed land cover types (e.g., ISA-vegetation, soil-vegetation,
and ISA-soil-vegetation). With this approach, a major limitation of pixel-based hard classifications,
that only one land cover class can be assigned to a pixel [13,20], has been successfully addressed by
allowing the assignment of pixels into a mixed land cover class.

C-MESMA not only constrains the spatial distribution of endmembers but also improves the
computational efficiency. An issue of the traditional MESMA approach is the employment of a global
spectral library for an entire study area. Although it can address the inter-class and intra-class spectral
variability to some degree [7], the criteria of selecting the best-fit endmember model still needs to be
verified systematically, as it may include inappropriate endmembers. With C-MESMA, three separated
spectral libraries are built based on corresponding mixed land cover types. On the one hand, the
distribution of endmembers is restricted in the corresponding land cover classes, and inappropriate
endmembers are excluded from the unmixing model. As an example, for the vegetation-ISA land
cover type, only endmembers of vegetation and ISA are considered, and soil is effectively excluded in
the model. With this advantage, the over-estimation of soil in urban areas was effectively addressed
in the study area. On the other hand, with the reduction of irrelevant spectral endmembers, the
number of spectral signatures decreases significantly, which improves the computational efficiency
during the unmixing process. Moreover, with a lower number of spectral signatures in the spectral
libraries, C-MESMA may also improve the computational efficiency. Some researchers have attempted
to improve the computational efficiency by separating the entire spectral library into several libraries.
Each of these libraries only contains spectra of one land cover class [39]. Computational time may be
reduced with this strategy. However, only one spectrum of every land cover class can be included
in each endmember combination, thereby reducing the performance of addressing the within-class
variability. For instance, impervious surface areas commonly contain two types of features, high albedo
and low albedo surface features [40]. These two types of land surface features are always close to each
other, especially in downtown areas. Misclassification may appear if only one of them is contained in
the endmember combination models. On the contrary, C-MESMA considers all the spectra as potential
endmembers. The reduction of spectral library size is attribute to the constraint of corresponding land
cover types derived from the SVM classification. Additionally, pure land cover classes resultant from
the SVM are excluded from further spectral unmixing, which further reduces the computation time.

Although with advantages, C-MESMA cannot adequately address the confusion between soil
and ISA. This is because that the spectral signatures of sandy soil are highly similar to those of high
albedo ISA. As a result, fractions of dry soil are overestimated. Nonetheless, most of the sandy soil is
located in the developing regions or the factory areas. These areas, to a certain degree, are classified as
urban land uses.

6. Conclusions

A novel approach called land cover-class based multiple endmember spectral mixture analysis
(C-MESMA), which combines the pixel-based supervised classification and MESMA, is proposed
to extract the fractions of the ISA, vegetation, and soil. The C-MESMA, which firstly partitions the
land cover into three pure land cover classes (vegetation, impervious surface area, and soil) and three
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mixed land cover types (ISA-vegetation, soil-vegetation, and ISA-soil-vegetation), then estimates the
fractional coverages of mixed land cover classes using MESMA, is a promising and efficient method
to prevent the appearance of inappropriate endmembers. Mixed pixels are being classified as an
independent land cover class, breaking through the limitation of pixel-based classification that every
pixel should belong to a pure land cover class. A fraction value of one is assigned to the corresponding
pure land cover classes while the mixed land cover classes are unmixed using MESMA with their
corresponding spectral libraries, not only improving the computational efficiency but also avoiding
overestimating the fraction of an improper endmember and underestimating the suitable endmember’s
fraction. Accuracy assessment and quantitative/qualitative analyses prove the significantly better
performance of C-MESMA when compared to MESMA.

Admittedly, the classification accuracy of soil is relative low. A major reason is that the spectra of
sandy soil and ISA are almost the same, which cannot be well distinguished through the SVM and
MESMA. Additional information about soil should be included to reduce the mixture of sandy soil in
the future. Moreover, the number of land surface features identified in this research is limited, and
more details of specified materials in urban environment are expected to be distinguished in future
experiments with the help of hyperspectral data.

Acknowledgments: This work was supported in part under a grant from the U.S. Geological Survey, U.S.
Department of Interior, federal grant number G11AP20115, Project 2013WI314B and the Graduate School Research
Committee Award of the University of Wisconsin-Milwaukee. The authors would like to thank anonymous
reviewers for their constructive comments.

Author Contributions: All authors contributed equally to this paper.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Settle, J.; Drake, N. Linear mixing and the estimation of ground cover proportions. Int. ]. Remote Sens. 1993,
14, 1159-1177. [CrossRef]

2. Powell, R.L; Roberts, D.A.; Dennison, P.E.; Hess, L.L. Sub-pixel mapping of urban land cover using multiple
endmember spectral mixture analysis: Manaus, brazil. Remote Sens. Environ. 2007, 106, 253-267. [CrossRef]

3. Sabol, D.E.; Adams, ].B.; Smith, M.O. Quantitative subpixel spectral detection of targets in multispectral
images. J. Geophys. Res. 1992, 97, 2659-2672. [CrossRef]

4. Roberts, D.A.; Smith, M.O.; Sabol, D.E.; Adams, ]J.B.; Ustin, S. Mapping the spectral variability in
photosynthetic and non-photosynthetic vegetation, soils and shade using aviris. In Proceedings of the
Summaries of the Third Annual JPL Airborne Geoscience Workshop, Pasadena, CA, USA, 1-5 June 1992;
pp- 38-40.

5. Tompkins, S.; Mustard, J.E,; Pieters, C.M.; Forsyth, D.W. Optimization of endmembers for spectral mixture
analysis. Remote Sens. Environ. 1997, 59, 472—489. [CrossRef]

6.  Settle, J. On the effect of variable endmember spectra in the linear mixture model. IEEE Trans. Geosci. Remote
Sens. 2006, 44, 389-396. [CrossRef]

7. Youngentob, K.N.; Roberts, D.A.; Held, A.A.; Dennison, PE.; Jia, X.; Lindenmayer, D.B. Mapping two
eucalyptus subgenera using multiple endmember spectral mixture analysis and continuum-removed
imaging spectrometry data. Remote Sens. Environ. 2011, 115, 1115-1128. [CrossRef]

8. Roth, K.L.; Dennison, P.E.; Roberts, D.A. Comparing endmember selection techniques for accurate mapping
of plant species and land cover using imaging spectrometer data. Remote Sens. Environ. 2012, 127, 139-152.
[CrossRef]

9.  Thorp, K; French, A.; Rango, A. Effect of image spatial and spectral characteristics on mapping semi-arid
rangeland vegetation using multiple endmember spectral mixture analysis (MESMA). Remote Sens. Environ.
2013, 132, 120-130. [CrossRef]

10. Kumar, U.; Raja, S.K.; Mukhopadhyay, C.; Ramachandra, T. Assimilation of endmember variability in
spectral mixture analysis for urban land cover extraction. Adv. Space Res. 2013, 52, 2015-2033. [CrossRef]

11.  Song, C. Spectral mixture analysis for subpixel vegetation fractions in the urban environment: How to
incorporate endmember variability? Remote Sens. Environ. 2005, 95, 248-263. [CrossRef]


http://dx.doi.org/10.1080/01431169308904402
http://dx.doi.org/10.1016/j.rse.2006.09.005
http://dx.doi.org/10.1029/91JE03117
http://dx.doi.org/10.1016/S0034-4257(96)00122-8
http://dx.doi.org/10.1109/TGRS.2005.860983
http://dx.doi.org/10.1016/j.rse.2010.12.012
http://dx.doi.org/10.1016/j.rse.2012.08.030
http://dx.doi.org/10.1016/j.rse.2013.01.008
http://dx.doi.org/10.1016/j.asr.2013.08.022
http://dx.doi.org/10.1016/j.rse.2005.01.002

Remote Sens. 2016, 8, 349 16 of 17

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

Radeloff, V.C.; Mladenoff, D.J.; Boyce, M.S. Detecting jack pine budworm defoliation using spectral mixture
analysis: Separating effects from determinants. Remote Sens. Environ. 1999, 69, 156-169. [CrossRef]

Tang, J.; Wang, L.; Myint, S. Improving urban classification through fuzzy supervised classification and
spectral mixture analysis. Int. . Remote Sens. 2007, 28, 4047—4063. [CrossRef]

Roberts, D.A.; Gardner, M.; Church, R;; Ustin, S.; Scheer, G.; Green, R. Mapping chaparral in the santa monica
mountains using multiple endmember spectral mixture models. Remote Sens. Environ. 1998, 65, 267-279.
[CrossRef]

Tan, K.; Jin, X.; Du, Q.; Du, P. Modified multiple endmember spectral mixture analysis for mapping
impervious surfaces in urban environments. J. Appl. Remote Sens. 2014, 8, 085096. [CrossRef]

Somers, B.; Asner, G.P.; Tits, L.; Coppin, P. Endmember variability in spectral mixture analysis: A review.
Remote Sens. Environ. 2011, 115, 1603-1616. [CrossRef]

Jia, X.; Dey, C.; Fraser, D.; Lymburner, L.; Lewis, A. Controlled spectral unmixing using extended support
vector machines. In Proceedings of the 2010 2nd Workshop on Hyperspectral Image and Signal Processing:
Evolution in Remote Sensing (WHISPERS), Reykjavik, Iceland, 14-16 June 2010; pp. 1-4.

Lu, D.; Weng, Q. Extraction of urban impervious surfaces from an ikonos image. Int. J. Remote Sens. 2009, 30,
1297-1311. [CrossRef]

Deng, C.; Wu, C. A spatially adaptive spectral mixture analysis for mapping subpixel urban impervious
surface distribution. Remote Sens. Environ. 2013, 133, 62-70. [CrossRef]

Deng, Y.; Fan, E; Chen, R. Extraction and analysis of impervious surfaces based on a spectral un-mixing
method using pearl river delta of china landsat tm/etm+ imagery from 1998 to 2008. Sensors 2012, 12,
1846-1862. [CrossRef] [PubMed]

Franke, J.; Roberts, D.A.; Halligan, K.; Menz, G. Hierarchical multiple endmember spectral mixture analysis
(MESMA) of hyperspectral imagery for urban environments. Remote Sens. Environ. 2009, 113, 1712-1723.
[CrossRef]

Liu, T.; Yang, X. Mapping vegetation in an urban area with stratified classification and multiple endmember
spectral mixture analysis. Remote Sens. Environ. 2013, 133, 251-264. [CrossRef]

DeNavas-Walt, C.; Proctor, B.D.; Smith, J.C. Income, Poverty, and Health Insurance Coverage in the United States:
2009; US Census Bureau: Suitland, MD, USA, 2009.

Flaash, U.G. Atmospheric Correction Module: QUAC and Flaash User Guide v. 4.7; ITT Visual Information
Solutions Inc.: Boulder, CO, USA, 2009.

Rouse, J.; Haas, R.; Schell, J.; Deering, D. Monitoring vegetation systems in the great plains with erts.
In Proceedings of the Third ERTS Symposium, Washington, DC, USA, 10-14 December 1973; pp. 309-317.
Deng, C.; Wu, C. BCI: A biophysical composition index for remote sensing of urban environments.
Remote Sens. Environ. 2012, 127, 247-259. [CrossRef]

Deng, Y.; Wu, C.; Li, M.; Chen, R. RNDSI: A ratio normalized difference soil index for remote sensing of
urban/suburban environments. Int. J. Appl. Earth Obs. Geoinform. 2015, 39, 40-48. [CrossRef]

Shao, Z.; Liu, C. The integrated use of dmsp-ols nighttime light and modis data for monitoring large-scale
impervious surface dynamics: A case study in the yangtze river delta. Remote Sens. 2014, 6, 9359-9378.
[CrossRef]

Zhang, ]. Multi-source remote sensing data fusion: Status and trends. Int. |. Image Data Fusion 2010, 1, 5-24.
[CrossRef]

Melgani, F.; Bruzzone, L. Classification of hyperspectral remote sensing images with support vector machines.
IEEE Trans. Geosci. Remote Sens. 2004, 42, 1778-1790. [CrossRef]

Mountrakis, G.; Im, J.; Ogole, C. Support vector machines in remote sensing: A review. ISPRS ]. Photogramm.
Remote Sens. 2011, 66, 247-259. [CrossRef]

Elmore, A.J.; Mustard, J.F; Manning, S.J.; Lobell, D.B. Quantifying vegetation change in semiarid
environments: Precision and accuracy of spectral mixture analysis and the normalized difference vegetation
index. Remote Sens. Environ. 2000, 73, 87-102. [CrossRef]

Quintano, C.; Fernandez-Manso, A.; Roberts, D.A. Multiple endmember spectral mixture analysis (MESMA)
to map burn severity levels from landsat images in mediterranean countries. Remote Sens. Environ. 2013, 136,
76-88. [CrossRef]


http://dx.doi.org/10.1016/S0034-4257(99)00008-5
http://dx.doi.org/10.1080/01431160701227687
http://dx.doi.org/10.1016/S0034-4257(98)00037-6
http://dx.doi.org/10.1117/1.JRS.8.085096
http://dx.doi.org/10.1016/j.rse.2011.03.003
http://dx.doi.org/10.1080/01431160802508985
http://dx.doi.org/10.1016/j.rse.2013.02.005
http://dx.doi.org/10.3390/s120201846
http://www.ncbi.nlm.nih.gov/pubmed/22438741
http://dx.doi.org/10.1016/j.rse.2009.03.018
http://dx.doi.org/10.1016/j.rse.2013.02.020
http://dx.doi.org/10.1016/j.rse.2012.09.009
http://dx.doi.org/10.1016/j.jag.2015.02.010
http://dx.doi.org/10.3390/rs6109359
http://dx.doi.org/10.1080/19479830903561035
http://dx.doi.org/10.1109/TGRS.2004.831865
http://dx.doi.org/10.1016/j.isprsjprs.2010.11.001
http://dx.doi.org/10.1016/S0034-4257(00)00100-0
http://dx.doi.org/10.1016/j.rse.2013.04.017

Remote Sens. 2016, 8, 349 17 of 17

34.

35.

36.

37.

38.

39.

40.

Roberts, D.A.; Quattrochi, D.A.; Hulley, G.C.; Hook, S.J.; Green, R.O. Synergies between vswir and tir data
for the urban environment: An evaluation of the potential for the hyperspectral infrared imager (hyspiri)
decadal survey mission. Remote Sens. Environ. 2012, 117, 83-101. [CrossRef]

Okujeni, A.; van der Linden, S,; Tits, L.; Somers, B.; Hostert, P. Support vector regression and synthetically
mixed training data for quantifying urban land cover. Remote Sens. Environ. 2013, 137, 184-197. [CrossRef]

Finn, ].T. Use of the average mutual information index in evaluating classification error and consistency. Int.
J. Geogr. Inf. Sci. 1993, 7, 349-366. [CrossRef]

Foody, G.M. Status of land cover classification accuracy assessment. Remote Sens. Environ. 2002, 80, 185-201.
[CrossRef]

Foody, G.M. Approaches for the production and evaluation of fuzzy land cover classifications from
remotely-sensed data. Int. |. Remote Sens. 1996, 17, 1317-1340. [CrossRef]

Dennison, PE.; Roberts, D.A. Endmember selection for multiple endmember spectral mixture analysis using
endmember average rmse. Remote Sens. Environ. 2003, 87, 123-135. [CrossRef]

Wu, C.; Murray, A.T. Estimating impervious surface distribution by spectral mixture analysis. Remote Sens.
Environ. 2003, 84, 493-505. [CrossRef]

@ © 2016 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC-BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1016/j.rse.2011.07.021
http://dx.doi.org/10.1016/j.rse.2013.06.007
http://dx.doi.org/10.1080/02693799308901966
http://dx.doi.org/10.1016/S0034-4257(01)00295-4
http://dx.doi.org/10.1080/01431169608948706
http://dx.doi.org/10.1016/S0034-4257(03)00135-4
http://dx.doi.org/10.1016/S0034-4257(02)00136-0
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/

	
	
	
	
	
	
	

	

	
	
	
	

	
	

