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Analyzing the Effect of the Spectral Interference of
Mixed Pixels Using Hyperspectral Imagery

Shanshan Feng and Fenglei Fan

Abstract—The widespread presence of mixed pixels in remotely
sensed images is a pressing challenge for accurate target detec-
tion and classification. Linear spectral mixture analysis (LSMA)
is commonly used to address this problem by deriving remotely
sensed information at the subpixel level. In the implementation of
LSMA, the effects of mixed-pixel spectral interference need to be
taken into account; mixed spectra would exhibit as a pure spectral
characteristic when the abundance of one endmember in a mixed
pixel exceeds a specific threshold. However, the thresholds of end-
member abundance resulting in mixed-pixel spectral interference
remain unclear. Thus, this study designed an experiment to analyze
the effect of the spectral interference of mixed pixels and to identify
the thresholds causing such interference by spectral similarity
measures (spectral angle and spectral distance). Four types of pure
endmember spectra (vegetation, high-albedo impervious surface
(HIS), low-albedo impervious surface (LIS), soil) and correspond-
ing representative mixed spectra with endmember abundances of
95%–5% at intervals of 5% were collected from Earth Observing-1
Hyperion imagery. Spectral similarity measures among the pure
endmember spectra and representative mixed spectra were used
to determine the thresholds of endmember abundance that cause
spectral interference. The results verified the effect of the spectral
interference of mixed pixels. The thresholds of abundance caus-
ing mixed-pixel spectral interference in vegetation, HIS, LIS, and
soil endmembers were 70%, 75%, 80%, and 70%, respectively.
Therefore, when the endmember abundance within mixed pixels
exceeds the abovementioned thresholds, these mixed spectra are
interfered and would exhibit as a pure spectral characteristic.
Accordingly, interfered mixed pixels have to be removed before
applying LSMA or other unmixing methods to avoid the effect of
spectral interference.

Index Terms—Endmember abundance, hyperspectral, linear
spectral mixture analysis (LSMA), spectral interference, spectral
similarity measure.

I. INTRODUCTION

A LL GROUND surfaces consisting of individual pixels of
remote-sensing imagery are considered spatially hetero-

geneous on some scale [1], [2]. Most detected land surfaces
within a pixel are a mixture of more than one specific cover
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type, especially those from coarse- or medium-spatial-resolution
imagery. Pixels with more than one distinct land cover type are
regarded as “mixed pixels,” while those containing only a single
type are called “pure pixels” [3]. Mixed pixels extensively exist
in remote-sensing imagery due to the intrinsic heterogeneous
composition of ground surfaces and the coarse spatial resolution
of remote-sensing sensors [4]. Therefore, it is fundamental to
comprehensively understand the mixture mechanism of mixed
pixels.

The widespread presence of mixed pixels is a pressing chal-
lenge for accurate target detection and imagery classification
[5]–[8]. Lots of efforts have been made to address this problem
for different imageries, and the linear spectral mixture analysis
(LSMA) method and deep learning (DL) technique have been
attracting increasing interests in previous research. For example,
Hong et al. [9], [10] developed convolutional networks for hy-
perspectral image classification, showing the effectiveness and
superiority of DL techniques in obtaining accurate estimation
results.

The LSMA is another effective method to address the mixed-
pixel problem by deriving remotely sensed information at the
subpixel level. Specifically, the LSMA method assumes that the
spectrum of each mixed pixel is expressed as a linear combina-
tion of the spectral signatures of the pure ground components
(endmembers); this combination is then weighted by these com-
ponents’ corresponding areal proportions (abundance) within
the pixel [11]

Si =

m∑

k=1

fkSik + ESi (1)

where i = 1, …, n (number of spectral bands); k = 1, …, m
(number of endmembers); Si is the spectral signature of band i;
fk is the abundance of endmemberk in the mixed pixel;Sik is the
known spectral signature of endmember k in band i; ESi is the
error for band i. Because of its effectiveness in circumventing the
mixed-pixel problem, LSMA has been attracting considerable
interest in land cover estimation, such as impervious surface
mapping [12], [13], vegetation extraction [14], [15], and snow
cover assessment [16], [17].

Endmember selection plays a key role in the application of
LSMA [18]. Selecting endmembers includes two basic steps:
identifying the appropriate number and type of endmembers
and collecting their corresponding spectral signatures. Many
solutions have been used to select the appropriate number and
type of endmembers (e.g., forest, grass, building, water, bare
soil) for different types of remote-sensing data (multispectral
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or hyperspectral images). In the implementation of LSMA for
land cover extraction, different endmember models have been
developed to estimate the areal proportions of land covers, such
as the two-endmember model [19], three-endmember model
(shade, nonphotosynthetic vegetation, green vegetation) [20],
and four-endmember model (vegetation, impervious surface,
soil, shade) [21].

The three-endmember model (vegetation, impervious surface,
soil [V-I-S]) proposed by Ridd [22] received considerable critical
attention for characterizing the landscape composition at the
subpixel level, especially for urban landscapes. The V-I-S model
assumes that the land cover in an urban structure is a linear
combination of three compositions: vegetation, impervious sur-
face, and soil; thus, it provides a guideline for decomposing
urban landscapes, which is mostly selected to extract impervious
surfaces [23]. Wu and Murray [24] upgraded the V-I-S model to
a four-endmember model (vegetation, high-albedo impervious
surface (HIS), low-albedo impervious surface (LIS), soil) based
on the spectral variability of impervious surfaces; their model
effectively analyzes impervious surface distributions [25]–[28].

However, the accurate abundance estimation of LSMA is
usually limited by the selection of endmembers and their spectra
[29], [30]. A mixed pixel is a mixture of finite endmember
spectra; however, there is spectral variability in endmembers
[31]. A specific endmember shows a varied spectral signature
caused by differences in the illumination conditions within
an image. Under these circumstances, LSMA commonly uses
the typical or average spectra of pure pixels to represent the
endmember spectra [30]. Such endmember variability problem
would result in significant abundance estimation errors in the
application of LSMA. Previous studies have shown that the
spectral variability can hardly be represented by a simple LSMA
model [32]. Hong et al. [33] proposed an augmented linear
mixing model to address the spectral variability for hyperspectral
unmixing, which is a positive case to effectively model the main
spectral variability.

The effect of mixed-pixel spectral interference is another
important factor of inaccurate abundance estimation that is often
overlooked when implementing LSMA. This method assumes
that all mixed spectra are linear mixtures of some set of endmem-
ber spectra and that these spectrally distinct endmembers within
a pixel do not interfere with each other [34], [35]. However, this
assumption is not always valid. Mixed spectra are not simply
linear combinations of endmember spectra that are weighted by
the abundance of each endmember within a pixel [36]. In many
instances, when the abundance of one endmember within a pixel
exceeds a certain threshold (dominant endmember), this mixed
spectrum would exhibit as the typical spectral characteristic of
the dominant endmember. That is, the dominant endmember
will frequently interfere with the mixed spectra; this is called
mixed-pixel spectral interference [37]. For example, in a typical
urban region, mixed pixels are commonly consist of vegeta-
tion, impervious surfaces, and soil. When the abundance of
vegetation endmembers within a mixed pixel exceeds a certain
threshold, this mixed spectrum would exhibit as the pure spectral
characteristic of the vegetation. The same situation occurs for

Fig. 1. Experimental area and hyperspectral image (standard false color com-
posite image of Hyperion image, Red-Green-Blue bands corresponding to 803
nm, 650 nm, and 548 nm bands).

impervious surface and soil endmembers because of the effects
of mixed-pixel spectral interference.

However, given that the specific thresholds of endmember
abundance resulting in mixed-pixel spectral interference are
yet to be understood, it is difficult to quantify the impact of
spectral interference on mixed spectra. In this study, we design
a quantitative comparative experiment to analyze the mixed
spectral characteristics as the changes of endmember abun-
dances using hyperspectral imagery. Specifically, through this
experiment, two key questions are addressed: 1) How do the
changes of endmember abundances affect their corresponding
mixed-pixel spectral signatures? 2) What are the specific thresh-
olds of abundances causing mixed-pixel spectral interference?
The findings should offer a new understanding of mixed-pixel
spectral mixtures and make an important contribution to the
application of LSMA. More specifically, the effect of spectral
interference in mixed pixels will be verified this study, and
then the assumption of LSMA that all mixed spectra are linear
mixtures needs to be redefined. Furthermore, based on specific
thresholds of abundances causing mixed-pixel spectral interfer-
ence, interfered mixed pixels can be identified and removed
before applying LSMA, or other unmixing methods to avoid
the effect of spectral interference, so as to improve unmixing
accuracy to some extent.

II. DATASETS AND METHODOLOGY

A. Datasets and Data Processing

Experimental spectral data were collected from a one-scene
hyperspectral remote-sensing image from the Earth Observing-1
(EO-1) satellite’s Hyperion imaging spectrometer. A typical
urban region in Guangzhou, China, was selected as the experi-
mental area, as shown in Fig. 1. This cloud-free Hyperion image
(path/row: 122/44) was acquired on December 18, 2005 and
contains different land-surface materials, including impervious
surfaces (sidewalks, driveways, rooftops, parking areas), vege-
tation, bare soil, and water bodies.

The Hyperion image contains 242 bands with a spatial res-
olution of 30 m. First, bands with poor data quality were re-
moved, including those that do not have radiation calibration;



1436 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

are severely influenced by water vapor and carbon dioxide;
have overlapping visible (VIS), near infrared (NIR), and short-
wavelength infrared ranges; or have severe band noise. A total of
153 valid bands were eventually retained, including band 9–49
(436–844 nm), band 87–120 (1037–1346 nm), band 130–165
(1447–1800 nm), and band 181–222 (1961–2375 nm). VIS
wavelengths (≤760 nm) and NIR wavelengths are preserved in
the image. Finally, atmospheric correction was performed on the
Hyperion image by the Fast Line-of-Sight Atmospheric Analysis
of Spectral Hypercubes module provide by the software ENVI,
which could reduce the effects of water vapor, aerosols, and
other particles in the atmosphere on the reflectance properties of
land surfaces. The processed Hyperion image is shown in Fig. 1.

In the collection of different types of spectral data, Google
Earth imagery with a spatial resolution of 1 m was used as a
reference to identify the material composition inside each pixel
of the Hyperion image.

B. Design of Experiment

This experiment aims to analyze the impact of endmembers’
abundance changes on their corresponding mixed-pixel spectral
signatures and identify the specific thresholds of endmember
abundance that cause mixed-pixel spectral interference. An ur-
ban region was regarded as an example; it consisted of three
endmembers representing three typical land cover types: vege-
tation, impervious surface (HIS and LIS), and soil [22]. This
experiment was designed to have two steps, namely, collec-
tion of spectral data and use of spectral similarity measures,
to identify the threshold values causing mixed-pixel spectral
interference. The overall experimental framework is shown in
Fig. 2, and the process and methods are detailed in the following
sections.

1) Collection of Spectral Data: Three types of pure
endmember spectra (vegetation, impervious surface, soil) and
a large number of representative mixed spectra were collected
from the EO-1 Hyperion image. Specifically, the impervious
surface can be considered to be composed of HIS (e.g., white
concrete, white metal) and LIS (e.g., dim concrete, asphalt) [24].

For the four types of pure endmember spectra (vegetation,
HIS, LIS, soil), the high-quality Google Earth imagery was
used as a reference to select pure pixels with corresponding
pure surface materials. With vegetation spectra as an example,
200 pure vegetation pixels (vegetation abundance= 100%) were
selected to obtain 200 pure vegetation spectra. The pure vege-
tation endmember spectra were obtained from pure vegetation
pixels (vegetation abundance= 100%). However, the vegetation
endmember class often includes many plant species, and these
can exhibit spectral variation. Finally, these 200 pure spectra
were averaged to obtain one typical vegetation spectrum to rep-
resent the diverse pure vegetation spectra. The three other pure
endmembers (HIS, LIS, soil) and their corresponding typical
spectra were also generated from the abovementioned steps.

Mixed pixels with different abundances of the four endmem-
bers (vegetation, HIS, LIS, soil) were collected to obtain the
corresponding representative mixed spectra. With vegetation
as an example, mixed pixels containing different vegetation

Fig. 2. Flow chart of experimental framework (V, HIS, LIS, and S represent
vegetation, high albedo impervious surface, low albedo impervious surface, and
soil, respectively; SA and SD represent spectral angle and spectral distance,
respectively).

abundances within the range of 95%–5% at intervals of 5%
(vegetation abundance = 95%, 90%, …, 10%, 5%) were col-
lected to obtain the corresponding mixed vegetation spectra. The
vegetation coverage of the pixels in the EO-1 Hyperion image
was manually digitized based on the corresponding Google
Earth imagery using ArcGIS to obtain the representative pixels.
Fig. 3 illustrates how the representative vegetation pixels were
obtained by digitizing the vegetation polygons of the pixels in
the EO-1 Hyperion image. In this experiment, 50 mixed pixels
were selected for each interval of vegetation abundance. Then,
every five pixels in each interval were used to generate an
average spectrum. Ultimately, there were ten mixed spectra at
each interval of vegetation abundance.

Representative mixed spectra with different abundances of
the three other endmembers (HIS, LIS, soil) were also generated
from the abovementioned steps.

2) Spectral Similarity Measure: On the basis of the pure end-
member spectra and representative mixed spectra obtained in the
previous step, the impact of the endmember abundance changes
of mixed pixels on their spectra was analyzed. The spectral
similarity among the typical endmember spectra and their cor-
responding representative mixed spectra were measured in this
experiment. The purpose was to determine the value of abrupt
change in the spectral similarity that causes a sudden change in
the pure spectral characteristic. For example, spectral similari-
ties were separately measured between the typical vegetation
spectrum and the mixed vegetation spectra with abundances
of 95%–5% at intervals of 5% (vegetation abundance = 95%,
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Fig. 3. Example for obtaining representative vegetation pixels by digitizing vegetation areas based on the Google Earth imagery (green polygons represent
vegetation regions).

90%, …, 10%, 5%). A comparison of the spectral similarities
showed that, whenever the vegetation abundance of mixed pixels
exceeded a certain threshold, the spectral signatures of mixed
pixels would present as typical vegetation spectra.

In addition, because of the spectral variation of pure spectra,
spectral similarities between the typical vegetation spectrum
(averaged pure spectrum) and 200 pure vegetation spectra (vege-
tation abundance = 100%) were measured. The findings would
be used as references for comparison with the other spectral
similarity values. Furthermore, spectral similarities between the
typical vegetation spectrum and other vegetation spectra were
separately measured in different spectral regions: the whole
spectral range, VIS spectral range, and NIR spectral range.
The spectral similarity measures of the three other endmember
spectra (HIS, LIS, soil) were determined through the abovemen-
tioned steps.

Spectral angle (SA) and spectral distance (SD) measures were
used to describe the spectral similarity among the endmember
spectra in this experiment. These techniques are widely used in
hyperspectral remote sensing [38].

a) SA measure: The SA measure determines the similarity
by calculating the SA between two spectral signatures; the two
spectra are treated as vectors in a space whose dimension is equal
to the number of spectral bands used [39]–[41]. However, a zero
SA value can be calculated, even when the two spectral vectors
are not identical. This measure is insensitive to large differences
in albedo or illumination effects because the SA between two
vectors is independent of the spectral length of the vectors [41].

The SA between two spectral signatures (Si and Sj) is calcu-
lated by the following formula:

SA(Si, Sj) = cos−1 Si · Sj

|Si |·| Sj |

= cos−1

∑n
m=1 Sim · Sjm√∑n

m=1 S
2
im ·√∑n

m=1 S
2
jm

(2)

where SA (Si, Sj) is the SA betweenSi andSj ; it is measured in
radians and has a maximum value of 1.57 and a minimum value
of 0. n is the number of bands in the image. A smaller value
of SA indicates a higher similarity between the two measured
spectra.

b) SD measure: The SD measure determines the similarity
between two spectra by calculating the Euclidean distance be-
tween them. SD is the difference in spectral value in each wave-
band between two spectra. However, this measure is sensitive
to the absolute magnitudes of spectra [42]. The main difference
between SD and SA is that the brightness difference between the
two vectors is taken into account in the SD measure, whereas
the SA is invariant with brightness [43].

The SD between two spectral signatures (Si and Sj) is calcu-
lated by the following formula:

SD(Si, Sj) =

n∑

m=1

|Sim − Sjm| (3)

where SD (Si, Sj) is the SD between Si and Sj ; n is the number
of bands in the image. A smaller value of SD indicates a higher
similarity between the two measured spectra.

c) Combination of SA and SD measure: In this experi-
ment, two measure techniques, measures—SA and SD—were
used to describe the spectral similarity. Take vegetation spectral
similarity measures as an example. First, the SA and SD values
were calculated between the typical vegetation spectrum and
each pure vegetation spectrum, and these SA and SD values
were separately averaged to obtain one averaged SA value and
one averaged SD value. Second, the SA and SD values were
calculated between the typical vegetation spectrum and every
single mixed vegetation spectrum of each interval (vegetation
abundance = 95%, 90%, …, 10%, 5%). Hereafter, these SA and
SD values of each interval were separately averaged to generate
one averaged SA value and one averaged SD value at each
interval. Furthermore, the SA and SD values were calculated for
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Fig. 4. Typical endmember (vegetation, HIS, LIS, and soil) spectra (the light bar represents the range of the pure endmember spectra).

the whole spectral range, VIS spectral range, and NIR spectral
range.

All of the SA and SD values were, respectively, normalized in
this experiment to consider them together and keep all of them in
the same range: between 0 and 1. Finally, the normalized SA and
SD values of each interval were added to describe the spectral
similarity between the typical vegetation spectrum and the other
vegetation spectra. The spectral similarity measures of the three
other endmember spectra (HIS, LIS, soil) were also calculated
via the abovementioned steps.

The SA and SD values were normalized with the following
formula:

Snor =
S − Smin

Smax − Smin
(4)

whereSnor is the normalized SA or SD value and ranges between
0 and 1; S is the SA or SD value of each interval; Smin and Smax

are the minimum and maximum values, respectively, of all SA
or SD values. Therefore, the sum of the normalized SA and SD
values (SAnor + SDnor) of each interval is between 0 and 2.
A smaller value indicates a higher similarity between the two
measured spectra.

3) Unmixing Experiment for the Hyperspectral Image: To
make the results more intuitive and convincing, an unmixing
experiment for the Hyperion image was performed after deter-
mining the thresholds of endmember abundance by spectral sim-
ilarity measures. The Hyperion image was unmixed by LSMA
method herein. First, four pure endmember spectra (vegetation,
HIS, LIS, and soil) were obtained from the abovementioned
steps. Then, the image was unmixed through the LSMA method
(referring to formula [1]) based on the four endmember spectra,
and four estimating fraction images (vegetation, HIS, LIS, and
soil) were obtain. Finally, a series of mixed pixels with esti-
mating fraction equaling 100%, which may be interfered by the

effect of spectral interference, were selected to be digitized using
ArcGIS based on the Google Earth imagery.

In general, four types of pure endmember spectra (vegetation,
HIS, LIS, soil) and the corresponding representative mixed
spectra with endmember abundances of 95%–5% at intervals of
5% were obtained from the EO-1 Hyperion image. Moreover,
spectral similarity measures (SA+SD) among the pure endmem-
ber spectra and the corresponding representative mixed spectra
were used to determine the thresholds of endmember abundance
that cause spectral interference. Finally, an unmixing experiment
for the hyperspectral image was performed to make the results
more intuitive and convincing. The results are described in the
following section.

III. RESULT

In this study, 800 pure spectra and 760 representative mixed
spectra for the four types of endmembers (vegetation, HIS, LIS,
soil) were collected from the EO-1 Hyperion imagery. Each type
of pure endmember spectra was averaged to obtain one typical
spectrum of each endmember, as shown in Fig. 4. The spectral
similarity measures between the typical endmember spectrum
and the representative mixed spectra were used to analyze the
mixed-pixel spectral characteristics as the abundance changes
of the endmembers. The detailed results and specific thresholds
are presented in the following sections.

A. Analysis of Mixed-Pixel Spectral Interference of
Vegetation Endmembers

Fig. 5 displays the mixed vegetation spectra with abundances
of 95%–5% at intervals of 5%. As shown in Fig. 5, the mixed
vegetation spectra show as the pure vegetation spectral char-
acteristic when the vegetation abundance is greater than or
equal to 70% (V � 70%). That is, when V � 70%, these
mixed vegetation spectra would interfere with the vegetation
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Fig. 5. Mixed vegetation spectra with abundance of 95%–5% at intervals of 5%.

Fig. 6. Spectra similarity measures between typical vegetation spectrum and mixed vegetation spectra. (a) Whole spectral range. (b) VIS and NIR spectral range.

endmember and exhibit as pure vegetation spectra. Spectral
similarity measures between the typical vegetation spectrum and
the mixed vegetation spectra in the whole spectral range were
calculated to further verify this phenomenon [see Fig. 6(a)].
The sum of the normalized SA and SD values (SAnor + SDnor)
decreases considerably when the vegetation abundance of the
mixed pixels exceeds 70%. This further confirms that the spectral
similarity between the typical vegetation spectrum and the mixed

vegetation spectra increases strongly when V� 70%. Therefore,
V = 70% is the threshold that causes the mixed-pixel spectral
interference of the vegetation endmember; mixed vegetation
spectra would show as a pure spectral characteristic when
V � 70%.

In addition, the spectral similarity between the typical vege-
tation spectrum and the mixed vegetation spectra was measured
in both the VIS and NIR spectral ranges. The SAnor + SDnor
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Fig. 7. Mixed HIS spectra with abundance of 95%–5% at intervals of 5%.

values were computed and are plotted in Fig. 6(b). When V �
70%, the SAnor + SDnor values both decrease considerably in
the VIS and NIR spectral regions. Therefore, V = 70% is the
threshold that causes the mixed-pixel spectral interference of the
vegetation endmember in both spectral regions. Furthermore, the
SAnor + SDnor values in the NIR spectral region are evidently
smaller than those in the VIS spectral region. Thus, the spectral
characteristics in the NIR spectral region are more similar than
in the VIS spectral region to those of the typical vegetation
spectrum. This reveals that the mixed-pixel spectral interference
of the vegetation endmember is more noticeable in the NIR
spectral region.

B. Analysis of Mixed-Pixel Spectral Interference of
Impervious Surface Endmembers

The impervious surface was divided into HIS and LIS. For
the HIS spectra, Fig. 7 displays the mixed HIS spectra whose
abundance is 95%–5% at intervals of 5%. As plotted in Fig. 7,
when the HIS abundance is greater than or equal to 75% (H
≥75%), these mixed HIS spectra exhibit as a pure HIS spectral
characteristic. The SAnor + SDnor values among the typical
HIS spectrum and the mixed HIS spectra decrease substantially
when the HIS abundance of the mixed pixels exceeds 75% [see

Fig. 8(a)]. Therefore, H = 75% is the threshold that causes the
mixed-pixel spectral interference of the HIS endmember, and
the mixed HIS spectra would exhibit as a pure HIS spectral
characteristic when H ≥75%.

Furthermore, the SAnor + SDnor values between the typical
HIS spectrum and mixed HIS spectra were separately calculated
in the VIS and NIR spectral ranges. As shown in Fig. 8(b), the
SAnor + SDnor values in the NIR spectral region are noticeably
smaller than those in the VIS spectral region. The spectral
characteristics in the NIR spectral region are more similar than
those in the VIS spectral region to those of the typical HIS
spectrum. Therefore, the mixed-pixel spectral interference of
the HIS endmember is more evident in the NIR spectral region.

For the LIS spectra, Fig. 9 displays the mixed LIS spectra with
abundances within the range of 95%–5% at intervals of 5%. As
plotted in Fig. 9, when the LIS abundance is greater than or
equal to 80% (L ≥80%), these mixed LIS spectra exhibit as
a pure LIS spectral characteristic. The SAnor + SDnor values
between the typical LIS spectrum and the mixed LIS spectra
decrease considerably when the LIS abundance of the mixed
pixels exceeds 80% [see Fig. 10(a)]. Therefore, L = 80% is the
threshold that causes the mixed-pixel spectral interference of the
LIS endmember, and the mixed LIS spectra would exhibit as a
pure LIS spectral characteristic when L ≥80%.
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Fig. 8. Spectra similarity measures between typical HIS spectrum and mixed HIS spectra. (a) Whole spectral range. (b) VIS and near NIR spectral range.

Fig. 9. Mixed HIS spectra with abundance of 95%–5% at intervals of 5%.

Moreover, the SAnor + SDnor values between the typical LIS
spectrum and the mixed LIS spectra were separately calculated
in the VIS and NIR spectral ranges, as shown in Fig. 10(b). When
L ≥ 80%, the SAnor + SDnor values decrease substantially
in both spectral regions. Therefore, L = 80% is the threshold
that causes the mixed-pixel spectral interference of the LIS
endmember in both spectral regions. Furthermore, the SAnor

+ SDnor values in the NIR spectral region are evidently smaller
than those in the VIS spectral region, which means that the spec-
tral characteristics in the NIR spectral region are more similar
than those in the VIS spectral region to those of the typical

LIS spectrum. Thus, the mixed-pixel spectral interference of
the LIS endmember is more noticeable in the NIR spectral
region.

C. Analysis of Mixed-Pixel Spectral Interference of
Soil Endmembers

Fig. 11 displays the mixed soil spectra with abundances
within the range of 95%–5% at intervals of 5%. As can be
seen from Fig. 10, when the soil abundance is greater than or
equal to 70% (S ≥70%), these mixed soil spectra exhibit as
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Fig. 10. Spectra similarity measures between typical LIS spectrum and mixed LIS spectra. (a) Whole spectral range. (b) VIS and NIR spectral range.

Fig. 11. Mixed soil spectra with abundance of 95%–5% at intervals of 5%.

a pure soil spectral characteristic. The SAnor + SDnor values
between the typical soil spectrum and the mixed soil spectra
decrease substantially when the soil abundance of the mixed
pixels exceeds 70% [see Fig. 12(a)]. Therefore, S = 70% is
the threshold causing the mixed-pixel spectral interference of
the soil endmember, and the mixed soil spectra would exhibit
as a pure soil spectral characteristic when S ≥70%. Then, the
SAnor + SDnor values between the typical soil spectrum and
the mixed soil spectra were separately calculated in the VIS and
NIR spectral ranges, as shown in Fig. 12(b). When S ≥70%,

the SAnor + SDnor values both decrease significantly in both
spectral regions. Therefore, L = 70% is the threshold causing
the mixed-pixel spectral interference of the soil endmember in
both spectral regions. Moreover, the SAnor+SDnor values in the
NIR spectral region are evidently smaller than those in the VIS
spectral region, which means that the spectral characteristics in
the NIR spectral region are more similar than those in the VIS
spectral region to those of the typical soil spectrum. Thus, the
mixed-pixel spectral interference of the soil endmember is more
noticeable in the NIR spectral region.
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Fig. 12 Spectra similarity measures between typical soil spectrum and mixed soil spectra. (a) Whole spectral range. (b) VIS and NIR spectral range.

Fig. 13. Fraction images (vegetation, HIS, LIS, and soil) and examples of mixed pixels digitized real regions based on the Google Earth imagery.

D. Unmixing Results for the Hyperspectral Image

From the abovementioned results, we know that the thresholds
causing the mixed-pixel spectral interference of the vegetation,
HIS, LIS, and soil endmembers are 70%, 75%, 80%, and 70%,
respectively. That is, when the endmember abundance within
mixed pixels exceeds these specific thresholds, the mixed spec-
tra would exhibit as pure endmember spectral characteristics.
Therefore, the effects of spectral interference should be consid-
ered when applying LSMA.

To make the results more intuitive and convincing, the Hy-
perion image was unmixed through the LSMA method, and
four estimating fraction images (vegetation, HIS, LIS, and soil)

were obtained. As can be seen in Fig. 13, due to the effects
of mixed-pixel spectral interference, a series of mixed pixels
whose dominate endmember abundance exceeds the specific
threshold were unmixed as fraction equaling 100%. Obviously,
the overestimations of these mixed pixels are caused by the
effects of spectral interference to some extent.

IV. DISCUSSION

Experiments on spectral similarity measures demonstrate that
mixed spectra would exhibit as pure spectral characteristics
when the endmember abundance of mixed pixels exceeds spe-
cific thresholds. That is, mixed pixels are most probably affected
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Fig. 14. Applicable range of LSMA in V-I-S model.

by spectral interference. Accordingly, changes in endmember
abundance have little effect on the mixed-pixel spectral sig-
natures when the endmember abundance exceeds the above-
mentioned thresholds. Consequently, the assumption of LSMA
that all mixed spectra are linear mixtures of finite endmember
spectra does not always hold. Over the past decades, the LSMA
method has been widely applied to derive subpixel information
from remote-sensing imagery; however, it does not consider the
effects of nonlinear mixtures and mixed-pixel spectral interfer-
ence. Mixtures of a mixed spectrum are quite complicated and
may be affected by many factors. Therefore, understanding the
composition mechanism of mixed spectra is an essential factor
for improving the performance of LSMA.

Urban areas are mostly characterized by nonlinear mixture,
as shown by case studies that observed this phenomenon [15],
[44]–[49]. These studies found that nonlinear mixture effects
occur in the process of remote-sensing imaging, and nonlin-
ear mixture models can be applied to estimate the abundance
of each endmember in each pixel. This study demonstrates
another phenomenon of the nonlinear mixture effect, namely,
mixed-pixel spectral interference, which also could not exactly
meet the assumptions of LSMA. As shown by the experiment
in this study, mixed-pixel spectral interference mostly occurs
when the abundance of one endmember within mixed pixels
exceeds the calculated hresholds. Four thresholds (V = 70%,
H = 75%, L = 80%, and S = 70%) causing spectral interfer-
ence of the vegetation, HIS, LIS, and soil endmembers were
determined. Feng and Fan [37] also found the mixed-pixel
spectral interference of vegetation endmember and identified
a normalized difference vegetation index threshold value to
remove these effects for accurate impervious surface mapping
using LSMA. All these considerations imply that the effect of
mixed-pixel spectral interference from dominant endmembers
does exist in mixed pixels. When the endmember abundance
of mixed pixels exceeds the abovementioned thresholds, these
mixed spectra would exhibit as pure spectral characteristics.
Thus, the mixtures of mixed spectra are piecewise linear rep-
resentations. When the endmember abundance of mixed pixels
is lower than the given thresholds, these mixed spectra become
linear mixtures of their internal finite endmember spectra. On
the contrary, when the endmember abundance of mixed pixels
is higher than the thresholds, dominant endmembers interfere

with these mixed spectra, which then exhibit as pure spectral
characteristics.

Therefore, analyzing the impact of dominant endmembers
on their mixed spectra is crucial for understanding mixed-
pixel spectral interference and improving the implementation
of LSMA. The interference of mixed-pixel spectra indicates
that applications of LSMA based on the V-I-S model should
have a limited range of endmember abundances within mixed
pixels (V ≤70%, H ≤75%, L ≤80%, S ≤70%), as shown in
Fig. 14. For example, when V � 70%, these mixed spectra will
interfere with the vegetation endmember, which will then exhibit
as pure vegetation spectra. In the calculation of the fractional
coverage of spectrally distinct endmembers using LSMA, these
mixed pixels are likely to be calculated as a vegetation of
100%, even though they may contain a certain proportion of
other components. This would cause the overestimation of the
vegetation fraction in this situation. Accordingly, an effective
suggestion can be obtained for improving unmixing accuracy.
Interfered mixed pixels have to be removed before applying
LSMA or other unmixing methods to avoid the effect of spectral
interference.

Aside from analyzing the effect of the mixed-pixel spectral
interference in different spectral regions, this study demonstrates
that spectral interference is generally more evident in the NIR
spectral region than in the VIS spectral region. This is because
the transmittance and reflectance of NIR photons are different
from those in the VIS spectral region by most surface features
[14], [50]. Chen and Vierling [2] also showed that nonlin-
ear scattering influences are extremely significant in the NIR
spectral region and less influential in the VIS spectral region.
For applications of LSMA, more attention should be given to
mixed-pixel spectral interference in the NIR spectral region of
the spectral image.

The experiment, in this study, verifies the existence of the
effect of spectral interference in mixed pixels, and the specific
thresholds of endmember abundance causing such interference
are identified through spectral similarity measures. Although
these thresholds would not be applicable to all data sources or
test areas, this study demonstrates spectral interference wherein
mixed spectra would exhibit as pure spectral characteristics
when the endmember abundance of the mixed pixels exceeds
the specific thresholds. Spectral interference should be taken
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into account when applying LSMA or other unmixing methods.
These findings may improve our understanding of the mixture
mechanism of mixed pixels and address some limitations in
LSMA and other unmixing methods.

Furthermore, representative mixed spectra with different end-
member abundances were specifically selected to prove the exis-
tence of spectral interference in mixed pixels, and the thresholds
causing the spectral interference of the vegetation, HIS, LIS,
and soil endmembers were identified. Thus, the mixed spectra
undergoing interference by the dominant endmember can be
determined according to the known thresholds of endmember
abundance. However, it is quite challenging to obtain the end-
member types and their abundance in each pixel of remote-
sensing images. Therefore, further research is required to seek
an effective method of identifying the disturbed mixed pixels in
practical remote-sensing imageries, such as spectral indexes.

V. CONCLUSION

This study confirms the existence of spectral interference in
mixed pixels. Four pure endmember spectra (vegetation, HIS,
LIS, soil) and a large number of representative mixed spectra
collected from an EO-1 Hyperion image were used to analyze
the spectral characteristics of mixed pixels as the abundance
changes of endmembers by spectral similarity measures. Four
thresholds (V = 70%, H = 75%, L = 80%, S = 70%) causing
the spectral interference of the vegetation, HIS, LIS, and soil
endmembers were determined. These indicate that, when the
endmember abundance of mixed pixels exceeds the abovemen-
tioned thresholds, these mixed spectra would exhibit as pure
spectral characteristics. Additionally, this study supports the fact
that spectral interference is generally more evident in the NIR
spectral region than in the VIS spectral region.

These findings provide a new understanding of the mixture
mechanism of mixed pixels and offer useful suggestions for
the implementation of LSMA and other unmixing methods.
Spectral interference indicates that applications of LSMA should
have a limited range of endmember abundances within mixed
pixels (V ≤70%, H ≤75%, L ≤80%, S ≤70%). The disturbed
mixed pixels that exceed the abovementioned thresholds need
be removed before applying LSMA or other unmixing methods
to avoid the effect of spectral interference, thereby improving
the performance of such methods to some extent.

This study determines the thresholds of endmember abun-
dance causing spectral interference in mixed pixels. However,
calculating the areal fractions of surface features within a pixel
is complex and time consuming. If the endmember abundance
information of each pixel can be spectrally characterized and
expressed by a spectral index, then these disturbed mixed pix-
els can be identified and removed easily and quickly. There-
fore, effectively recognizing disturbed mixed pixels in practical
remote-sensing images will be a goal for future research.
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