
IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 10, NO. 4, APRIL 2017 1589

Using Linear Spectral Unmixing for Subpixel
Mapping of Hyperspectral Imagery:

A Quantitative Assessment
Xiong Xu, Xiaohua Tong, Antonio Plaza, Fellow, IEEE, Yanfei Zhong, Senior Member, IEEE, Huan Xie,

and Liangpei Zhang, Senior Member, IEEE

Abstract—Subpixel mapping techniques have been widely
utilized to determine the spatial distribution of the different
land-cover classes in mixed pixels at a subpixel scale by converting
low-resolution fractional abundance maps (estimated by a linear
mixture model) into a finer classification map. Over the past
decades, many subpixel mapping algorithms have been proposed
to tackle this problem. It has been obvious that the utilized
abundance map has a strong impact on the subsequent subpixel
mapping procedure. However, limited attention has been given to
the impact of the different aspects in the spectral unmixing model
on the subpixel mapping performance. In this paper, a detailed
quantitative assessment of different aspects in linear spectral
mixture analysis, such as the criteria used to determine the types
of pixels, the abundance sum-to-one constraint in the unmixing,
and the accuracy of the utilized abundance maps, is investigated.
This is accomplished by designing an experimental procedure
with replaceable components. A total of six hyperspectral images
(four synthetic and two real) were utilized in our experiments.
By investigating these critical issues, we can further improve the
performance of subpixel mapping techniques.

Index Terms—Hyperspectral imaging, spectral unmixing (SU),
subpixel mapping.

I. INTRODUCTION

M IXED pixels are often found in hyperspectral images,
especially in those with low spatial resolution. In these
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images, a single pixel may comprise two or more different land-
cover classes [1], [2]. To address this issue, soft classification
and spectral unmixing (SU) techniques have been commonly
used to quantitatively estimate the proportion of each pure spec-
tral constituent (endmember) in the mixed pixel by establishing
the relationship between the measured spectra of the mixed
pixel and the corresponding representative spectra of the land-
cover classes [3]. The linear spectral mixture model (LSMM),
which is our focus in this contribution, has been one of the most
widely used approaches for this purpose owing to its simplicity
and effectiveness in dealing with the mixed pixel problem [1].
By assuming that the observed spectra of each pixel can be ex-
pressed in the form of a linear combination of endmembers, the
LSMM can generate the corresponding weights of the differ-
ent endmembers, which are the so-called abundance fractions
[4]. The obtained abundance map can indicate the quantitative
proportions of the land-cover classes in each pixel, whereas the
spatial distribution of each endmember in the mixed pixel still
remains unknown.

Subpixel mapping, which in most cases can be regarded as a
subsequent procedure to SU, aims to arrange the spatial location
of possible classes inside each mixed pixel given the obtained
abundance map [5], [6]. By dividing the pixels into numerous
smaller subpixels and allocating each subpixel to a certain class,
subpixel mapping techniques can convert the low-resolution
(LR) abundance map into a finer classification result given the
criteria of abundance constraints and spatial dependence, which
is inspired by Tobler’s first law [7].

The spatial dependence refers to the tendency for spatially
close observations to be more alike than distant observations
[5]. Based on this assumption, much effort has been devoted to
the development of subpixel mapping techniques, and most of
these techniques attempt to retrieve a finer classification result
based on the given abundance map [8], which is commonly
obtained by the use of an LSMM technique [9]. Other soft
classification methods have also been utilized to generate the
abundance result, such as the maximum likelihood classifier
[10], [11] and the fuzzy c-means method [12], [13]. However,
only the LSMM will be considered in this paper.

Many algorithms have been proposed to convert the
abundance map into the subpixel mapping result, such as
the pixel-swapping algorithm [14]–[16], the Hopfield neu-
ral network [17], [18], the spatial attraction model (AM)
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[19]–[21], genetic algorithms [22]–[24], multiagent systems
[25], maximum a posteriori-based techniques [26]–[28], and
differential evolution [29]. Furthermore, subpixel mapping
techniques have been widely applied in various fields, including
land-cover mapping [30], [31], target extraction [32]–[34],
waterline mapping [35], [36], change detection [37], [38], and
flood/wetland inundation [24], [39].

However, very few studies have considered the impact of the
different aspects involved in the SU process and/or the gener-
ation of the most suitable abundance map for the subsequent
subpixel mapping procedure. We believe that it is crucial to
address these issues owing to the fact that the generated abun-
dance map is, in most cases, the driving component for the sub-
pixel mapping process. By investigating these critical issues, it
may be possible to further improve the performance of subpixel
mapping techniques. A number of experiments were therefore
designed in this study to investigate the impact of the differ-
ent aspects in the LSMM on the subsequent subpixel mapping
procedure. Specifically, we intend attempt to give some recom-
mendations on the best practice regarding the utilization of SU
and subpixel mapping algorithms in different applications.

Three aspects were considered in our experimental analy-
sis. First, as subpixel mapping aims to tackle mixed pixels, the
determination of mixed pixels during the SU procedure is cru-
cial. Second, whether or not it is essential to impose the abun-
dance sum-to-one constraint (ASC) on the generated abundance
map is still controversial [40], [41]. The impact of the incorpo-
ration of the ASC on the subpixel mapping result needs to be
carefully studied. Finally, traditional subpixel mapping algo-
rithms do not pay specific attention to the generation of the
utilized abundance map, and it is commonly believed that the
generation of an abundance map with higher accuracy can result
in a better subpixel mapping result.

Based on these issues, this paper presents an exhaustive quan-
titative analysis on the widely used LSMM to evaluate the ef-
fects of different choices in its configuration on the subsequent
subpixel mapping procedure. Specifically, the three aforemen-
tioned issues were taken into consideration in our experiments,
conducted with six different hyperspectral datasets comprising
both simulated and real images. Based on our experimental
study, the impact of the different aspects in the LSMM on the
subpixel mapping output is extensively discussed and some rel-
evant conclusions are drawn.

The remainder of this paper is organized as follows.
Section II provides a detailed description of the LSMM and
the related aspects; the utilized experimental datasets are also
described. Section III gives a detailed analysis and discussion of
the obtained results. Section IV concludes this paper with some
remarks and hints at plausible future research lines.

II. METHOD MATERIALS AND METHODS

A. Experimental Design

As this paper aims to investigate the impact of the different
factors in the LSMM on subpixel mapping, it is important to
review the literature related to subpixel mapping, and to dis-
cuss the most appropriate design for the experiments in this

paper. In general, there are three different approaches to de-
signing subpixel mapping techniques [8]. In the early studies,
to reduce the uncertainty in the subpixel mapping and make it
easier to compare different algorithms, the utilized abundance
map was always generated by degrading a high-resolution (HR)
classification map, which was generally obtained by classifying
a hyperspectral image, and applying an averaging filter, given a
resize factor [8], [14]. In this way, the original HR classification
map can be used as a reference image to evaluate the subpixel
mapping method, and it is generally assumed that the utilized
abundance map is unbiased so that the comparison is solely
affected by errors introduced in the subpixel mapping process.

Furthermore, another approach consists of generating an LR
hyperspectral image by degrading the available HR hyperspec-
tral image with an averaging filter [42]. An SU technique is first
used to obtain the abundance map from this LR hyperspectral
image, and the subsequent subpixel mapping methods are then
applied. Similarly, the classification result obtained by classi-
fying the HR hyperspectral image can be used as a reference
ground truth to evaluate the subpixel mapping results. In this
way, except from the subpixel mapping model errors, the errors
in the abundance map and the HR reference classification are
also taken into consideration in the final performance evalu-
ation. The two aforementioned approaches to generating syn-
thetic images for subpixel mapping purposes can be referred to
as “nonunmixing-based synthetic experiments” and “unmixing-
based synthetic experiments.”

Although synthetic experiments can illustrate the differences
in subpixel mapping methods to some extent, real experiments
are still essential to evaluate the application of subpixel mapping
in practice. For real experiments, two images which cover the
same area—an LR hyperspectral image and a finer reference
one—are commonly acquired, preferably at the same time. Im-
age registration is then performed and a suitable scale factor is
determined. A final result can be then generated from the LR
hyperspectral image after applying SU and subpixel mapping
procedures, and the reference classification map is obtained af-
ter classifying the HR reference image. Therefore, the error of
registration is further involved in the real experiment in addi-
tion to similar error sources with the unmixing-based synthetic
experiment.

Fig. 1 summarizes the three different approaches to syn-
thetic and real experiments, which are represented by different
colored arrows. The black arrows denote the general proce-
dure, while the light blue, purple, and red arrows indicate the
nonunmixing/unmixing-based synthetic and real experiments,
respectively.

B. Aspects in the LSMM

Given a hyperspectral dataset with L bands and K endmem-
bers, the LSMM for the imagery with m rows and n columns
(mn = m ∗ n pixels) can be represented as follows:

y = Sα + r (1)

where y ∈ �L×mn is the LR hyperspectral image with L bands
and mn pixels, S = {s1 , s2 · · · sK } ∈ �L×K is the collected
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Fig. 1. Three different approaches to synthetic and real experiments.

spectral signatures of the K endmembers obtained manually or
automatically, α ∈ �K×mn is the abundance map denoting the
fraction values of the different endmembers, and r ∈ �L×mn is
considered to be noise.

Owing to the physical meaning of the abundance map, two
constraints are generally imposed. One is the abundance non-
negative constraint and the other is the previously mentioned
ASC, illustrated in

ANC : αk,i ≥ 0 ASC :
K∑

k=1

αk,i = 1 (2)

where αk,i denotes the fraction value of endmember k in
pixel i.

Two tasks are generally involved in the LSMM. One is to
determine if the target pixel is mixed or pure, and the other

one is to calculate the proportions of the different classes in
the mixed pixels. As the subpixel mapping operation is only
conducted on the identified mixed pixels, the two aspects
can have different implications, and therefore, need to be
analyzed separately. As the utilization of the ASC in SU has
been prone to some criticism [40], [41], it is also necessary
to discuss the applicability of the ASC for the subsequent
subpixel mapping procedure. In addition, the hypothesis that an
abundance map with a higher accuracy can guarantee a better
subpixel mapping result is also taken into consideration in this
paper.

Therefore, three different factors in the LSMM are investi-
gated in this paper to evaluate their impact on the subsequent
subpixel mapping result: 1) the determination of the pixel
type; 2) the utilization of the ASC; and 3) the impact of
abundance map accuracy. To clearly describe the different
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TABLE I
LIST OF SYMBOLS AND ABBREVIATIONS

Terms Definition

SV MP D The SVM method is used for the PD to generate the probability map
N C LSP D The NCLS method is used for the PD
F C LSP D The FCLS method is used for the PD
P(∗) The probability map which denotes the probabilities of pixels to

belong different classes with certain PD method (SV MP D ,
N C LSP D or F C LSP D )

pk , i (∗) The probability of pixel i belonging to class k in the probability map
P(∗).

TS The threshold to determine if a pixel is mixed for P(SV MP D )
TN The threshold to determine if a pixel is mixed for P(N C LSP D )
TF The threshold to determine if a pixel is mixed for P(F C LSP D )
N C LSS U The NCLS method is used to generate abundance fractions for

mixed pixels
F C LSS U The FCLS method is used to generate abundance fractions for mixed

pixels

aspects in the LSMM, the notations and definitions are first
described in Table I.

Our experimental assessments have been conducted as fol-
lows. First, three different methods were utilized to estimate the
probability map P which was used to determine the nature of
the pixel (mixed or pure): the support vector machine (SVM)
[43], the nonnegativity constrained least squares (NCLS), and
fully constrained least squares (FCLS) [44]. Accordingly, dif-
ferent parameters were also used as the thresholds, denoted as
TS , TN , and TF for the SV MP D , NCLSP D , and FCLSP D

probability maps, respectively. The criteria for a certain pixel i
in the different probability maps are given in (3) to determine if
pixel i is mixed:

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

pmax,i(SV MP D ) < TS ,

pmax,i(NCLSP D ) < 1 − TN

or psum ,i(NCLSP D ) − pmax,i(NCLSP D ) > TN ,

pmax,i(FCLSP D ) < 1 − TF

(3)

where pmax,i(SV MP D ) = max(pk,i(SV MP D )) and psum ,i

(SV MP D ) =
∑K

k=1 pk,i(SV MP D ), while pk,i(SV MP D ) is
the probability of pixel i belonging to class k in the SVM-based
probability map. In addition, one more criterion is utilized for
NCLS considering that psum ,i(NCLSP D ) can be higher than
one.

For those pixels which are determined as pure, a certain class
label is assigned and they will not be unmixed by the subse-
quent unmixing procedure. After that, NCLS and FCLS were
then used again to generate the fractional values for each class in
the rest of the identified mixed pixels, denoted as NCLSSU and
FCLSSU . In this way, abundance maps with different combi-
nations of pixel type determination (PD) and SU methods could
be obtained.

Given the fact that only one certain class label can be assigned
to each pixel in the classification map, the so-called label sum-
to-constant constraint (LSC), which gives

∑K
k=1 NSk

i = S ∗ S,
is defined as the constraint for the generated subpixel mapping

result where the NSk
i is the number of subpixels belonging to

class k in the mixed pixel i.
In general, to guarantee the LSC in the final subpixel map-

ping result, only abundance maps which satisfy the ASC can
be processed by most subpixel mapping methods which either
strictly internalize the ASC [19], [20] or are iterative methods in
which an initial classification map is essential [29]. Therefore,
two typical subpixel mapping methods—the subpixel/pixel AM
[19] and the class determination (CD) strategy [21]—were em-
ployed to convert the abundance maps into the final subpixel
mapping results. Specifically, the CD method can be further
imposed on abundance maps generated by the NCLS unmixing
method, while the AM method can only be used on FCLS-based
abundance maps. The workflow of the experiments is illustrated
in Fig. 2.

C. Datasets

Six datasets (four synthetic remotely sensed images and two
real hyperspectral images) were utilized to evaluate the impact
of the three previously mentioned factors in the LSMM. Specif-
ically, the endmember set utilized in the LSMM is selected
from the image manually based on extensive prior knowledge.
This allows us to substantiate our proposed approach indepen-
dently by the performance of different endmember selection
algorithms.

1) Synthetic Dataset 1: Washington DC Hyperspectral Digi-
tal Imagery Collection Experiment (HYDICE) Image: The first
image was generated from a part of the HYDICE airborne hy-
perspectral dataset collected over the Washington DC Mall.
A total of 167 bands [45] were used, comprising 300 lines
and 200 columns. The scale factor was 4, and the generated
LR hyperspectral image (75∗50 pixels) is shown in Fig. 3(a).
Fig. 3(b) shows the reference image classified by the SVM
method for the HR image, which we use here as the ground-
truth data. The image comprises four main classes: water, grass,
tree, and roads.

2) Synthetic Dataset 2: Xiaqiao PHI Image: The second
synthetic remote sensing image was collected with an airborne
imaging spectrometer (PHI) from the Xiaqiao test site in China.
A total of 80 bands of the PHI image (160 × 160 pixels) were
utilized, with a spectral range of 440–854 nm. The scale fac-
tor was again set as 4. Fig. 3(c) shows the LR hyperspectral
image cube. Fig. 3(d) shows the reference classification map
obtained by SVM in which four major land-cover classes can
be distinguished: roads, water, corn, and vegetables.

3) Synthetic Dataset 3: Flightline C1 (FLC1) Image: The
third image was an aerial image of different crop types and
land use, (band number 12) by an optical mechanical line
scanner referred to as the University of Michigan M-7 system.
The image used in this experiment (which is referred to as
FLC1) was collected on June 28, 1966 [46], and was taken
over the southern part of Tippecanoe County of Indiana. The
size in pixels of the image is 80 × 160 pixels, and the LR
image was generated using a scale factor of 4, as shown in
Fig. 3(e). A classification result was then obtained for FLC1
by classifying the original HR image with the commercial



XU et al.: USING LINEAR SPECTRAL UNMIXING FOR SUBPIXEL MAPPING OF HYPERSPECTRAL IMAGERY: A QUANTITATIVE ASSESSMENT 1593

Fig. 2. Workflow of the experiments.

eCognition software. A total of eight land-cover classes can be
distinguished in Fig. 3(f).

4) Synthetic Dataset 4: Pavia Center Dataset: Another hy-
perspectral dataset used in this study was collected in the frame-
work of the HySens project, managed by DLR (the German
Aerospace Centre) and sponsored by the European Union. This
experimental image is a subset of the image of Pavia city cen-
ter, which was acquired by the reflective optics system imag-
ing spectrometer (ROSIS) sensor during a flight campaign over
Pavia, northern Italy, on 8 July, 2002. A total of 97 bands of the
ROSIS image (488∗1096 pixels) were utilized after some noisy
bands were excluded. The scale factor was set as 4. A false-color
image consisting of bands 84, 48, and 11 as the R, G, and B
bands is illustrated in Fig. 3(g). Fig. 3(h) shows the ground truth
to evaluate the classification results. The number of classes in
the hyperspectral image was 9: water, tree, meadow, brick, bare
soil, asphalt, bitumen, tile, and shadow.

5) Real Dataset 1: Nuance 1 Dataset: The real-data exper-
iments were conducted using two pairs of low and high spa-
tial resolution images collected simultaneously over the same
area. The two LR hyperspectral images were both collected
using a Nuance NIR imaging spectrometer, and the acquired
images consisted of 46 bands, collected in the spectral range
of 650–1100 nm, and with a 10 nm spectral sampling interval.
Meanwhile, the two HR color images were obtained by a digital
camera for the same areas as the LR images. After the LR and
HR images were obtained, the ENVI software was introduced to
accomplish the registration. For the Nuance 1 dataset, the size of
the LR image was 50∗50 pixels and the HR image was 150∗150
pixels, so the scale factor was exactly 3. The LR hyperspectral
image and the HR color image are shown in Fig. 4(a) and (b),
respectively. A reference classification map was obtained using
the SVM technique on the HR image, as shown in Fig. 4(c),
in which three major land-cover classes can be distinguished:
withered vegetation, fresh vegetation, and black paper, which
was used as the background.

6) Real Dataset 2: Nuance 2 Dataset: The second Nuance
dataset, as shown as Fig. 4(d), contained 80∗80 pixels, and the
size of the corresponding HR color image was 160∗160 pixels,
given that the scale factor was 2. The reference classification
map was again obtained by classifying the HR image [as shown
in Fig. 4(e)] with the SVM method. Four major land-cover
classes can be distinguished in Fig. 4(f): soil, fresh vegetation,
withered vegetation, and white paper.

III. EXPERIMENTS AND DISCUSSION

Given the six images described in the previous section, the
subpixel mapping results generated with the workflows de-
scribed above were obtained. As NCLS and FCLS were both uti-
lized in the PD together with different SU procedures, different
notations are utilized to denote them. For example, NCLSP D

means that the NCLS method was used to determine the type
of pixels. Therefore, six combinations (SV MP D + NCLSSU ;
SV MP D + FCLSSU ; NCLSP D + NCLSSU ; NCLSP D +
FCLSSU ; FCLSP D + NCLSSU ; FCLSP D + FCLSSU )
were designed to obtain different abundance maps, and two
different subpixel mapping methods (AM and CD) were intro-
duced, in which three factors were involved: 1) the PD method;
2) the integration of the ASC in the abundance map; and 3) the
impact of abundance map accuracy on the final subpixel map-
ping assessment. In addition, for the three PD methods, different
thresholds (TS , TN , and TF ) were also tested. In experiments,
TS was varied from 0.4 to 1 while TN and TF were increased
from 0 to 0.6, both with an interval of 0.05. Specifically, if
TS = 1, TN = 0, and TF = 0, the utilized PD operators were
not activated as all the pixels were then assumed to be mixed
pixels.

Finally, to accomplish the task of accuracy assessment, the
root-mean-square error (RMSE) index was utilized to compare
the generated abundance results with the reference abundance
map that was obtained by degrading the reference classification
map [47]. At the same time, the accuracy assessment of the
subpixel mapping was undertaken by the use of the classification
overall accuracy and Kappa coefficient [48].

A. Impact of the PD Operator

Three different PD methods (SV MP D , NCLSP D , and
FCLSP D ) were evaluated, and for each PD method, differ-
ent thresholds were tested. Two SU methods (NCLSSU and
FCLSSU ) were employed to generate the abundance maps.
Moreover, to demonstrate the impact of the PD procedure, the
two SU methods were also used to generate the abundance map
without the previous PD procedure, and the final results were
compared with the PD method-based subpixel mapping results.
For convenience, this is termed the “non-PD” method.

1) Comparison of the Different PD Methods: Two subpixel
mapping methods (AM and CD) were utilized to obtain the sub-
pixel mapping results for the NCLSSU - and FCLSSU -based



1594 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 10, NO. 4, APRIL 2017

Fig. 3. Four synthetic remotely sensed datasets: (a) and (b) Washington DC.
(c) and (d) Xiaqiao. (e) and (f) FLC1. (g) and (h) Pavia center.

abundance maps. For each dataset, the subpixel mapping results
with the best accuracies from the three PD methods and the
non-PD result are shown in Fig. 5. Here, it is clear that the PD
procedures have a great impact on the final subpixel mapping
result. For all the datasets, the PD procedures give a great
improvement by deciding if a pixel needs to be unmixed or
identified as a pure pixel beforehand. This is because many pure
pixels may be misclassified as mixed pixels in the abundance
map with the non-PD procedure, owing to the endmember
variability in real circumstances. However, an additional PD
operator can give a certain degree of relaxation, as (3) shows,
so that the misclassification of mixed pixels can be alleviated
and a better subpixel mapping result can be obtained.

Among the three different PD methods, it is clear that
SV MP D exhibits the best performance for all the datasets.
This is because the SV MP D method utilizes a set of training
samples for each class, in which the endmember variability is
considered to determine if a given pixel is mixed. Meanwhile,
for the other two methods, only one representative spectrum of
each class is used for the linear SU procedure.

In general, the PD procedure has the potential to improve the
performance of the final subpixel mapping result by giving a
degree of abundance relaxation so that the endmember variabil-
ity can be taken into consideration. The SV MP D method in
particular can generate a better result in all cases by utilizing a
set of labeled samples.

2) Comparison of the Impact of Different Thresholds in the
PD Methods: The impact of the different thresholds on the
performance of the PD methods was also investigated. In addi-
tion to each PD method, the FCLSSU and AM methods were
utilized to generate the subpixel mapping results. The three PD
methods were employed for this comparison, as shown in Fig. 6,
where it can be seen that it is important to select a proper thresh-
old for each PD method. It is not surprising that the curves of the
images are not exactly the same. The optimal threshold setting
for each dataset is different, and the peaks of the curves can only
be observed for the DC and Xiaqiao images, while the accu-
racies of the other datasets increase or decrease monotonically.
This phenomenon may be related to the spatial distribution of
the different land-cover classes in the images, and it can be seen
from Fig. 3 that more heterogeneous areas can be distinguished
in the DC and Xiaqiao images. This suggests that a moderate
parameter setting may be suitable for images with complex
spatial distributions, but for those more homogeneous datasets,
the optimal threshold is difficult to determine. As (3) indicates,
a smaller value of TS and a greater value of TN or TF imply
that vague pixels are more likely to be classified as pure pixels,
and we can therefore hypothesize that subpixel mapping can
benefit from avoiding excessive mixed PD by the use of proper
thresholds. However, how to determine the optimal thresholds
for the different PD methods still needs to be further studied.

B. Impact of ASC Integration

Two different SU methods—NCLSSU and FCLSSU —
were utilized to evaluate the impact of the ASC on the final
subpixel mapping performance. To avoid the interference of the
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Fig. 4. Two real hyperspectral datasets: (a)–(c) Nuance 1 dataset. (d)–(f) Nuance 2 dataset.

Fig. 5. Comparison of the three PD methods and the non-PD operator with different datasets: (a) NCLSS U + CD, (b) F CLSS U + AM , and (c) F CLSS U +
CD.

PD method, the PD procedure was not involved. As mentioned
before, the abundance map generated by NCLSSU can only be
handled by the CD method, so the CD method was utilized for
both abundance maps with the NCLSSU and FCLSSU meth-
ods to avoid the disturbance from the different subpixel mapping

methods. The subpixel mapping results for all the datasets are
given for comparison in Fig. 8.

As can be seen in Fig. 7, it is FCLSSU which generates bet-
ter results than the NCLSP D -based results for most datasets,
except for FLC1 and Nuance 2. For the FLC1 image, the
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Fig. 6. Accuracy assessment of the different thresholds in the three PD methods: (a) SV MP D + F CLSS U + AM , (b) NCLSP D + F CLSS U + AM , and
(c) F CLSP D + F CLSS U + AM .

Fig. 7. Impact of the incorporation of the ASC in the abundance maps of all
the datasets.

difference between the NCLSP D - and FCLSSU -based sub-
pixel mapping results is subtle, and it is more apparent for
Nuance 2. It is assumed that there is a relationship between the

performance of the two methods and the scale factor. However,
more datasets are needed to study the possible connection.

In general, it is apparent that the integration of the ASC has a
great impact on the final result, and owing to the outstanding per-
formance of FCLSSU in the three hyperspectral experiments,
abundance maps incorporating the ASC have the potential to
improve the subpixel mapping accuracy.

C. Impact of Abundance Accuracy

It is generally believed that an abundance map with a
higher accuracy can generate a better subpixel mapping result.
Experiments were, therefore, conducted to test this deduction.
The SV MP D method with different thresholds and FCLSSU

were introduced to generate a set of abundance maps for each
dataset. Furthermore, the AM method was used to generate the
corresponding subpixel mapping results. The accuracy of the
abundance maps was quantified with RMSE where the refer-
ence abundance maps were produced by degrading the reference
classification maps.
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Fig. 8. Impact of the abundance accuracy on the subpixel mapping result (SV MP D + F CLSS U + AM ) for all datasets. (a) Washington DC. (b) Xiaqiao.
(c) FLC1. (d) Pavia center. (e) Nuance 1. (f) Nuance 2.

Fig. 8 shows the relationship between the accuracy of the
estimated abundance maps and the corresponding subpixel
mapping results for all six datasets. Specifically, the abundance
map accuracy was varied from 0.4 to 1 with an interval of
0.05, and the results were sorted in ascending order in terms of
RMSE values. Given the hypothesis that the accuracies of the
subpixel mapping results increase with better abundance maps,
the curves in Fig. 8 should decrease monotonically. However,
it can be observed in Fig. 8 that this assumption does not hold
in most of the datasets, except for FLC1 and Pavia center, and
many anomalies can be observed.

For the anomalous results, a possible explanation is that only
quantitative errors can be observed in the abundance maps
while, for the subpixel mapping results, spatial displacement
is also taken into consideration. If the subpixel mapping al-
gorithm cannot work effectively, the consistency between the
abundance maps and the subpixel mapping results may be bro-
ken, and an abundance map with a lower quality could generate
a better result. In most cases, an accurate abundance map can en-
sure the quality of the final subpixel mapping result; however,
the utilized subpixel mapping algorithm is also important to
make the best possible use of this abundance map.
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IV. CONCLUSION AND FUTURE RESEARCH LINES

In this paper, we have provided a detailed investigation of
different factors affecting the SU process and their implication
on subsequent subpixel mapping operations. The aim was to
search for strategies to further improve the performance of sub-
pixel mapping, which is commonly conducted based on abun-
dance maps generated with an SU technique. Three main as-
pects, the PD, the integration of the ASC in the abundance map,
and the impact of abundance map accuracy, were investigated
to assess their impact through experiments with three differ-
ent PD methods (SV MP D , NCLSP D , and FCLSP D ) and
two SU approaches (NCLSSU and FCLSSU ). The thresh-
olds considered in the three PD methods were also extensively
evaluated and two different subpixel mapping algorithms—an
AM and a CD strategy—were used in conjunction with the
NCLSSU and FCLSSU -based abundance maps. The experi-
ments were conducted using six datasets (four simulated and two
real hyperspectral images). The experiments revealed interesting
observations.

1) First, the PD operation, which is commonly internalized
in most SU methods, has a great impact on the subsequent
subpixel mapping procedure, in which only mixed pixels
are processed. Among the three PD methods considered in
this study, SV MP D exhibited the best performance due to
its consideration of endmember variability by employing
a set of training samples. To generate the abundance map
used for subpixel mapping, the SU method should be
selected carefully by assessing its ability to deal with the
mixed PD problem.

2) Second, NCLSSU and FCLSSU were tested as lin-
ear SU methods to investigate the need to incorporate
the ASC in the generated abundance map. According to
our comparisons, it is difficult to give a definite conclu-
sion for all datasets. However, it could still be seen that
FCLSP D gave better results for most of the datasets. It is
hypothesized here that an abundance map incorporating
the ASC has the potential to improve the subpixel map-
ping result. However, the relationship between the ASC
and datasets with different spatial distributions and scale
factors needs to be further investigated.

3) Last but not least, when it comes to assessing the cor-
relation between the abundance map accuracy and the
subpixel mapping result, it is apparent that a positive
relationship can be observed in some cases. How-
ever, many exceptions suggest that the subpixel map-
ping method needs to be selected properly to main-
tain this relationship. In addition, the traditional indexes
used to evaluate subpixel mapping results cannot re-
veal the subpixel spatial distribution within mixed pix-
els and, therefore, spatial evaluation indicators should
be used to assess the subpixel mapping performance.
In our future work, more factors will be tested in the
subpixel mapping procedure, such as endmember vari-
ability. Moreover, validation with additional datasets
and different algorithms will also be studied in future
developments.
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