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Abstract— In this paper, a new joint spectral–spatial subpixel
mapping model is proposed for hyperspectral remotely sensed
imagery. Conventional approaches generally use an intermediate
step based on the derivation of fractional abundance maps
obtained after a spectral unmixing process, and thus the rich
spectral information contained in the original hyperspectral data
set may not be utilized fully. In this paper, a concept of subpixel
abundance map, which calculates the abundance fraction of
each subpixel to belong to a given class, was introduced. This
allows us to directly connect the original (coarser) hyperspectral
image with the final subpixel result. Furthermore, the proposed
approach incorporates the spectral information contained in
the original hyperspectral imagery and the concept of spatial
dependence to generate a final subpixel mapping result. The
proposed approach has been experimentally evaluated using
both synthetic and real hyperspectral images, and the obtained
results demonstrate that the method achieves better results
when compared to other seven subpixel mapping methods. The
numerical comparisons are based on different indexes such as
the overall accuracy and the CPU time. Moreover, the obtained
results are statistically significant at 95% confidence.

Index Terms— Hyperspectral imaging, spectral unmixing,
subpixel mapping, super-resolution mapping.

I. INTRODUCTION

DUE to the low spatial resolution generally present
in hyperspectral cameras (HSCs), microscopic material

mixing, and multiple scattering effects, the spectra measured
by HSCs are generally mixtures of the spectral signatures of
the materials in a scene [1], [2]. Subpixel mapping tech-
niques are commonly used to determine the subpixel spatial
attribution of different classes within a mixed pixel, which is a
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very challenging problem [3]. By dividing a pixel into subpix-
els, subpixel mapping algorithms assign a land-cover class to
each subpixel, thus generating a finer classification map [4].

In the literature, many efforts have been directed toward
the development of subpixel mapping techniques aimed at
obtaining a finer classification map from a lower spa-
tial resolution image [5]–[27]. Most of these algorithms
attempt to retrieve the finer map from a previously esti-
mated set of abundance maps, which is commonly obtained
by using spectral unmixing techniques. Given a synthetic
abundance map degraded from a reference classification map,
Mertens et al. [5] quantified the attraction values of different
classes for subpixels in each mixed pixel and attributed each
subpixel with a category accordingly. Unlike the noniterative
model, Atkinson et al. [6] proposed a pixel swapping algo-
rithm (PSA) which swaps categories of two subpixels until the
defined spatial dependence attain a maximum value. Differ-
ent from the two-category-based spatial dependence function
in [6], Verhoeye and De Wulf [7] introduced a deterministic
solution based on linear programming to measure the spatial
dependence of a classification map, and the proposed method
also performed efficiently on simulated satellite images. Fur-
thermore, Zhong and Zhang [8] utilized the same objective
function and differential evolution to generate a subpixel map-
ping result. Artificial neural networks, as powerful tools for
nonlinear prediction, have also been used for subpixel mapping
purposes. Tatem et al. [9] trained a Hopfield neural net-
work (HNN) in order to optimize an initial subpixel map used
for further iterations, with the purpose of abundance constraint
and spatial autocorrelation maximization. A back propagation
neural network (BPNN) [10] has also been used to improve
subpixel mapping accuracy by constructing the projection
between abundance fractions and the subpixel distribution.
In addition to synthetic abundance maps, Tatem et al. [11]
implemented subpixel mapping on the abundance maps gen-
erated with spectral unmixing techniques based on an actual
case study. Furthermore, Xu et al. [12] proposed a multia-
gent system-based subpixel mapping method. In this paper,
the impact of unmixing-based abundance maps was investi-
gated on the final subpixel mapping results, as compared with
the synthetic ones.

For the aforementioned approaches to obtain the finer
classification map from a coarser hyperspectral image, a two-
step procedure is generally applied [13]. First, an unmixing
step produces a set of abundance maps. Then, based on the
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Fig. 1. Toy example illustrating subpixel mapping methods. (a) Abundance maps are extracted for a 3 × 3-pixel image. (b) Possible distribution of subpixels
in a finer resolution image in which a coarse pixel is divided into 16 (4 × 4) subpixels. (c) Another distribution perceived as less optimal than the one reported
in (b).

obtained abundance maps, a subpixel mapping step is used to
produce the final result. Therefore, the final subpixel mapping
results strongly rely on the unmixing step, which is directly
responsible for the quality of the abundance maps. This
“unmixing-mapping” procedure represents the main research
direction adopted by subpixel mapping techniques in [3]–[27].
On the one hand, better abundance maps exhibit the potential
to promote the development of subpixel mapping techniques
[28], [29]. However, its drawbacks are also critical. First
and foremost, the two steps are performed independently
and errors in the first step, such as the unmixing model
errors, may propagate to the second one during the process.
Another important disadvantage is that the very rich spectral
information in the original hyperspectral data set may not be
fully exploited for subpixel mapping purposes.

Based on the aforementioned concerns, in this paper,
we propose a new joint spectral–spatial subpixel mapping
model (SSSM) which directly exploits the original spectral
and spatial information contained in the original data set. The
spectral information is incorporated via a so-called subpixel
abundance map, which indicates the proportions of subpix-
els to belong to different land-cover classes. As a result,
the original hyperspectral image and the final subpixel map
can be connected via the subpixel abundance map, without the
need for intermediate abundance maps, and the propagation of
errors in the model, such as the unmixing model errors, can
be mitigated.

The remainder of this paper is organized as follows.
Section II outlines the traditional subpixel mapping meth-
ods, which exploit a set of abundance maps as their input.
Section III provides a detailed description of the proposed
SSSM. Section IV explores the performance of the method
using both synthetic and real hyperspectral data. Section V
concludes this paper with some remarks and hints at plausible
future research lines.

II. CONVENTIONAL SUBPIXEL MAPPING METHODS

The key issue in a subpixel mapping problem is how
to determine an optimal subpixel distribution of each class

within a pixel. Inspired from Tobler’s [30] first law, spatial
dependence refers to the tendency of spatially close obser-
vations to be more alike than more distant observations [4].
As illustrated in Fig. 1, given an abundance map obtained
by spectral unmixing techniques, each coarse pixel can be
divided into s×s subpixels, where s represents the scale factor.
The number of subpixels for each land-cover class can be
then determined by the fractional values of different classes.
Fig. 1 shows a subpixel mapping example with three classes.
As shown in Fig. 1(a), a coarse pixel is divided into 16 (4×4)
subpixels, where the scale fraction s equals 4, and 0.5 in the
fraction image in red, which means that 8 (16×0.5) subpixels
belong to land-cover class 1. Fig. 1(b) and (c) describes two
possible distributions of subpixels. Given the principle of
spatial dependence, the former is perceived to be more optimal.

However, despite the example in Fig. 1, it is difficult to
design a specific mathematical model to represent the concept
of spatial dependence [31]. As a result, different optimization
functions have been employed [5]–[27] using the set of
abundance maps as input to the process. Some of typical
algorithms used for this purpose are outlined in the following.

A. Attraction Model (AM)

The attraction model (AM) [5] aims at determining the
spatial distribution of different classes in mixed pixels by
calculating the attraction value of different classes for each
subpixel. To quantify the likelihood of a subpixel to be located
in the center pixel for different classes, (1) is used to calculate
the attraction values for the subpixel and its neighboring pixels

pa,b(c) = Avg

{
Pi, j (c)

d(pa,b, Pi, j )

∣∣Pi, j ∈ N[pa,b]
}

(1)

where pa,b(c) is the attraction value for subpixel pa,b and
class c, Pi, j (c) is the abundance fraction value for pixel Pi, j

and class c, N[pa,b] is the neighborhood of the subpixel
pa,b, s is the scale factor, and d(pa,b, Pi, j ) is the distance
between subpixel pa,b and pixel Pi, j . Attraction values can
be calculated for all the subpixels inside a given pixel and,
after that, each subpixel will be assigned to a certain class
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by sorting the obtained attraction values under the constraints
given by the estimated abundance fractions.

B. Pixel Swapping Algorithm (PSA)

As opposed to the AM, which obtains the classification map
by comparing the calculated attraction values for each class,
an iterative method was utilized by Atkinson [6] in order to
achieve an optimal solution by swapping categories of two
subpixels. Taking the two-class issue as an example, an initial
subpixel mapping result (commonly regarded as 0–1 map) is
first obtained. Then, for each subpixel i , its attraction value
AVi is calculated as

AVi =
∑

j∈N(i)

λijz( j) (2)

where N(i) is the subpixel neighborhood of i , λi j is the weight
of neighboring subpixel j for subpixel i , and z( j) is the value
of subpixel j . For all subpixels in a given pixel, two-candidate
subpixels will be selected and swapped until the total attraction
reaches a maximum value as follows:

candidate Q1 = (i : AVi = max(AV )‖z(i) = 0)

candidate Q2 = ( j : AVj = min(AV )‖z( j) = 1) (3)

C. Genetic Algorithms (GAs)

Genetic algorithms (GAs) [15] have also been introduced
for subpixel mapping purposes, in a similar way as the PSA
method. For each pixel in the abundance map, an initial
population of solutions is generated randomly according to
the constraint of abundance fractions of different classes.
Each individual of the population is a solution of a possible
configuration of different endmembers for a given mixed pixel.
Then, different operators such as selection, crossover, and
inversion are designed to alter the categories of each subpixel
given the following objective function:

Fitness =
s∗s∑
j=1

∑
p∈Ns [ j ]

δ j,p

Ns
(4)

where Ns [ j ] denotes the set of neighboring subpixels of sub-
pixel j , and Ns is the total number of neighboring subpixels.
δ j,p is used here to describe if the neighboring subpixel p b

δ j,p =

⎧⎪⎨
⎪⎩

1, if sub-pixel

p belongs to the same class with sub-pixel j

0, otherwise

(5)

Finally, the individual with the best overall fit is identified
and retained as the one providing the optimal configuration
for a given pixel, after all iterations have been completed.

D. Hopfield Neural Network (HNN)

Tatem et al. [9] employ an HNN to accomplish the task
of subpixel mapping iteratively. An initial subpixel mapping
result should be first obtained. Then, the projection between
the input and the output is built as follows:

vi j (t) = 1

2
(1 + tanh λμi j (t)) (6)

and the final result can be obtained iteratively as

μi j (t + 1) = μi j (t) + dμi j (t)

dt
dt (7)

where μi j (t) and vi j (t) denote the input and output of neuron
(i , j), respectively, and λ is a so-called gain parameter.
(dμi j (t)/dt) indicates the variation of neuron energy, which
can be defined as follows:

dμi j (t)

dt
= − d E

dvi j
, (8)

E = −
∑

i

∑
j

(k1G1i j + k2G2i j + k3 Pij ) (9)

where G1i j , G2i j are indexes of spatial dependence between
pixels and subpixels, and Pij is used to indicate the abundance
constraint. Furthermore, the three components were defined as
follows:

dG1i j

dvi j
= 1

2

⎛
⎜⎜⎝1+tanh

⎛
⎜⎜⎝1

8

i+1∑
k=i−1

k �=i

j+1∑
l= j−1
l �= j

vkl −0.5

⎞
⎟⎟⎠λ

⎞
⎟⎟⎠

× (
vi j − 1

) ;

dG2i j

dvi j
= 1

2

⎛
⎜⎜⎝1+

⎛
⎜⎜⎝−tanh

⎛
⎜⎜⎝1

8

i+1∑
k=i−1

k �=i

j+1∑
l= j−1

l �= j

vkl

⎞
⎟⎟⎠λ

⎞
⎟⎟⎠

⎞
⎟⎟⎠

×vi j ;
d Pi j

dvi j
= 1

2S2

x S+S∑
k=x S

yS+S∑
l=yS

(1+tanh (vkl −0.55) λ) − axy (10)

where (x, y) is a pixel in the abundance map, axy is the
fraction value of (x, y), and S is the scale factor. By this way,
the optimal HNN subpixel mapping result can be obtained by
renewing μi j (t) in each iteration.

It is important to note that a soft abundance constraint
is used here, which means that the proportions of different
classes in the final result may not stay the same as the abun-
dance constraint. In this way, possible errors in the estimated
abundance maps can be handled by the HNN.

III. PROPOSED APPROACH

First of all, we define the formulations and notations used
when defining our proposed approach. Let Y = [y1, . . . , yn] ∈
�b×n be the observed hyperspectral image with b spectral
bands and n pixels, let M = [m1, . . . , mp] ∈ �b×p collect
the spectral signatures of p endmembers presented in Y, and
let A = [a1, . . . , an] ∈ �p×n stand for the abundance maps
associated with Y and M. Following the linear mixture model,
we have:

Y = MA + N s.t.: A ≥ 0, 1T
p A = 1T

n (11)

where N ∈ �b×n is the noise in the data, A ≥ 0 and
1T

p A = 1T
n are the so-called nonnegative and sum-to-one

constraints, and 1T
p = [1, 1, . . . , 1]T is a column vector of

size p of 1s. It should be noted that as the goal of subpixel
mapping is to produce a subpixel classification map, in this
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Fig. 2. Toy example illustrating the relationship between a subpixel
abundance map and a set of estimated abundance maps.

paper, we assume that the number of endmembers p is the
same as the number of classes c, i.e., p = c.

Let Z = [Z1, . . . , Zv ] ∈ �p×v be the subpixel abundance
map, where v = n×s2 is the number of subpixels in Z and s is
the scaling factor. Obviously, an explicit relationship between
the abundance maps and the introduced subpixel abundance
map can be easily established by resorting to a downsampling
matrix. Fig. 2 illustrates the procedure for constructing the
relationship between the abundance maps and the subpixel
abundance maps by using a toy example. For a given coarser
pixel, the corresponding fractions correspond to three classes
(red, blue, and maroon). By taking the red class as an example,
we can see that the coarser pixel is divided into 4 subpixels.
(The scale factor is 2.) As can be seen in Fig. 2, for each
subpixel, we assume a proportion of the belonging class
(red), which is different from the traditional assumption that
the subpixels are pure and belong to a single unique class.
As a result, a linear relationship can be derived as illustrated
in Fig. 2.

Similarly, let D = [d1, . . . , dn] ∈ �v×n be the downsam-
pling matrix, which can be constructed as

D = (Il ⊗ 1T
s )T ⊗ (Ir ⊗ 1T

s )T

s2 (12)

where l and r are the number of lines and columns in Y,
respectively, and the total number of samples in the observed
image Y is n = l × r . In (12), ⊗ denotes the kronecker
operator, I is an identity matrix with suitable dimension, and
s is the scaling factor.

After obtaining the downsampling matrix D and using the
current definitions, we can first build the connection between
the abundance map A and the subpixel abundance map Z

A = ZD (13)

In Fig. 3, we give a toy example with n = 4 pixels in
the original image, v = 16 pixels in the subpixel abundance
map, and the downsampling scale factor s = 2, p = 3 end-
members (classes). It can be observed that, different from the
conventional subpixel mapping approaches, which generally a
subpixel map with hard labels of each subpixel, here we obtain
the proportions of different classes in each subpixel.

Fig. 3. Graphical illustration of the arrangement of pixels and subpixels in
data matrices α and Z which are arranged in band sequential format [32].

By introducing the downsampling matrix D and the subpixel
abundance map Z given in (13) into the linear mixture model
in (11), we can obtain our proposed subpixel mapping model

Y = MZD + N s.t.: Z ≥ 0, 1T
p Z = 1T

v (14)

where Z ≥ 0 and 1T
p Z = 1T

v , similar to those in (11),
are the nonnegative and sum-to-one constraints, respectively.
As shown in (14), we can directly associate the final subpixel
abundance map Z with the coarser hyperspectral image Y,
along with the constraints. In the following, we will present
how to derive Z from the proposed subpixel mapping model
given in (14).

A. Spatial Prior Constraint

In term of the spatial dependence, a spatial prior constraint
can be imposed to regularize the problem. In this paper, we use
the anisotropic total variation (TV) model [33] as the spatial
prior term. The TV prior can preserve edges and detailed
spatial information in the image. It can be represented by

TV(Z) = |∇x Z| + ∣∣∇yZ
∣∣ (15)

where ∇x and ∇y are linear operators denoting the horizontal
and vertical first-order differences. For pixel i of class k in
image Z, its 2-D position can be indicated as (m, q) in which
i = m ×n × s +q and i ≤ v. Then, each elements in ∇x Z and
∇yZ can be computed as ∇Z x

k,i = Zk[m + 1, q] − Zk[m, q]
and ∇Z y

k,i = Zk[m, q + 1] − Zk[m, q] respectively, where
m = floor(i/(n × s)) and q = i − m × n × s.

B. Optimization

Finally, the proposed SSSM problem can be generally
defined as follows:

min
Z

{
|∇xZ|+|∇yZ| + λ

2

(
‖Y − MZD‖2

F + ∥∥1T
p Z−1T

v

∥∥2
2

)}

(16)

where ‖Y − MZD‖2
F and ‖1T

p Z − 1T
v ‖2

2 are data fidelity terms,
|∇xZ‖ + ‖∇yZ‖ is a regularization term, and λ is a tradeoff
parameter. It is hard to solve 1-norm (L1) regularization
problems with methods such as gradient descent. In this
paper, a split Bregman method, which is commonly used to
solve the L1 regularization problem by introducing auxiliary
variables [34]–[36], is utilized. To apply Bregman splitting,
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we first replace ∇x Z by dx and ∇yZ by dy . This yields the
following constrained problem:

min
Z,dx ,dy

{
|dx |+|dy| + λ

2

(
‖Y − MZD‖2

F +∥∥1T
p Z−1T

v

∥∥2
2

)}
,

s. t. dx = ∇xZ and dy = ∇yZ (17)

To enforce the constraints on this formulation, (17) is
converted to an unconstrained version as follows:

min
Z,dx ,dy

⎧⎨
⎩

|dx |+|dy| + λ

2

(
‖Y−MZD‖2

F + ∥∥1T
p Z − 1T

v

∥∥2
2

)
+μ

2

(
‖dx − ∇x Z‖2

F +‖dy − ∇yZ‖2
F

)
⎫⎬
⎭

(18)

where μ is the penalty parameter. Finally, the Bregman iter-
ation [34] is applied to enforce the constraints. As a result,
we have

min
Z,dx ,dy

⎧⎨
⎩

|dx | + |dy| + λ

2

(
‖Y−MZD‖2

F +∥∥1T
p Z − 1T

v

∥∥2
2

)
+μ

2

(∥∥dx − ∇x Z−bt
x

∥∥2
F +∥∥dy − ∇yZ − bt

y

∥∥2
F

)
⎫⎬
⎭

(19)

where the proper values of bt
x and bt

y are chosen through the
Bregman iteration as follows:

bt
x =

t∑
j=1

(∇x Z j − d j
x

)

bt
y =

t∑
j=1

(∇yZ j − d j
y

)
(20)

To solve the minimization problem in (19), an iterative
minimization approach is utilized which solves the following
subproblems:

Zt+1 = arg min

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

μ

2

(∥∥dt
x −∇xZ−bt

x

∥∥2
F

+∥∥dt
y −∇yZ−bt

y

∥∥2
F

)
+λ

2

(∥∥Y − MZD
∥∥2

F + ∥∥1T
p Z − 1T

v

∥∥2
2

)

⎫⎪⎪⎪⎬
⎪⎪⎪⎭
(21)

dt+1
x = arg min

{∣∣dx
∣∣ + μ

2

∥∥μdx − ∇x Zt+1 − bt
x

∥∥2
F

}

= shrink

(
∇xZt+1 + bt

x ,
1

μ

)
(22)

dt+1
y = arg min

{∣∣dy
∣∣ + μ

2

∥∥dy − ∇yZt+1 − bt
y

∥∥2
F

}

= shrink

(
∇yZt+1 + bt

y,
1

μ

)
(23)

bt+1
x =

t+1∑
j=1

(∇x Z j − d j
x

) = bt
x + (∇xZt+1 − dt+1

x

)
(24)

bt+1
y =

t+1∑
j=1

(∇yZ j − d j
y

) = bt
y + (∇yZt+1 − dt+1

y

)
(25)

where shrink(α, β) = (α/‖α‖) ∗ max(‖α‖ − β, 0).
The most commonly used approach to solve

subproblem (21) in the literature is the Gauss–Seidel
method. However, in our context, (21) cannot be solved by

the Gauss–Seidel method owing to the exact nature of data
fidelity terms. The gradient descend method is used instead
to minimize the subproblem in (21) as follows:

Zt+1 = Zt − ρ∇E(Zt ) (26)

where ∇E(Zt ) is the derivative of the minimization function
of (21), and ρ is the step size. Therefore, ∇E(Zt ) can be
calculated as follows:

Let H (Zt) = ∇
(

1

2

(‖Y−MZD‖2
F +∥∥1T

p Z − 1T
v

∥∥2
2

))

= MT (MZt D − Y)DT + 1p
(
1T

p Zt − 1T
v

)
,

Therefore∇E(Zt ) = λH (Zt) − μ
[∇T

x

(
dt

x − bt
x

) + ∇T
y(

dt
y − bt

y

) + �Zt] (27)

In summary, the split Bregman algorithm can be utilized
as indicated in (21)–(25) iteratively until a given number of
iterations or a tolerance value of adjacent results is achieved.
The split Bregman method is initialized as follows: d0

x = d0
y =

b0
x = b0

y = 0.
As a result, the subpixel abundance map Z can be obtained

where the value Zk,i in Z denotes the proportion of pixel i
belonging to class k. Then, the subpixel mapping result O with
p classes can be expressed as O = f (Z), which means that
it can be generated with the subpixel abundance map Z, and
different functions f (·) can be used to convert the abundance
map to a final subpixel mapping result. In this paper, a simple
winner-takes-all strategy was designed to generate the final
subpixel mapping result O as follows:

Oi = j i f Z j,i = max{Zk,i |k ∈ (1, p)} (28)

IV. EXPERIMENTS AND ANALYSIS

The proposed SSSM has been compared with seven
different subpixel mapping algorithms: bilinear interpolation
(BI) [17], AM [5], PSA [6], GA [15], HNN [9],
BPNN [10], and geometry-based subpixel mapping
(GEO) [21]. Among these methods, BI, AM, GA, BPNN, and
PSA are based on the exploitation of abundance maps alone,
and the number of subpixels of different classes in the mixed
pixel is proportional to the obtained abundance fractions.
However, the GEO and HNN methods take abundances as
soft constraints.

In our experiments, four synthetic and one real hyper-
spectral images were used to evaluate the proposed SSSM
method in comparison to other techniques. For the synthetic
image experiments, an original high-resolution hyperspectral
image was first degraded to obtain a low-resolution image
by applying an averaging filter. The low-resolution image
was then used to obtain different subpixel mapping results
with spectral unmixing and subpixel mapping techniques. The
high-resolution hyperspectral image can be classified to gener-
ate a reference classification map to evaluate different subpixel
mapping methods. Specifically, a set of test samples were
provided for the Pavia center data set and, therefore, they can
be used to evaluate the results. For the real experiment, spectral
unmixing and subpixel mapping algorithms were applied on
the low-resolution hyperspectral image and the classification
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Fig. 4. Subpixel mapping results for the FLC1 data set. (a) Low-resolution image. (b) Reference classification map obtained by eCognition software for the
high-resolution image. Subpixel mapping results obtained using (c) BI, (d) AM, (e) GA, (f) BPNN, (g) PSA, (h) GEO, (i) HNN, and (j) SSSM.

result of a high-resolution image which covers an identical
area as the low-resolution one was used as the reference map.

For the traditional subpixel mapping methods, the abun-
dance maps were essential and, therefore, a spectral unmixing
method should be used first to obtain these abundance frac-
tions. For the proposed method, a subpixel mapping result
is utilized as the initial condition and then the final result
is obtained after applying the SSSM method iteratively. The
fully constrained least-squares method [37] is used to obtain
the abundance maps in our experiments. This method nat-
urally satisfies the abundance sum-to-one and nonnegativity
constraints.

Our accuracy assessment was undertaken using the overall
accuracy (OA), average accuracy (AA), and individual
classification accuracy, as well as the Kappa coefficient.
Moreover, different parameters were tested for GA (size
of population, number of generations, and crossover
probability), BPNN (units in the hidden layer, learning
rates, and momentum), and HNN (number of iterations,
regularization parameter, and step), respectively, and the
indexes of OA and Kappa were displayed in the form of mean
and standard deviation from 125 results of each method.

Among these results with different parameters for each
method, the individual classification accuracy and AA were
given for the result that exhibits the best performance.

In addition, to test the statistical significance of differences
in accuracy for the results of the proposed method and other
algorithms, the McNemar’s test [38] is used to compare the
misclassification rates with different methods. For the two
classification maps C1 and C2, the McNemar’s test compares
the number of pixels misclassified in C1, but not in C2(M12),
with the number of pixels misclassified in C2 while not in
C1(M21). If M12 + M21 ≥ 20, X2 can be considered as a chi-
squared distribution (with one degree of freedom) [39], [40]
as follows:

X2 = (|M12 − M21| − 1)2

M12 + M21
≈ χ2

1 (29)

The McNemar’s test accepts the hypothesis that the two
classification methods have the same error rate at significance
level ε if the value is less than or equal to χ2

ε,1 [41]. In other
words, if the McNemar’s value is greater than χ2

ε,1, the two
classification algorithms are significantly different. In this
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TABLE I

SUBPIXEL MAPPING ACCURACIES OBTAINED BY DIFFERENT METHODS FOR THE FLC1 DATA SET

paper, the significance level ε is set as 0.05, which means
χ2

ε,1 = 3.841459.
The remainder of this section is organized as follows.

First, we provide an evaluation of the accuracy achieved
by the proposed approach (in comparison to other subpixel
mapping approaches) using synthetic data. Then, we provide
an assessment and comparison using real hyperspectral scenes.
This section concludes with an evaluation of the impact of
parameter settings on the newly developed SSSM approach.

A. Synthetic Experiments

Four synthetic hyperspectral images are constructed to
test the performance of the proposed SSSM method in this
experiment. The impact of the point spread function is highly
relevant in image downsampling problems [42]. However,
in our synthetic experiments, the low-resolution hyperspec-
tral image is generated by simply degrading the available
high-resolution image with an averaging filter, and the classi-
fication result obtained on the high-resolution image is used as
the ground truth to evaluate different subpixel mapping results.

1) Synthetic-Flightline C1 (FLC1): In this section, we use
an aerial data set with agricultural crop species and land
use, obtained in the 620–660 nm wavelength (band number
12) by an optical mechanical line scanner referred to as the
University of Michigan M-7 system. The flightline used in this
experiment (called FLC1) was collected on June 28, 1966 [43].
It was taken over the southern part of Tippecanoe County, IN,
USA. The size in pixels of the image is 80 × 160 pixels and
the low-resolution image was generated using a resize factor
of 4, as shown in Fig. 4(a). Then, a classification result was
obtained for FLC1 by classifying the original high-resolution
image with the commercial eCognition software. A total of
eight land-cover classes can be distinguished in Fig. 4(b).
In addition, Fig. 4(c)–(j) shows the subpixel mapping results

obtained using BI, AM, GA, BPNN, PSA, GEO, HNN, and
the proposed SSSM, respectively.

A visual comparison of the classification results
in Fig. 4 suggests that the proposed SSSM method can
obtain the best performance by incorporating the spectral and
spatial information of the original low-resolution imagery,
particularly when compared to the subpixel mapping results
obtained by BI, AM, GA, BPNN, and PSA, whose capacity
appear to be limited by a nonoptimal set of abundance
maps. This is supported by the fact that the results for
these five methods are very similar with regards to each
other. Moreover, it is obvious that GEO and HNN generate
comparable subpixel mapping results by taking the abundance
maps as soft constraints, and spatial information is also utilized
to help smooth the results for improved spatial consistency.
For example, the results of the latter three methods improve
for the Soybeans class by eliminating misclassified pixels.

The subpixel mapping accuracies obtained by different
tested methods with the FLC1 data set are listed in Table I.
As shown in Table I, the proposed method provided significant
improvements in terms of all quantitative indexes when com-
pared with the BI, AM, GA, BPNN, and PSA. Even for the
GEO and HNN methods, which give comparable visual results
with SSSM, a distinguished quantitative improvement is also
observed. This indicates that the proposed SSSM performs
competitively when compared to the tested other methods.

Moreover, the CPU time was also reported for each method
in Table I. Owing to the fact that methods such as the AM
are noniterative, these are the fastest. However, compared
with other iterative subpixel mapping methods such as HNN,
the proposed method exhibits better performance in terms of
accuracy and time consumption. The McNemar’s test is a
useful tool for determining if two classification methods have
significantly different prediction rates. From Table I, it can be
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Fig. 5. Subpixel mapping results for the Washington DC data set. (a) Low-resolution hyperspectral imagery. (b) Reference classification map obtained by
SVM for the high-resolution imagery. (c) Subpixel mapping result obtained using (c) BI, (d) AM, (e) GA, (f) BPNN, (g) PSA, (h) GEO, (i) HNN, and
(j) SSSM.

TABLE II

SUBPIXEL MAPPING ACCURACIES OBTAINED BY THE DIFFERENT TESTED METHODS FOR THE WASHINGTON DC DATA SET

seen that all the values of the McNemar’s test are greater than
the critical value (3.841459). This implies that the proposed
method has significantly different prediction rates compared
with other algorithms.

2) Synthetic-Washington DC HYDICE Image: The second
synthetic image is generated from a part of the Hyperspectral
Digital Imagery Collection Experiment airborne hyperspectral
data set collected over the Washington DC Mall. A total
of 167 bands [44] were used, comprising 300 lines and
200 columns, and the generated low-resolution hyperspectral

image is shown in Fig. 5(a) and (b) shows the reference image
classified by the support vector machine (SVM) method, which
we use here as the ground truth data. The image comprises
four main classes: water, grass, tree, and roads. Fig. 5(c)–(j)
illustrates the subpixel mapping results obtained by using BI,
AM, GA, BPNN, PSA, GEO, HNN, and the proposed method,
respectively.

A visual comparison of the results in Fig. 5 suggests that
the proposed method is successful in utilizing the spectral
and spatial information on the original hyperspectral image



XU et al.: NEW SSSM FOR REMOTELY SENSED HYPERSPECTRAL IMAGERY 6771

Fig. 6. Subpixel mapping results for the Xiaqiao data set. (a) Low-resolution hyperspectral imagery. (b) Reference classification map obtained by SVM for
the high-resolution imagery. Subpixel mapping result obtained using (c) BI, (d) AM, (e) GA, (f) BPNN, (g) PSA, (h) GEO, (i) HNN, and (j) SSSM.

TABLE III

SUBPIXEL MAPPING ACCURACIES OBTAINED BY DIFFERENT TESTED METHODS FOR THE XIAQIAO DATA SET

for subpixel mapping purposes, exhibiting results which are
comparable or superior to those obtained by the other tested
methods. As compared with the former five subpixel mapping
methods, which are exclusively based on the abundance maps,
the proposed SSSM achieves a better qualitative appearance
of the final subpixel classification maps with smooth borders
and spatial consistency. Although the HNN and GEO methods
also generate an acceptable result, they provide comparatively
lower subpixel classification accuracy.

Table II shows a quantitative comparison of the BI, AM,
GA, BPNN, PSA, GEO, HNN, and the proposed SSSM meth-
ods. The same conclusions can be drawn as in the experiment
with the FLC1 data set. Moreover, the GEO method obtains
the second worst result due to the complex distribution of
different classes for the Washington DC image. The McNe-
mar’s test demonstrates that SSSM gives significantly different
results than the other subpixel mapping methods, compared

to the critical value (3.841459). The SSSM can give a better
performance by incorporating spectral and spatial information
and exhibits the highest subpixel mapping accuracy among
all subpixel mapping methods. For the CPU time, similar
conclusion can be drawn as for the FLC1 data set.

Synthetic-Xiaqiao PHI Image The third image used in our
experiments is a part of a remote sensing image 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 factor was set as 4, and Fig. 6(a)
shows the low-resolution hyperspectral image cube; Fig. 6(b)
shows the reference classification map obtained by SVM in
which four major land-cover classes can be distinguished:
roads, water, corn, and vegetables. Fig. 6(c)–(j) illustrates the
subpixel mapping results using BI, AM, GA, BPNN, PSA,
GEO, HNN, and SSSM, respectively.
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Fig. 7. Subpixel mapping results for the Pavia center data set. (a) Low-resolution hyperspectral imagery. (b) Ground truth samples. Subpixel mapping result
obtained using (c) BI, (d) AM, (e) GA, (f) BPNN, (g) PSA, (h) GEO, (i) HNN, and (j) SSSM.

Compared with the reference classification map in Fig. 6(b),
additional misclassifications can be observed in the results
reported for the traditional subpixel mapping methods. In con-
trast, GEO, HNN, and the proposed SSSM methods give
smoother results in which these noisy pixels are elimi-
nated. By operating on the original low-resolution hyper-
spectral image directly, the proposed SSSM method can
reduce the impact of the considered spectral unmixing
technique and achieves good results from a qualitative point of
view.

A quantitative assessment for different subpixel mapping
methods with the considered data set is shown in Table III,
and the proposed method gives the best performance under the
considered statistics. Moreover, in this case, the GEO method
fails to generate acceptable results. Even for the HNN method,
the AA and the OA scores are improved by the proposed
method. Again, the comparatively higher accuracies achieved
by the proposed SSSM can be attributed to its ability to utilize
the spectral and spatial information contained in the original
hyperspectral image, thus reducing the error introduced by
spectral unmixing in the process. Apparently, both the visual

assessment and quantitative accuracies indicate that SSSM
performs better than the other traditional subpixel mapping
methods tested in this paper.

3) Synthetic-Pavia Center Data Set: Another hyperspectral
data set used in this paper was collected in the framework of
the HySens project, managed by DLR (the German Aerospace
Center), Weßling, Germany, and sponsored by the European
Union. This experimental image is a subset of the image of
Pavia city center, which was acquired by the Reflective Optics
System Imaging Spectrometer (ROSIS) sensor during a flight
campaign over Pavia, northern Italy, on July 8, 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. 7(a).
Fig. 7(b) 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. Fig. 7(c)–(j) shows the subpixel mapping
results using BI, AM, GA, BPNN, PSA, GEO, HNN, and
SSSM, respectively.
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Fig. 8. Subpixel mapping results obtained for the Nuance data set. (a) Low-resolution hyperspectral imagery. (b) High-resolution image obtained with digital
camera. (c) Reference classification map obtained by SVM for the high-resolution imagery. Subpixel mapping result obtained using (d) BI, (e) AM, (f) GA,
(g) BPNN, (h) PSA, (i) GEO, (j) HNN, and (k) SSSM.

TABLE IV

SUBPIXEL MAPPING ACCURACIES OBTAINED BY DIFFERENT TESTED METHODS FOR THE PAVIA CENTER DATA SET

The accuracies and statistics of different methods are listed
in Table IV. The best Kappa is obtained by the proposed SSSM
with 0.912, compared with the other results which generate

a highest value of 0.853 0.006. Except the difference of
accuracies between HNN and SSSM results, the CPU time can
also be distinguished apparently. Moreover, the McNemar’s
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Fig. 9. Comparison of the performance of the proposed method with different parameter settings for all our experiments. (a) Synthetic FLC1 image.
(b) Synthetic Washington DC data set. (c) Synthetic Xiaqiao data set. (d) Synthetic Pavia center data set. (e) Real Nuance data set.

TABLE V

SUBPIXEL MAPPING RESULTS OBTAINED BY DIFFERENT METHODS FOR THE NUANCE DATA SET

value indicates that SSSM gives a significantly different per-
formance, compared to the other methods, as discussed in this
experiment. Overall, the proposed SSSM method generates
a better subpixel mapping result by integrating the spectral
information in hyperspectral image.

B. Real Experiment-Nuance Data Set

To evaluate the practical application of the proposed
method, a real experiment was implemented by acquiring
a real hyperspectral image and a higher resolution color
image for the same area, simultaneously. The original (low
resolution) hyperspectral image (80×80 pixels) was collected

using the Nuance near infrared response imaging spectrometer.
The acquired hyperspectral image has 46 bands, and the
spectral range is from 650 to 1100 nm, and 10-nm spectral
sampling interval. The higher resolution color image (160 ×
160 pixels) was obtained by a digital camera for the same
scene, and the considered scale factor was 2. The reference
classification map was obtained by classifying the high-
resolution color image using the SVM. Four major land-cover
classes can be distinguished in this experiment: soil, fresh
vegetation, withered vegetation, and white paper. Fig. 8(a)–(c)
illustrates the original hyperspectral image, the high-resolution
color image, and the high-resolution classification map used
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as reference, respectively. Fig. 8(d)–(k) shows the subpixel
mapping results obtained using BI, AM, GA, BPNN, PSA,
GEO, HNN, and the proposed SSSM approach, respectively.

As opposed to the experiments with synthetic data, addi-
tional error sources could be observed in the real-data exper-
iment. The results reported in Fig. 8(d)–(h) are seriously
affected by the error of spectral unmixing; the proposed
method again provides a smoother subpixel mapping result
due to the integration of the spectral and spatial information
in the original image. As observed from Fig. 8, the proposed
method can provide a better visual result but, however, it can
also eliminate some details due to model error and excessive
smoothing. As a result, there is a tradeoff between smoothing
and detail preservation, in the sense that smoothing can restrain
the model error while potentially eliminating small features.
Fig. 8 also indicates that GEO and HNN methods generate
comparable results as SSSM.

In order to provide a more quantitative evaluation, Table V
provides a numerical assessment of different compared meth-
ods with the real Nuance hyperspectral data set. The results
reported in Table V are similar with regards to those already
reported for other methods, with the classic subpixel mapping
methods providing comparatively less accurate results than the
one reported for the other tested methods. In this experiment,
it can also be observed that GEO and HNN can obtain com-
parable results as SSSM by using the abundances as soft con-
straints. However, the proposed method still performs better.

C. Parameter Analysis
In the proposed SSSM method, the regularization parameter

λ also plays an important role, in the sense that it controls the
relative contribution between the data fidelity terms and the
spatial prior. To ensure our conclusions can be generalized to
data sets with different gray level ranges, all images considered
in experiments have been normalized to the range 0–1. We let
λ varies from 0.01 to 10 at a rate of 1.2, and Fig. 9 depicts the
impact of different values of λ on the obtained accuracy for all
considered experiments. Generally, the proposed SSSM is not
so sensitive to different regularization parameters; however,
some patterns can also be observed. It can be seen that
curves for FLC1, Xiaqiao, Pavia center, and Nuance data sets
shared similar shape and the optimal results were commonly
generated when the parameter is greater than 1. For DC data
set, different trends can be found that when higher parameter is
given, the accuracy may decrease greatly. Commonly, accept-
able results can be generated with the proposed SSSM when
the parameter is constrained between 0.5 and 2 for all data sets.

V. CONCLUSION

In this paper, we have presented a new joint SSSM
for remotely sensed hyperspectral imagery. The proposed
approach incorporates the spectral information of the original
image and spatial dependence concepts in order to provide
an accurate subpixel mapping result. A main contribution of
our method is the introduction of the concept of subpixel
abundance map, which establishes the proportions of each sub-
pixel to belong to different land-cover classes. Compared with
traditional subpixel mapping methods, which rely strongly
on the use of abundance maps for the generation of the

final result, the subpixel abundance map can retain more
detailed information about the original spectral information
in the hyperspectral image. Our experimental results have
been comprehensively conducted using both synthetic and real
hyperspectral images, indicating that SSSM is an efficient
subpixel mapping technique. The following conclusions can
be derived from this paper.

1) The utilized subpixel abundance map enables the con-
struction of a linear subpixel mapping model that can be
further incorporated into the traditional spectral mixture
model, so that the procedure of subpixel mapping can be
conducted on the original hyperspectral image directly
and provides better results.

2) The utilized split Bregman optimization method makes
the SSSM method robust and assures the accuracy of the
subpixel mapping result given a wide range of values
of the regularization parameter λ. Moreover, the impact
of point spread function can also be considered in the
design of synthetic experiments in future developments,
so that a more realistic downsampling process can be
further constructed.

3) Spectral unmixing and abundance estimation still have
a great impact on the proposed method. Although the
number of endmembers is assumed to be the same as
the number of classes, issues like endmember variability
need to be incorporated in future developments of the
proposed method with techniques such as sparse repre-
sentation.

4) Since different spatial priors can be easily imposed on
the proposed model, in future developments, we are
planning on using alternative strategies to model the
subpixel information. Moreover, additional experiments
can also be carried out to analyze our newly intro-
duced subpixel abundance map, such as to obtain a
super-resolution reconstructed version of the original
hyperspectral image. Our future work will also focus
on the validation of SSSM with different data sets.

Last but not least, we emphasize that the proposed method
exhibits significant potential to improve the spatial res-
olution of available (e.g., HyMAP/AISA/AVIRIS airborne
hyperspectral images) and future satellite missions such as
EnMAP. This can allow a better exploitation of hyperspectral
data in scenarios that require not only high spectral but
also high spatial resolution, such as urban monitoring and
planning.
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