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ABSTRACT

Many remote sensing applications require a high-resolution hyper-
spectral image. However, resolutions of most hyperspectral imagers
are limited to tens of meters. Existing resolution enhancement tech-
niques either acquire additional multispectral band images or use a
pan band image. The former poses hardware challenges, whereas the
latter has limited performance. In this paper, we present a new reso-
lution enhancement method that only requires a color image. Our ap-
proach integrates two newly developed techniques in the area: (1) A
hybrid color mapping algorithm, and (2) A Plug-and-Play algorithm
for single image super-resolution. Comprehensive experiments us-
ing real hyperspectral images are conducted to validate and evaluate
the proposed method.

Index Terms— Hyperspectral Imaging, Remote Sensing, Hy-
brid Color Mapping, Plug-and-Play ADMM, Super-resolution

1. INTRODUCTION

1.1. Motivation

The Hyperspectral Infrared Imager (HyspIRI) is a future mission in
NASA to provide global image coverage with potential applications
in detecting changes, identifying anomaly and assessing damages
due to flooding, hurricane and earthquake [1, 2]. HyspIRI imager
offers a 60-meter resolution, typically enough for these applications.
However, for more specific applications such as crop monitoring or
mineral mapping, the 60-meter resolution remains too coarse.

This paper presents a new resolution enhancement method
that improves the resolution by injecting information from high-
resolution color images acquired by other types of imagers, such
as satellite or airborne image sensors, to the low-resolution hyper-
spectral image. Color images are becoming less difficult to obtain
nowadays, e.g., Google Map’s color images can achieve 0.5-meter
resolution. However, as we will discuss in the paper, existing fusion
techniques are inadequate in producing good quality images because
the hyperspectral images suffer from serious blurs. To overcome this
challenge, we integrates image deblurring/super-resolution with a
fusion algorithm. The new method demonstrates superior perfor-
mance compared to existing methods.

1.2. Related Work and Proposed Method

Hyperspectral image fusion (or pansharpening) is a known technique
in the hyperspectral imaging literature. In a recent report of Loncan
et al. [3], the authors made a comprehensive comparison between
more than ten fusion methods for hyperspectral images. The follow-
ing is a short summary of these methods.

Fig. 1. Outline of the proposed method. We use hybrid color map-
ping (HCM) to fuse low-resolution (LR) and high-resolution (HR)
images. For LR images, we use a single-image super-resolution al-
gorithm to first enhance the resolution before feeding to the HCM.

• Group 1 [4–6]: This group of methods fuse the low-resolution
hyperspectral images with high-resolution multispectral
bands images acquired by other imagers. While they pro-
duce good results, they pose many hardware challenges and
require knowledge about the point spread function (PSF) that
causes the blur in the low-resolution hyperspectral images.

• Group 2 [3, 7–16]: This group of methods fuse the low-
resolution hyperspectral images with a high-resolution image
in the panchromatic (pan) band. Unlike Group 1 methods
which require multiple bands, Group 2 only requires the
high-resolution pan band but performs worse than Group 1.
The other difference is that Group 2 methods do not require
the knowledge about the point spread function.

Our proposed method consists of two components as shown in
Figure 1. The first component is a middle ground solution of Group
1 and Group 2. Instead of using multispectral bands or just the pan
band, we consider a hybrid color mapping (HCM) algorithm [17]
that fuses a high-resolution color image with a low-resolution hyper-
spectral image. The second component is the integration of a single
image super-resolution algorithm. Single image super-resolution is a
well-studied method in the image processing literature, e.g., [18,19].
The idea is to up-sample a low-resolution image by using inter-
nal image statistics. Our proposed method super-resolves the low-
resolution hyperspectral images and then fuses the result using the
hybrid color mapping algorithm.

1.3. Scope and Contributions

Besides presenting the proposed algorithm, we are also interested in
addressing the following three questions.

Q1. Will a single-image super-resolution alone be sufficient to
produce a good high-resolution image? If so, then there is no
need for other fusion algorithms. In Section 3.2 we provide a
negative answer to this question and show that a single-image
super-resolution alone is insufficient.



Q2. How much will the single-image super-resolution improve
the HCM algorithm? As reported in [17], the HCM already
has a comparable performance to Group 1 and it does not re-
quire a PSF. Thus, if the PSF is included, we might be able
to obtain even better results. In Section 3.2 we will provide
evidence to support this claim.

Q3. Will a single-image super-resolution algorithm help improve
Group 2’s performance? If the answer is positive, then we do
not need the HCM algorithm. However, in Section 3.3, we
will show that HCM is needed.

The rest of the paper is organized as follows. We present the
proposed algorithm Section II. The experimental results are shown
in Section III. Discussions and conclusions are given in Section IV.

2. PROPOSED ALGORITHM

Throughout this paper, we use C ∈ RN×3 to denote a color image
of N pixels, and S ∈ RN×P to denote a hyperspectral image of N
pixels and P bands. The i-th row ofC (andS) is the i-th pixel of the
color (and hyperspectral) image, and is denoted by ci ∈ R3×1 (and
si ∈ RP×1). The j-th column of C (and S) is the j-th band of the
color (and hyperspectral) image, and is denoted by cj ∈ RN×1 (and
sj ∈ RN×1). To differentiate the high-resolution and low-resolution
images, we put subscripts H and L to write CH and CL for color
images, and SH and SL for hyperspectral images. The number of
pixels in a low-resolution image is N and that of a high-resolution
image is M . The oversampling factor is defined as K def

= N/M .
We assume that all images have been registered/aligned. Readers
interested in image registration can refer to, e.g., [20, 21].

2.1. Hybrid Color Mapping

Consider a low-resolution color pixel ci ∈ R3×1 and a low-
resolution hyperspectral pixel si ∈ RP×1, we define the color map-
ping as a process to determine a linear transformation T ∈ RP×3

such that

T = argmin
T

N∑
i=1

‖si − Tci‖22, (1)

of which the solution is given by Lemma 1.

Lemma 1. The solution of (1) is

T = SLC
T
L(CLC

T
L)
−1, (2)

whereCL = [c1, . . . , cN ] and SL = [s1, . . . , sN ].

The minimization in (1) is generally well-posed because N �
P . In practice, the low-resolution color image CL can be down-
sampled fromCH which is assumed given.

A limitation of the color mapping in (1) is that the wavelengths
of the color bands only overlap partially with the hyperspectral
bands: Color bands covers 0.475µm, 0.51µm, and 0.65µm, whereas
hyperspectral bands cover 0.4µm to 2.5µm. The long wavelengths
in the hyperspectral bands are not covered by the color bands.

The hybrid color mapping mitigates the problem by preserving
the higher bands in the hyperspectral image. Specifically, we select
a subset of hyperspectral bands {j1, . . . , jk} ⊆ {1, . . . , P} and de-
fine

xi = [ci1, c
i
2, c

i
3, s

i
j1 , . . . , s

i
jk , 1]

T , (3)

where sijk is the i-th pixel of the jk-th band of the hyperspectral im-
age. Note that we also include the white pixel 1 to adjust for the DC

offset due to the atmospheric effects. The hybrid linear transforma-
tion T̃ ∈ RP×(4+k) is therefore

T̃ = argmin
T̃

N∑
i=1

‖si − T̃ xi‖22, (4)

whose solution has the same form as Lemma 1.
Remark: For further improvement of the hybrid color mapping,

we can divide the image into overlapping patches where each patch
has its own T . This tends to improve the performance of the algo-
rithm significantly.

Once the transformation T is obtained, the high-resolution hy-
perspectral image SH can be reconstructed by

SH = TCH , (5)

whereCH is the given high-resolution color image. The reconstruc-
tion of SH using T̃ is more challenging because we need the bands
sij1 , . . . , s

i
jk

from the high-resolution image which is not yet avail-
able. This leads to our next component using single-image super-
resolution.

2.2. Plug-and-Play ADMM

Plug-and-Play ADMM (PAP-ADMM) is a generic optimization al-
gorithm for image restoration problems [19, 22]. For the purpose of
this paper, we describe PAP-ADMM for recovering high-resolution
images from the low-resolution observations.

Consider the j-th band of the hyperspectral image sj . We denote
sHj ∈ RM×1 the high-resolution version of sj and sLj ∈ RN×1 the
low-resolution version of sj . These two resolutions are related by

sLj =DAsHj + η, (6)

where A ∈ RM×M is a convolution matrix representing the blur
(i.e., the point spread function), D ∈ RN×M is a down-sampling
matrix, and η ∼ N (0, σ2) is an i.i.d. Gaussian noise vector. The
problem of image super-resolution is to solve an optimization

(sH1 , . . . , s
H
P ) = argmin

sH1 ,...,sH
P

P∑
j=1

(
‖sLj −DAsHj ‖2 + λg(sHj )

)
,

(7)
for some regularization function g(·) and parameter λ.

The PAP-ADMM algorithm is a variant of the classical ADMM
algorithm [23] which replaces the regularization function g(·) by an
implicit regularization function in terms of an image denoiser D.
Without going into the details of the PAP-ADMM algorithm (which
can be found in [19]), we summarize the steps involved as follows.
First, we note that (7) is separable and so we can solve each sHj
individually. For the j-th band, the algorithm updates iteratively the
following quantities

sHj = argmin
sHj

‖DAsHj − sLj ‖2 +
ρ

2
‖sHj − (vj − uj)‖2

vj = D
(
sHj + uj ,

√
λ/ρ

)
uj = uj + (sHj − vj),

where vj and uj are intermediate variables defined by the PAP-
ADMM algorithm, andD(·, σ) is an image denoiser which denoises
the input argument with a noise level σ. In this paper, the image
denoiser we use is BM3D [24], although other denoisers can also be
used. The internal parameter ρ is fixed at ρ = 1.



3. EXPERIMENTAL RESULTS

In this section we present experimental results along with the con-
clusions for questions Q1-Q3. We use two hyperspectral image
datasets: (1) AF data from the Air Force [25] and (2) AVIRIS data
from NASA [26]. The AF image has a size of 267 × 342 × 124,
ranging from 461nm to 901nm. The AVIRIS image has a size of
300× 300× 213, ranging from 380nm to 2500nm.

To simulate the low-resolution hyperspectral images, we follow
[3] by downsampling the images spatially with a factor of K = 9
(3 × 3) using a 5 × 5 Gaussian point spread function. The color
image RGB channels are taken from the appropriate bands of the
high-resolution hyperspectral images.

3.1. Evaluation Metric

We evaluate the performance of image reconstruction algorithms us-
ing the following metrics.

• RMSE. The RMSE of two high-resolution hyperspectral images
S ∈ RM×P and Ŝ ∈ RM×P is defined as

RMSE(S, Ŝ) =

√√√√ 1

P

P∑
j=1

(
1

M
‖sj − ŝj‖22

)
.

• CC (Cross-Correlation). The cross-correlation between S and Ŝ
is defined as

CC(S, Ŝ) =
1

P

P∑
j=1

 ∑M
i=1(s

i
j − µj)(ŝ

i
j − µ̂j)√∑M

i=1(s
i
j − µj)2

∑M
i=1(ŝ

i
j − µ̂j)2

 ,

with µj and µ̂j being the mean of the vector sj and ŝj .
• SAM (Spectral Angle Mapper). The spectral angle mapper is

SAM(S, Ŝ) =
1

M

M∑
i=1

(
cos−1

{
〈si, ŝi〉
‖si‖2‖ŝi‖2

})
.

• ERGAS (Erreur Relative. Globale Adimensionnelle de Syn-
these). The ERGAS is defined as

ERGAS(S, Ŝ) = 100d

√√√√ 1

P

P∑
j=1

(
RMSEj

µj

)2

,

for some constant d depending on the resolution.

3.2. Comparison between HCM and PAP-ADMM

This experiment aims to address the question of why we need both
hybrid color mapping and the Plug-and-Play ADMM. The result is
shown in Table 1 and Figure 2, where we observe that the inte-
grated approach “PAP-ADMM + HCM” achieves the best perfor-
mance overall. Such result is not surprising, because PAP-ADMM
alone does not utilize the rich information in the color band, whereas
the HCM method without an appropriate high-resolution input does
not generate a good transformation T . This answers Q1 and Q2.

We should also point out an interesting observation if we look at
the RMSE of individual bands. As shown in Figure 3, the proposed
algorithm actually performs well for lower bands such as the visible
and the near infrared bands. However, for higher bands such as the
short wave infrared, PAP-ADMM alone produces the best result. A
reason to this is that the color band has diminishing correlation to
the spectral bands as we move to higher bands.

Methods RMSE CC SAM ERGA
PAP-ADMM [19] 66.2481 0.9889 0.9889 1.9783

HCM [17] 44.3475 0.9492 0.9906 2.0302
PAP-ADMM + HCM 31.7023 0.9563 0.9169 1.8953

Table 1. Comparison of variant methods of HCM and PAP-ADMM
on AVIRIS.

Fig. 2. AVIRIS images in visible range using different methods

3.3. Comparison with Group 2 Methods

We compare the proposed algorithm with Group 2 methods. Since
our proposed method assumes knowledge about the point spread
function and a specific image super-resolution algorithm, for fair
comparison we down-sample the PAP-ADMM results to simulate a
deblurred but down-sampled hyperspectral image. Then, we feed the
results to Group 2 methods to see if Group 2 methods are improved.

The result of this experiment is shown in Table 2. As we can see,
the performance of Group 2 is actually detrimental. One reason is
that Group 2 methods are already injecting high frequency contents
into the hyperspectral images through the pan band. This can be seen
from the general formulation of Group 2 methods:

sHj = B(sLj ) + α(sHpan − s̃Hpan), (8)

where B(·) is the bicubic interpolation, α is a gain factor, sHpan is
the high-resolution pan-band image, and s̃Hpan is a lowpassed high-
resolution pan-band image. The pan-band in this experiment is the
average of the 3 color bands from the input image for both the AF
and AVIRIS datasets. The reason why Group 2 methods do not ben-
efit from PAP-ADMM is that the residue (sHpan − s̃Hpan) is the high-
frequency content injected by the pan-band. An extra deblurring step
on these Group 2 results tend to overcompensate the effects. There-
fore, having a strong super-resolution step for Group 2 does not help,
and this answers Q3.

In contrast to Group 2 methods, the proposed HCM method ben-
efits significantly from the PAP-ADMM step. One reason is that
HCM is using T to generate the high-resolution image and no ex-
plicit high frequency contents are injected yet. This finding also
validates the importance of both HCM and the PAP-ADMM.

3.4. Comparison with Group 1

We finally compare the performance of the proposed algorithm with
Group 1 methods. Table 2 shows the results. The average RMSE of
our method is very close to that of Bayes Sparse for the AF data and
much better for the AVIRIS data. However, if we inspect closely at
Figure 3, we see that our method actually has lower RMSE for ma-
jority of the low bands. Moreover, if we look at the AVIRIS’s RMSE
in Figure 3, we observe that even at higher bands our performance
is comparable to Group 1. The performance in AF’s CC plot is even
more dramatic. Therefore, if multispectral images could be used, our
proposed method can possibly achieve even better results.



AF AVIRIS
Group Methods Time RMSE CC SAM ERGAS Time RMSE CC SAM ERGAS

1
CNMF [4] 12.52 0.5992 0.9922 1.4351 1.7229 23.75 32.2868 0.9456 0.9590 2.1225

Bayes Naive [5] 0.58 0.4357 0.9881 1.2141 1.6588 0.86 67.2879 0.9474 0.8136 2.1078
Bayes Sparse [6] 208.82 0.4133 0.9900 1.2395 1.5529 235.50 51.7010 0.9619 0.7635 1.8657

2

SFIM [16] 0.99† 0.7176 0.9846 1.5014 2.2252 1.56† 63.7443 0.9469 0.9317 2.0790
MTF GLP [12] 1.38† 0.8220 0.9829 1.6173 2.4702 2.25† 57.5260 0.9524 0.9254 2.0103

MTF GLP HTM [13] 1.40† 0.8096 0.9833 1.5540 2.4387 2.23† 57.5618 0.9524 0.9201 2.0119
GS [10] 1.05† 2.1787 0.8578 2.4462 7.0827 1.83† 54.9411 0.9554 0.9420 1.9609

GSA [11] 1.21† 0.7485 0.9875 1.5212 2.1898 1.98† 32.4501 0.9695 0.8608 1.6660
PCA [8] 2.37† 2.3819 0.8382 2.6398 7.7194 2.98† 48.9916 0.9603 0.9246 1.8706

GFPCA [9] 1.17† 0.6478 0.9862 1.5370 2.0573 2.17† 61.9038 0.9391 1.1720 2.2480
Hysure [14, 15] 117.06† 0.8683 0.9810 1.7741 2.6102 62.47† 38.8667 0.9590 1.0240 1.8667

3
PAP-ADMM [19] 2144.00 0.4308 0.9889 1.1622 1.6149 3368.00 66.2481 0.9531 0.7848 1.9783

Super Resolution [18] 279.18 0.5232 0.9839 1.3215 1.9584 1329.59 86.7154 0.9263 0.9970 2.4110
Bicubic [27] 0.04 0.5852 0.9807 1.3554 2.1560 0.10 92.2143 0.9118 1.0369 2.5728

Ours
HCM no deblur [17] 0.59 0.5812 0.9908 1.4223 1.7510 1.50 44.3475 0.9492 0.9906 2.0302

HCM+Lucy [28] 1.02 0.6009 0.9879 1.3950 1.9308 1.50 37.2436 0.9518 0.9683 1.9720
Our method 0.59† 0.4151 0.9956 1.1442 1.2514 1.50† 30.1907 0.9672 0.9008 1.7205

Table 2. Comparison of our methods with various pansharpening methods on AF and AVIRIS. †: These methods involve PAP-ADMM but
we did not include PAP-ADMM’s runtime in order to illustrate the differences.

Fig. 3. Comparison of RMSE and CC between our method and methods in Groups 1 and 3 on AF(left) and AVIRIS (right).

3.5. Runtime

The runtime of our proposed method is slower than Group 1 meth-
ods because the current PAP-ADMM is a frame-by-frame algorithm.
We believe that the runtime can be significantly reduced if we use
faster denoisers than BM3D and exploit the correlation across dif-
ferent bands. Future work will be focused on the speed up.

4. CONCLUSION

We presented a new fusion based image processing algorithm to en-
hance the resolution of hyperspectral images. Our new algorithm

is an integration of a hybrid color mapping algorithm and a single-
image super-resolution algorithm. While the concept of the new ap-
proach is simple, the performance is promising as we compare to
existing algorithms on real image datasets. Future research direction
will be focused on speeding up the algorithm, and investigating the
performance gain in classification and other high-level vision tasks.
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