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Abstract— Owing to easy acquisition and large coverage from
the space, multispectral (MS) imaging has garnered growing
interest in various applications of remote sensing. However,
the limited spectral information of MS data, to a great extent,
leads to difficulties in classifying the materials more accurately,
particularly for those classes that have very similar visual
appearances. To address this issue effectively, we attempt to
enhance the spectral resolution of MS imagery, enabling the
identification of materials at a more precise level by the means of
richer spectral information. More specifically, we propose to learn
locality-constrained sparse coding (LCSC) for short, on partially
overlapped hyperspectral (HS)-MS pairs (i.e., dictionary). LCSC
is capable of capturing neighboring relations well by enforcing
the local constraint for each pixel. Such a strategy makes it
possible to better reconstruct HS products from MS images and
partially overlapped HS images. Reconstruction and unmixing
are explored as potential applications to assess the performance
of spectral enhancement. Extensive experiments are conducted on
two HS-MS data sets in comparison with several state-of-the-art
baselines, which demonstrate the effectiveness of the proposed
LCSC algorithm in the task of spectral enhancement.
Index Terms— Hyperspectral (HS), locality, multispectral
(MS), partially, remote sensing (RS), sparse coding, spectral
enhancement.
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I. I NTRODUCTION
URRENTLY operational multispectral (MS) spaceborne
missions, such as Sentinel-2 and Landsat-8, enable MS
remote sensing (RS) images available freely and largely. These
advantages bring us great possibilities and potentials in a
variety of applications, including land cover classification [1],
[2], multimodal data analysis [3]–[5], and object detection and
tracking [6]. Due to the relatively poor spectral information
and the effects of various spectral variabilities [7], MS images
fail to finely discriminate certain materials that hold a very
similar spectrum. Spectral enhancement of MS images, as a
general and feasible solution, can improve the spectral resolution to the level that the materials are capable of being
distinguished by tiny spectral discrepancies.
Different from the spatial enhancement of hyperspectral (HS) images that need the same geospatial coverage
between HS and MS images [8], the use of only partially overlapped HS and MS images can obtain high-quality HS products, i.e., high resolution (in spatial and spectral domains) HS
images by spectrally enhancing the resolution of MS images.
Fig. 1 illustrates the differences between spatial enhancement
of HS images and spectral enhancement of MS images (our
task). Spectral enhancement is a novel and promising topic,
but it is less investigated by researchers in RS. Recently, some
preliminary works have been proposed to challenge this task.
Li et al. [9] introduced the recent status and perspectives of
deep learning in RS, which might be a potential solution
to spectral enhancement. Winter et al. [10] reconstructed
the unknown HS images by estimating a regression matrix
from HS-MS pairs of the overlapped area. Sun et al. [11]
extended the existing algorithm in [10] and corrected the
transformation matrix by using the band-wise grouping and
weighted spectral matching algorithm to enhance the spectral
resolution of MS data. Beyond the regression-based strategy,
Yokoya et al. [12] proposed to recover unknown spectral signatures more accurately through sparse representations, yielding
more realistic products of spectral enhancement. Nevertheless,
the reconstruction or recovery ability in enhancing the spectral
resolution of MS images remains limited. The sparse coding is
capable of recovering the unknown HS signals well, yet there
is a lack of spectrally contextual or physically meaningful prior
knowledge in the reconstruction process.
Inspired by Wang et al. [13], we pose a constraint on the
locally neighboring relationship of each pixel in the process of
learning sparse coefficients to address the above issues. This

C

1545-598X © 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Jocelyn Chanussot. Downloaded on December 27,2020 at 16:23:33 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.
2

IEEE GEOSCIENCE AND REMOTE SENSING LETTERS

Fig. 1. Illustration to clarify the differences between spatial enhancement of
HS images and spectral enhancement of MS images on the Urban scene.

further leads to our locality-constrained sparse coding, called
LCSC, for the task of spectral enhancement of MS images.
Our contributions to this letter can be summarized as follows.
1) We, for the first time, propose LCSC for the novel and
promising topic: spectral enhancement of MS images
only using partially overlapped HS data.
2) We equivalently convert the LCSC model into a
weighted sparsity regularized optimization problem.
Accordingly, an alternating direction method of multipliers (ADMM) algorithm is designed to solve the problem
effectively.
3) The resulting products of spectral enhancement can be
evaluated in terms of reconstruction and unmixing both
quantitatively and qualitatively.
II. M ETHODOLOGY
A. Algorithm Overview
In the task of spectral enhancement, our LCSC can be
briefly divided into two steps. We first upsample the low spatial
resolution HS images to the same resolution of MS images in
the overlapped area using bicubic interpolation. The LCSC is
then applied to encode the MS signals out of the overlapped
region by using the overlapped MS images. Finally, the learned
sparse coefficients are shared to recover the unknown spectrum
on the upsampled HS dictionary. Fig. 2 illustrates the overall
process of spectral enhancement using partially overlapped HS
and MS images and our proposed LCSC model.
B. Problem Formulation
Let the spectral signals of the unfolded original HS,
upsampled HS, and MS images in the geographically overi
n
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Fig. 2. Workflow of spectral enhancement and an illustrative difference
between spare coding (SC) and our LCSC in sparse reconstruction. LCSC
is capable of selecting those pixels that are closer to the target pixel for
reconstruction, while SC tends to choose pixels that could be far away from
the target pixel.

where α is the penalty parameter,
denotes the element-wise

N
multiplication, and X1,1 ≡
z=1 xz 1 [7]. X is the tobe-estimated sparse representation and can be further shared in
the process of unknown spectrum reconstruction (see Fig. 2).
The variable W denotes a weighted matrix on the sparse
coefficients X. By reasonably assuming that the pixel-wise
spectrum can be represented by its neighboring pixels in
feature space [13], we expect to better reconstruct using
those pixels that hold more similar spectral profiles with the
observed spectrum. We compute the similarity (S) between
any two samples, e.g., x i and x j , in kernel space using radial
basis function (RBF)


x i − x j 2
(2)
Si, j = exp −
σ2
where σ is a scaling factor parameter. It is worth noting that
in our case k nearest neighbors are selected to construct the
similarity matrix S, i.e., knn graph [14], whose computational
cost is O(N Q + k N). Using (2), W can be obtained by
Wi, j = 1 − Sni, j

(3)

where
Si, j − Smin
.
Smax − Smin
Sn denotes the normalized matrix of S, Smax and Smin are the
maximum and minimum of matrix S.
Subsequently, the learned coefficients (X) in (1) can be
directly used to reconstruct the unknown HS image on the
upsampled HS dictionary ↑ Hin . This process can be further
formulated as follows:
Sni, j =

Hout = f b (Hin )X, s.t. ↑ Hin = f b (Hin )
where f b (·) denotes the bicubic interpolation.
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Algorithm 1 ADMM Solver for LCSC Model
Require: Mout , Min , Hin , parameters α, k, σ , maxIter.
1: Step 1: Upsample Hin to ↑ Hin using f b (·) of Eq. (4).
2: Step 2: Calculate W using Eqs. (2) and (3).
3: Step 3: Solve problem (1).
0
4: Initialization: G0 = 0,  = 0, μ0 = 10−3 , μmax = 106 ,
−6
ρ = 1.5, ε = 10 , t = 1, k = 10, α = 0.01, σ = 1.
5: for t < maxIter do
6:
Update the variable Xt by Eq. (7);
7:
Update the variable Gt by Eq. (9);
8:
Update Lagrange multiplier t by Eq. (10);
9:
Update the parameter μt by min(ρμt−1 , μmax );
10:
Check the convergence conditions:
11:
if Gt − Xt F < ε then
12:
Stop iteration;
13:
else
14:
t ← t + 1;
15:
end if
16: end for
17: Step 4: Infer unknown HS image Hout using Eq. (4).
Ensure:
Hout .

3

Fig. 3. Two used HS-MS data sets: (Left) HYDICE Urban data and (Right)
AVIRIS Jasper Ridge data.

2) Optimization With Respect to G: The optimization problem of the variable G can be given by
μ
(8)
min αW  G1,1 + 1 (G − X) + G − X2F
G
2
where the sparsity-promoting term of W  G1,1 is regarded
as a weighted 1 norm with respect to the variable G that W
enforces a weighted sparsity. A proximal operator [16] derived
from the soft-threshold operator is used to solve (8)
G ← max{0, |X − /μ| − αW/μ}  sign(X − /μ).

3) Optimization With Respect to : The updating rule for
Lagrange multiplier in each step is
 ←  + μ(G − X).

C. Model Optimization
The problem (1) is the main optimization step in our LCSC
model, which can be regarded as a weighted sparse coding.
Inspired by the recent success of the ADMM optimization
algorithm [15], an ADMM-based solver is designed for a
fast and effective solution. For that, we first introduce an
additional auxiliary variable G instead of the variable X in the
term of 1 -norm, thereby leading to the following augmented
Lagrangian version of (1):
L(X, G, ) =

1
Mout − Min X2F + αW  G1,1
2
μ
+  (G − X) + G − X2F , s.t. 1 X = 1
2
(5)

where  and μ are the Lagrange multiplier and the
penalty parameter, respectively. We successively solve these
subproblems with respect to X, G, and  by minimizing L as
follows:
1) Optimization With Respect to X: The variable X can be
obtained by solving the constrained optimization problem
1
μ
min Mout − Min X2F +  (G − X) + G − X2F
X 2
2
s.t. 1 X = 1.
(6)
The analytical solution of problem (6) can be written as


X ← A−1 B − C I1×N A−1 B − 1
(7)
where

Min + μI N ×N
A = Min

B = Min
Mout + μG + 

−1
−1
C = A I N ×1 I1×N A−1 I N ×1 .

(9)

(10)

Algorithm 1 details the whole procedures of the LCSC model.
III. E XPERIMENTS
A. Data Preparation
1) Urban Data:
The
HS
urban scene
was
captured by Hyperspectral Digital Image Collection
Experiment (HYDICE) sensor over the urban area at
Copperas Cove, TX, USA. It consists of 307 × 307 pixels at a
2-m ground sampling distance (GSD). The image comprises
162 spectral bands by removing those water absorption and
noisy bands, i.e., 1–4, 76, 87, 101–111, 136–153. The MS
image with ten bands was simulated using spectral response
functions (SRFs) of the Sentinel-2 sensor at a GSD of 2 m.
To meet our problem setting, we select the overlapped region
between HS and MS images with the size of 307 × 30 pixels,
where the HS image is downsampled to a 4-m GSD, as shown
in Fig. 3.
2) Jasper Ridge Data: The second HS-MS data sets consist
of 100 × 100 pixels with 20 and 40 m GSDs for the MS
image and the HS image, respectively. The HS image was
acquired using the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) sensor, involving 198 spectral channels,
while the simulated Sentinel-2 image (ten spectral bands) was
generated using the HS image. Fig. 3 shows examples of the
used HS-MS data.
Refer to [8] for more simulation details of MS images using
SRFs of the Sentinel-2 sensor.
B. Quantitative Evaluation
Reconstruction and unmixing can be explored as potential
applications to evaluate the quality of spectral enhancement
products. Several quantitative indices [8], such as root mean
square error (RMSE), peak signal-to-noise ratio (PSNR),
spectral angle distance (SAD), structural similarity index
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TABLE I
R ECONSTRUCTION AND U NMIXING P ERFORMANCE C OMPARISON OF D IFFERENT M ETHODS ON U RBAN AND JASPER R IDGE D ATA S ETS . R-HS M EANS
THE R EAL HS I MAGE . T HE B EST R ESULTS A RE S HOWN IN B OLD

Fig. 4.

Visualization of abundance maps using different spectral enhancement algorithms and the real HS image on the Jasper Ridge data.

(SSIM), and erreur relative globale adimensionnelle de synthèse (ERGAS) for reconstruction, and abundance overall
RMSE (aRMSE), reconstruction overall RMSE (rRMSE), and
average spectral angle mapper (aSAM) for unmixing, are
applied in our experiments. Furthermore, four advanced methods, e.g., pixel-wise copy (PwC), color resolution improvement software package (CRISP) [10], Sun et al.’s [11], and
Yokoya et al.’s [12], as well as our proposed LCSC model are
selected for a quantitative comparison. For all parameters in
LCSC, i.e., k, σ , α, we experimentally found that their change
is not so sensitive to the final performance. For example,
a larger k could bring relatively smaller reconstruction errors
but more computational cost. As a tradeoff, we empirically set
these parameters as shown in Algorithm 1.
Table I quantifies the performance comparison between
different methods and real HS images. Note that in the
unmixing task, vertex component analysis (VCA) [17] is
adopted to extract endmembers. Due to the uncertainty of
endmember extraction, we repeatedly run ten times and report
the average values with standard deviation as the final results.

Overall, PwC yields a relatively poor performance in both
reconstruction and unmixing. This might be well explained
by the fact that only copying exiting pixels (in the overlapped
region) to those unknown ones (out of the overlapped region)
fails to increase additional information effectively, thereby
limiting the product quality to some extent. By contrast, there
is an obvious improvement in the regression-based approaches
(e.g., CRISP and Sun’s). Inspired by the successful implementation of sparse representations, Yokoya’s model further boosts
the performance, despite a slight improvement. The more
significant concern is that our LCSC dramatically outperforms
other competitors in nearly all measures of reconstruction and
unmixing. We also show basically identical performance with
real HS images in unmixing. These indicate the effectiveness
of our proposed approach in spectral enhancement.
C. Visual Comparison
Apart from quantitative evaluation, we also make a visual
comparison in terms of abundance maps obtained by a representative unmixing algorithm—fully constrained least squares
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Visualization of abundance maps using different spectral enhancement algorithms and the real HS image on the HYDICE Urban data.

unmixing (FCLSU) [7]. As shown in Figs. 4 and 5, the PwC
and CRISP fail to estimate the abundance maps well, which
yields a big gap compared to those obtained by R-HS.
In particular, PwC tends to generate more noisy estimations
in abundance. As a modified CRISP, Sun’s algorithm performs more smooth unmixing results that are comparable to
Yokoya’s. Although there are only slight visual differences
between LCSC and others, yet we can still capture tiny details
to show the superiority of the LCSC model. For example,
the materials of Asphalt, Tree, and Roof on the Urban data
hold similar abundance maps with those of R-HS.
IV. C ONCLUSION
In this letter, we develop an LCSC model for the spectral
enhancement of MS imagery by using partially overlapped
HS-MS images. This is a promising but challenging topic and
is also highly valued in practice. Our LCSC model is capable
of better reconstructing unknown HS images by considering
the locally neighboring relationship of each pixel. In future
work, we would like to investigate and design more advanced
learning strategies to further enhance model performance and
generate real MS/HS pair benchmark data sets.
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