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Improving Hypersharpening for
WorldView-3 Data

Massimo Selva, Leonardo Santurri and Stefano Baronti Member IEEE

Abstract—In this letter hypersharpening is analyzed in depth
by investigating some weaknesses present in its formulation. It is
shown that the key formula of the synthesized band variant can
be simplified under certain circumstances.

In addition, a novel fusion schema is proposed. As a result,
the gain factor adopted to weight the injected detail, is computed
in a different way.

This schema can be applied to fuse a wide range of hyper-
spectral and multispectral data. In this letter, its effectiveness
is demonstrated by taking into account the characteristics of
WorldView-3 data.

Index Terms—Hypersharpening, Image Fusion, Pansharpen-
ing, Remote Sensing, WorldView-3.

I. INTRODUCTION

Hypersharpening was introduced at WHISPERS 2014 [1]
and has been theoretically developed in [2].

As technological developments are replacing or comple-
menting panchromatic (Pan) cameras with multispectral (MS)
and hyperspectral (HS) instruments, the term pansharpening
is no longer suitable for indicating the fusion methods that
spatially enhance MS/HS data sets.

Pansharpening, in fact, implies the existence of only one
single image at a high spatial resolution suitable for en-
hancing the sharpness of some MS/HS bands acquired at a
lower resolution. The term hypersharpening points out that
the spatial source, which was previously one single image
(panchromatic), can be a set (potentially a hyperspectral cube)
of bands.

The first step from pansharpening towards hypersharpen-
ing was induced by launching the Earth Observer 1 (EO-1)
satellite in 2000. EO-1, in fact, hosted the Advanced Land
Imager (ALI) MS + Pan scanner and the Hyperion imaging HS
spectrometer. The swaths of ALI and Hyperion were partially
overlapped, in such a way that there was a part of the acquired
area in which Pan, MS and HS data were simultaneously
available.

In particular, it was possible to develop and apply fusion
algorithms in order to spatially enhance a HS image for a 3:1
scale ratio, thus extending pansharpening to HS data.

In this perspective, HS resolution enhancement, or HS
sharpening, refers to the processing of the data in order to
synthesize an HS product that ideally exhibits the spectral

The work was developed within the framework of the SMART (Spet-
trometro Miniaturizzato Avanzato per Ricerca Tecnologica) project, supported
by POR - FESR 2014-2020 and funded by the Tuscan Region.

M. Selva, L. Santurri and S. Baronti are employed at the ”Nello Carrara”
Institute of Applied Physics, National Research Council, Florence Research
Area, 50019 Sesto Fiorentino (FI), Italy (e-mail: {m.selva l.santurri s.baronti
}@ifac.cnr.it).

characteristics of the original HS image at the higher spatial
resolution.

Even though many developments of spatial resolution en-
hancement of HS data have been rough extensions of MS
pansharpening algorithms [3], also specific approaches have
been proposed in the literature.

For example in [4], a maximum a posteriori (MAP) es-
timation method was introduced. The MAP estimation was
based on a spatially-varying statistical model to enhance the
HS image resolution. This Bayesian approach was further
improved by the same authors in [5] where they investigated
and demonstrated the advantages of using a high-resolution
MS image as the source for a MS/HS fusion. In this way, the
concept of hypersharpening was implicitly introduced.

The hypersharpening approach proposed in [6] which is
based on [4], works in the wavelet domain and assumes a
joint normal model for the images and an additive noise-
imaging model for the HS data. This approach, however, is
time-consuming.

Subsequently, the approach presented in [7] was based on a
linear spectral mixture model and implemented using coupled
non-negative matrix factorization (CNMF) unmixing. Sensor
observation models that relate the two data sets were built
into the initialization matrix of each NMF unmixing procedure.
This method is physically straightforward, but computationally
expensive and not very intuitive. This particular approach
was experimented on Hyperspectral Imager Suite (HISUI)
simulated data [8].

Interesting hypersharpening methods have been developed
more recently. In [9], the authors propose a hypersharpening
approach that builds a Bayesian fusion model by taking
into account constraints related to the fusion problem via
an appropriate prior distribution. In [10], hypersharpening is
considered as an inverse problem. Data fusion is based on the
minimization of a convex objective function containing two
quadratic data-fitting terms and an edge-preserving regularizer.
Unfortunately, all the methods discussed so far suffer from a
high computational complexity that necessitates the processing
of small images.

In [2], hypersharpening considers the characteristics of
the data acquired by SIM-GA. This instrument, which was
developed by Leonardo S.p.A., consists of a panchromatic
camera and two hyperspectral sensors in the VNIR and SWIR
spectral ranges, respectively. The resolution factor is roughly
3 between Pan and the VNIR spectrometer and is again 3
between the VNIR and SWIR spectrometers as well. There-
fore hypersharpening, by using VNIR hyperspectral data, can
perform the spatial enhancement of SWIR.

The acquisition of multi-sensors, multi-resolutions data of
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the same area is, in fact, a key aspect of state-of-the-art satellite
technology.

The WorldView-3 satellite (launched by DigitalGlobe on
13 August 2014 ) and the Sentinel-2 satellite (launched by
ESA on 23 June 2015) really exhibit this capability. Therefore,
hypersharpening framework can be applied to data acquired by
these two satellites.

In [11], in fact, four different approaches are discussed
for generating WorldView-3 HR SWIR images from VNIR
data. Such approaches are combinations of pansharpening and
hypersharpening methods. In the paper a new picture quality
predictor that does not need a reference image for assessing
hypersharpening performance is also proposed.

As regards Sentinel-2, in [12] a hypersharpening method-
ology, known as SMUSH, is proposed. It is a hierarchical
method based on an optimization approach. The objective
function contains a quadratic data fitting term, an edge pre-
serving regularizer and a patch-based plug-and-play prior-
promoting self-similar image.

Inspired by the success of deep learning in image enhance-
ment, a hypersharpening approach is proposed in [13] by
designing a deep convolutional neural network (CNN) with
two branches that are devoted to features of hyperspectral
and multispectral images, respectively. This methodology is
experimented by fusing Hyperion and Sentinel-2 data.

An extensive up-to-date review of hypersharpening and
pansharpening methodologies can be found in [14].

In the remain part of this letter, new developments on
hypersharpening are presented. Some basic points of hy-
persharpening are discussed by considering the formulation
proposed in [2]. The analysis identifies a variant for computing
the injection gain of the spatial details. Its effectiveness is
demonstrated on WorldView-3 simulated data.

The theory of hypersharpening is recalled in Section II.
New developments are presented in Section III. Section IV
is devoted to introducing the dataset adopted for tests, while
results are presented and discussed in V. Conclusions are
drawn in Section VI.

II. HYPERSHARPENING

Let the symbol HS be used to indicate the original high
spatial resolution hyperspectral data set. The symbol hs in-
dicates the original low-resolution spatial hyperspectral data
set. M and N represent the numbers of bands of HS and hs,
respectively. Thus, let the following be defined:
• hs , {hsn, n = 1, . . . , N} as the original low

resolution hyperspectral image.
• hsexp , {hsnexp , n = 1, . . . , N} as the hs image

interpolated at full scale.
• ĥs , {ĥsn, n = 1, . . . , N} as the fused hs image.
• HS , {HSm, m = 1, . . . ,M} as the original high-

resolution hyperspectral image.
• H̃S , {H̃Sm, m = 1, . . . ,M} as HS at the degraded

scale and obtained by low-pass filtering and downsam-
pling each HSm band.

• H̃Sexp , {H̃Smexp
, m = 1, . . . ,M} as H̃S interpo-

lated at full scale.

According to the previous definitions, the spatial detail Dm

of HSm is given by:

Dm = HSm − H̃Smexp
(1)

The symbol Xn is now introduced to indicate the band that
will be derived from HS. Xn is, for each band hsn, the source
of spatial detail from which to obtain the fused band ĥsn.
X is the hyperspectral set constituted by all these bands. In
conventional pansharpening, Xn is always the panchromatic
P , but, in the hypersharpening approach, it can be any band
or any weighted modeling of the high-spatial resolution bands
of HS. Furthermore, Xn can be defined according to any
reasonable criterion, thus giving a further degree of freedom
to fusion algorithms. According to the previous notation, the
following symbols are defined:
• X̃n as the band Xn lowpass filtered and downsampled at

degraded scale.
• X̃nexp as the X̃n band interpolated at full scale.
• Sn as the the spatial detail of Xn.
The following relationship holds:

Sn = Xn − X̃nexp (2)

According to the definitions of Xn and Sn, the fusion
schema discussed in [2] is:

ĥsn , hsnexp
+ gn · Sn (3)

where gn is a gain factor that may be constant for each pixel in
the band or computed locally. In [2], gn is global and defined
as:

gn =
cov(hsnexp

, X̃nexp
)

σ2
X̃nexp

(4)

where the symbol cov() indicates the covariance and σ2 the
variance of the referred entities.

Eq. (3) shows that each fused band is obtained by adding
to the expanded band the weighted difference between the
high spatial resolution source Xn and the band Xn itself, first
reduced at degraded scale and then expanded at full scale.

In [2] two variants were proposed.
The former, Selected band, consists simply of using a single

band HSm̄ as Xn, where m̄ is given by:

m̄ = arg max
m

corr(hsnexp
, H̃Smexp

) (5)

that is, HSm̄ is the band that, once degraded and expanded at
full scale, exhibits the highest correlation value with hsnexp

.
The latter Synthesized band estimates a set of coefficients

wn1 , . . . wnl
, . . . wnM

for each hsn by means of a linear
regression algorithm, in order to minimize the MSE between
hsnexp

and the linear combination of the bands {H̃Smexp
}

over all the pixels of the band. After the estimation of the set
of regression coefficients, assuming that these coefficients are
a valid estimation also at full resolution as discussed in [15],
Xn is synthesized according to:

Xn =

M∑
m=1

wnm
·HSm (6)
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Figure 1: Spectral ranges of WorldView-3 bands.

Considering now (1), (2) and that

X̃nexp
=

M∑
m=1

wnm
· H̃Smexp

(7)

the following relationships hold:

Sn =

M∑
m=1

wnm ·Dm (8)

III. HYPERSHARPENING: NEW DEVELOPMENTS

When hypersharpening was developed, since the traditional
work flow of pansharpening was considered effective, a great
attention was devoted only to how to obtain Xn. In other
words, hypersharpening was defined by computing Xn before
applying the traditional pansharpening expressed by (3). Thus,
any problems that could have arisen from how Xn was
computed and (3) were ignored.

Let the gain formula (4) be expressed as:

gn = t1n · t2n (9)

where t1n
and t2n

terms are defined as:

t1n = corr(hsnexp , X̃nexp) (10)

t2n =
σhsnexp

σX̃nexp

(11)

where the symbol corr() indicates the correlation operation.
In the Synthesized band variant, the minimization between
hsnexp

and the linear combination of the bands {H̃Smexp
}

implies that X̃nexp
is similar to hsnexp

as far as this is possible.
Consequently, since both terms t1n

and t2n
tend to 1, also the

gn injection gain tends to 1.
On the other hand, the minimization of the MSE between

the linear combination of the bands {H̃Smexp
} and hsnexp

does not automatically implies that gn is equal to 1.
When gn ' 1, i.e. when the minimization is particulary

effective, the synthesized band variant hides a paradox: the
gain term has no influence on the fusion results.

This fact determines the important consequence that (3) can
be simplified as:

ĥsn = hsnexp
+ Sn (12)

Pan VNIR SWIR

Spectral range 450− 800 nm 400− 1040 nm 1195− 2365 nm
Spectral bands 1 8 8
GSD @ Nadir 0.31 m 1.24 m 3.70 m

Table I: Characteristics of the WorldView-3 data.

Spectral coverage 413− 2421 nm
Bands 285
Dimensions (h× w) 1500× 1000

Pixel Size 1.8 m
Date of the acquisition 2011-06-26

Table II: Characteristics of the APEX dataset adopted.

Since X̃nexp
does not appear in (12), computing (7) is useless

and (8) is the only equation needed for performing fusion.
Thus, the Synthesized band variant is really a Synthesized
detail variant.

Going deeper into the analysis, other important consid-
erations can be made. Even though the MSE minimization
determines the wnm

weights used to synthesize X̃nexp
and Sn

in (7) and (8) respectively, only the term Sn is directly present
in (3).

Therefore X̃nexp
could not be the best choice for processing

the gain term of (3). Thus, the MSE constraint could be
relaxed in favor of other criteria that could be more effective
in increasing the performance of hypersharpening.

The criterion proposed here is that the energy of X̃nexp
and

hsnexp should be the same. This can be achieved by matching
the histograms of the two bands, thus obtaining a more realistic
band X̃ ′nexp

:

X̃ ′nexp
= ( X̃nexp − µX̃nexp

)
σhsnexp

σX̃nexp

+ µhsnexp
(13)

where the symbol µ is the mean of the corresponding band.
The effectiveness of (13) is satisfactory. Readers interested

in recent approaches to histogram matching can refer to [16].
By replacing X̃nexp with X̃ ′nexp

in (9) and computing the
gain accordingly, the fusion formula becomes:

ĥsn = hsnexp + t1n · Sn (14)

The next section demonstrates that (14) is an effective variant
in determining an improvement in fusion performances.

IV. EXPERIMENTS

One of the goals of this letter is to demonstrate the ef-
fectiveness of the proposed hypersharpening variant in fus-
ing WorldView-3 data. WorldView-3 is technologically ad-
vanced since it is the first multi-payload, super-spectral, high-
resolution commercial satellite sensor. Some of its character-
istics are highlighted in Fig. 1 and are reported in Table I.
Even if the SWIR spectrometer exhibits a spatial resolution of
3.70 m at Nadir, the SWIR data are resampled and distributed
with a sampling spatial interval of 7.5 m. In any case, the
hypersharpening framework can be applied to SWIR data (hs)
by using VNIR data (HS) as the source of the high spatial
frequencies.
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Unfortunately, when real data are processed, the reference
is not available and the assessment of the fused images can be
carried out only by visual evaluation or by adopting quality in-
dexes that do not require the reference. However, these indices
introduce a certain degree of uncertainty into the analysis.
Another viable solution for overcoming this limit consists of
degrading all the data set to a lower scale and using the original
dataset as the reference. This approach is based on the implicit
assumption that evaluations at lower scale are also valid at
full scale, as discussed in [17]. Thus, applying this strategy
to WorldView-3 data would require fusing images from the
resolution of 22.5 m to 7.5 m. Consequently, exploiting the
capabilities given by the high spatial resolution of WorldView-
3 data would be questionable and scarcely significant.

Therefore, in this letter, a different approach has been
adopted. WorldView-3 multispectral and panchromatic images
have been simulated starting from the APEX hyperspectral
open science data set [18]. The characteristics of the APEX
data set are reported in Table II. The acquired scene contains
areas of forest, agriculture, urban and freshwater and is thus
suitable for assessing the fusion methodologies.

Each WorldView-3 band is simulated by weighting the
reflectance values of the APEX bands that are contained in
the corresponding spectral range. A Gaussian-shaped filter
kernel with cut-off value of 0.25 at the Nyquist frequency
is adopted for spatial degrading. Thus, a plausible system
modulation transfer functions (MTF) is modelled [19]. An
interesting discussion regarding the MTF in the pansharpen-
ing/hypersharpening field can be found in [20].

Fig. 1, which reports the spectral width of WorldView-3
bands and the central wavelengths of the APEX bands (red
points) used for spectral synthesis, well expresses how the
simulation data set is created. In Fig. 1, also the atmospheric
transmittance is plotted (gray line), for the sake of complete-
ness.

Since APEX hyperspectral data have spatial resolution of
1.8 m, the fusion from 3.7 m to 1.24 m can not be simulated.
Therefore, the hypersharpening of the WorldView-3 data is
simulated by fusing SWIR at the spatial resolution of 5.4 m
with VNIR at 1.8 m. This loss of spatial resolution is assumed
to be still acceptable for the analysis. Clearly, the SWIR data
at 1.8 m is the reference necessary to assess the fused images.

To complete the analysis, also pansharpening is experi-
mented. The algorithm adopted is equivalent to (3), just as in
[2]. In addition, in the flavour of [21] also the SWIR expanded
image is taken into account.

V. RESULTS

In the experiments, the universal image quality index (UIQI)
[22] is adopted for spatial quality, the erreur relative globale
adimensionnelle de synthèse (ERGAS) [23] for radiometric
quality and the spectral angle mapper (SAM) index for spectral
quality. The UIQI values are averaged on the 8 SWIR bands.

To assess the effectiveness of the proposed variant, two
specific scenarios are reported: urban and vegetation. Accord-
ingly, two sub-images of 480×480 pixels are identified in the
acquired scene and highlighted in Fig. 2 by using a blue and
red frame, respectively.

Figure 2: APEX acquired area. The red and blue frames identify the vegetated
and urban sub-images, respectively.

Figs 3 and 4 show two specific details of the two sub-images
processed; the RGB images are obtained by using the SWIR-
1, SWIR-3 and SWIR-8 as red, green and blue channels,
respectively. Tables III and IV report the values of the indices
computed on the sub-images.

Pansharpening [Figs 3(c)] and hypersharpening selected
band [Figs 3(d)] inject unrealistic details on the urban area.
These details are absent in the synthesized variant but this
image is overly sharp [Figs 3(e)]. The improved synthesized
variant determines an image that is more natural and the
injected details appears to be of good quality [Figs 3(f)].

As far as the indices are concerned [Table III], the improved
synthesized variant presents the best scores. The improvements
are particularly relevant for ERGAS and SAM indexes.

As regards the vegetated area, even though Table IV shows
that improved synthesized is the best fusion approach, a visual
inspection barely made a distinction between the different
images [Fig. 4]. When carefully comparing selected and
improved synthesized variant, in the latter some details are
sharper and the color fidelity appears to be better.

VI. CONCLUSIONS

This letter discusses relevant issues concealed in the previ-
ous formulation of hypersharpening, thus opening up interest-
ing research perspectives. The novel fusion schema introduces
the histogram matching operation into the synthesized band
variant. As a result, the formula of the gain is different from
the original one.

The effectiveness of the proposed solution is demonstrated
on WorldView-3 simulated data. The novelty introduced is
applicable for fusing hyperspectral and multispectral data in
general.
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