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Abstract—Hyperspectral (HS) pansharpening aims at fusing a
low-resolution HS (LRHS) image with a panchromatic image to
obtain a full-resolution HS image. Most of the existing HS pan-
sharpening approaches are usually based on traditional multispec-
tral pansharpening techniques, which are not especially tailored for
two inherent challenges of the HS pansharpening, i.e., much wider
spectral range gap between the two kinds of images and having to
recover details in many continuous spectral bands simultaneously.
In this article, we develop new spectral-fidelity convolutional neural
networks (called HSpeNets) for HS pansharpening to keep the
fidelity of a pansharpened image to its true spectra as much as
possible. Our methods particularly focus on the decomposability of
HS details, accordingly synthesizing these details progressively, and
meanwhile introduce a spectral-fidelity loss. We give theoretical
justifications and provide detailed experimental results, showing
the superiorities of the proposed HSpeNets with regard to other
state-of-the-art pansharpening approaches.

(CNNs),
image,

Index Terms—Convolutional neural networks
hierarchical detail reconstruction, hyperspectral
pansharpening, spectral-fidelity loss.

I. INTRODUCTION

MAGING spectroscopy captures the electromagnetic spec-
I trum in many narrow contiguous bands, yielding hyperspec-
tral (HS) images, which comprise both spatial and abundant
spectral information from the observed scenes. Such a charac-
teristic makes HS image data very valuable in many application
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domains, receiving great attention from the remote sensing and
image processing communities [1]-[5]. However, due to the
physical limitations of sensors, improving the spectral resolution
during image collection tends to negatively affect the spatial res-
olution. Therefore, HS images usually have lower spatial resolu-
tion when compared to panchromatic (PAN) images, which may
not be sufficient in some practical applications where both high
spatial and spectral resolutions are desired simultaneously [6].
One way to overcome this obstacle is to perform HS pansharpen-
ing, which is dedicated to generate high-spatial-resolution HS
(HRHS) images by fusing low-resolution HS (LRHS) images
with their PAN (high-resolution) counterparts [4], while tradi-
tional pansharpening, in contrast, merges multispectral (MS)
images with PANs.

Existing pansharpening methods can be roughly classified
into two categories: component substitution (CS) and multires-
olution analysis (MRA). The CS category, which substitutes
the spatial component of an HS image for that of the PAN
image, involves methods such as principal component analy-
sis [7]-[9], intensity-hue-saturation [10]-[12], Gram—Schmidt
spectral sharpening [13], [14], or guided filtering [15]. The
MRA group, which first extracts and then injects spatial details
from the PAN images to the HS images in a multiresolution
manner, includes approaches based on wavelet transform [16]—
[18], smoothing filter-based intensity modulation (SFIM) [19],
the modulation transfer function-generalized Laplacian pyra-
mid [20], or regression-based high-pass modulation [21]. Apart
from these classic MS pansharpening approaches, there are
specific strategies designed for improving the spatial resolution
of HS images. One of them is matrix factorization, which first
models the observed data with a signal subspace representation
and then leverages an optimization tool to factorize the related
matrices [22]. The other is Bayesian inference, which utilizes
Bayesian statistics to estimate probabilistic parameters used for
pansharpening models [23]-[25].

Over recent years, convolutional neural networks (CNNs)
have experienced significant success in tasks related to the
enhancement of spatial resolution [26]-[36]. Dong et al. orig-
inally proposed a three-layer super-resolution CNN to learn
the mapping between LR and HR images [26]. Kim et al
designed a very deep CNN structure with residual learning for
the same problem [27]. Zhang et al. addressed the same topic by
combining dense and residual networks to construct a deeper ar-
chitecture [28]. CNNs have achieved good performance not only
in single image super-resolution, but also in MS pansharpening.
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For instance, Masi et al. developed a lightweight architecture for
pansharpening, which uses preinterpolated low-resolution MS
images (stacked with coregistered PAN images) as input [29].
Wei et al. adopted a CNN method with residual learning for
pansharpening [31], as well as a more complex one with a mul-
tiscale kernel trick [32]. Scarpa ef al. brought the target-adaptive
modality into CNN design to further improve the network perfor-
mance [33]. More recently, some researches have made attempt
to apply CNN in HS pansharpening. He ef al. adopted CNNs
in HS pansharpening in an end-to-end manner, outperforming
other traditional methods thanks to the use of spectral predictive
structures [34]. Xie et al. treated HS pansharpening as a con-
strained minimization problem with additional priors learned
by the CNN [35]. He et al. proposed a spectral constrained
adversarial autoencoder to extract deep features of HS images,
designed an adaptive fusion approach ruled by feature selection,
and estimated HRHS images through solving an optimization
equation [36].

Differently from super-resolution and MS pansharpening,
HS pansharpening incurs inherent challenges, which is chiefly
consisted of two aspects. First, the spectral range of an HS image
isusually much wider than that of a registered PAN image, which
makes the HS bands out of the PAN spectral range difficult
to sharpen. Second, the HS image contains many continuous
bands with high spectral resolution, which obviously means that
reconstructing the whole details from the PAN image for all the
bands at one time is a hard task. To deal with the challenging
situation that the HS pansharpening has to be faced with, in
this article, we present novel spectral-fidelity CNNs (called
HSpeNets), which intend to make the pansharpened HS image
consistent with the true spectra as much as possible. The methods
are developed with considerations in two aspects. On the one
hand, our networks particularly focus on the decomposability
of HS details and accordingly synthesize these details progres-
sively to relief the difficulty to reconstruct a full-resolution HS
image in one step; on the other hand, a spectral-fidelity loss
is employed in the networks to further strengthen the spectral
synthesis.

More specifically, the innovative contributions of this article
can be summarized as follows.

1) Weintroduce two novel HSpeNet methods, i.e., HSpeNet1
and HSpeNet2, for HS pansharpening. They hierarchically
learn the HS details from the original data, while guided
by a spectral-fidelity loss. Each HSpeNet is composed of
three successive subnetworks: feature extraction, feature
fusion, and detail reconstruction, where some strategies
such as two-stream feature extractors are additionally
adopted to improve spectral prediction.

2) We propose a CNN-based unsupervised learning frame-
work that can guide the design of HS pansharpening
CNNs. The framework comprises structures that guar-
antee the fulfillment of an HS pansharpening task in an
unsupervised manner. Moreover, it is able to enhance the
spectral inferring to ensure a reliable reconstruction of the
original image spectra.

3) We prove theoretically that the global structure of
HSpeNets is able to decrease the initial losses, while the
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local structure of the HSpeNets is capable of reducing
gradient vanishing.

The remainder of this article is organized as follows. Section II
presents detailed descriptions of the proposed methods, includ-
ing a pansharpening framework and two HS pansharpening
CNNs (called HSpeNetl and HSpeNet2). Section III provides
a detailed experimental validation of our methods. Section IV
concludes this article with some remarks and hints at plausible
future research lines.

II. PROPOSED METHODS

Our proposed HSpeNets are dedicated to dealing with the
main challenges of HS pansharpening, brought in by the special
characteristics of HS images. For convenience, the following
notations will be used throughout the following sections:

P,: observed PAN image;

H,: observed HS image;

P: low-resolution PAN (LRP) image;

H': LRHS image;

H: interpolated LRHS image;

IA{: HRHS image; and

H: reconstructed HRHS image.

A. HS Pansharpening Framework

For HS pansharpening, a CNN receives the observed HS
image and the PAN image as input and provides an HRHS image
as output. The major mathematical formulation for the CNN can
be generally given by

O, =f(W; 01 +by) (D

where * is the convolutional operation, O; denotes the feature
map (i.e., the convolutional output) of the /th layer, W, and
b, represent the parameters of that layer, respectively, and f(-)
stands for the activation function. During the CNN optimization,
kernel parameters are updated under a given criterion, which is
often the minimization of the mean square error (MSE)

00) = E|M(-;0) — H||% )

where E(+) is the expectation, 6 represent the CNN parameters
to be solved, || - || 7 is the Frobenius norm, H denotes the target
HRHS, and M () represents the mapping from the LRHS image
to the HRHS image. Once the mapping M (+;0) is learned and
the new observed PAN and HS images P’ and H/ are given, the
pansharpened HS can be generated.

Compared to conventional MS pansharpening and single
image super-resolution tasks, HS pansharpening confronts two
inherent challenges. One is the wide gap between the spectral
range of an HS image and that of the corresponding PAN image.
The other is how to reconstruct the complicated details present
in the many continuous (and narrow) bands of the HS image
simultaneously. These challenges demand the HS pansharpening
methodology to exhibit a strong capacity of spectral prediction
and reconstruction; otherwise, some problems such as spectral
distortion may be incurred.
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Fig.2.  Graphical illustration of the proposed HSpeNet1 method. Purple line represents global skip connections, while green lines represent local skip connections.

Fig. 1 graphically illustrates an HS pansharpening framework,
which performs the HS pansharpening task in an unsupervised
manner while accommodating the strengthening of spectral
reconstruction. The following considerations need to be made
about this general framework.

1) As shown in Fig. 1, an HS pansharpening process can
be divided into two phases, i.e., low-resolution learning
and full-resolution prediction. During the learning phase,
the observed HS and PAN images are first degraded to
low-resolution ones (i.e., LRHS and low-resolution PAN
images). Then, the observed HS image is used as the
ground-truth, and the loss between this ground truth and
the CNN output drives the optimization of CNN parame-
ters, yielding a CNN model. During the prediction phase,
the new observed HS and PAN images go through the
solved CNN to yield a final reconstructed HS image,
taking advantage of the scale invariance of the CNN model
from the low-resolution level to the full-resolution level.
As mentioned above, the HS pansharpening process has
to face two significant dilemmas: the significant difference
of spectral coverage between the HS and the PAN images,
and the need to recover details in many continuous nar-
row bands simultaneously. To address these issues, HS
pansharpening needs to further strengthen its ability to
predict spectral characteristics while reconstructing spa-
tial details. As indicated in Fig. 1, while suitable feature
extraction/fusion needs to be used in order to improve
the preservation of HS details, a spectral-fidelity loss and

2)

spectral-aware convolution kernels are prioritized over
spectral learning and inference.
Following the above HS pansharpening framework, we will
develop two novel HS pansharpening CNNs in the subsections
below, namely, HSpeNetl and HSpeNet2.

B. HSpeNetl

Our HSpeNetl is composed of three successive subnetworks:
feature extraction subnetwork, feature fusion subnetwork, and
detail reconstruction subnetwork (see Fig. 2).

1) Feature Extraction Subnetwork: Our HSpeNetl has a
two-stream feature extraction subnetwork. As mentioned be-
fore, there are significant differences between the HS and the
PAN images in terms of spatial and spectral characteristics.
HS pixels contain abundant spectral information but they are
with lower spatial resolution, whereas PAN pixels are normally
characterized by high spatial resolution but limited spectral
information. Intuitively, we should cope with the two different
image sources by adopting different strategies when extracting
features from them. Here, we adopt a two-stream strategy for
feature extraction, where one stream deals with the PAN image
and the other works with the HS image, as shown in Fig. 2.

1) In the stream for the PAN image, a skip connection with
subtraction operation, along with 3 x 3 convolutional ker-
nels, is applied. Detail injection is one of fundamental prin-
ciples for pansharpening, where spatial details are often
obtained by the subtraction of low-frequency components
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from the original image. Our new subtraction-involved
skip connection can fulfill such a low-pass filtering in
end-to-end learning fashion, thus producing reliable spa-
tial details.

2) In the stream for the HS image, only 1 x 1 convolutional
kernels are utilized on the raw images to generate pixel-
wise features across different bands. Without the consid-
eration of adjacent pixels, kernels are inclined to extract
the inherent spectral characteristics of HS images.

Both the PAN stream and the HS stream can be regarded as
spectral prediction (by band transform) operations; the former
aims at spectral band generation and the latter performs spectral
band redundancy reduction. After feature extractions in the PAN
stream and HS stream, their features are concatenated along the
spectral dimension and then are input to the succeeding feature
fusion subnetwork.

2) Feature Fusion Subnetwork: The feature fusion subnet-
work of HSpeNetl comprises four convolution layers (as can be
seen in Fig. 2). Two streams of features from the feature extrac-
tion subnetwork are concatenated along spectral dimension and
then as the input of this subnetwork. The convolution operation
following the concatenation plays the role of weighted sum of
the PAN and the HS sources. This process can be formulated
with the convolutional output of the layer Conv3

O3 = W3 x f(O2) + bs
= W3 f([O21,092]) + bs
=Wy * f(O21) + Wag * f(O22) + by 3)

where O3; and O9; denotes, respectively, the convolutional out-
puts of the layers Conv2_1 and Conv2_2, [Oa;, O22] represents
concatenating two feature cubes along the spectral dimension,
and W3, and W s are the weights connected to the two cubes.
Different from directly pixelwise addition, concatenation fuses
the input features with different weights, which is learned by
the CNN automatically. After that in the layer Conv3, the fusion
is further performed layerwise in the subsequent three layers,
which can be mathematically represented as

Og = We x (W5 * f(Wy* f(O3) + ba) + bs) + be.
“)
3) Detail Reconstruction Subnetwork: The third subnetwork
of HSpeNetl1 is the detail reconstruction subnetwork, as shown in
Fig. 2. Three embedded skip connections are layerwise summed
up therein, which is to recover the HS details progressively to
relief the burden of reconstructing details at one time. In the final
convolutional layer of the subnetwork, Conv8, no activation is
involved, and HS details are output as

Og = Wg x (W7 f(Og + O21) + b7 + O11) + bg. (5)
Then, the HRHS image is yielded from the summation of Conv8
output Og and the interpolated LRHS image delivered by the
outermost skip. The associated MSE loss is

01(8) = B||M (P, H;6) + H - Ho |7
N,
-7, LS (B, HO:0) + BO - B,OE ©

=1

5901

where i is the index of patches and N, is the number of patches.
Actually, if defining the HS details to recover as D = H, —

H, (6) is then to be ¢, (8) = E||M (P, H;8) — D|2.. Therefore,
by minimizing the loss (6) with a pansharpening training, HS
details are learned by the network, which determines the CNN
parameter set 6 and thus the estimation of HS details. Then, 6 can
be transferred to the high-resolution scale under the postulate of
the CNN model invariance, as guided in the aforementioned HS
pansharpening framework shown in Fig. 2. It means that, if the
observed data P, and H, are given and the mapping M () is
obtained, the HRHS image can be reconstructed by

H=H,+ M(P, H,0). (7

For convenience, we use D to represent the CNN learned details
instead of M (P, H; ) hereinafter, and then, the loss ¢1(8) can
be rewritten as

£1(9)

Regarding the other two inner skip connections, they collabo-
ratively learn certain kinds of details while helping to reduce the
degradation of the network during the back-forward propaga-
tions [37], [38]. At this point, it is important to emphasize that
1 x 1 convolutional kernels are used in the progressive detail
reconstruction to strengthen the spectral prediction capability.

4) Spectral-Fidelity Loss: MSE losses prevail in the design
of CNN-based pansharpening methods. The MSE loss in (6)
can (to some degree) measure the deviation of the pansharpened
HS from the reference MS. However, as mentioned previously,
HS pansharpening needs to strengthen the spectral prediction
capability, and such an MSE alone may not be sufficient as a
criterion to guide the CNN learning to relieve spectral distortion.
In the field of HS image processing, the cosine similarity metric
is often used as the spectral angle metric (SAM) to measure
the similarity between HS pixels, which has been successful
applied in many tasks such as unmixing (as exemplified in the
following [39]-[41]). If the similarity is adopted between the
ground-truth HS image and the panshapened HS image, it can
directly reflect spectral distortion existing in the panshapened
HS image. Thus, we introduce the cosine similarity metric to
work collaboratively with MSE to form a spectral-fidelity loss.
The cosine similarity metric is of the form

HW
=F Z(l — cos ;)
i=1

HW
_x {1

=1

== HD QI

where H and W stand for the height and the width of the HS
image, respectively; H), and IV, denote the height and the width
of a training patch, respectively; i and j are the indexes of pixels
andA patches, respectively; D;, H;, and H,; denote the ¢th pixel
of D, H, and H,, respectively; and «; € (—, 7| represents the

= E|D+H - H,|%. )

D; + H;,)TH,, }
1D + HL ||| L |
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angle between (ﬁz + ﬁZ) and H,;. Besides, ]31(;]), ITIEj), and
Hg]z) stand for the ¢th pixel of the jth patch of ]3, ﬁ and H,.
The loss ¢2(6) can measure the cosine similarity between two
pixels from different HS images. The more similar they are, the
lower the absolute value of « is.

Leveraging the loss ¢1(8) in (8) and the loss ¢2(8) in (9), the
final loss of our HSpeNetl is constructed as

l3(6) = Al1(0) + (1 — 2)¢2(0)

= AE|D+H-H,|>2%

(1-2 EZ{ } (10)

which tends to be both stable and spectrally predictive, where
A stands for a penalty parameter and weighs the importance
between the loss ¢ (8) the loss ¢5(8).

In brief, the proposed HSpeNet1 mainly utilizes a hierarchical
CNN structure, which can synthesize HS details progressively in
alayerwise fashion and comprises three successive subnetworks,
and a spectral-fidelity loss to ensure the spectral fidelity during
the pansharpening.

(D; + H;)TH,,
|ID; + H | [ H |

C. HSpeNet2

Apart from HSpeNetl, we develop another spectral-fidelity
HS pansharpening CNN, namely, HSpeNet2. This network is
also composed of three major parts: the feature extraction sub-
network, the feature fusion subnetwork, and the reconstruction
subnetwork, as shown in Fig. 3.

The feature extraction subnetwork of HSpeNet2 has a similar
two-stream structure to that of HSpeNetl. As regards its feature
fusion subnetwork, it is different from that of HSpeNet1. While
that of HSpeNetl is flatten (i.e., the output of a convolutional
layer is directly fed to the next layer as its input), that of
HSpeNet2 concatenates the output of a convolutional layer with
its input as the input of the next layer, which can be formulated as

O3 = W3 x f([O21,02]) + bs
=Wsx f(O2) + by
Oy = Wy f([Os3,02]) + by
O; * f([O4,03,02]) + bs

07:W7*f([067057"'a02])+b7' (11)

Graphical illustration of the proposed HSpeNet2 method. Purple line represents global skip connections, while green lines represent local skip connections.

This means that, in the fusion subnetwork, the input of a
convolutional layer, while being delivered to subsequent layers
with local skip connections (as seen in Fig. 3), is collaborated
with the layer’s output to drive the next layer to fulfill fusion.

In the detail reconstruction subnetwork of HSpeNet2, the
layer Conv8 serves as strengthening the spectral prediction to
yield final HS details, which performed with a formulation
similar to (5), and then adding the details to the LRHS image to
generate the expected HRHS image. The detail reconstruction
subnetwork explicitly contains only one convolutional layer with
1 x 1 kernels and only one skip connection to perform detail
reconstruction. However, before the layer Conv8, details have
been band groupwise reconstructed to some degree. This is
because, in the fusion subnetwork, inputs of convolution layers
are concatenated and delivered to the top layer Conv8, each
of which is connected to the detail reconstruction on a group
of spectral bands. In fact, the final HS details are synthesized
with the collaboration of the fusion subnetwork and the detail
reconstruction subnetwork. Similar to HSpeNet1, HSpeNet2 is a
spectral-fidelity network, which comprises three successive sub-
networks and is able to synthesize HS details progressively layer
by layer. In addition, it can be connected to a spectral-fidelity
loss.

To sum up, both HSpeNet1 and HSpeNet2 assume the decom-
posability of HS details and accordingly synthesize those details
progressively, but they work in different manners. HSpeNetl
reconstructs HS details from bottom level to top level, whereas
HSpeNet2 synthesizes those details in a manner of band group-
wise reconstruction.

D. Theoretical Justification

Pansharpening CNNs can be seen as a kind of nonconvex
optimization problem, which is usually dealt with by the it-
erative gradient descent method (where the initialization and
the gradient are crucial for the final solution). Lower initial
loss of a CNN implies that the initialization of the CNN tends
to be closer to the optimal solution, while higher gradients
tend to reduce gradient decay so as to help update the CNN
parameters during backpropagation [42], [43], both of which
are beneficial to getting better gradient descent solution. In the
following, we justify our proposed HSpeNets theoretically from
such perspectives of the initial loss and the gradient.

Proposition 1: Under the loss in (10), the global skip connec-
tions in HSpeNetl and HSpeNet2 (shown with the purple lines
in Figs. 2 and 3) are able to achieve lower initial losses.
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Proof: Let consider HSpeNetl first. As shown in (10), the
loss £3(6) is composed of two losses £1(f) and ¢5(0). Here,
¢1(@) and ¢5(@) are considered separately. When the global skip
connection is available, according to (8), we have

0(6) = E(D + H - H,||3)
= E{Trace(DDT)} + 2E{Trace(DHT)}
— 2E{Trace(DH?)} + E{Trace(HHT)}
— 2B{Trace(HH?)} + E{Trace(H,H”)}
— Trace{ E(DD")} + Trace{ E(HH")}
— 2Trace{ E(HHT)} + Trace{ EH,HY)} (12)

where the initializations ~E{Trace(DHT)} =0 and
E{Trace(f)HoT)} =0 are utilized, which are reasonable
under the postulate that the CNN weight metric W; and bias
metric b; are independent and initially follow a zero-mean
distribution [30]. If the skip connection is removed, ¢1() is
degenerated to

4(0) = B(|[H - H,|3)
= F{Trace(HH”) — 2Trace(HHT)
+ Trace(H,HZ)}
— Trace{ E(HH")} + Trace{ E(H,HI)}.  (13)
Then, we have
1(8) — ¢1(6)
= Trace{ E(DD")} + Trace{ E(HHT)}
— 2Trace{ E(HHY)} — Trace{ E(HHT)}}
= Trace{ E(HHT)} — 2Trace{ E(H(H? — H” + H"))}
H] —H"))}
(14)

= —Trace{ E(HH")} — 2Trace{ E(H(
= —Trace{E(ﬁ(ﬁ + Qf))T)}

Considering the term Trace{ E(H(H + 2D)7)}, we obtain

Trace{ E((H + 2D)H”)}
= Trace{ E((H + D)(H + D)T)} — Trace{ E(DD”)}.
(15)

It is well known that the energy of details in an image generally
comprises a very small fraction of the total energy, i.e.,

|H[|% > | D% (16)

That is, for most of the entries of H and D, there is |hij| >

|d;;|, where h;; and dlj are entries of H and D respectively.
Therefore, (hi; + d;;)? > d7;. Consequently, we have
Trace{(H + 2D)H”} > 0. (17)

Therefore, each pair of connected entries of H + 2D and H tend
to have the same sign (both positive or negative). According to
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Fig. 4. PDs of spectral-fidelity losses for (a) the case with the global skip
connection and (b) the case without the skip connection.

(15) and (17), we can obtain
0,(6) — ¢,(8) < 0. (18)

That is
0,(6) < ¢,(6). (19)

Now, let us turn around to the loss ¢2(@) in (10). When the
global skip connection is available, we have

D, + H,)"H,,;
gzi(O):E{l— (A o ) }
D + Ha || Ho|
EE (D, + H,) ~ Hy
27 | ID; + Hy| [l
for the ith pixel, where (-)[") denotes the normalization of a

vector. If there is no global skip connection available, the loss
for the ith pixel is

0,.() :E{l -
1 £xin] [n]
p{E" - a1}

For convenience, let s = ||(]3 + ﬁi)[”] —

SE{I(D: + H" 0)

(H,)TH,,; }
|[HL || HL |

2D

H"|| and s =

B — H"||. Then, we have
1 1 [?
£ai6) = 3E(5) = 5 | spls)ds @)
2 2 /s
and
!/ 1 ! 1 2 ! ! !
2(0) = sE(s) =5 [ sp(s)ds’. (23)
2 2 Jo

As H is an LRMS variant of H,, while Hand D are rar}vdom-
ized by the (randomly initialized) CNN kernel, (D; + H;) is
significantly more correlated with H than IAL, which implies
that (D; + H;)™ tends to be distributed closer to H([;L] than
ITIEH] does. This means that the angle between (D; + H;)
and H([;L] is more closely distributed around zero than the angle
between ITIETL] and H[Of] [as shown in the upper part of Fig. 4(a)

and (b)], causing ||(f)l + ﬁi)[”] — HEZ]H (i.e., s) to have a
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probability density (PD) closer to zero than |[H!™ — H" || di.e.,
s') [as shown in the lower part of Fig. 4(a) and (b)]. Therefore,
according to (22) and (23), we can obtain

l2;(0) < £4,(0) (24)

and accordingly

(2(0) < £5(0). (25)

Combining (19) with (25), we obtain {¢1(0) + (2(0)} <
{€1(0) + ¢5(0)}. That is

00) < £'(0).

The inequality in (26) means that the global skip connection
introduced by our HSpeNetl can lead to a lower loss in the
initial step of its propagation process, which implies that the
network tends to achieve better convergence. The justification
of HSpeNet2 can be built in a similar way. |

Proposition 2: The local skip connections in HSpeNetl and
HSpeNet2 (shown with green lines in Figs. 2 and 3) are able to
reduce the gradient decay of their bottom layers.

Proof: Consider HSpeNet2 first. The skip connections in
HSpeNet2 end in the form of a concatenation, rather than an el-
ementwise summation. According to the structure of HSpeNet2
(see Fig. 3), we have

O3 = W3 f([O21, O22]) + bs
O4 =Wy * f([O3,021,02]) + by
O5 = W5 x f([Oy4, 03,031, 02)]) + bs

(26)

O3 = Wg * f([07, Og, ..., 091, 022]) + bsg.

Consider the layer ConvS5. Its output Oy contains the output of
Conv4 Oy and its input [O3, Og1, O22]. Therefore, Oy and
Oy; directly work on Oj5. Oj5 indicated in (27) can be rewritten
as

27

Os5 = W51 + f(O4) + Wia * f(O3) + Wiz + f(Oa21)

+ Wiy x f(Og2) + bs. (28)
Considering the gradient of the layer Conv2_1, we have
00()
OWyy
_00(8) 004,
~ 0021 OWoy
_0L(#) 005 009
a 805 8021 8W21
_0(@) (005 004 005 003 005 \ 0091
005 \ 004005 003004 005 ) OWyy
~0L(0) , 004 , 003
= 50, [W51f (04)8021 + W f (03)6021
/ 8021
+Ws3f(O21)] Wy (29)
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As displayed in (29), the gradient of Wy, is composed of 8;—(()?
and 6%321. Moreover, the latter one is aggregated with three
v 1o 005 904 905 9O: 905 . 90:
units, i.e., 55> 6024[1, 50. ao;l’and 50, Herein, 80;1 can be
easily solved and 5?8241 can be computed as
804 o 604 (903 804
9031 003090 00
00
= Wi f/(03) s~ + Wi f (O21).  (30)
009

By combining (29) with (30), we find that the derivative from
Oj5 to Oy consists of four units, corresponding to four paths,
from O2; to Os, respectively. Similarly, when considering the
direct derivative from Og to Osq, there are totally five skip
connections. Thus, O3, is able to convey information to Og
through 2° paths. In other words, the gradient of Qg is summed
by 2° units. This makes the gradient of our network tend to
higher values than the gradient of a network with less skip
connections, which subsequently enables the gradient of O to
be higher. Therefore, the local skip connections in our HSpeNet2
can significantly alleviate the gradient decay of its bottom layers.
Similarly, we can easily have the justification of HSpeNetl. H

III. EXPERIMENTAL RESULTS
A. Experimental Setup

In this section, we test our newly proposed HS pansharpening
method on four datasets. Table I summarizes their properties.

1) The Washington DC Mall dataset was gathered by the Hy-
perspectral Digital Imagery Collection Experiment (HY-
DICE) sensor, which collects data in the spectral range
from 0.4 to 2.4 pm using 210 bands. After discarding the
spectral bands with low signal-to-noise ratio (SNR), 191
bands were retained for subsequent analyses.

2) The Moffett Field dataset was acquired by the Airborne
Visible/Infrared Imaging Spectrometer (AVIRIS) sensor,
which collects data in the spectral range from 0.4 to 2.5 ym
using 224 bands (176 bands were retained after discarding
low SNR bands).

3) The Pavia University dataset was collected by the Reflec-
tive Optics System Imaging sensor (ROSIS) which records
data in the spectral range from 0.4 to 0.9 pm using 115
bands (103 bands were retained).

4) The Halls Creek dataset was collected by the Earth
Observing-1 (EO-1) Hyperion satellite, which gathers data
in the spectral range from 0.4 to 2.5 pm using 242 bands
(171 bands were retained).

For the purpose of comparison, four state-of-the-art HS pan-
sharpening methods were considered in our experiments, includ-
ing SFIM [19], CNMF [22], GFPCA [8], BayeSparse [24], and
HyperPNN [34]. Additionally, we also applied representative
deep learning-based pansharpening methods to the HS case,
including PNN [29] and DRPNN [31].

At this point, it is important to note that quantitative assess-
ment of pansharpening with HS images is a complicated task,
due to a lack of references in reality [4]. In order to evaluate
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TABLE I
PROPERTIES OF THE DATASETS

Datasets Dimensions Spectral Range  Bands Number  Instrument
Washington DC Mall PAPII\IS 1224000><X 6%00 04-2.4 ym 210 HYDICE
Moffett Field PAPII\; 37995;31785 0.4-2.5 pm 224 AVIRIS
Pavia University P?_‘II;I f;g ;< 2;10 0.4-0.9 um 115 ROSIS
Halls Creek Pﬁ‘é\l 131%813;1%697 0.4-2.5 pm 242 EO-1
TABLE II

different approaches versus a common reference, a feasible
strategy is to utilize semisynthetic HS and PAN images. In this
case, a real HS image serves as reference. The HS and PAN
images to be processed are obtained by degrading the references
using Wald’s protocol [44]. Generally, an LRHS image can be
attained by Gaussian blurring and downsampling, while the PAN
image can be simulated by averaging the visible spectral bands
of the reference. In addition, the LRHS image is preinterpolated
to the same spatial size as the PAN image using a polynomial
kernel [45].

Supported by reference images, several quantitative assess-
ments can be conducted to intercompare different pansharpening
methods. In this article, we consider four of the most widely
used metrics, namely: cross-correlation (CC), SAM, root mean
squared error (RMSE), and Erreur Relative Globale Adimen-
sionnelle de Synthése (ERGAS) [4]. CC, as a spatial index,
characterizes the geometric distortion by the average CC for
each single-band image. SAM, as a spectral index, measures the
spectral shape preservation by calculating the angle of each pixel
across different bands. RMSE and ERGAS, as global indexes,
measure the [2 norm between the estimated and reference images
(the latter is composed of a sum of RMSE values).

B. Parameter Setting

As mentioned before, our newly proposed model contains
eight layers in total. The settings are shown in Figs. 2 and 3.
Specifically, B denotes the total number of bands in the HS im-
ages. The adopted activation function, rectified linear unit [46],
is used in each convolutional layer. The weight in loss function
A was set to the same value for all the training procedures:
A = 0.9 (adetailed analysis of the impact of parameter A was also
conducted). Furthermore, the training samples are divided into
11-by-11 patches, with stride 5, and 64 patches are regarded as a
mini-batch for stochastic gradient descent. The training process
terminates at 4000 epochs. The basic learning rate is initially
set to 0.0001, and it is adaptively updated based on Adam’s
optimizer [47]. We employed the Tensorflow framework to train
the proposed HSpeNets on a PC with 16-GB RAM, an Intel core
i5 8400 CPU, and an NVIDIA GeForce GTX 1060 GPU.

C. Simulated Image Experiments

The HYDICE Washington DC Mall, AVIRIS Moffett Field,
and ROSIS Pavia University are all simulated datasets. For
these datasets, the PAN image and the LRHS image are sim-
ulated as mentioned before. The original HS image serves as a

QUALITY METRICS OBTAINED FOR DIFFERENT HS PANSHARPENING METHODS
APPLIED TO THE HYDICE WASHINGTON DC MALL DATASET

CC SAM  RMSE  ERGAS

Ground-truth 1 0 0 0
Interpolation  0.811  7.664  789.893 6.742
SFIM 0916  7.260  576.606 4.785
GFPCA 0.806  9.785  869.484 7.542
CNMF 0.886  8.953  639.456 5.637
BayeSparse 0.930 6.689 475.723 4.390
PNN 0930 5376 396.549 4517
DRPNN 0.944  4.857 388.755 4.006
HyperPNN1 0923  5.247  420.351 5.660
HyperPNN2  0.923 5286 444.015 4.993
HSpeNetl 0953 4.518 374.260 3.667
HSpeNet2 0.945 4.518  384.406 4.029

high-resolution reference, aimed at evaluating the performance
of the fused results.

1) HYDICE Washington DC Mall Dataset: This dataset cov-
ers an urban area in Washington DC Mall. The size of the
degraded HS image is 240 x 60 pixels, and that of the PAN
image is 1200 x 300. We choose a subscene with 200 x 200
pixels for testing and another part of 1200 x 100 pixels for
training.

Table II shows a quantitative assessment of different methods
on the HYDICE Washington DC Mall dataset. The best results
are shown in bold, and the second - best results are underlined.
As shown in Table II, CNN-based methods outperform the
conventional ones. Among them, HSpeNetl exhibits a large
performance gain with respect to all other methods, regardless
of the considered metric, while HSpeNet2 takes the role of the
closest challenger.

In addition to the aforementioned numeric assessments, visual
inspection is also important to identify artifacts and distortions
that the quantitative analysis may fail to reveal. Fig. 5(b)—(1)
presents the HS pansharpening results yielded by different meth-
ods. Among them, the pansharpened images produced by our
HSpeNets look visually very similar to the ground-truth, with
comparable spatial resolution and without noticeable artifacts or
spectral distortions, such as the area depicted in the enlarged box.
GFPCA suffers from strong spatial blurring. SFIM and CNMF
perform slightly better in spatial terms, but still worse in spectral
preservation. BayeSparse, PNN, DRPNN, and HyperPNNs are
characterized by a subtle diffused blurring.

The spectral reflectivity plays an important role in HSI ap-
plications, including classification, object detection, and un-
mixing [4], due to the physical properties of different ground
objects. To further evaluate the spectral preservation capability
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Fig. 5.

HS pansharpening results for the HYDICE Washington DC Mall dataset (displayed in RGB). (a) Ground-truth. (b) Interpolation. (c) SFIM. (d) GFPCA.

(e) CNME. (f) BayeSparse. (g) PNN. (h) DRPNN. (i) HyperPNNI1. (j) HyperPNN2. (k) HSpeNetl. (1) HSpeNet2
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Fig. 6. Difference between the ground-truth spectrum of the pixel with spatial
coordinates (160,48) and the HS pansharpening results in the same pixel for the
HYDICE Washington DC Mall dataset.

of different methods, Fig. 6 shows the spectral difference curves
between the ground-truth spectrum and the HS pansharpening
results in a selected random pixel of the HYDICE Washington
DC Mall dataset. As displayed in Fig. 6(a), our HSpeNets

improves other methods in terms of spectral preservation, with
a spectral difference value closer to zero.

2) AVIRIS Moffett Field Dataset: This dataset covers a mixed
urban/rural area in Moffett Field, California. The size of the
degraded HS image is 79 x 37 pixels, with 100-m resolution,
and the size of the PAN image is 395 x 185 pixels, with 20-m
resolution. We choose a subscene with 150 x 150 pixels for
testing and another part of 245 x 185 pixels for training.

Table III shows the quantitative results obtained for different
methods when applied to the AVIRIS Moffett Field dataset. As
we can see in the table, our HSpeNets outperform all other
methods, while CNN-based methods and BayeSparse are the
closest followers. Relatively, GFPCA lags behind others and
even performs worse than the bicubic-interpolated method.

Fig. 7(b)—(1) presents the HS pansharpening images generated
by various methods for the AVIRIS Moffett Field dataset. Our
HSpeNetl and HSpeNet2 also achieve excellent HS perfor-
mance on this dataset. GFPCA suffers from significant diffused
blurring. SFIM, CNMEF, and BayeSparse are characterized by
some spectral distortions, as the enlarged box reveals. PNN,
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Fig. 7.

HS pansharpening results for the AVIRIS Moffett Field dataset (displayed in RGB). (a) Ground-truth. (b) Interpolation. (c) SFIM. (d) GFPCA. (e) CNMFE.

(f) BayeSparse. (g) PNN. (h) DRPNN. (i) HyperPNNI1. (j) HyperPNN2. (k) HSpeNetl. (1) HSpeNet2.

TABLE III
QUALITY METRICS OBTAINED FOR DIFFERENT HS PANSHARPENING METHODS
APPLIED TO THE AVIRIS MOFFETT FIELD DATASET

CcC SAM  RMSE  ERGAS

Ground-truth 1 0 0 0
Interpolation  0.876  6.069  420.754 4.819
SFIM 0948 5777  288.334 3.174
GFPCA 0.849  7.967  487.498 5.494
CNMF 0919 7.401 364.119 3914
BayeSparse 0952 5.748  285.425 2.978
PNN 0952 6485 275459 3.094
DRPNN 0953 5.810 284.734 3.010
HyperPNN1 0952 6.446  279.061 3.085
HyperPNN2 0953 6.423 275.822 3.160
HSpeNetl 0.955 5441 271.826 2.893
HSpeNet2 0957 5.630 263.517 2.876

DRPNN, and HyperPNNs perform well in terms of spatial
enhancement, but poorly in terms of spectral preservation. To
validate the effectiveness of spectral preservation after HS pan-
sharpening, Fig. 8 shows the spectral difference curves between

1500 T T T T T T T

—SFIM
—GFPCA
CNMF
1000 {{—BayeSparse
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- DRPNN
|—HyperPNN1
— HyperPNN2
500 [{---HSpeNet1
HSpeNet2
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Band Number

Fig. 8. Difference between the ground-truth spectrum of the pixel with spatial
coordinates (83,75) and the HS pansharpening results in the same pixel for the
AVIRIS Moffett Field dataset.

the ground-truth spectrum and the HS pansharpening results in
a selected random pixel of the AVIRIS Moffett Field dataset. As
we can see, our HSpeNets are equipped with stronger spectral
preservation ability than other methods.
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Fig. 9.

HS pansharpening results for the ROSIS Pavia University dataset (displayed in RGB). (a) Ground-truth. (b) Interpolation. (¢) SFIM. (d) GFPCA. (e)

CNMF. (f) BayeSparse. (g) PNN. (h) DRPNN. (i) HyperPNNI. (j) HyperPNN2. (k) HSpeNetl. (1) HSpeNet2.

TABLE IV
QUALITY METRICS OBTAINED FOR DIFFERENT HS PANSHARPENING METHODS
APPLIED TO THE ROSIS PAVIA UNIVERSITY DATASET

CcC SAM RMSE ERGAS

Ground-truth 1 0 0 0
Interpolation  0.825  7.262  469.247 7.123
SFIM 0902  6.620  375.320 4.812
GFPCA 0.752 9.462  568.794 7.880
CNMF 0.820 8.470  494.840 5.806
BayeSparse 0.895 7.350 419.122 4.700
PNN 0.950 6.341  273.002 3.166
DRPNN 0.967 4514  233.502 2.589
HyperPNN1 0968 4.612 216.056 2.609
HyperPNN2  0.968 4.521  214.049 2.580
HSpeNetl 0.970 4.196  207.949 2.525
HSpeNet2 0.971 4.116  203.693 2.433

3) ROSIS Pavia University Dataset: This dataset covers an
urban area in Pavia, northern Italy. The size of the degraded
HS image is 122 x 68 pixels, and the size of the PAN image is

610 x 340 pixels. We choose a subscene with 200 x 200 pixels
for testing and another part of 610 x 140 pixels for training.

A quantitative comparison for different methods with the
ROSIS Pavia University dataset is displayed in Table IV. Our
HSpeNets obtain the best performance with these scene for
all considered metrics. GFPCA and CNMF lag behind other
methods, while SFIM and BayeSparse achieve relatively better
performance among traditional methods.

Fig. 9(b)-(1) shows the pansharpened HS images by various
methods for the ROSIS Pavia University dataset. The HS images
given by HSpeNets are the most similar to the ground truth, both
in terms of spatial detail and spectral fidelity. SFIM performs
well in terms of spectral preservation, but poorly in terms of
spatial restoration. Both CNMF and GFPCA suffer from dif-
fused blurring. BayeSparse incurs in subtle spectral distortion,
as shown in the area in the first enlarged box. PNN, DRPNN,
and HyperPNNs provide images with relatively high quality, but
still suffer from some spectral distortion, such as the edge of the
structure in the enlarged box.
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Fig.10.  Difference between the ground-truth spectrum of the pixel with spatial
coordinates (102,116) and the HS pansharpening results in the same pixel for
the ROSIS Pavia University dataset.

To further evaluate the spectral preservation capability of dif-
ferent methods, Fig. 10 shows the spectral difference curves of a
random pixel in the ROSIS Pavia University dataset. Apparently,
our HSpeNets provide lower spectral differences, especially for
the second half of the spectral range.

In conclusion, HSpeNetl and HSpeNet2 achieve inconsis-
tent performance on the above datasets, which can be mainly
attributed to the scene characteristics and the network archi-
tectures. For the Washington DC Mall dataset, there are large
amount of spatial details in the testing scene, e.g., dots and lines.
Bottom layers in a deep CNN, e.g., the first or the second layer,
are sensitive to such simple features, while our HSpeNet! does
pass bottom-layer features directly to top layers with summation
mode (as shown in Fig. 2). Therefore, our HSpeNetl1 is able to
well mine features for the Washington DC Mall dataset; thus,
it yields excellent performance on this dataset. For Moffett
Field and Pavia University datasets, homogeneous areas are
dominant in the testing scene. Within each area, spectra diversity
is relatively low, i.e., spectra of pixels are relatively similar.
Our HSpeNet2 delivers the input of a convolutional layer to
subsequent layers with local skip connections (as seen in Fig. 3),
aiming at driving the next layer to fulfill fusion. As a result,
various receptive fields are aggregated to generate the final
output, which are beneficial to the extraction of area feature.
Thus, our HSpeNet2 is able to achieve better performance on
Moffett Field and Pavia University datasets.

D. Real Image Experiments

The Hyperion Halls Creek dataset is utilized to evaluate the
performance of the proposed method in a real case study. In this
case, the spatial resolution of the PAN image is 10 m, and that
of the HS image is 30 m. Two kinds of experiments are carried
out on the Hyperion Halls Creek dataset: reduced-resolution
experiment and full-resolution experiment.

In the reduced-resolution experiment, the HS and PAN images
are downsampled simultaneously and then fused to yield HRHS
images. Similar to the simulated-data experiment, the original
HS images serve as reference images to evaluate the performance
of different methods. The dimension of the test PAN image is
120 x 120 pixels, and the size of the experimental HS image is
40 x 40 pixels.
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TABLE V
QUALITY METRICS OBTAINED FOR DIFFERENT HS PANSHARPENING METHODS
APPLIED TO THE HYPERION HALLS CREEK DATASET

CC SAM RMSE  ERGAS

Ground-truth 1 0 0 0
Interpolation  0.884  1.585 93.427 2.744
SFIM 0.827 1932 118.202 5.588
GFPCA 0.821 2.274  124.551 3.426
CNMF 0.842 1.875 103.742 3.156
BayeSparse 0.790 2.266  128.792 3.665
PNN 0.864 3.188  125.878 5.533
DRPNN 0.889  2.005 92.899 3.583
HyperPNN1 ~ 0.894  2.099 93.911 3.162
HyperPNN2  0.894  2.084 90.471 3.522
HSpeNetl 0914 1.571 86.154 2.449
HSpeNet2 0919 1.794 84.826 2.733

As listed in Table V, our HSpeNets achieve the best perfor-
mance with respect to the four quality metrics in the reduced-
resolution Hyperion Halls Creek dataset experiment. The visual
appearance of the images obtained in this experiment is shown
in Fig. 11. Although the pansharpened HS image obtained by
interpolation obtains a relatively high score in quality metrics, a
visual assessment of the result reveals severe spatial blurring.
Moreover, PNN suffers from significant spectral distortion.
BayeSparse, DRPNN, and HyperPNNs exhibit similar ability
to preserve spatial details according to visual appearance, but
their overall image spatial quality is not as good as that of
our HSpeNets. To further analyze spectral distortion, spectral
difference curves are drawn in Fig. 12 for a randomly selected
pixel in the Hyperion Halls Creek image. Overall, HSpeNets
exhibit excellent spectral preservation ability.

In the full-resolution experiment, the original HS and PAN
images serve as the inputs to yield a real HRHS image. In this
experiment, there is no reference image, so visual inspection is
the only way to evaluate different methods. The pansharpened
HS images generated by the considered methods are shown
in Fig. 13. Interpolation and GFPCA are both dominated by
significant spatial blurring. SFIM and BayeSparse suffer from
ringing artifacts. PNN also suffers from spectral distortion, as
in the reduced-resolution experiment. Generally, our HSpeNets
perform better than other methods in this experiment also.

To provide a more comprehensive evaluation and comparison,
runtimes for all the CNN-based methods in comparison are listed
in Table VI. It is indicated that our HSpeNetl and HSpeNet2 are
relatively low time-consuming.

E. Further Discussions

1) Penalty Parameter A: As described in Section 1I-B4, X
balances the importance between MSE loss and cosine simi-
larity. The former measures the absolute error in pixel-by-pixel
fashion, while the latter measures the spectral similarity of each
pixel. Different values of X result in totally different results. To
further explore the influence of X in the results of our HSpeNets,
Fig. 14 shows the obtained quantitative metrics (with different
values of A) on the AVIRIS Moffett Field dataset.

Fig. 14 reveals that CC, RMSE, and ERGAS increase with
A, which means that the CNN focuses on reducing MSE loss
during the optimization process. These metrics are based on a
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Fig. 11.

HS pansharpening results for the reduced-resolution Hyperion Halls Creek dataset (displayed in RGB). (a) Ground-truth. (b) Interpolation. (c) SFIM.

(d) GFPCA. (e) CNMF. (f) BayeSparse. (g) PNN. (h) DRPNN. (i) HyperPNNI1. (j) HyperPNN2. (k) HSpeNet1. (1) HSpeNet.
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Fig.12.  Difference between the ground-truth spectrum of the pixel with spatial
coordinates (73,107) and the HS pansharpening results in the same pixel for the
Hyperion Halls Creek dataset.

criterion that measures differences by considering each single
pixel separately. In this case, MSE is the optimal choice for the
loss function. Additionally, with the decrease of 2 SAM also
tends to decrease, which can be explained by the fact that SAM

TABLE VI
AVERAGE RUNTIME ON DIFFERENT DATASETS

Method Training Time  Testing Time(s)
PNN 10h 38min 0.075
DRPNN 6h 40min 0.066
HyperPNN1 5h 43min 0.054
HyperPNN2 5h 43min 0.054
HSpeNetl 6h 20min 0.055
HSpeNet2 6h 35min 0.056

and cosine similarity both evaluate the spectral similarity in
pixel-by-pixel fashion. To balance the performance for different
criteria, we set A = 0.9 in our experiments.

2) PAN Subtraction: To evaluate the advantage of concate-
nating the difference between PAN and its stream output, in this
experiment, we evaluate the performance of our HSpeNets with
and without such concatenation in the AVIRIS Moffett Field
dataset. Here, without difference means that the PAN stream
output is directly concatenated with the output from the HS.
The obtained results are displayed in Table VII.
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Fig. 13.

HS pansharpening results for the full-resolution Hyperion Halls Creek dataset (displayed in RGB). (a) PAN. (b) Interpolation. (c) SFIM. (d) GFPCA.

(e) CNMEF. (f) BayeSparse. (g) PNN. (h) DRPNN. (i) HyperPNNI. (j) HyperPNN2. (k) HSpeNetl. (1) HSpeNet2.
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TABLE VII
QUALITY METRICS OBTAINED BY HSPENET WITH AND WITHOUT
CONCATENATING THE DIFFERENCE BETWEEN PAN AND ITS STREAM
OUTPUT IN THE AVIRIS MOFFETT FIELD DATASET

CC SAM  RMSE  ERGAS
HSpeNetl Witl.lout 0951 5.522 282311 3.000
With 0.955 5.441 271.826 2.893
HSpeNet2 Without 0952 5.666 278.696 3.034
With 0.957 5.630 263.517 2.876

As we can see in Table VII, our proposed HSpeNets (with
concatenation of the difference between PAN and its stream
output) achieve much better performances than without such
concatenation. Specifically, the improvement in terms of global

——HSpeNet1

0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
A A

(© (d

(a)—(d) HS pansharpening results obtained with different values of 2 for the AVIRIS Moffett Field dataset.

indexes, i.e., RMSE and ERGAS, is much more significant. In
other words, concatenating with PAN details tends to boost the
performance of HS pansharpening.

To further explore the impact of concatenating or not the
difference with PAN and its stream output, we visualize the
feature maps obtained by HSpeNetl with and without such
concatenation in the AVIRIS Moffett Field dataset (see Fig. 15).
With the concatenation, the obtained feature maps are more
likely to reveal the structure of the PAN image, such as the first,
second, fourth, and sixth feature maps displayed in Fig. 15(a).
Without the concatenation, the obtained feature maps exhibit
significant blurring, such as the first, second, fifth, and eleventh
feature maps displayed in Fig. 15(b). In contrast, compared with
the feature maps in Fig. 7(a), it is easy to see that most of the
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(@)

Fig. 15.
Field dataset.

feature maps in Fig. 15(b) suffer from spectral distortion, for
instance in the top leftmost area. We can, therefore, conclude
that the concatenation of the difference with PAN and its stream
output in our proposed method yields significant enhancements,
both in spatial and spectral terms.

IV. CONCLUSION

In this work, we have focused on CNNs specifically for
HS pansharpening and hence designed two HSpeNets, i.e.,
HSpeNetl and HSpeNet2. HS pansharpening is faced with
two special challenges: 1) wide spectral range gap between an
HS images and the connected PAN images and 2) having to
recover spatial details in many continuous spectral bands. To
deal with the situation and make the pansharpened HS image
well consistent with the true spectra, a pansharpening CNN
could utilize the decomposability of HS details and accordingly
synthesize these details progressively to relief the difficulty to
reconstruct a full-resolution HS image in one step; meanwhile,
a spectral-fidelity loss could be employed to further strengthen
the spectral synthesis. Essentially, our HSpeNets are designed
by strictly following the above intuitions, rather than directly
inspired by existing CNN structures used in other research fields
like computer vision, which may be an often adopted trick to
build CNNs for HS image processing. Thus, our HSpeNets are
innovative. Although not very complicated, such two pansharp-
ening networks can achieve excellent performance and have
clear theoretical interpretations.
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