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Abstract—Deep learning-based hyperspectral image
super-resolution (SR) methods have achieved great suc-
cess recently. However, most methods utilize 2D or 3D
convolution to explore features, and rarely combine the
two types of convolution to design networks. Moreover,
when the model only contains 3D convolution, almost all
the methods take all the bands of hyperspectral image as
input to analyze, which requires more memory footprint.
To address these issues, we explore a new structure for
hyperspectral image super-resolution using spectrum and
feature context (SFCSR). Inspired by the high similarity
among adjacent bands, we design a dual-channel network
through 2D and 3D convolution to jointly exploit the infor-
mation from both single band and adjacent bands, which
is different from previous works. Under the connection of
depth split (DS), it can effectively share spatial information
so as to improve the learning ability of 2D spatial domain.
Besides, our method introduces the features extracted from
previous band, which contributes to the complementarity of
information and simplifies the network structure. Through
feature context fusion (FCF), it significantly enhances the
performance of the algorithm. Extensive evaluations and
comparisons on three public datasets demonstrate that
our approach produces the state-of-the-art results over the
existing approaches.

Index Terms—Hyperspectral image, super-resolution
(SR), context information, depth split (DS), dual-channel
fusion

I. INTRODUCTION

HYPERSPECTAL imaging system collects surface in-
formation from tens, hundreds or even thousands of

continuous bands to obtain hyperspectral image. It can provide
rich spatial and spectral information about objects, and reflect
the subtle spectral characteristics of the measured objects in
detail, greatly improving the ability of detection, recognition
and other tasks. Therefore, it is widely used in some industrial
fields, such as welding defect detection in aerospace and
shipbuilding [1], optical gas imaging [2], mineral exploration
via remote sensing satellite [3], etc.

In hyperspectral imaging system, spatial and spectral reso-
lution are two important indices to measure image quality [4].
Spatial resolution means that the sensor can distinguish the
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Fig. 1. The similarity for current band (band index 10) with other bands
for image balloons on CAVE dataset.

minimum target size. It reflects the level of detail of the spatial
information of the image. With respect to spectral resolution,
it refers to the resolution of the spectral detail information of
the ground object in the image. Hyperspectral image usually
improve the spectral resolution of the image at the cost
of reducing the spatial resolution, i.e., dividing more bands
within the spectral range of the image. Due to the electronic
hardware of hyperspectral imaging system, it results in that
the spatial resolution of the hyperspectral image is lower than
that of the natural or multispectral image [5]. In practice, the
possible objects are usually detected by specific spectrum, and
then further accurate analysis is made by spatial information.
However, the spatial resolution has become the main con-
straint of hyperspectral image in some situations, where high
accuracy is required. Under the limitation of the production
process of hyperspectral imaging equipment, researchers [6]–
[10] use signal processing technology to improve the spatial
resolution of hyperspectral image, i.e., hyperspectral image
super-resolution (SR). It can get better image content so as to
obtain more accurate results in subsequent interpretation and
application.

Due to the powerful representation ability of convolution
neural networks (CNNs), deep learning-based methods provide
great success in some tasks [11], [12]. Recently, the SR
using it to deal with natural image has been widely studied
[13]–[16]. Typical networks contain SRCNN [15], SRGAN
[17], etc. Those methods provide an important reference for
the research of hyperspectral image SR. For hyperspectral
image SR, previous works adopt either 3D or 2D convolu-
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tion to explore the features. When the model only contains
2D convolution [18], [19], it is helpful to explore spatial
information, but it ignores spectral knowledge, which leads
to poor reconstruction performance. As for the networks
using 3D convolution [20], [21], it is based on the fact that
the spectral information can improve the spatial resolution
of hyperspectral image. Compared with the networks with
2D convolution, these algorithms significantly improve the
performance. However, there are some limitations of these
networks [18]–[21]. Those models often take all the bands
of hyperspectral image as input to analyze. Obviously, these
bands are processed synchronously, which requires more GPU
memory footprint, making it impossible for the network to
design deeper under limited hardware conditions. Importantly,
it ignores a key problem that high similarity exits among
adjacent bands [22], [23], which is shown in Fig. 1. From
this perspective, it is not necessary to analyze all the bands
for hyperspectral image SR task. With respect to the methods
containing 2D or 3D convolution, most of them utilize one
type of convolution to explore features, and rarely combine
the two to design networks.

As we just mentioned, the adjacent bands have high corre-
lation. If the designed network can effectively utilize adjacent
bands when reconstructing single band, it is more beneficial
to the complementarity of information. Besides, most methods
rarely combine these two types of convolution to design
networks. Motivated by these, in our paper, we propose a
new structure for hyperspectral image SR via spectrum and
feature context (SFCSR). Different from previous works, our
method employs dual-channel CNNs to extract the information
from single band and adjacent bands, respectively, which is
based on the spectrum context. Additionally, the local fusion is
implemented to retain informative features learned from both
channels. After achieving the previous band reconstruction,
some features are transferred to the reconstruction task of the
current band (feature context). Experiments on public datasets
demonstrate that the proposed SFCSR outperforms the state-
of-the-art methods across all datasets and scale factors. In
summary, our main contributions are follows:

1) A novel approach to input the network is developed.
Different from previous works, we apply the current band
and its two adjacent bands to perform single band SR.
Through the way of recurrent, the reconstruction of the
hyperspectral image is achieved.

2) The dual-channel network contained 2D CNN and 3D
CNN is designed to jointly exploit the information of
single band and adjacent bands by depth split (DS).
Compared with the single 3D CNN, it can effectively
share spatial information so as to enhance the learning
ability of 2D spatial domain.

3) The features that have been extracted from the previous
band SR task are fed into the network of current band. It
not only facilitates the complementarity of information,
but also simplifies the network structure so that there is
no need to design more branches.

The remainder of this paper is organized as follows: Section
II describes existing hyperspectral image SR with CNNs.

Section III introduces our proposed SFCSR in details. Then,
experiments on several datasets are performed to evaluate our
method in Section IV. Finally, Section V gives the conclusion.

II. RELATED WORK

A. CNNs Using 2D Convolution
Recently, the development of deep learning has brought

a new opportunity for the research of SR reconstruction,
its performance is significantly better than the traditional
methods. According to the characteristics of hyperspectral
image, the scholars use the SR methods of natural image
[24] for reference to design the model by 2D convolution
[25]–[27]. For example, Li et al. [28] propose grouped deep
recursive residual network (GDRRN). He et al. [29] pro-
pose a hypersepctral image SR method inspired by the deep
Laplacian pyramid network [30]. Those designed networks
cannot effectively utilize the information of spectral dimen-
sion, thus obtaining poor performance. Unlike natural image
SR, hyperspectral image SR should avoid spectral distortion
when reconstructing. Considering this issue, Li et al. [19]
design a deep spectral difference convolutional neural network
(SDCNN). After the hyperspectral image is reconstructed, the
post-processing is adopted to avoid spectral distortion. Yuan
et al. [18] use the knowledge in natural image to recon-
struct hyperspectral image through transfer learning. Similarly,
the spectral distortion is alleviated by the post-processing,
i.e., collaborative nonnegative matrix factorization. This type
of methods described above mainly contain two steps. It
can be noticed that the spatial resolution of hyperspectral
image may be changed in second step, while maintaining
the spectral information. Later, Jiang et al. [27] propose a
group convolution and progressive upsampling framework for
hyperspectral image SR. The algorithm achieves the promising
results. Nevertheless, due to the progressive architecture of
the network, i.e., two-step upsampling, the model is unable to
display smaller scale factors, such as ×2 and ×3.

B. CNNs Using 3D Convolution
Hyperspectral image not only has spatial information, but

also contains abundant spectral information. For hyperspectral
image SR, 2D convolution cannot effectively extract spectral
information. To make use of the rich information of spectrum,
there are many literatures on the hyperspectral image SR using
3D convolution [21], [31]–[33].

Mei et al. [21] first adopt 3D convolution to extract the
spatial and spectral features simultaneously. Although the ap-
proach attains better performance compared with the network
using 2D convolution, all convolutions are not padded during
reconstruction. It leads to that the actual output of the network
is smaller than the input. Yang et al. [33] design multi-scale
wavelet 3D convolution neural network to achieve SR task.
However, the model requires image data pre-processing and
post-processing. Inspired by generative adversarial networks
(GAN) [17], [34], the researchers develop hyperspectral image
SR using GAN. For example, Li et al. [35] design 3D-GAN
to conduct SR by regular 3D convolution. Generally speak-
ing, GAN-based models are not easy to train. Additionally,
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Fig. 2. Overall architecture of our proposed SFCSR. First, the single
band is fed into 2D CNN to exploit the spatial information. The ad-
jacent bands are input to 3D CNN to extract the spatial and spectral
features simultaneously. Under depth split (DS), the network adaptively
preserves the valid information learned from both channels with the
help of dual-channel feature fusion (DFF). Then, the features learned
in previous band are transferred to the reconstruction of the current
band. Through feature context fusion (FCF), a single estimated band
is obtained. After many such steps, we finally obtain the reconstructed
hyperspectral image.

compared with network using 2D convolution, the number
of parameters in this network increase significantly, which
makes it impossible for the network to be designed deeper.
Jiang et al. [36] propose 2D-1D GAN architecture that consists
of two parts: spatial and spectral sub-network. The approach
effectively reduces the number of parameter, but it cannot
explore spectral and spatial information simultaneously. Later,
Li et al. [20], [37] propose dual 1D-2D spatial-spectral CNN.
The model uses 1D and 2D convolution to study the spatial
and spectral features, respectively, and fuses them by changing
the size of the feature maps. Similarly, Wang et al. [32]
employ spatial and temporal separable 3D convolution to an-
alyze spatial and spectral features. However, when extracting
spectral information, it lacks the exploration of more spatial
information. Considering this problem, Li et al. [9] propose
mixed 2D/3D convolutional network for hyperspectral image
SR. This model shares spatial information for 2D/3D feature
maps so that the network can obtain more spatial exploration.
The approach obtains the best performance compared with the
existing works.

As we mentioned earlier, the main purpose of using spectral
dimension information is to improve the performance about
spatial SR. Moreover, as is displayed in Fig. 1, the current
band is only closely correlated with adjacent bands. However,
all the above methods take all the bands of hyperspectral image
as input to analyze. From this point of view, it is not necessary
to analyze all the bands synchronously. Thus, in our paper,
we only utilize the current band and its two adjacent bands to
implement SR task, which is different from the input mode of
the existing algorithms.

III. PROPOSED METHOD

In this section, we detail the architecture of the proposed
SFCSR, including network structure, dual-channel network,
dual-channel feature fusion, and feature context.

A. Network Structure

Now we present the overall architecture of our SFCSR,
which is shown in Fig 2. Different from previous approaches,
our method deals with each band separately, and only the
adjacent bands are utilized. The overall structure contains 2D
CNN, 3D CNN, dual-channel feature fusion (DFF), and feature
context fusion (FCF). Suppose ILR

t represents the t-th band
that currently needs to be reconstructed, and ILR

t−1 and ILR
t+1

denotes two adjacent bands for t-th band. With respect to ILR
t ,

we only consider its spatial information, so only one band
ILR
t is fed into 2D CNN. Since the hyperspectral image has

a remarkable characteristic that high similarity exits among
adjacent bands [22], [23], [38], three bands ILR

t , ILR
t−1, and

ILR
t+1 are input into 3D CNN. By doing so, it can make full use

of the complementary information in the spatial dimension of
the adjacent bands, as well as the information of the spectral
dimension. Then, with the help of DFF, the output of two
channels are concatenated by setting the weight so that the
network can preserve the hierarchical features studied by both
channels, which is defined as

F=

 C[w1 ∗ fX(ILR
1 ), w2 ∗ fY (ILR

1 , ILR
2 , ILR

3 )], t = 1
C[w1 ∗ fX(ILR

t ), w2 ∗ fY (ILR
t−1, I

LR
t , ILR

t+1)], 1 < t < L
C[w1 ∗ fX(ILR

L ), w2 ∗ fY (ILR
L−2, I

LR
L−1, I

LR
L )], t = L

(1)
where C represents concatenation operation, fX(·) and fY (·)
denote the operation of two channels, w1 and w2 are the
weight of two channels, and L is the total number of band
in hyperspectral image. Since previous band in space is
extremely correlated with current band, to obtain features from
previous band ILR

t−1, the features F fc
t−1 are introduced to the

reconstruction of current band ILR
t , which is based on feature

context. Finally, the model achieves single estimated band
ISR
t . Note that when performing the first band task, there is

no FCF module in the network, only the DFF module, i. e.,

ISR
t =

{
upscale(fDFF (F )), t = 1

upscale(fFCF (fDFF (F ), F
fc
t−1)), t 6= 1

(2)

where fDFF and fFCF are DFF and FCF operation, respec-
tively, and upscale(·) is the function for upsampling.

Through multiple such steps, we acquire the reconstructed
hyperspectral image. Unlike the existing networks, the pro-
posed SFCSR applies several bands to achieve SR task.
Importantly, the spectrum and feature context are employed,
thus significantly improving the performance of the algorithm.

B. Dual-Channel Network

Previous works adopt either 2D or 3D convolution to ex-
plore the features, there are few ways to design the network by
combining two types of convolution. Inspired by the existence
of high similarity among adjacent bands, we introduce dual-
channel network by combining two types of convolution,
which is shown in Fig. 3. The architecture contains 3D CNN
and 2D CNN. Next, we will present the details about the
proposed modules.
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Fig. 3. Overall architecture of the proposed dual-channel network.

1) 3D CNN: The hyperspectral image has a remarkable
characteristic that high similarity exits among adjacent bands
[22], [23]. To improve the spatial resolution, we exploit
two adjacent bands in hyperspectral image. As mentioned in
Section II-B, 3D convolution can analyze information other
than spatial dimensions. Thus, to produce spatial and spectral
features synchronously, in our paper, we design a CNN using
3D convolution. Unlike 2D convolution, 3D convolution oper-
ation is conducted by convolving a 3D kernel with feature
maps. If the regular 3D convolution is applied, obviously,
the parameters of the network will increase significantly.
Therefore, we adopt a separable 3D convolution instead of
a regular 3D convolution, i.e, the filter k × k × k is modified
as k× 1× 1 and 1× k× k, which has been proven to achieve
the same effect [32], [39]–[41].

Now we introduce 3D CNN. To apply 3D convolution,
we expand three bands (ILR

t , ILR
t−1, and ILR

t+1) into four
dimensions (1× 3×W ×H) at the beginning of the network,
where W and H denote the width and height of band. By
a separable 3D convolution (it is represented by SConv3d
in Fig. 3), the shallow features N0 about three bands are
acquired. Similar to 2D CNN, several spatial and spectral
feature extraction (SpeFE) modules are employed to further
explore the potential information. Under skip connections, the
output ND is formulated as

ND = YD(YD−1(...Y1(N0) +N0...) +N0) +N0, (3)

where Yd(·) denotes the operation of the d-th SpeFE module.
Likewise, the output from different SpeFE modules are con-
catenated. Moreover, we also add a convolution layer with the
filter 1 × 1 × 1 to control valid flow, which is then followed
by a separable 3D convolution.

In each SpeFE module (see Fig. 4(a)), the spatial and
spectral features are extracted using the filter 1 × k × k and
k × 1 × 1, respectively. Through an addition operation, the
information between them is effectively fused, which is con-
ducive to the spatial exploration for each band. Furthermore,
we also add the local residual connection in the module.
Similarly, the initial features N0 are attached to the end of
each SpeFE module. Compared with 2D CNN, 3D CNN can
use the spectral and spatial information from two adjacent
bands to promote the reconstruction performance of single
band. Meanwhile, it enables the network to effectively alleviate
the spectral distortion of the reconstructed image.

2) 2D CNN: For hyperspectral image SR, its aim is to
improve the spatial resolution while keeping the spectral res-
olution unchanged. Therefore, we do 2D convolution analysis
of one of the channels to improve the spatial resolution.
Specifically, the shallow features M0 of single band ILR

t

are first extracted by 2D convolution. Then, this data is
entered into spatial feature extraction (SpaFE) module. Under
D SpaFE modules and skip connections, the output MD is
represented as

MD = XD(XD−1(...X1(M0) +M0...) +M0) +M0, (4)

where Xd(·) stands for the operation of the d-th SpaFE mod-
ule. After generating spatial features with SpaFE modules, our
sub-network further fuses the different hierarchical states from
all preceding layers in a concatenation way, which improves
the network representation ability. Additionally, we add a
convolution layer with the filter 1×1, then use 2D convolution
to study more potential information after concatenation.

For natural image SR, the main module of the network
mainly contains two parts: several convolutions and a residual
connection, which has been verified to achieve better perfor-
mance [24], [42], [43]. Thus, we refer to the module from the
natural image SR to design SpaFE module. As is shown in Fig.
4(b), we utilize one convolution layer with the filter k × k to
design the module. Moreover, the local residual connection is
attached to the module, which greatly alleviates the burden
on SpaFE module. To enhance the learning ability of space
domain, the current output from d-th SpeFE module is input
to d-th SpaFE module by depth split (DS) that is introduced
in Section III-C. Similarity, we also add a convolution layer
with the filter 1× 1 to achieve dimension reduction. Since the
shallow network can retain more edge or texture, the features
M0 are fed into the end of each SpaFE module. Such local skip
connection allow more abundant low-frequency information to
be bypassed during training, which enhances the performance
of the entire network.

C. Dual-channel Feature Fusion
After learning the features from single band and adjacent

bands, we need to fuse them. Since the size of the output
about two channels is different, we reshape one of them before
fusion. In our paper, we choose the results of 3D CNN to
execute by DS before fusion. With respect to DS, suppose the
size of the current output is N×C×3×W×H after conducting
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Fig. 4. Architecture of the proposed module.

SConv3d operation for 3D CNN, where N is the batch size,
and C represents the number of channel. Through splitting, the
original output of the 3D CNN is changed into three feature
maps with the size of N ×C ×W ×H . This can be seen as
processing each band of hyperspectral image separately. Then,
under the action of DFF, the features of the two channels are
fused by setting weights (w1 and w2,i, i = 1, 2, 3), which
is shown in the light red region in Fig. 3. By doing so, it
can make full use of the spectral and spatial information of
adjacent bands, which is more beneficial to the reconstruction
of single band. Finally, we add a 2D convolution operation in
the end of DFF.

D. Feature Context
In the existing works [18], [28], there is almost no use

of a single band to implement hyperspectral image SR. As
mentioned earlier, there is a strong correlation between adja-
cent bands. Inspired by this, we can take advantage of context
to improve the performance. In our paper, we propose for
the first time to utilize the output information after DFF to
establish context, which is different from the existing works.
As shown in the light yellow area in Fig. 3, the features F fc

t−1

from previous band ILR
t−1 are chosen and introduced with the

features of current band in a concatenation way. Besides, we
set two weights (w3 and w4) to dynamically adjust its weight,
i.e.,

C[w3 ∗ fDFF (F ), w4 ∗ F cf
t−1]. (5)

By this way, it helps the network to modulate the discrimina-
tive representations so as to focus on more useful information.
Overall, this approach mainly has two advantages. On the one
hand, due to the high correlation between adjacent bands, it
is more favorable to the complementarity of information by
combining with other bands. On the other hand, by storing the
features extracted from previous band, the network structure
is simplified so that there is no need to design more branches.
As for the influence of this part, we will prove its effectiveness
in Section IV-B3.

IV. EXPERIMENTS

In this section, to verify the effectiveness of the proposed
method, we will elaborate from the following aspects. First,

TABLE I
ANALYSIS OF THE INFLUENCE OF THE NUMBER OF THE MODULE D IN

TWO SUB-NETWORKS ON THE PERFORMANCE.

Evaluation metric 3 4 5 6 7
PSNR 44.937 45.144 45.300 45.340 45.401
SSIM 0.9736 0.9738 0.9739 0.9739 0.9739
SAM 2.233 2.225 2.217 2.216 2.215

we briefly introduce the benchmark datasets, implementation
details. Then, we verify the effectiveness of each module
through model analysis. Finally, we assess the performance
of our SFCSR by comparisons to the state-of-the-art methods.

A. Implementation Details

In our work, the CAVE [44], Harvard [45], and Foster
[46] dataset are employed to evaluate the algorithm. Since
they are collected by different hyperspectral cameras, which
results in no identical attributes between datasets. This makes
it necessary to train and test each dataset separately, which
is different the natural image SR. Therefore, in our paper,
we randomly select 80% samples from dataset for training
and the rest for testing. Since the training data contains fewer
hyperspectral images, we augment them by randomly selecting
24 patches. Each patch is scaled (1, 0.75, and 0.5), and
these patches are rotated by 90◦ and horizontally flipped,
respectively. Then, we downsample these patches by bicubic
interpolation to yield low-resolution hyperspectral images with
the size of L× 32× 32.

For the training stage, we adopt L1 loss function to learn
the model. With respect to the parameters of the network,
the parameter k of the filter for all convolution layers is set
to 3, and the number of their filters is set to 64. We adopt
ADAM optimizer (β1 = 0.9, β2 = 0.999) to optimize the
designed model. The learning rate of all layers is initialized
10−4, which decreases by a half at every 35 epochs. Due to
the limitation of hardware conditions, in our work, we only
select the top left 512×512 for each test image to evaluate the
performance of the algorithm using PSNR, SSIM, and SAM.
Our method is performed using the PyTorch framework with
NVIDIA GeForce GTX 1080 GPU.

B. Model Analysis

1) Study of Module D: In our proposed network structure,
the SpaFE and SpeFE module of 2D CNN and 3D CNN affects
the performance of the network. Thus, in this section, we set
different numbers of modules (3 to 7) to analyze the impact
for scale factor × 2 on CAVE dataset. The results are shown
in Table I. One can observe that with the increase of parameter
D, the overall results of the network is improved, especially for
PSNR. It indicates that more modules are helpful to fully mine
the potential information of hyperspectral image, which can
further enhance the performance of the algorithm. But when
D is set to 6 and 7, the growth rates of PSNR and SAM are
obviously smaller, and the value of SSIM keeps unchanged. In
our opinion, there are two main reasons for this phenomenon.
The one is the increase of network parameters caused by the
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TABLE II
PERFORMANCE OF THE INFLUENCE OF DIFFERENT 3D CONVOLUTION

TYPES.

Type PSNR SSIM SAM Params
regular 3D convolution 45.290 0.9736 2.228 1698k

separable 3D convolution 45.300 0.9739 2.218 1085k

TABLE III
ABLATION STUDY FOR DIFFERENT COMPONENTS.

Commponent Different combinations of components
2D CNN

√
×

√ √ √ √

3D CNN ×
√ √ √ √ √

DS between
channels

× × ×
√

×
√

DFF × ×
√ √ √ √

FCF × × × ×
√ √

PSNR 42.223 40.448 45.138 45.237 45.276 45.300
SSIM 0.9699 0.9710 0.9737 0.9738 0.9739 0.9739
SAM 2.568 5.996 2.230 2.223 2.219 2.217

use of more 3D convolutions in network. The other is that
the network becomes deeper. All these may make the network
difficult to train. Therefore, we empirically set the number of
SpaFE and SpeFE module in dual-channel network to 5 in the
following experiment.

2) Study of Different 3D Convolution Types: In 3D CNN
sub-network, the separable 3D convolution instead of regular
3D convolution is adopted to extract the spatial and spectral
features from hyperspectral image. To verify the impact of
the two convolution types on the network, in this section, we
replace the separate 3D convolution and use the regular 3D
convolution to conduct SR task for scale factor × 2 on CAVE
dataset. The comparison results are shown in Table II. We can
notice that the performance of regular 3D convolution is lower
than that of separable 3D convolution. The main reason for
this phenomenon is the lack of the fusion between space and
spectrum for regular 3D convolution. In our paper, the spatial
and spectral features are extracted in each SpeFE module using
the filter 1 × k × k and k × 1 × 1, respectively. Through
an addition operation, the information between them is effec-
tively fused, which is conducive to the spatial exploration for
each band. Besides, the separable 3D convolution can greatly
reduce parameters. For regular 3D convolution, it obviously
can’t achieve the same result as separable 3D convolution,
such as non-fusion. Through the above description, it can be
concluded that separable 3D convolution is more conducive to
the exploration of information.

3) Ablation Study: The proposed network is mainly com-
posed of four components: 2D CNN, 3D CNN, DS, DFF, and
FCF. They determine the network structure. In this section, we
analyze the impact of each component on the performance of
the network by setting different combinations. To simply do
fair comparison, the ablation investigation is implemented for
scale factor ×2 on CAVE dataset.

Table III shows the ablation study about the these compo-
nents. Concretely, the network only first contains 2D CNN
or 3D CNN without other components. Their performance is
worst, especially when the network only contains 3D CNN.

The main reason for this phenomenon is that there is no
global skip connection. This may make it difficult for effective
shallow information to be transmitted to deeper layers of
the network. Note that DFF is a module that combines two
channels of feature maps, and DS is used to transmit spectral
and spatial information from 3D CNN to 2D CNN. They can
work when both 2D CNN and 3D CNN has. Therefore, we
does not show the ablation experiment about these. Then,
both 2D CNN and 3D CNN exist, the overall performance
obviously enhances by adding DFF into the network. It verifies
DFF is an indispensable part for improving performance.
When FCF is added to the network with 2D CNN, 3D CNN,
and DFF, the values of three evaluation metrics achieve better
results than the above combinations. It exhibits FCF plays
an important role in exploring hyperspectral image features.
With respect to DS between dual-channel network, we notice
that it also show a significant improvement after joining the
network. Finally, all components are attached to the network.
It can be seen that the results of all components are better
than the performance of other combinations of components in
three aspects, which reveals the effectiveness and benefits of
the proposed each component.

C. Comparisons with the State-of-the-art Methods

In this section, we conduct a comprehensive comparison be-
tween the proposed SFCSR and the seven existing approaches,
including Bicubic and several deep learning algorithms. In our
work, the three datasets are adopted to investigate the perfor-
mance of the proposed method by quantitative evaluation and
qualitative comparison. Note that all convolution operations
for 3D-FCNN are not padding during reconstruction, thus its
output changes the size of reconstructed hyperspectral image.
With respect to EDSR algorithm, the number of residual
blocks and feature maps are 16 and 64, respectively. As for
SSPSR method, the hyperparameters, i.e., the spectral band
number of each group and the overlap between neighboring
groups, are set to 4 and 1 on CAVE and Harvard dataset. These
two hyperparameters on Foster dataset are fixed to 5 and 1.
Moreover, due to the progressive upsampling architecture, the
model is unable to display smaller scale factors, such as ×2
and ×3.

1) Quantitative Evaluation: Table IV provides the results of
evaluation of our SFCSR by three commonly-used evaluation
metrics for different scale factors. As shown in this table,
our method outperforms other competitors on CAVE dataset.
Specifically, the Bicubic produces the worst performance,
particularly for PSNR and SSIM. As for GDRRN approach, it
extracts the features of hyperspectral image via 2D convolu-
tion. Although its results are better than Bicubic in two aspects,
it is obviously low than that of other algorithms conducted by
2D convolution. The main reason for this phenomenon is that
the algorithm adds SAM to the loss function. The purpose
is to avoid reconstructed spectral distortions. As a result,
the loss function can not effectively optimize the network,
thus obtaining poor results. As we mentioned above, 3D-
FCNN changes the size of the reconstructed hyperspectral
image, so its results are actually not very accurate. Among
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TABLE IV
QUANTITATIVE EVALUATION OF STATE-OF-THE-ART SR ALGORITHMS BY AVERAGE PSNR/SSIM/SAM, PARAMETERS, AND RUNNING TIME FOR

DIFFERENT SCALE FACTORS ON THREE DATASETS. THE RED AND BLUE INDICATE THE BEST AND SECOND BEST PERFORMANCE, RESPECTIVELY.

Scale Method Params CAVE Harvard Foster
PSNR / SSIM / SAM Time PSNR / SSIM / SAM Time PSNR / SSIM / SAM Time

×2

Bicubic - 40.762 / 0.9623 / 2.665 - 42.833 / 0.9711 / 2.023 - 55.155 / 0.9881 / 4.391 -
GDRRN [28] 219k 41.667 / 0.9651 / 3.842 0.193 44.213 / 0.9775 / 2.278 0.132 53.527 / 0.9963 / 5.634 0.217

3D-FCNN [21] 39k 43.154 / 0.9686 / 2.305 1.138 44.454 / 0.9778 / 1.894 0.858 60.242 / 0.9987 / 5.271 1.201
EDSR [14] 1404k 43.869 / 0.9734 / 2.636 0.098 45.480 / 0.9824 / 1.921 0.040 57.371 / 0.9978 / 5.753 0.104
SSPSR [27] 10515k - - - - - -
SSRNet [32] 830k 44.991 / 0.9737 / 2.261 1.231 46.247 / 0.9825 / 1.884 1.051 58.852 / 0.9987 / 4.064 1.179
MCNet [9] 1928k 45.102 / 0.9738 / 2.241 2.096 46.263 / 0.9827 / 1.883 2.061 58.878 / 0.9988 / 4.061 2.322

SFCSR (ours) 1085k 45.300 / 0.9739 / 2.217 2.280 46.342 / 0.9830 / 1.880 2.017 58.859 / 0.9988 / 4.052 2.764

×3

Bicubic - 37.532 / 0.9325 / 3.522 - 39.441 / 0.9411 / 2.325 - 50.964 / 0.9943 / 5.357 -
GDRRN [28] 219k 38.834 / 0.9401 / 4.537 0.183 40.912 / 0.9523 / 2.623 0.119 50.464 / 0.9926 / 6.833 0.193

3D-FCNN [21] 39k 40.219 / 0.9453 / 2.930 1.128 40.585 / 0.9480 / 2.239 0.846 55.551 / 0.9958 / 6.303 1.189
EDSR [14] 1589k 40.533 / 0.9512 / 3.175 0.091 41.674 / 0.9592 / 2.380 0.040 52.983 / 0.9956 / 7.716 0.100
SSPSR [27] 10515k - - - - - -
SSRNet [32] 941k 40.896 / 0.9524 / 2.814 0.951 42.650 / 0.9626 / 2.209 0.867 54.937 / 0.9967 / 5.134 0.923
MCNet [9] 2039k 41.031 / 0.9526 / 2.809 1.330 42.681 / 0.9627 / 2.214 1.277 55.017 / 0.9970 / 5.126 1.313

SFCSR (ours) 1270k 41.198 / 0.9524 / 2.794 1.246 42.778 / 0.9632 / 2.203 1.034 54.575 / 0.9967 / 5.046 1.462

×4

Bicubic - 35.755 / 0.9071 / 3.944 - 37.227 / 0.9122 / 2.531 - 48.281 / 0.9880 / 5.993 -
GDRRN [28] 219k 36.959 / 0.9166 / 5.168 0.169 38.596 / 0.9259 / 2.794 0.114 47.836 / 0.9877 / 7.696 0.196

3D-FCNN [21] 39k 37.626 / 0.9195 / 3.360 1.114 38.143 / 0.9188 / 2.363 0.854 52.188 / 0.9918 / 7.798 0.145
EDSR [14] 1552k 38.587 / 0.9292 / 3.804 0.084 39.175 / 0.9324 / 2.560 0.038 50.362 / 0.9915 / 7.103 0.097
SSPSR [27] 12875k 38.366 / 0.9727 / 3.484 0.205 39.293 / 0.9333 / 2.448 0.154 50.320 / 0.9923 / 5.995 0.233
SSRNet [32] 1076k 38.944 / 0.9312 / 3.297 0.717 40.001 / 0.9365 / 2.412 0.680 52.210 / 0.9939 / 5.702 0.712
MCNet [9] 2174k 39.026 / 0.9319 / 3.292 0.913 40.081 / 0.9367 / 2.410 0.841 52.225 / 0.9941 / 5.685 0.987

SFCSR (ours) 1233k 39.192 / 0.9321 / 3.221 0.864 40.077 / 0.9373 / 2.407 0.792 52.215 / 0.9939 / 5.618 1.036

×8

Bicubic - 31.805 / 0.8485 / 5.291 - 33.275 / 0.8518 / 2.884 - 43.117 / 0.9595 / 7.855 -
GDRRN [28] 219k 32.825 / 0.8518 / 7.582 0.161 33.711 / 0.8557 / 3.668 0.107 42.148 / 0.9548 / 13.219 0.182

3D-FCNN [21] 39k 32.956 / 0.8600 / 4.384 0.987 33.363 / 0.8448 / 2.726 0.835 45.634 / 0.9667 / 8.827 1.016
EDSR [14] 1700k 31.554 / 0.8233 / 10.670 0.050 34.068 / 0.8598 / 3.051 0.050 43.669 / 0.9655 / 9.374 0.112
SSPSR [27] 15236k 32.043 / 0.8423 / 7.190 0.198 34.435 / 0.8676 / 2.899 0.149 44.100 / 0.9693 / 8.071 0.222
SSRNet [32] 1863k 35.271 / 0.8832 / 4.439 0.532 35.042 / 0.8719 / 3.065 0.479 45.123 / 0.9730 / 7.512 0.579
MCNet [9] 2961k 35.320 / 0.8833 / 4.423 0.575 34.927 / 0.8732 / 2.957 0.527 45.045 / 0.9726 / 7.516 0.641

SFCSR (ours) 1381k 35.294 / 0.8828 / 4.378 0.652 35.097 / 0.8737 / 2.911 0.610 45.083 / 0.9721 / 7.506 0.701

TABLE V
SPECTRAL DISTORTION COMPARISONS IN THREE SCENES BY SAM. THE RED AND BLUE INDICATE THE BEST AND SECOND BEST PERFORMANCE,

RESPECTIVELY.

Dataset Image Pixel Position Bicubic GDRRN 3D-FCNN EDSR SSPSR SSRNet MCNet SFCSR

CAVE fake and real lemons (10,70) 0.624 3.274 0.951 0.807 0.700 0.614 0.612 0.580
(350,320) 0.724 1.316 1.315 0.730 0.585 0.611 0.541 0.533

Harvard imgd5 (45,20) 1.679 1.778 1.814 1.731 1.691 1.687 1.690 1.662
(260, 150) 3.620 3.524 17.343 3.103 2.703 2.901 2.331 2.324

Foster Lillies Closeup (90,100) 14.739 21.881 42.050 32.226 21.840 17.090 13.577 14.209
(200,50) 5.470 7.040 12.591 7.085 5.690 5.645 5.690 5.426

these approaches utilizing 2D convolution to conduct SR task,
SSPSR gets the best performance. Unfortunately, the network
requires too many parameters. Furthermore, the model is
unable to display smaller scale factors due to the progressive
upsampling. Except for the three methods (GDRRN, EDSR,
and SSPSR), the other competitors explore the features by 3D
convolution. As shown in the table, in the case of a small
number of parameters, the results of the networks designed
with 3D convolution is significantly higher than that of the
networks with 2D convolution. It helps to obtain low spectral
distortion results. This is mainly due to the full analysis of
spectral information. Compared with previous five methods,
SSRNet algorithm attains higher spectral fidelity. Among
the above state-of-the-art approaches, they utilize 2D or 3D

convolution to explore features, without combining the two
types of convolution to design networks. Although MCNet
integrates two convolution ways to design the network, the
output results of some modules are not used effectively. As a
result, the performance of the model is lower than that of our
proposed SFCSR in the aspect of three evaluation metrics and
parameters, except for running time.

Similarly, the proposed SFCSR overall obtains the best
results than other methods on Harvard dataset across scale
factors. As depicted in this table, the performance of the
algorithms using 3D convolution is obviously higher than that
of the algorithms using 2D convolution. Unlike on CAVE
dataset, SSRNet, MCNet, and SFCSR achieve approximately
the results, but our method still attains the best performance
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Fig. 5. Absolute error map comparisons for reconstructed hyperspectral image. The first to third lines represent the visual results of the image
fake and real lemons on CAVE dataset, imgd5 on Harvard dataset, and Lillies Closeup on Foster dataset. The bluer the absolute error map is,
the better the visual quality is.
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Fig. 6. Visual comparison of spectral distortion by selecting two pixel positions for each image. The images fake and real lemons, imgd5, and
Lillies Closeup are displayed from left to right, respectively.

against the state-of-the-art methods. As for Foster dataset, our
method achieves comparable results. Although MCNet obtains
the superior results, its network requires more parameters.
Moreover, the running time of the proposed SFCSR is not
much different from that of the method for large scale factors.
Through the above description, it demonstrates our approach
can achieve the excellent performance over each dimension
across all datasets and scale factors. Meanwhile, it proves
the designed dual-channel network can effectively enhance the
learning ability of 2D spatial domain by DS module. It solves
the lack of the combination of two kinds of convolution in the
existing methods. In addition, several bands are used as input
to reduce GPU memory footprint.

2) Qualitative Evaluation: To further analyze the proposed
SFCSR with other state-of-the-art SR approaches in qualitative
way, several visual examples for scale factor ×4 are shown in
Fig. 5. Note that only one hyperspectral image is displayed

in each dataset, and the 10-th band in corresponding image
is presented. It can be seen from figures that the ground-truth
is grey. To observe the difference between the reconstructed
hyperspectral image and ground-truth more clearly, the ab-
solute error map between them is given. As shown in these
figures, our method describes the result of low absolute error.
In particular, the proposed SFCSR exhibits shallow edges or
no edges in some regions. It indicates our method can achieve
best spatial reconstruction against other approaches, which is
consistent with our analysis in Table IV. It also reveals that
the two types of convolution are more helpful to enhance the
ability of feature representation.

The above visualization just verifies the spatial reconstruc-
tion results of the image. In our work, we also show the
spectral distortion of the reconstructed image for the above
three images. Specifically, two pixel positions are selected
to analyze the spectrum difference between the reconstructed
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hyperspectral image and the ground-truth by calculating SAM.
As shown in Fig. 6 and Table V, the values of SAM in our
method are better than that of other algorithms in most cases. It
illustrates our SFCSR obtains higher spectral fidelity. To sum
up, the proposed SFCSR overall outperforms the state-of-the-
art methods across all datasets and scale factors in terms of
spatial reconstruction and spectral fidelity.

V. CONCLUSIONS

In this paper, we develop a new deep learning-based frame-
work for hyperspectral image SR. Different from previous
work, our method employs dual-channel CNNs to analyze
the information from both single and adjacent bands, which
mainly utilizes spectrum context. To facilitate the complemen-
tarity of information and simplify the network structure, the
features from previous band are combined with that of current
band, achieving the use of context. Extensive experiments
on benchmark datasets demonstrate that the proposed model
outperforms the state-of-the-art methods both quantitatively
and qualitatively.

As for the proposed method, the designed dual-channel
network can effectively share spatial information by informa-
tion exchange to enhance the learning ability of 2D spatial
domain. Moreover, the proposed method only utilizes the
current band and its two adjacent bands as input. These
novel approaches can inspire us to design networks in this
way in the future work. Of course, the proposed method
also needs to be improved in two aspects. First, the output
of each SpeFE module is input to SpaFE module by depth
split (DS). There is a lack of information exchange from
SpaFE module to SpeFE module. Thus, we can improve
performance by exchanging the information in each module
of the two channels through DS operation. Second, the spatial
resolution of some bands of hyperspectral image is poor, due
to the influence of noise and other problems. Therefore, the
band with rich spatial information (key band) can be used to
improve the reconstruction performance of the band with poor
resolution (non-key band).
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