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A Spectral-Spatial Feature Extraction Method With
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Abstract—Convolutional neural networks (CNN) has been
widely used in the research of multispectral image compression,
but they still face the challenge of extracting spectral feature
effectively while preserving spatial feature with integrity. In this
article, a novel spectral-spatial feature extraction method is pro-
posed with polydirectional CNN (SSPC) for multispectral image
compression. First, the feature extraction network is divided into
three parallel modules. The spectral module is employed to obtain
spectral features along the spectral direction independently, and
simultaneously, with two spatial modules extracting spatial features
along two different spatial directions. Then all the features are
fused together, followed by downsampling to reduce the size of the
feature maps. To control the tradeoff between the rate loss and the
distortion, the rate-distortion optimizer is added to the network. In
addition, quantization and entropy encoding are applied in turn,
converting the data into bit stream. The decoder is structurally
symmetric to the encoder, which is convenient for structuring the
framework to recover the image. For comparison, SSPC is tested
along with JPEG2000 and three-dimensional (3-D) SPIHT on the
multispectral datasets of Landsat-8 and WorldView-3 satellites.
Besides, to further validate the effectiveness of polydirectional
CNN, SSPC is also compared with a normal CNN-based algo-
rithm. The experimental results show that SSPC outperforms other
methods at the same bit rates, which demonstrates the validity of
the spectral-spatial feature extraction method with polydirectional
CNN.

Index Terms—Compression algorithms, convolutional neural
network (CNN), feature extraction, multispectral image, rate-
distortion optimizer.

I. INTRODUCTION

W ITH the rapid development of multispectral imaging
technology, rich spectral-spatial features are encoded
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in several narrow and contiguous spectral bands [1] to generate
multispectral images which can reflect more characteristics of
the same scene rather than RGB images. With the abundance
of spectral and spatial information, multispectral images can
provide subtle geometric features to analyze targets [2]. Hence,
they have been exploited in various areas, such as environment
monitoring, crop condition assessment, military reconnaissance,
target surveillance, and so on [3]–[6]. However, due to the
complex characteristics, the data volume of multispectral image
increases dramatically. The huge amount of data brings great
pressure to the transmission, storage and application of the
images; thus it is necessary to compress the data effectively,
especially when channel capability is limited.

For RGB image compression, only the spatial correlation
needs to be considered in most cases, hence various useful
traditional compression methods have emerged, such as JPEG
and JPEG2000. These algorithms usually make transformations
in spatial dimension to get rid of spatial redundancy, which leads
to compressed images with a higher compression ratio. It also
obtains pretty good effects when directly applying these tradi-
tional methods to multispectral image compression, though, in
view of the characteristics of multispectral images, it represents
a research trend into a more customized algorithm focusing on
spectral-spatial feature extraction.

With decades of unremitting efforts, multispectral image com-
pression technology has achieved good results so far. Multispec-
tral image compression methods may be roughly summarized
as vector quantization (VQ) coding [7], predictive coding [8]
and transform coding [9], [10]. The theoretical basis of VQ
coding is Shannon’s rate distortion theory. Here the input vector
is replaced by the index of the codeword that matches the input
vector in the codebook for data transmission and storage, and
when decoding, only simple search for the codebook is enough.
Since the performance of this algorithm is closely related to
the design of codebook, in order to improve the efficiency of
the algorithm and reduce the complexity of the operation as
well, Motta et al. [11] used piecewise VQ to reduce the size
of the codebook and speed up the searching of the codebook,
so as to achieve a good compression performance. Due to
technologies such as codebook designing and codeword search-
ing, the computation complexity of VQ coding is usually very
high, which has hindered the development of high-performance
algorithm. Predictive coding has been widely used in lossless
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compression. The main idea is to utilize the spatial (or spectral)
correlations to predict the pixel of the current position based
on its adjacent pixels, and then encode the residual between
the predicted value and the actual value. Differential pulse code
modulation (DPCM) [12] is one of the most basic predictive
coding algorithms. In view of the characteristic of multispec-
tral image compression, Mielikainen et al. [13] proposed an
algorithm based on clustering and DPCM to cluster the spectra
and build the prediction model, calculating the predictors in
order to remove the spectral correlations. Although predictive
coding is easy to compute and implement, it also has limitation
in that the compression ratio is relatively low, which imposes
restrictions on its applied range. Transform coding algorithm
removes the spatial or spectral correlations via mapping the
data representation from spatial domain to frequency (or others)
domain. It prefers bearing a certain amount of information loss
in exchange for a bigger compression ratio, so it is more pop-
ular in lossy compression. For better performance, the spectral
and spatial redundancies of the image are usually removed by
combinations of different transform coding schemes. Typical
coding schemes include Karhunen–Loève transform (KLT) [14],
discrete cosine transform [15], discrete wavelet transform [16],
and so on. Extending to three-dimension (3-D), both 3-D-SPIHT
[17] and 3-D-SPECK [18] have been proved to have a superior
comprehensive property.

As mentioned above, the development of traditional compres-
sion algorithms has achieved great results up to now. With the
deeper insight into multispectral images, it is obvious that the
traditional methods can no longer meet the rising standard of
its diversified application requirements. To seek breakthroughs,
many researchers have paid attention to deep learning technol-
ogy, which has been flourishing in recent years. Deep learning
combines several linear and nonlinear layers together to extract
features and improve the expression ability of the model. Dong
et al. [19] proposed a CNN-based method for single image
super-resolution, leading to a new era of solving the pixel-level
problems of images with deep learning technology. In com-
parison with recurrent neural network (RNN) and generative
adversarial network (GAN), the procedure of CNN processing
of the input information is very similar to that of visual system,
making this a reliable approach in the image processing field.
GAN, however, it can generate fraudulent image with clear
texture and high resolution, which may be quite different from
the original image. As for RNN, it applies to sequence images,
such as predicting the next frame of a video, etc. Because of its
distinctive framework, RNNs generally have high algorithmic
complexity. On the other hand, the simple structure of CNN
makes it easier to build functional modules, to adapt to different
specific requirements. To sum up, we decided to choose CNN
to construct the multispectral image compression framework.
The history of CNN-based methods has matured with the work
on LeNet-5 [20], which consists of two convolution layers, two
pooling layers and three full-connected layers. AlexNet [21],
proposed in 2012, followed this idea but added extra convolution
layers between every two pooling layers as an improvement,
to take features of different scales into account. Later, excel-
lent frameworks like VGG [22] and GoogLeNet [23] emerged,

which constantly optimize the architecture and improve the
performance of the network. Another milestone in the devel-
opment of CNN is ResNet [24], where the idea of shortcut
and residual learning was introduced, helping deal with the
problem of vanishing gradient when the depth of the network
is increased. Motivated by this, a novel compression framework
based on optimized residual unit [25] is presented by Liu and his
group. The experimental results show that the proposed learning
framework is superior to BPG and JPEG2000 both objectively
and subjectively. To obtain a high-quality recovered image at low
bit rate, Jiang et al. [26] integrated two CNNs seamlessly into
one compression framework for joint training. The CNN in the
encoder is for feature extraction and the other in the decoder
is for image reconstruction. The collaboration of two CNNs
successfully reduces the block effects and improves the quality
of the restored images. Since the algorithms mentioned above are
all designed for RGB image, and as the RGB image also has three
channels, it is naturally to apply these compression methods to
multispectral images, which may be seen as special images with
more channels. As a consequence, Kong et al. [27] improved the
framework and put forward an end-to-end learning framework
based on CNN specifically for multispectral image compression.
This algorithm surpasses JPEG2000 on peak signal to noise
ratio (PSNR) by about 2 dB, however, it still has problem that
the strong spectral correlation is ignored. The reason lies in the
dominance of spatial correlation in visible image compression,
but for multispectral image, spectral features also need to be
taken seriously or else this causes unnecessary information loss.

In response to the problems of the compression framework
mentioned above, it is important to work on the spectral feature
extraction methods. Recently, there is several effective feature
extraction algorithms have been proposed based on CNN in
the field of hyperspectral image (HSI) classification. Patel and
Upla [28] combined the autoencoder and CNN together, and
used the autoencoder to enhance the image in the first place,
after which the features can be easily obtained by the shallow
CNN architecture. Similar to Patel, Sellami and Tabbone also
employed a simple autoenccoder to preprocess the HSI which
can highly reduce the high dimensionality of the data [29]. After
that, a multi-view deep autoencoder is proposed to combine
both spectral and spatial features, followed by a CNN to in-
tegrate graph topology and improve the performance by pre-
serving the spectral-spatial features. Zhong et al. [30] designed
a spectral-spatial residual network with 3-D convolution. The
residual blocks connect every convolutional layer to facilitate the
gradient propagation. Roy et al. [31] proposed a hybrid spectral
CNN, which consists of a 3-D-CNN and a 2-D-CNN. First, the
3-D-CNN is used to extract joint spectral-spatial features, and
then the 2-D-CNN is used to learn more abstract-level spatial
representation. Different from the aforementioned frameworks,
the two-branch architecture is also popular, such as [32] and
[33], to extract the joint spectral spatial features from HSI.
Generally, the spatial branch adopts normal 2-D convolution
to extract hierarchical features from spatial domain, and the
spectral branch is composed of 1-D convolution, dramatically
reduces the computational load. Inspired by these excellent
ideas, we propose a spectral-spatial feature extraction method
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with polydirectional CNN for multispectral image compression
in this article.

With a view to the rich spectral-spatial features, the spectral-
spatial feature extraction method with polydirectional CNN
(SSPC) is used to extract two parts of features from different
directions. The whole framework is composed of an encoder
and a decoder. In the encoder, there are three parallel feature
extraction branches, of which one is for spectral and the other
two are for spatial features. It is noteworthy that the input
image tensor needs to be permuted additionally before extracting
spatial features. After this, three parts of features are first fused
separately, and then concatenated together for downsampling
and quantization. Lossless entropy encoding is then employed
to obtain a compressed binary bit stream. When reconstructing
the image, the bit stream goes through the entropy decoder,
inverse quantization and upsampling in turn, to restore the size
of the feature maps. At the end of the decoder, the data is
sent to the SSPC network to recover the spectral and spatial
features respectively and then fuse them together. With the joint
spectral-spatial feature, the multispectral image can be recovered
with high quality. The experiment results validate the efficacy
of our proposed network, and our approach exceeds JPEG2000
and 3-D-SPIHT on both criteria of PSNR and spectral similarity
(SS).

The key contributions of this article can be listed as follows.
1) The proposed framework performs end-to-end training

in allusion to the characteristics of multispectral images,
without any complicated image preprocessing operations
such as registration, correction, etc. After obtaining the
optimal model, the uncalibrated image to be tested is
directly input into the framework for quick compression.

2) The proposed method separately extracts the spectral and
spatial features of the multispectral image from different
directions, which not only ensures the integrity of spatial
feature, but also preserves the independence of the spectral
information. Comparing with the existing CNN-based im-
age compression method, our framework concentrates on
the rich spectral features, which always tend to be ignored
in most cases.

3) Different from the normal 3-D convolution (k × k × c),
this article uses point-wise convolution (1× 1× c) and
depth-wise convolution (k × k × 1) to extract the spec-
tral and spatial features, respectively, effectively reducing
the parameter numbers when the number of convolution
kernels is the same.

4) Batch processing is used in the proposed method. Faced
with massive amounts of data, the spectral-spatial features
of each image can be individually extracted, and the cor-
responding compressed bit stream is generated, as well as
the reconstructed image, which improves the compression
efficiency.

The rest of article is organized as follows. Section II demon-
strates the proposed network and some main components of the
framework, Section III represents the implementation details of
the experiment and equipment, and the training process as well.
The experimental results are reported in Section IV. Finally,
Section V concludes this article.

Fig. 1. Moving direction of convolution kernel.

Fig. 2. Decomposition diagram of polydirectional CNN.

II. PROPOSED METHOD

In this section, we develop the proposed SSPC and demon-
strate the training flow diagram. Besides, the spectral-spatial fea-
ture module is explained in detail, as well as the rate-distortion
optimizer.

A. Polydirectional CNN

Normal convolution, whether 1-D, 2-D, or 3-D, calculates the
image tensor with a sliding window in the same direction—from
left to right and from top to bottom, as shown in Fig. 1.

The sliding window can cover all pixels on the spatial di-
mension and lower the computational complexity. Compared
with traditional compression methods, CNN has been proven
to be effective offering greater potential in several fields of
image vision and processing, such as image classification, object
identification, target detection, etc. For RGB images, CNN is
sufficient to extract the needed spatial features since spectral
information is not that important for them. When it comes to
multispectral image compression, however, simple CNN might
ignore pretty much spectral information, which is crucial for
multispectral data.

In view of the problem mentioned above, we put forward
polydirectional CNN as the homologous counterplan, which
enables the convolution kernel to extract spectral features along
spectral direction and spatial features along the spatial direction,
respectively. The characteristics of sliding window make it
possible to obtain spectral-spatial features with integrality, as
long as the moving direction could be changed.

Since the arrangement of the image tensor and the moving
direction of convolution kernel are relative, we adopt the method
of transposing the image tensor as a substitute, which is much
easier to operate. The decomposition of polydirectional CNN is
shown as Fig. 2, the size of the input image is H ×W × C, and
convolution kernels are marked in red.
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Fig. 3. Spectral-spatial module based on polydirectional CNN.

B. SSPC

Fig. 3 shows the structure of the spectral-spatial feature
extraction module based on polydirectional CNN. As we can
tell, the module is divided into two parts: feature extraction and
feature fusion. The multispectral images are fed into three paral-
lel circuits first, one for spectral and other two for spatial. After
feature extraction, fusing spectral and spatial features together
for further processing, downsampling, for example.

1) Feature Extraction: To adapt to multispectral image,
which is 3-D, 3-D convolution is employed in the network. This
operation can be formulated as

vxyzij = f

(
Ki−1∑
k=1

Pi−1∑
p=0

Qi−1∑
q=0

Ri−1∑
r=0

wpqr
ijk v

(x+p)(y+q)(z+r)
(i−1)k + bij

)

(1)
where vxyzij is the output value at position (x, y, z) of the jth
feature map in the ith layer, wpqr

ijk denotes the weight of the
convolution kernel at position (p, q, r) connected to the kth
feature map, and k indexes over the set of feature maps in the
(i− 1)th layer which connected to the current feature map, bij
represents the bias of the jth feature map in the ith layer, f(·)
denotes the activation function, Ki−1 is the number of feature
maps in the ith layer, Pi, Qi and Ri indicate the height, width
and depth of the convolution kernel, respectively.

a) Spectral Feature Extraction: As the spectral feature
should be extracted independently, point-wise convolution is
used and the size of the convolution kernel is set to 1× 1× 3,
which avoids spatial information getting mixed into it. There-
fore, Pi and Qi are set to 1, (1) can be written as follows:

vxyzij = f

(
Ki−1∑
k=1

Ri−1∑
r=0

wpqr
ijk v

(x+p)(y+q)(z+r)
(i−1)k + bij

)
. (2)

With regard to the activation function, we adopt rectified
linear units (ReLUs) [21] to regulate the liveness of neurons
in the network, contributing to efficient gradient descent and
back propagation, as it ameliorates the gradient explosion and
gradient vanishing problem of deep CNN training. Furthermore,

using ReLU ensures the sparsity of the network comparing with
Sigmoid function, which not only has lower computation cost,
but also alleviates the overfitting problem. The ReLU can be
formulated as

f (X) = max (0, X) . (3)

Suppose that the input image tensor is Γ, then it can be
represented by

Γ = (x, y, z) (4)

and the tensor of spectral direction is the same as the original
one

Γspe = Γ = (x, y, z) . (5)

Combining (2) and (5), we can express the spectral feature
extraction as

ve = f ([Γspe ⊗ w1] (x, y) + b1) (6)

where ⊗ represents the convolution operation.
b) Spatial feature extraction: As seen from Fig. 3, the im-

age tensor need to be permuted when extracting spatial features

Γspa1 = (x, z, y) (7)

Γspa2 = (z, y, x) (8)

whereΓspa1 andΓspa2 are transposed tensors of spatial direction
1 and spatial direction 2, respectively. As a result, the size of
Γspa1 is H × C ×W , and that of Γspa2 is C ×W ×H .

When extracting spatial features, the correlation between pix-
els in both horizontal and vertical directions should be taken into
account. On the other hand, to avoid the data volume becoming
too large, and to reduce the number of parameters as well, we use
depth-wise convolution with the kernel size of 3× 3× 1 in both
spatial directions. As the kernel size is 3× 3× 1, by extension,
Pi and Qi in (1) are set to 3, Ri is set to 1, we obtain

vxyzij = f

(
Ki−1∑
k=1

Pi−1∑
p=0

Qi−1∑
q=0

wpqr
ijk v

(x+p)(y+q)(z+r)
(i−1)k + bij

)
. (9)

Similarly, plugging (7) and (8) into (9), the following results
are obtained

va1 = f ([Γspa1 ⊗ w2] (x, z) + b2) (10)
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Fig. 4. Diagram of the compression network.

va2 = f ([Γspa2 ⊗ w3] (z, y) + b3) (11)

where va1 is the feature extracted from spatial direction 1, and
va2 is of spatial direction 2. That spatial features are extracted
from two differrent directions, makes full use of the correlations
between rows and between columns of each pixel. It’s worth
noting that the size of these two tensors is both H ×W × C
after a reverse permute operation at the end of the extraction
module.

2) Feature Fusion: After feature extraction, the tensor ve
contains spectral information, va1 and va2 contain spatial in-
formation. As mentioned above, they are of the same size of
H ×W × C. To ensure the independence and integrity between
spectral and spatial features, concatenation is applied as the
feature fusion method rather than simple addition. First, va1 and
va2 are added together for the preliminary fusion on the spatial
dimension, followed by a 1× 1 convolution which is operated
for dimensionality reduction

va = va1 + va2 (12)

ua = g (va) (13)

where g(·) indicates the 1× 1 convolution, ua is the fused
spatial feature. Meanwhile, ve is also processed with a 1× 1
convolution so as to lessen the tensor from H ×W × C to
H ×W × C

2 , the same as spatial feature

ue = g (ve) (14)

where ue denotes the fused spectral feature. In addition, using
1× 1 convolution can reduce the parameters while maintaining
good performance of the network. Afterward, spectral and spa-
tial features are concatenated, convenient for further processing
like downsampling and quantization. Thus, we obtain the joint
spectral-spatial feature uss as

uss = concat (ua;ue) . (15)

C. Framework of the Proposed Network

The framework of our proposed SSPC network for multispec-
tral image compression is illustrated in Fig. 4. The multispectral
images are first fed into the forward network, which consists of
feature extraction module and feature fusion module, as men-
tioned in Section II-B. After obtaining the joint spectral-spatial
features, the data are compressed and encoded through quanti-
zation and the entropy encoder, to convert to the binary stream
for ease of transmission. To recover the image, the bit stream
goes through the entropy decoder, inverse quantization, and
backward network in succession. The structure of the decoder
is symmetrical to the encoder, as well as the backward network

is with the forward network, the detailed architecture of which
will be demonstrated in the following section.

1) Forward Network and Backward Network: As is stated
above, the forward network and the backward network are
symmetrical, and these are shown in Figs. 5 and 6, respectively.
Further, the architecture of spectral block and spatial block is
shown in Fig. 7. This is derived from ResNet, which is conducive
to solving the degradation problem of deep network. With short-
cut and identity mapping simulation, the input information can
be retained and transmitted to the output end with integrity. It
not only ensures the normal propagation of the gradient, but also
simplifies the learning difficulty, which accelerates the network
convergence.

The forward network including SSPC and downsampling.
First of all, the multispectral images are simultaneously fed into
three parallel feature extraction branches. In spectral direction,
the image tensor is directly operated via several spectral blocks
to extract independent spectral features. After that, fuse the
feature with 1× 1 convolution. And it also plays the role of
dimensionality reduction, which is convenient for the subse-
quent data concatenation. As for spatial direction, take direction
1 for example, the image tensor needs to be permuted from
H ×W × C to H × C ×W , and then using corresponding
spatial blocks to extract spatial features. Similarly, the image
tensor in the direction 2 is firstly transposed to C ×W ×H
and then processed with the same amount of spatial blocks to
gain spatial features. Before these two parts of data are added
together, a reverse permute operation should be performed to en-
sure that their sizes match. Then, spectral and spatial features are
concatenated together after dimensionality reduction, followed
by downsampling to reduce the size of the joint spectral-spatial
feature maps. At the end of the forward network, the output
is normalized and limited to values between 0 and 1 using the
sigmoid function. Additionally, activation functions like ReLU
and sigmoid can bring nonlinear factors into the network, which
enhances the generalization ability of neural networks.

When recovering the image as expressed in Fig. 6, the pro-
cedure is the inverse of the forward network. The backward
network consists of three upsampling layers, several convolution
layers, and SSPC network, among which the upsampling is
realized by PixelShuffle [34]. To be precise, PixelShuffle is
the equivalent of subpixel convolution that turns input low-
resolution images into high-resolution output with periodic shuf-
fling.

2) Quantization and Entropy Coding: Quantization is an
indispensable procedure in lossy compression, since it is a many-
to-one mapping and is irreversible. The intermediate feature
data are transformed into a series of discrete integers by the
quantizer. Also, as the rounding function is not differentiable
[35], the gradient propagation could be impeded, resulting in
the parameters of the network not being normally updated. To
deal with the problem, a relaxation operation is used on the
rounding function, which can be calculated as

uQ = round
[(
2Q − 1

)× uS

]
(16)

where Q denotes the quantization level, uS is the output of the
forward network, and its value is between 0 to 1 after application
of the sigmoid function. To balance the trade-off between the bit
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Fig. 5. Forward network.

Fig. 6. Backward network.

rate and the information loss, a proper Q needs to be selected.
Usually, a bigger quantization level can reduce the information
loss during quantization, and increase the bit rate accordingly
under the same conditions. As the entropy encoder used in this
article is suitable for 256 bit image, after careful deliberation,
we choose Q = 8 as the quantization level.

This function rounds the data after forward network, but
is skipped during backward propagation to pass the gradient
directly to the previous layer, which simplifies the complexity
of gradient calculation. And the quantization step is fixed at 0.5
for uniform quantization of the data.

Next, the entropy encoder is adopted to convert uQ to a
binary bit stream, where we use ZPAQ [36] as the entropy
coding standard and choose “method-6” as the compression
pattern. Correspondingly, when recovering the image, the bit
stream successively goes through ZPAQ entropy decoder and
dequantization to obtain the intermediate data uQ/(2

Q − 1)
which is prepared to be fed into the backward network.

D. Rate-Distortion Optimizer

The purpose of rate-distortion optimization is to select
the optimal parameters on the basis of a certain strategy in
order to achieve the optimal coding performance. When it
comes to image compression, it is most important to strike the
balance between bit rate and distortion loss because, in general,
the bit rate is inversely proportional to the loss. Hence, the
rate-distortion optimizer is introduced as

L = LD + λLR (17)

where LD represents the distortion loss, the rate loss LR can
controlled by adjusting the penalty λ to obtain different bit
rates, and L is the loss function that needs to be minimized
through training.

The commonly used distortion loss function includes mean
square error (MSE) and mean absolute error (MAE). Although,
compared with the former, MAE is more robust to outliers, it also
has the fatal disadvantage that the updated gradient is always
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Fig. 7. (a) Spectral block. (b) Spatial block.

the same. That is to say, the gradient remains large even for
very small differences, and it does not contribute to learning the
model. As a consequence, we adopt MSE to represent LD

LD =
1

H ×W × C

H∑
x=1

W∑
y=1

C∑
z=1

∥∥∥Γ (x, y, z)− Γ̃ (x, y, z)
∥∥∥2
(18)

whereH ,W , andC are height, width and spectral channel num-
ber of the multispectral image, respectively, Γ(x, y, z) denotes
the original image, and Γ̃(x, y, z) denotes the reconstructed
image.

As for LR, we calculate the entropy of the data before quan-
tization as the estimation of the rate loss [37], which can be
expressed as

LR = −E [log2P (X)] (19)

whereP (X) indicates the discrete probability of the correspond-
ing pixel, E is the expectation. However, as the derivatives of
the rounding function are almost zero everywhere, the entropy
calculation is also nondifferentiable, and the entropy is discrete.
To make it differentiable, a piecewise linear approximation is
applied. First, scalar quantization is used at integral point, and
then sampling is operated to make the entropy continuous with
interpolation. So, (19) can be written as

LR = −E [log2Pq] (20)

Pq =

∫ x+ 1
2

x− 1
2

Pd (x) dx (21)

where Pd(·) is the probability density function of the original
data. During training, the data distribution becomes compact,
further improving the performance of the network.

III. EXPERIMENTAL SETTINGS AND TRAINING

A. Datasets

The datasets we used include two types of multispectral im-
ages with different number of bands, one of which is seven-band

TABLE I
PARAMETER SETTINGS

and the other is eight-band. Among them, the seven-band dataset
comes from Landsat8 satellite that contains rich texture features
of ground objects, including different seasons and different
terrains, to make sure the diversity of the data. We select the first
seven bands with spatial resolution of 30 m and wavelengths
ranging from 0.433 to 2.300 μm, and then synthesize them
into one multispectral image. To facilitate training, the image is
cropped into blocks with the size of 128× 128, and the blocks
with clouds and black areas need to be abandoned. The training
set contains more than 30 000 images, ensuring that there are
enough features for learning to avoid the network from overfit-
ting. Besides, 17 representative images distinguished from the
training set are randomly selected from the original data set to
verify the network performance as the test set, with a size of
512× 512.

Likewise, the eight-band dataset from WorldView-3 are also
divided into training set and test set, with image size of 128×
128 and 512× 512 , respectively. In addition, the training set has
about 17 000 images and test set has 14 images. Although the
eight-band dataset is relatively small compared with the seven-
band dataset due to the rare public data of the satellite, this
still guarantees that the training set contains various terrains
under different weather conditions to ensure the diversity of the
feature. Also, there are no identical images in the training and
test datasets.

B. Equipment and Parameter Settings

We adopt the Adam optimizer to train the model and update
the parameter of the network. To accelerate the network conver-
gence, the learning rate is initially set to 0.0001. According to
[38], the step-down LR method, fix the learning rate at 0.0001
until the loss function drops to a certain level, then adjust it
to 0.00001. The parameter settings of the training network
are given in Table I where epoch is an estimate. For random
initialization, the epoch is around 1000 until the network finally
converges. And after adding rate-distortion optimizer, it only
needs about 80 epochs because the optimal model of the first
step can be directly substituted into the network.

Moreover, the equipment information we used to implement
the experiment is given in Table II.

C. Training Process

To make the encoder and the decoder effectively collaborate,
an end-to-end learning algorithm is introduced in this article.
First of all, the weights of the network are randomly initialized,
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TABLE II
EQUIPMENT INFORMATION

with Adam optimizer, the parameters of the network can be
continuously updated as iterations increase. The training process
is split into two stages. In the first stage, only distortion loss
is considered as the loss function, namely MSE. The goal of
the optimization is to minimize the loss function, which can be
expressed as(

θ̃1, θ̃2, θ̃3

)

= arg min
θ1,θ2,θ3

∥∥∥∥∥∥∥Re

⎛
⎜⎝Qu

⎛
⎜⎝

Se (θ1, x)+

Sa1 (θ2, x)+

Sa2 (θ3, x)

⎞
⎟⎠
⎞
⎟⎠− x

∥∥∥∥∥∥∥
2

(22)

where x is the input original image, θ1, θ2, and θ3 are the net-
work parameters of three directions, respectively. That is, Se(·)
denotes the feature extraction network in spectral direction,
Sa1(·) and Sa2(·) are of spatial directions 1 and 2, respectively.
Qu(·) represents the quantizer, andRe(·) represents the decoder.
To simplify the expression, an auxiliary variable xm is intro-
duced

xm (θ) = Se (θ1, x) + Sa1 (θ2, x) + Sa2 (θ3, x) (23)

θ = (θ1, θ2, θ3) . (24)

Accordingly

θ̃ = argmin
θ

‖Re (Qu (xm (θ)))− x‖2. (25)

During the backward propagation, the quantizer can be
skipped. Therefore, (25) can be written as

θ̃ = argmin
θ

‖Re (xm (θ))− x‖2. (26)

After finishing the first stage of training, the rate loss is also
brought into the loss function. As a result, combine (19) and (25)
to obtain the final optimization procedure

θ̃ = argmin
θ

⎧⎨
⎩

‖Re (Qu (xm (θ)))− x‖2−
λE
[
log2

(∫ x+ 1
2

x− 1
2

Pd (θ, x) dx
)]
⎫⎬
⎭ . (27)

When the loss function no longer declines, the optimization
reaches the optimal solution. Furthermore, different value of λ

is successively set to get multiple bit rates, which are given in
Table I.

IV. RESULTS AND DISCUSSION

In this section, we display the experimental results comparing
with JPEG2000 and 3-D-SPIHT, including the PSNR curves at
different bit rates, and the SS that represents the degree of spec-
tral information recovery. For further validate the superiority
of our proposed framework, another CNN-based compression

Fig. 8. Average PSNR curve of seven-band test set.

TABLE III
AVERAGE PSNR OF SEVEN-BAND TEST SET

algorithm proposed in [27] is also added to the experiment,
which can be seen as one-directional CNN corresponding to
our polydirectional CNN.

A. Spatial Information Recovery

Fig. 8 shows the comparison result of four algorithms tested
on the seven-band test set. As seen below, the proposed method
and the CNN-based algorithm are both obviously superior to
JPEG2000 and 3-D-SPIHT, which indicates that the applica-
tion of deep learning in image compression is highly effective.
When the bitrate ranges from 0.3 to 0.4 bit/pixel, the proposed
SSPC algorithm obtains the most prominent performance and
has about 2 dB better than 3-D-SPIHT and 4 dB better than
JPEG2000. Moreover, the image compression algorithm based
on one-directional CNN also obtains excellent results, but still
pales in comparison with our proposed method. This result
shows that the polydirectional CNN is indeed valid and can
enhance the performance of the network compared with the
normal CNN.

To show it more precisely, the bitrates (bit/pixel) and corre-
sponding PSNR (dB) are all given in Table Ⅲ.

To ensure the universality of the network, we also carried out
experiments on the eight-band test set. As shown in Fig. 9 and
Table IV, the one-directional-CNN-based algorithm surpasses
3-D-SPIHT and JPEG2000 by nearly 2.5–4 and 5–7.5 dB,
respectively, but it is still inferior to our proposed algorithm
by about 0.5–1.4 dB.
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Fig. 9. Average PSNR curve of eight-band test set.

TABLE IV
AVERAGE PSNR OF EIGHT-BAND TEST SET

Combining the results of Figs. 8 and 9, it can be found that
the more bands the image has, the more obvious the advantage
of the CNN-based compression method will be.

B. Spectral Information Recovery

In order to comprehensively evaluate the performance of the
proposed scheme, the measurement criteria should give consid-
eration to both spatial information recovery and spectral infor-
mation recovery. Therefore, in addition to the general PSNR, SS
is introduced as an extra evaluation criterion.

Traditional methods for spectral information measurement,
such as Euclidean distance and spectral angle (SA), only calcu-
late the magnitude (luminance) or distance between two spectra.
As for SS in [39], it combines RMSE and Pearson correlation
coefficient together, which can be formulated as

SS =

√
RMSE2

X,Y +
(
1− corr2X,Y

)2
(28)

where

RMSEX,Y =

√
1

nz

∑
z

[
Γ (x, y, z)− Γ̃ (x, y, z)

]2
(29)

corrX,Y =

∑
z
(I (x, y, z))

(
Ĩ (x, y, z)

)
(nz − 1)σΓ(x,z,·)σΓ̃(x,z,·)

(30)

I (x, y, z) = Γ (x, y, z)− μΓ(x,y,·) (31)

Ĩ (x, y, z) = Γ̃ (x, y, z)− μΓ̃(x,y,·) (32)

TABLE V
AVERAGE SS OF SEVEN-BAND TEST SET

TABLE VI
AVERAGE SS OF EIGHT-BAND TEST SET

Fig. 10. Average SS curve of seven-band test set.

where Γ(x, y, z) and Γ̃(x, y, z) denote the pixel value at spatial
position (x, y, z) of the original image and the recovered image,
respectively. Besides, σΓ(x,y,·) is the standard deviation at (x, y)
of all band pixels, and similarly, μΓ(x,y,·) is the mean value at
(x, y)of all band pixels of the image. From (28), we can conclude
that the smaller the SS is, the more similar two spectra are.

Similar to the comparison experiment of PSNR, we first
conduct test on the seven-band dataset, and the results are given
in Table V. It turns out that applying deep learning to multi-
spectral image compression not only contributes to the spatial
information recovery, but also has a remarkable effect on the
spectral information retention. Furthermore, our polydirectional
CNN extracts the feature of multispectral images through three
directions, which can better retain the spectral information with
integrity, and this is reflected in Fig. 10 where the SS value of our
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Fig. 11. Average SS curve of eight-band test set.

TABLE VII
AVERAGE SA OF SEVEN-BAND TEST SET

proposed algorithm is always lower than that of one-directional
CNN.

Similarly, SS curve is then calculated on the sight-band test
set, as shown in Fig. 11. And the corresponding data are listed
in Table VI. As the number of bands increases, the value of
SS also increases significantly, which indicates that there is a
strong correlation between different spectra of the multispectral
image. This correlation is almost ignored when using traditional
compression methods. Compared with one-directional CNN,
our polydirectional CNN has a more obvious superiority as the
bitrate decreases.

In addition to the SS, SA [40] is also chosen as another metric
to weigh the spectral information recovery. Considering two
spectra as two vectors, and SA is the angle between these two
vectors, to measure the similarity of these spectra. The smaller
the absolute value of SA, the more similar the two spectra are.
The formula of SA can be written as (33), and this ranges
between -1 and 1

SA
(
Γ, Γ̃

)
= cos−1

⎛
⎜⎜⎝

∑
λ

Γ
(
(x, y, λ) · Γ̃ (x, y, λ)

)
√∑

λ

Γ2 (x, y, λ)
∑
λ

Γ̃2 (x, y, λ)

⎞
⎟⎟⎠ .

(33)
After further testing, SA values of the recovered images of

seven-band and eight-band test sets are both obtained and listed
in Tables VII and VIII, respectively. Obviously, our method
achieves the best performance at all bit rates

TABLE VIII
AVERAGE SA OF EIGHT-BAND TEST SET

C. Comparison of Visual Effects

Here, we use a more intuitive visual effect comparison to
distinguish the advantages and disadvantages of several com-
pression methods. To be specific, we select four representative
images each from two test sets and display the grayscale image
of the third band of these images to show the differences more
clearly. For better visual effect, the images with the bitrate of
around 0.4 bit/pixel are selected.

As shown in Fig. 12, it is plainly visible that there are dense
texture details in the original images. However, with JPEG2000
and 3-D-SPIHT, these details are blurred seriously, and obvious
block effects come into being when using JPEG2000. Two CNN-
based algorithms, on the other hand, both reconstruct the image
well with the texture details. Nonetheless, according to Figs. 8
and 10, the performance of the one-directional CNN algorithm
degrades rapidly as the bitrate reduces to 0.35 bit/pixel and lower.
On the contrary, our proposed method performs more stably at
all bitrates. For easy observation, we enlarge the details of two
test images in Fig. 12, as shown in Figs. 13 and 14.

When it comes to eight-band test set, due to its richer texture
and margin information, the differences between these four
algorithms become more obvious. As seen from Fig. 15, the
texture and margin information of the roads and buildings is
extremely blurred in the recovered image of JPEG2000 and 3-
D-SPIHT, and even one-directional CNN algorithm also tends to
lose its edge in comparison with our proposed method. With the
combined result of seven-band test set together, the eight-band
experiment proves that these algorithms will be extremely infe-
rior when dealing with multispectral images with more bands, if
they do not pay enough attention to spectral correlation. This also
proves the correctness and effectiveness of our SSPC algorithm.
Also, partial enlarged details of two of the test images are shown
in Figs. 16 and 17.

V. CONCLUSION

In this article, a novel multispectral image compression frame-
work using spectral-spatial feature extraction method with poly-
directional CNN is proposed. The innovation of this algorithm
lies in the approach that the features of the image are extracted
from three different directions, which not only preserves spatial
features with integrity, but also ensures the independence of
spectral features. As the multispectral images are volumetric
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Fig. 12. Visual comparison of the recovered images of seven-band (each row represents the same image).

Fig. 13. Partial enlarged view of ah_xia. Fig. 14. Partial enlarged view of tj_chun.
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Fig. 15. Visual comparison of the recovered images of eight-band (each row represents the same image).

[41], employing point-wise convolution and depth-wise con-
volution together can make it possible to achieve the highest
performance of the model. The spectral-spatial features are
extracted separately and then concatenated together, and the
fusing operation makes sure that two parts of information do
not interfere with each other. Likewise, the spectral and spatial
features are recovered when reconstructing the image, resulting
in images with high quality. When validating the performance
of the framework, we have tested and illustrated its effective-
ness from three aspects: spatial information recovery; spectral
information recovery; and visual effect. The results have shown
that the SSPC algorithm outperforms JPEG2000, 3-D-SPIHT
and one-directional-CNN-based algorithm. Thanks to the out-
standing learning ability of CNN, it is easy to capture the latent
representation of the multispectral image itself. Also, with the
design of polydirectional structure, both the spectral and spatial
correlations can be obtained, resulting in great performance in

spectral and spatial recovery. In particular, the SSPC algorithm
has a greater advantage over all the other three methods as
the bitrate drops off, which testifies that the SSPC algorithm
has strong robustness. Finally, the experimental results on the
eight-band test set prove that for multispectral images, the use of
rich spectral correlation is the trend for multispectral image com-
pression, and has significant prospect for future development.
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