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A B S T R A C T

PolSAR images provide rich polarimetric information, however, due to the limitations of the imaging system, the
spatial resolution decreases while the richer polarimetric information is obtained. The lower resolution limits the
application, so it is necessary to use super-resolution technology to improve the spatial resolution. In this paper,
in response to the low spatial resolution of PolSAR images, a PolSAR super-resolution framework is proposed to
improve the spatial resolution by the use of a residual convolutional neural network. Within this framework,
deconvolution is used to up-sample the PolSAR images, PReLU is added to maintain the numerical properties. A
complex structure block is also designed to accommodate the PolSAR data structure. In addition, prior in-
formation on the low-resolution image itself is used to reduce the artifacts. The proposed method shows a
superior performance when compared to the traditional methods in both the quantitative evaluation and visual
assessment. The proposed method improved the spatial resolution significantly, especially in terms of detail
information retention, and it improves the mean PSNR by more than 12% when compared to the traditional
methods. By analyzing the phase statistics and polarimetric response, it is shown that the proposed method has a
good polarimetric information retention ability, and can obtain a higher classification accuracy.

1. Introduction

Fully polarimetric synthetic aperture radar (PolSAR) images can
provide different scattering characteristics from multiple polarimetric
channels (HH, HV, VH, VV) of the same scene, which can provide richer
information for ground interpretation than single-polarimetric SAR.
PolSAR images can thus be applied in multiple fields, such as building
damage detection after an earthquake, marine ship monitoring, agri-
culture, wetland mapping, and classification (Qi et al., 2015; Lê et al.,
2015; Zhao et al., 2013; Shi et al., 2015; Liu and Gierull, 2007; Liu
et al., 2019; Zhao et al., 2017; Shi et al., 2013; Liu et al., 2019; Hänsch
and Hellwich, 2018; Dabboor and Shokr, 2013; White et al., 2015;
Mahdianpari et al., 2017). However, in the process of PolSAR imaging,
in order to obtain the information of the multiple polarimetric chan-
nels, it is inevitably to decrease the spatial resolution to obtain more
abundant polarimetric features (Song et al., 2018). For some SAR sen-
sors, the limitation of this system results in the spatial resolution of the
PolSAR images often being lower than the spatial resolution of single-
polarimetric SAR images. The reduction of the PolSAR image resolution

limits its application in a variety of fields. Therefore, it is necessary to
enhance the resolution of PolSAR images by means of image processing.
Recently, super-resolution reconstruction technology (Yue et al., 2016)
has been widely used in optical and single-polarimetric SAR images to
enhance the resolution. SAR super-resolution is an image enhancement
technique used to improve the spatial resolution and reduce the side-
lobes of SAR images (Zhang and Zhang, 2013), however, to date, there
have been relatively few studies of the super-resolution of PolSAR
images. For the purpose of improving the resolution of PolSAR images,
Suwa et al. (Suwa and Iwamoto, 2007) proposed the 2-D polarimetric
bandwidth extrapolation (2D-PBWE) method, which used 2-D polari-
metric linear prediction model to extend the spatial frequency band-
width of the azimuth and distance. This method extended bandwidth
extrapolation to PolSAR images, and improved the resolution of the
azimuth and range directions, but the polarimetric information of the
PolSAR imagery is not fully utilized. Zou et al. (Zou et al., 2008) pro-
posed a super-resolution method based on target decomposition and
quadrant pixel (SRQP). In this method, target polarimetric decom-
position was first performed on the PolSAR images, the central pixel
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was then divided into four sub-pixels, and finally obtained the coher-
ency matrix values of the four sub-pixels by weighting the central pixel
and the adjacent pixels. However, by only considering the relationship
between the central pixel and the neighboring pixels, the reconstruction
results have a distinct grid effect. The PolSAR super-resolution method
based on polarimetric spatial correlation (SRPSC) (Zhang et al., 2011)
was subsequently proposed to introduce the polarimetric spatial cor-
relation between sub-pixels to reduce the grid effect and maintain the
polarimetric characteristics of the results. However, the inappropriate
polarimetric target decomposition for this super-resolution method
limits the accuracy of the super-resolution. In addition, super-resolution
algorithms for PolSAR images have been developed based on specific
targets. The spectral-analysis-based techniques (Pastina et al., 2003)
and the projection onto convex sets (POCS) algorithm (Jiong and Jian,
2007) were applied to the super-resolution of PolSAR images of ship
targets. This type of method focused on a single type of target, and
other types of features was not considered.

For the super-resolution of PolSAR images, robust reconstruction
results can be achieved by taking the multiple polarimetric channel
information into account (Pastina et al., 2001). However, due to the
special imaging mode by a coherent superposition of the received
echoes during imaging, the imaging process is complex, and the re-
lationship between the different polarimetric channels is also relatively
complicated. Therefore, it is difficult to fit the relationship between
different polarimetric channels by the use of a simple linear model. In
recent years, deep learning has been widely adopted to fit complex
nonlinear relationships. For image processing, convolutional neural
networks (CNNs) have exhibited better fitting capabilities than the
traditional linear models. For natural image super-resolution, a number
of deep-learning-based image super-resolution methods have been
proposed. The super-resolution convolutional neural network (SRCNN)
model (Dong et al., 2014) showed a superior super-resolution effect
when compared to the traditional reconstruction model. Subsequently,
in order to reduce the loss of precision and the computational burden
caused by the image interpolation, the fast super-resolution convolu-
tional neural network (FSRCNN) model (Dong et al., 2016) introduced
deconvolution into the network. Some studies have also focused on the
deepening of the convolutional layers. The very deep convolutional
network (VDSR) model (Kim et al., 2016) used residual learning to
solve the model degradation problem caused by the increase in the
number of layers (He and Sun, 2015; He et al., 2016). Furthermore, the
global residual learning of VDSR allowed it to converge quickly (Tai
et al., 2017). However, as the number of network layers increase, the
network parameters also increase. To solve this problem, the deeply-
recursive convolutional network (DRCN) model (Kim et al., 2016) re-
duced the number of network parameters by using the same convolu-
tional layer in multiple recursions, but this recursive approach in-
creased the network training time. Thereafter, based on residual blocks,
the enhanced deep super-resolution network (EDSR) model (Lim et al.,
2017) removed the modules and simplified the network. In addition,
the deep back-projection network (DBPN) model (Haris et al., 2018)
introduced an up-projection unit and a down-projection unit and re-
constructed the high-resolution imagery by mutually connecting the up-
sampling and down-sampling stages. CNNs have also been successfully
used in remote sensing (Zhang et al., 2016; Zhang et al., 2018; Yuan
et al., 2019; Wang et al., 2017; Chierchia et al., 2017; Zhang et al.,
2018; Zhou et al., 2018; Zhang et al., 2017). For example, the Very
Deep Convolutional Neural Network (Sun and Wang, 2018) and fully
convolutional neural networks have been used in remote sensing ap-
plications (Mahdianpari et al., 2018). However, the application of deep
learning in the field of super-resolution of PolSAR images is still blank.
Hence, in this paper, we aim to fit a relationship between the multiple
polarimetric channels of PolSAR images, and then combine the multiple
polarimetric channels to reconstruct the resolution of the PolSAR
imagery by the use of CNN model.

With regard to the super-resolution of PolSAR imagery, the first

difficulty is the incompatibility between the multiple polarimetric
channel SAR data and the single luminance channel networks. The re-
lationship between the polarimetric channels of the PolSAR imagery is
complicated. If the PolSAR imagery is reconstructed channel by
channel, the relationship between the polarimetric channels is ignored,
which will inevitably affect the reconstruction accuracy. In addition,
the numerical characteristic of PolSAR images is diverse. With the ex-
istence of both negative and complex numbers, PolSAR data far exceed
the range of natural image pixel values, which are generally neither
negative nor complex values. Therefore, directly using a natural image
super-resolution network will lose some of the numerical information of
the PolSAR imagery. Hence, in this paper, a residual convolutional
neural network based PolSAR image super-resolution method is pro-
posed, considering the complex structure of PolSAR imagery from the
following aspects. On the one hand, the number of channels in the
network is changed to adapt to the properties of the multi-channel
PolSAR imagery. On the other hand, according to the numerical char-
acteristics of the PolSAR imagery, a complex structure block is designed
to extract the mixed features of the complex domain of the SAR ima-
gery, and the activation function is improved to adapt to the data
characteristics.

The rest of this paper is organized as follows. Section 2 introduces
the PolSAR data and PolSAR image degradation. The framework of the
proposed PolSAR image super-resolution method and the details of its
structure are also introduced in Section 2. The experimental results are
provided in Section 3. A discussion on the residual compensation (RC)
strategy is presented in Section 4, followed by our conclusions and
future work in Section 5.

2. The proposed method

2.1. Data organization and model framework

Different echo emitting and receiving modes enable PolSAR data to
have multiple channels with different polarimetric properties.
However, this structural complexity makes the PolSAR data super-re-
solution process even more difficult. Therefore, it is necessary to re-
organize the data structure. Under the condition of satisfying the theory
of reciprocity (Lee and Pottier, 2009; Chitroub et al., 2002), and ig-
noring the system noise in PolSAR imaging systems, the backscattering
matrix can be converted into a coherency matrix:
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where SHH and SVV represent the co-polarized channels, and SHV and
SVH represent the cross-polarized channels.

Considering the elements on the diagonal of the coherency matrices
being real numbers, and the non-diagonal elements of the coherency
matrices being complex numbers, the coherency matrix can be re-
written as:

=
+ +

+ +
+ +

T
R R I j R I j

R I j R R I j
R I j R I j R

3

11 12 12 13 13

21 21 22 23 23

31 31 32 32 33 (2)

where =j 1 is the imaginary unit. For the coherency matrices, two
elements of symmetric position on a non-diagonal line are conjugate
complex numbers, for example, = =R R I I,12 21 12 21. In this paper, we
extracted the value of the upper triangular matrix on the coherency
matrix T3 and converted it into a ×1 9 real-valued vector Tvalue.

=T R R I R I R R I R[ , , , , , , , , ]value
T

11 12 12 13 13 22 23 23 33 (3)

Thus, the super-resolution process for PolSAR imagery can be
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transformed into the super-resolution reconstruction of vector Tvalue.
Based on the above description, the PolSAR image degradation process
can be expressed as follows:

=T f T( )y ds x (4)

where Ty is the observed low-resolution PolSAR image, and Tx is the
high-resolution PolSAR image. Both Ty and Tx are a 3-D matrix com-
posed of multipleTvalue, and the vector represents the value vector of the
upper triangular matrix of one pixel of the PolSAR images Ty and Tx . fds
represents the down-sampling function, describing the underlying re-
lationship between the observed image and the high-resolution results.
Owing to the complex nonlinear relationship of the PolSAR image de-
gradation process, deep learning is introduced in this paper to fit its
degradation process so as to better reconstruct low-resolution PolSAR
images.

In order to improve the resolution of PolSAR data, an end-to-end
network for PolSAR image super-resolution is proposed, as illustrated in
Fig. 1. Fig. 2 is a specific description of the multi-channel residual
structure and parameters. In the network, instead of interpolating the
low-resolution PolSAR images as input directly, a deconvolutional layer
is used in the proposed network. Subsequently, the complex structure
block is used to extract the mixed features of complex values. Moreover,
the network contains 20 convolutional layers with parametric rectified

Fig. 1. The framework of the proposed method.

Fig. 2. The convolutional layers of the proposed network.

Fig. 3. The deconvolution scheme.

Fig. 4. The complex structure block.
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linear units (PReLU) and one convolutional layer without an activation
function. The details of the super-resolution framework are given in the
following.

2.2. Deconvolution

In consideration of the nonlinear relationship between the high-
resolution imagery and the degraded imagery, it is not suitable to use a
simple up-sampling operator to up-sample low-resolution PolSAR
images. The predefined up-sampling, which is fixed and cannot be
learned, is inflexible and may generate new noise (Haris et al., 2018). In
addition, due to the negative values in the PolSAR imagery, if the up-
sampling is performed directly using the predefined up-sampling op-
erator, the sign of the up-sampling result may be abnormal. Hence, we
tend to up-sample low-resolution images in a non-fixable and learnable
way. Deconvolution (Zeiler et al., 2010), which is also known as
transposed convolution, can be regarded as a learnable up-sampling
technique. Compared to bilinear up-sampling, the filters in the decon-
volutional layers are flexibly learned, along with the different polari-
metric data.

For the deconvolutional layer, the up-sampling process can be de-
fined as follows:

= ° +F W F bdeconv input (5)

where Fdeconv is a feature map up-sampled by the deconvolutional layer.
W represents the convolutional kernel. The size of W is

× × ×C S S Cin filter filter out , where Sfilter is the size of a filter, Cin and Cout
represent the number of channels of the deconvolutional layer input
and output, respectively. b represents the bias term of the convolution
which is a Cout-dimensional vector. Finput represents the input feature
map. The size of the deconvolutional feature map Fdeconv is ascale times
the size of the input feature map Finput , where ascale is the scale factor of
the super-resolution. ° is the convolution operation. The deconvolution
scheme is depicted in Fig. 3.

Since the deconvolution is done inside the network, the utilization
of the deconvolutional layer can not only automatically learn the

sampling relationship between the low-resolution and high-resolution
images, but it can also reduce the influence of the interpolation on the
super-resolution results, without interpolation preprocessing.

2.3. Complex structure block

In Section 2.1, we mentioned that the non-diagonal elements of the
coherency matrices are complex. For the complex structure in PolSAR
imagery, the simplest strategy is to extract the values from the real and
imaginary fields separately, then convert the complex numbers into two
separate real values. Super-resolution can then be finally performed on
the separate values. However, the strategy of separating the real and
imaginary values from the complex values will destroy the complex
features, to a certain extent.

Therefore, the complex structure block is proposed to solve the
complex feature extraction problem. As illustrated in Fig. 4,
according to the numerical attribute, Tvalue is sliced into three
real parts R R R( , , )11 22 33 and three pairs of complex parts
R I R I R I( , ), ( , ), ( , )12 12 13 13 23 23 . The six portions respectively correspond to
the values of the six positions of (2). Instead of directly extracting the
features of the nine values of Tvalue, the features of the above six parts
are learned in the proposed model. The proposed complex structure
block contains two types of convolution. For the diagonal elements,
common convolution is adopted for the feature extraction. For the real
and imaginary values at the same position on the non-diagonal ele-
ments, mixed convolution is employed to extract the mixed features.

For the complex structure block layer, the convolutional process can
be defined as follows:

= ° + =F W F b i, 11, 22, 33R
i

CBR
i

RS
i

CBR
i (6)

= ° + =F W F b i, 12, 13, 23C
i

CBC
i

CS
i

CBC
i (7)

where FR
i is a real feature map; FC

i is a complex feature map; andWCBR
i ,

WCBC
i are convolutional kernels of the real-valued feature map and

complex-valued feature map, respectively. bCBR
i and bCBC

i are the bias
terms of the real-valued feature map and complex-valued feature map,
respectively. FRS

i is the slice of the real-valued feature map, and FCS
i is

the slice of the complex-valued feature map. i corresponds to the sub-
scripts of the upper triangular matrix in (2).

After the convolution, all the features are concatenated in the order
before the slicing. The concatenation can be defined as follows:

=F Concat F F F F F F( , , , , , )CB R C C R C R
11 12 13 22 23 33 (8)

where F F F F F F, , , , ,R C C R C R
11 12 13 22 23 33 represent the feature maps of the real-

valued slice and the complex-valued slice after convolution.
The complex structure block, on the one hand, can extract the

complex mixed features of the non-diagonal elements. On the other
hand, the subsequent convolution operation is performed on the com-
plex mixed-feature map, which can reduce the precision loss caused by
separating the complex numbers.

2.4. The parametric rectified linear unit for complex values

The polarimetric coherency matrices have both positive and nega-
tive values. As an activation function, the unilateral suppression char-
acteristics of the rectified linear unit (ReLU) (He et al., 2015) can cause

Table 1
The Definitions and Configurations of the Parameters.

Parameter Definition Size

M The size of the feature map for each kernel output 40 × 40
Kde The size of the kernel in the deconvolutional layer 4 × 4
Cinde Number of input channels in the deconvolutional layer 9
Coutde Number of output channels in the deconvolutional layer 9
Kcb The size of the kernel in the complex structure block 3 × 3
Cincb Number of input channels in the complex structure block 9
Coutcb Number of output channels in the complex structure

block
384

Kl The size of the kernel in the convolutional layer 3 × 3
Cinconvf Number of input channels in the first convolutional layer 384
Coutconvf Number of output channels in the first convolutional

layer
64

Cl 1 Number of input channels in the lth convolutional layer 64
Cl Number of output channels in the lth convolutional layer 64
Cinconvl Number of input channels in the last convolutional layer 64
Coutconvl Number of output channels in the last convolutional layer 9
D The depth of the convolutional layer 19

Table 2
The number and proportion of pixels used by each sensor for training and testing.

Data Training (num of pixels) Testing (num of pixels) Training (proportion) Testing (proportion)

RADARSAT-2 (San Francisco) 37,273,600 2,867,200 59.52% 4.58%
RADARSAT-2 (Vancouver) 0 18,874,368 0.00% 30.14%
ESAR (Munich) 0 2,168,320 0.00% 3.46%
PiSAR (Niigata) 0 1,440,000 0.00% 2.30%
Total 37,273,600 25,349,888 59.52% 40.48%
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zero values to abnormally appear in the negative number field and the
gradient in the backward propagation. This phenomenon means that
the weight of the filters is no longer updated, and the negative field may
remain inactive during the subsequent training process. The negative
information will then be lost. Hence, in this paper, we introduce the
parametric rectified linear unit (PReLU) (He et al., 2015) as the acti-
vation function. Unlike the original ReLU, the PReLU is adapted to
consider the numerical characteristics of SAR images. Compared with
the ReLU, the PReLU has non-saturation in the negative domain. By
adaptively learning parameters ai, the negative domain is preserved.
The PReLU can be defined as:

=
>

f y
y y

a y y( )
, 0
, 0prelu i

i i

i i i (9)

where yi represents the input of the PReLU fprelu on the ith component,
and ai is a negative domain slope control coefficient. After the PReLU

processing, the data integrity of the coherency matrices of the PolSAR
images is maintained, which can promote the accuracy of the super-
resolution reconstruction.

Compared to natural images, due to the negative elements in both
the real and imaginary parts of PolSAR image coherency matrices, the
utilization of the PReLU in the PolSAR image super-resolution can not
only correct the data distribution but, more importantly, it can main-
tain the details of the negative domain. Hence, the PReLU shows better
adaptability in the super-resolution of PolSAR images.

2.5. Polarimetric loss function

In the proposed method, since the input is a low-resolution image,
without up-sampling, the size of the input and output is inconsistent.
Therefore, instead of using the input and output, the results of the de-
convolution and output are used as the identity shortcut. In the pro-
posed network, TD denotes the deconvolution result of the low-resolu-
tion image Ty, and the residual can be defined as follows:

= T Tx D (10)

where Tx is the high-resolution PolSAR image.
Given a training set with N training image pairs =T T{ , }x

i
y

i
i
N

1,Tx
i is the

high-resolution PolSAR image patch, and Ty
i is the low-resolution

PolSAR image patch. In the proposed network, we employ the mean-
squared error (MSE) between the patch residual i and the output of the
network T( )y

i as the loss function. The loss function is defined as fol-
lows:

Table 3
Test datasets information.

Sensor Region Looks Resolution Size Source

RADARSAT-2 San Francisco 1 6 m 1024 × 2800 Canadian Space Agency
RADARSAT-2 Vancouver 1 6 m 6144 × 3072 Canadian Space Agency
ESAR Munich 4 3 m 1408 × 1540 European Space Agency
PiSAR Niigata 4 3 m 1200 × 1200 European Space Agency

Table 4
The Proposed Network Configuration.

Layer Configuration

Deconvolutional Deconv + PReLU: 9 × 4 × 4, stride = 2, pad = 1, type='bilinear'
Complex structure block common Conv + PReLU: 64 × 3 × 3, stride = 1, pad = 1, type='msra'

mixed Conv + PReLU: 64 × 3 × 3, stride = 1, pad = 1, type='msra'
Convolutional layer1-layer20 Conv + PReLU: 128 × 3 × 3, stride = 1, pad = 1, type='msra'

layer21 Conv: 9 × 3 × 3, stride = 1, pad = 1, type='msra'

Table 5
Quantitative Evaluation Results (San Francisco).

Method Bicubic SRPSC MSSR PSSR

MAE (|P1|2) 2.06 1.71 0.27 0.26
MAE (|P2|2) 2.12 1.82 0.57 0.37
MAE (|P3|2) 2.23 1.85 0.35 0.34
MAE (mean) 2.14 1.79 0.39 0.32
PSNR (|P1|2) 38.63 39.69 51.58 52.24
PSNR (|P2|2) 38.14 38.87 50.42 52.03
PSNR (|P3|2) 39.62 40.78 50.50 50.87
PSNR (mean) 38.80 39.78 50.83 51.71

Fig. 5. The PSSR super-resolution result for the RS-2 imagery (San Francisco).
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where is the parameters of the proposed network. The proposed
network uses the training dataset to simulate the relationship between
the high-resolution and low-resolution PolSAR image patches, then
trains a learned network with a converged loss.

2.6. Complexity analysis

In the following, the complexity of the algorithm is analyzed from
the aspects of time complexity and spatial complexity.

1) Time complexity analysis

The time complexity of the proposed network framework is as fol-
lows:

+
+ +
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The definitions and configurations of the parameters are given in
Table 1.

2) Spatial complexity analysis

The spatial complexity of the network includes the total amount of
parameters and the output feature map. The spatial complexity of the
proposed network framework is as follows:
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The definition and configuration of the parameters are given in
Table 1.

3. Experimental results

3.1. Experimental data

All the data used in this study were PolSAR data with four polari-
metric channels (HH, HV, VH, VV). The data from the San Francisco
region (RADARSAT-2) were C-band data, for which the size was
14416 × 2823 and the resolution was about 6 m. The data from the San
Francisco region were divided into two parts, nine-tenths for network

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth.
Fig. 6. PolSAR image super-resolution performance comparison for the urban in San Francisco.

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 7. PolSAR image super-resolution performance comparison for the forest in San Francisco.

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 8. PolSAR image super-resolution performance comparison for the sea in San Francisco.
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training and one-tenth for network testing. The data from the
Vancouver region (RADARSAT-2) were C-band data, for which the size
was 6144 × 3072 and the resolution was about 6 m. The data from the
Munich region (ESAR) were L-band data, for which the size was
1408 × 1540 and the resolution was about 3 m. The data from the
Niigata region of Japan (PiSAR) were L-band data, for which the size
was 1200 × 1200 and the resolution was about 3 m. For all the data
used in this paper, 60% were used for network training and 40% for
testing. The proportion of training and test data for each sensor is
shown in Table 2. All the data contained a variety of land-cover types,
such as urban areas, mountains, vegetation, and water. For the speckle
noise, the original PolSAR image was despeckled using the non-local
means polarimetric speckle filter in PolSARpro version 5.0, before the
experiments. The data were then converted into the form of a coherency
matrix.

In the network training process, only RADARSAT-2 (RS-2) data were
used as training data. The size of the high-resolution patches was set to
40 × 40, and the size of the corresponding low-resolution patches was
set to 20 × 20. In total, 26,048 pairs of training images were used. The
elements on the diagonal of the matrix data used in the experiments
were positive real numbers, and the non-diagonal elements were
complex and contained both positive and negative numbers.

We used four scenes of PolSAR data as the test data, for which the
size of each scene was 1024 × 2800, 6144 × 3072, 1408 × 1540, and
1200 × 1200, respectively. The test data were divided into three
groups and used in three sets of experiments. The effectiveness of the
proposed method for the super-resolution reconstruction of PolSAR
images was verified from the following three aspects. Details of the test
datasets are provided list in Table 3.

1) The same sensor and the same imaging conditions

This set of experiments involved one scene of PolSAR images from
RS-2, which were acquired under the same imaging condition as the
training data.

2) The same sensor but different imaging conditions

This set of experiments involved one scene of PolSAR data from the
Vancouver region, which were acquired by RS-2 under different ima-
ging conditions, including different imaging times and different ima-
ging angles.

3) Different sensors and different imaging conditions

This set of experiments involved two scenes of PolSAR images, one
of which was acquired by ESAR and the other scene was acquired by
PiSAR.

Fig. 9. The PSSR super-resolution result for the RS-2 imagery (Vancouver).

Table 6
Quantitative Evaluation Results (Vancouver).

Method Bicubic SRPSC MSSR PSSR

MAE (|P1|2) 1.17 1.00 0.21 0.21
MAE (|P2|2) 0.87 0.76 0.17 0.16
MAE (|P3|2) 1.67 1.45 0.28 0.25
MAE (mean) 1.24 1.07 0.22 0.21
PSNR (|P1|2) 40.60 41.36 51.84 52.14
PSNR (|P2|2) 40.99 41.56 51.78 52.30
PSNR (|P3|2) 40.55 41.31 51.88 52.52
PSNR (mean) 40.71 41.41 51.83 52.32

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 10. PolSAR image super-resolution performance comparison for the urban in Vancouver.
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3.2. Parameter settings

In the proposed network, the weights of the deconvolutional filters
were initialized by bilinear interpolation. The proposed network uses a
21-layer convolutional structure, in which the first 20 layers are the
convolutional layers with the PReLU, and the last layer is a convolu-
tional layer. In addition, we initialized all the convolutional filters using
“MSRA” (He et al., 2015). The detailed configuration of the proposed
network is provided in Table 4. The PReLU was used with an initial
negative slope ai of 0.25. The learning rate was initialized to 0.0001
for the whole network, which was fixed. In the network training pro-
cess, the maximum number of iterations was set to 1000000. The Adam
algorithm (Kingma and Ba, 2015) was used for the optimization in the
network training. We used the Caffe framework to train the proposed
method in the Windows 10 environment, 64 GB RAM, and an Nvidia
Quadro P4000 GPU. During network training, 64 patches were trained
in parallel.

3.3. Quantitative Evaluation indicators

In order to verify the effectiveness of the proposed method, we
compared it with bicubic interpolation (Keys, 1981), SRPSC (Zhang
et al., 2011), and Multi-channel SAR Super Resolution (MSSR). Among

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth.
Fig. 11. PolSAR image super-resolution performance comparison for the farmland in Vancouver.

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 12. PolSAR image super-resolution performance comparison for the strong scattering points in Vancouver.

Fig. 13. The PSSR super resolution result for the ESAR data.
Fig. 14. The PSSR super resolution result for the PiSAR data.

Table 7
Quantitative Evaluation Results (ESAR).

Method Bicubic SRPSC MSSR PSSR

MAE (|P1|2) 2.93 2.46 1.25 1.20
MAE (|P2|2) 3.12 2.62 0.80 0.90
MAE (|P3|2) 4.20 3.46 1.64 1.81
MAE (mean) 3.41 2.85 1.23 1.30
PSNR (|P1|2) 38.23 39.18 48.33 48.67
PSNR (|P2|2) 38.44 39.33 49.06 49.69
PSNR (|P3|2) 37.18 38.01 46.11 45.61
PSNR (mean) 37.95 38.84 47.83 47.99
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the comparison algorithms, the MSSR method used is a multi-channel
VDSR (Kim et al., 2016) network for polarimetric SAR image super-
resolution, which were adapted for use with PolSAR images.

In the experiments, Pauli decomposition for the coherency matrix
was performed after the super-reconstruction. The obtained Pauli de-
composition results were then used to calculate the quantitative indices.
The following is the equation for Pauli decomposition.

= + = =P S S P S S P S
2

,
2

, 2
2

HH VV HH VV HV
1 2 3 (14)

The three components after Pauli decomposition correspond to the
three scattering mechanisms, where P1 represents single-bounce scat-
tering from a rough surface, P2 represents double-bounce scattering,
which usually comes from buildings, and P3 represents volume scat-
tering from the canopy. P P P| | , | | , | |1

2
2

2
3

2 stand for the scattered power by
single-bounce scattering, double-bounce scattering, and volume scat-
tering, respectively.

The following indicators are used to quantitatively evaluate the
super-resolution accuracy of the PolSAR images: mean absolute error
(MAE) and peak signal-to-noise ratio (PSNR). The MAE is used to reflect
the absolute error between the predicted and actual images. The PSNR
is the most widely used indicator for evaluating the degree of image
distortion. The lower the value of MAE, the closer the reconstruction
result is to the ground truth, and the higher the value of PSNR, the
better the super-resolution result is. The phase of the non-diagonal
elements of the coherency matrix was also calculated to measure the
polarimetric information retention. In addition, the equivalent number
of looks (ENL) (Anfinsen et al., 2009; Ren et al., 2019) was calculated
and used to check whether the super-resolution reconstruction process
introduces artifacts. The ENL can be defined as follows:

=ENL Tr T
Tr T T Tr T T

( )
( ) ( )

3
2

3 3 3 3 (15)

where T3 is the coherency matrices of the PolSAR imagery, and Tr (·) is
the trace operator.

3.4. Experimental analysis

For the proposed method, the scale factor was set to 2. Three sets of
experiments were undertaken to quantitatively and qualitatively verify

the proposed method.

1) The same sensor and the same imaging conditions

The first set of experiments involved the San Francisco area data
acquired by RS-2. As shown in Table 5, the proposed framework shows
a superior performance in the quantitative evaluation. Compared with
bicubic interpolation, the PSNR of the proposed method is significantly
increased. At the same time, the MAE of the proposed method is re-
duced to around 0.5 or even lower. Compared with the traditional
SRPSC method, the proposed framework shows a state-of-the-art per-
formance in the super-resolution of PolSAR images.

We evaluated three typical targets (see Fig. 5): urban area, forest,
and sea. In the urban part, as shown in Fig. 6, the bicubic interpolation
and SRPSC methods show an over-smoothing effect, as a whole, and the
edge of the urban structure is blurred. The structural information of the
two deep-learning-based methods is richer. Compared with MSSR, the
result of the proposed method is sharper at the edges, and the details
are more obvious. In the forest part, as shown in Fig. 7, the proposed
method performs better than the other algorithms in reconstructing
vegetation texture information, and the ridgeline is clearer. In the sea
part, as shown in Fig. 8, the sharpness of the edge of the bridge in the
sea is higher than that of other comparison algorithms, and the struc-
ture is closer to the ground truth, indicating that the proposed method
shows a superior performance in detail reconstruction.

2) The same sensor but different imaging conditions.

The second set of experiments involved the RS-2C-band data from
the Vancouver area as shown in Fig. 9. The imaging conditions in the
Vancouver area were different from the conditions in the San Francisco
area. As shown in Table 6 and Figs. 10–12, the two deep-learning-based
methods show a significant improvement over the traditional SRPSC
super-resolution method, in both quantitative indicators and visual
results. As shown in Table 6, the quantitative results of the proposed
method are superior to those of the comparison algorithms, indicating
that the proposed method results in fewer errors and can better pre-
serve texture information.

In this set of experiments, three typical targets: urban, farmland,
and strong scatter points were evaluated. In the urban part, as shown in
Fig. 10, the results allow a similar conclusion to the first set of ex-
periments, and the proposed method reconstructs more detailed in-
formation. In the farmland part, as shown in Fig. 11, the results of the
bicubic interpolation and SRPSC methods are generally smoother.
However, the boundaries between the different crops are blurred. The
details in the results of the MSSR and PSSR methods are better, and the
boundaries between the different crops are clear. Compared to MSSR,
PSSR results in fewer artifacts, and MSSR has obvious point-like arti-
facts as shown by the dotted rectangle in Fig. 11. We also selected
strong scattering points and evaluated them. Strong scattering points
are point targets with strong scattering intensity, and such point targets
are susceptible to defocusing and blurring, due to the degradation
processes.

Table 8
Quantitative Evaluation Results (PiSAR).

Method Bicubic SRPSC MSSR PSSR

MAE (|P1|2) 0.73 0.65 0.23 0.20
MAE (|P2|2) 0.56 0.50 0.14 0.15
MAE (|P3|2) 1.94 1.73 1.55 1.43
MAE (mean) 1.08 0.96 0.64 0.59
PSNR (|P1|2) 41.09 41.68 48.48 49.24
PSNR (|P2|2) 42.93 43.39 50.04 49.94
PSNR (|P3|2) 42.60 43.30 44.72 45.84
PSNR (mean) 42.21 42.79 47.75 48.34

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 15. PolSAR image super-resolution performance comparison for the building in Munich.
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As shown in Fig. 12, for strong scattering points in the sea area, in
the results of the bicubic interpolation and SRPSC methods, defocusing
occurs at strong scattering points, and the strong scattering points of
SRPSC show a grid effect in the reconstruction of the strong scattering

points. The reconstruction of the two deep-learning-based methods has
a higher sharpness, but does contain certain artifacts at the same time,
which may be related to the small number of target samples of such
strong scattering points in the training data. The results of the MSSR
method also show a certain color distortion in the point target exten-
sion, as shown by the dotted oval in Fig. 12, whereas the PSSR method
results in less color distortion.

3) Different sensors and different imaging conditions

In the third set of experiments, one scene of 1408 × 1540 ESAR
data and one scene of 1200 × 1200 PiSAR data were used as test data
to verify the effectiveness of the proposed method for non-RADAR-
SAT-2 data as shown in Fig. 13 and 14.

Although the training data did not include data from the above two
sensors, the proposed method still has achieves a good reconstruction
effect in the super-resolution reconstruction of non-RADARSAT-2 data
as shown in Table 7 and 8. As shown in Fig. 15, for the building area,
the bicubic interpolation, SRPSC, and MSSR methods show varying
degrees of smoothing, while the PSSR method shows a better general-
ization performance, and the details of the building area are well pre-
served. Similar conclusions can also be made from Fig. 16. Also, as
shown in Fig. 16, the results of the MSSR contains speckle-like artifacts.
The results reconstructed by the proposed method have fewer artifacts
while reconstructing more details, and the overall results are closer to
the original image.

In the three sets of experiments, the resolution of the RADARSAT-2
ground truth was 6 m, and the resolution of the ESAR and PiSAR
ground truth was 3 m. The degraded image resolutions of Radarsat-2,
ESAR, and PiSAR were 12 m, 6 m, and 6 m, respectively. With super-
resolution, we attempt to enhance the details of low-resolution images
so that their resolution is as close as possible to the original high-re-
solution image. When compared to the ground truth, the experiments
proved that the details of the texture structure in the super-resolution
results of the proposed method are very close to the ground truth.
Hence, for the RADARSAT-2 test data set, the resolution of the super-
resolution results is close to 6 m, and on the ESAR and PiSAR test data
sets, the resolution of the super-resolution results is close to 3 m.

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 16. PolSAR image super-resolution performance comparison for the building in Niigata.

Fig. 17. The PSSR super-resolution result for the RS-2 imagery (Vancouver).

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 18. PolSAR image super-resolution performance comparison for the urban in Vancouver.
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4) Experiments with PolSAR image containing speckle noise

To some extent, the speckle noise in the PolSAR imagery contains
some of the polarimetric information. Therefore, in these experiments,
PolSAR imagery with speckle noise was reconstructed. From the
quantitative evaluation and visual assessment, it can be seen that the
proposed method is still effective for PolSAR images containing speckle
noise. The quantitative indicators and visual assessment of the results of
the proposed method for PolSAR images containing speckle are superior
to the results of the traditional methods. In the following, we provide
the super-resolution results for the experiments with PolSAR images
containing speckle noise as shown in Fig. 17–20 and Table 9.

In these experiments, the trained model was trained with de-
speckled data. For the super-resolution of PolSAR images containing
speckle, the trained model was used directly. The results show that the
speckle noise of the PolSAR images is suppressed while the spatial re-
solution of the PolSAR images is also improved.

4. Further discussion

4.1. Evaluation of the polarimetric information retention

To further evaluate the proposed method in the preservation of
polarimetric information, phase calculation of the T12 channel was
performed, which is more commonly used in applications in the co-
herency matrix. For the RADARSAT-2 dataset from the San Francisco

region, the frequency of the phase appearance was then counted.
In Fig. 21(a) and (b), compared with the phase of the original

image, the phase of the results reconstructed by the bicubic interpola-
tion method and the SRPSC method is significantly changed, indicating
that the polarimetric information changes during the reconstruction
process. The phase changes of two deep-learning-based methods are
smaller than those of the traditional methods. The phase change result
of the proposed method is the smallest among all the methods, and the
result is closer to the original image. Overall, the proposed method
shows a better effect on the preservation of polarimetric information.

It is important to evaluate the polarimetric information retention of
different targets in the super-resolution reconstruction. Hence, the po-
larimetric response of different land covers was analyzed. The polari-
metric response was analyzed for the four common land cover types:
sea, vegetation, bare soil, and urban.

On the RADARSAT-2 data from the San Francisco region, four types
of land cover types were selected, and we compared the polarimetric
response of the super-resolution result with the polarimetric response of
the ground truth as shown in Fig. 22–25. In all four types of land cover,
the polarimetric response of the super-resolution result is well main-
tained, and the polarimetric response of the ground truth is basically
consistent.

4.2. Evaluation of the polarimetric decomposition

In order to verify the validity of the PolSAR super-resolution results
reconstructed by the proposed method, polarimetric decomposition was
used to decompose the PolSAR image after super-resolution. In the
experiment, the Four-Component Scattering Power Decomposition
With Rotation of Coherency Matrix (Y4R) (Yamaguchi et al., 2011) was
used to decompose the PolSAR image into the odd bounce scattering,
the double bounce scattering, the volume scattering and helix scat-
tering.

In the experiment, three areas were selected for analysis, including
forest (area A), dense built-up area (area B) with complex scattering
mechanisms, and airport (area C). As shown in Fig. 27, for the forest
area, volume scattering shows stronger energy, while odd bounce
scattering and double bounce scattering have weaker energy. Since
helix scattering is a form of scattering unique to man-made targets, and

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 19. PolSAR image super-resolution performance comparison for the farmland in Vancouver.

(a) Bicubic. (b) SRPSC. (c) MSSR. (d) PSSR. (e) Ground truth. 

Fig. 20. PolSAR image super-resolution performance comparison for the strong scattering points in Vancouver.

Table 9
Quantitative Evaluation Results for the PolSAR Images containing Speckle
(Vancouver).

Method Bicubic SRPSC VDSR PSSR

MAE (|P1|2) 3.16 3.01 2.80 2.70
MAE (|P2|2) 2.17 2.07 1.99 1.92
MAE (|P3|2) 0.90 0.87 0.87 0.86
MAE (mean) 2.08 1.98 1.89 1.83
PSNR (|P1|2) 31.43 31.63 31.25 31.71
PSNR (|P2|2) 31.78 31.99 31.21 31.53
PSNR (|P3|2) 38.53 38.76 38.07 38.05
PSNR (mean) 33.91 34.13 33.51 33.76
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its energy is close to zero in this area. In Fig. 28, for building areas,
double bounce scattering is the main scattering mechanism. In addition,
compared to non-building areas, helix scattering has relatively strong
energy in dense building areas. In Fig. 29, due to the large flat soil in the
airport area, single-bounce scattering is strong. The existence of large
buildings also results in strong energy of double bounce scattering in
the area. At the same time, there is helix scattering in some areas. In
addition, the volume scattering energy is low.

As shown in the Figs. 26–29, the scattering mechanism of the pro-
posed method is consistent with the scattering mechanism of ground-

truth. Also, the polarimetric decomposition scattering intensity of the
proposed method is close to ground-truth’s.

4.3. Evaluation of the trace moment ENL

In order to verify whether artifacts are introduced into the homo-
genous regions during the super-resolution process, the artifacts were
checked using the ENL. The ENL is often used to quantitatively evaluate
the effect of despeckling in PolSAR images. The higher the ENL, the
smoother the homogenous regions of the image. In this study, the ENL

.CSPRS)b(.cibuciB)a(

.RSSP)d(.RSSM)c(

Fig. 21. Phase statistics histograms.

Fig. 22. Polarimetric response in the sea.
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after super-resolution was calculated and compared with the ENL of the
ground truth. If the ENL value after super-resolution reconstruction is
lower than the ENL value of ground truth in the same position, it means
that unnecessary artifacts have been produced.

ESAR images with a high spatial resolution were selected, and ENL
was calculated. The ENL results for PSSR and the ground truth are
shown in Fig. 30. Areas A and B covering an urban and farmland, re-
spectively, were selected for further analysis of the ENL. As shown in
Fig. 31(a) and (b), in area ‘A’, the ENL of the PSSR method is higher
than that of the ground truth in the homogeneous region, indicating
that unnecessary artifacts were not introduced in the super-resolution
reconstruction process. In the heterogeneous region, the ENL of the
PSSR method is equivalent to the ENL of the ground truth, indicating
that the details of the heterogeneous region are well preserved. In area
‘B’, both PSSR and ground truth have low ENL values in the urban re-
gion, which means that PSSR reconstructs texture information that is

close to the ground truth. In the farmland area, the ENL of PSSR is
higher than that of the ground truth, which means that the super-re-
solution reconstruction process did not introduce obvious artifacts.

4.4. The experiment in residual compensation

Due to the complexity of PolSAR imaging systems, there may be
some differences in the data acquired in different flight angles at dif-
ferent times, so it is difficult for training samples to contain all the types
of features. However, fewer types of training samples may cause net-
work misprediction problems, in that the information reconstruction is
not enough or artifacts are produced. Inspired by the downscaling of
imagery in the geosciences (Wang et al., 2015; Wang and Atkinson,
2018), a simple and effective complex structure based residual com-
pensation (RC) strategy is proposed for the post-processing of super-
resolution results, as depicted in Fig. 32. In the RC strategy, the network

Fig. 23. Polarimetric response in the vegetation.

Fig. 24. Polarimetric response in the bare soil.

Fig. 25. Polarimetric response in the urban.
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Fig. 26. PolSAR Image Polarimetric Decomposition Results.

Fig. 27. PolSAR Image Polarimetric Decomposition Results in the Forest.
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Fig. 28. PolSAR Image Polarimetric Decomposition Results in the Urban.

Fig. 29. PolSAR Image Polarimetric Decomposition Results in the Airport.

(b) Ground truth.(a) PSSR.
Fig. 30. Comparison of the ENL results.
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reconstruction results THRnet are deemed as an intermediate product,
and prior information is used to perform RC on the network re-
construction results. The SRPSC method was used as the up-sampling
function for the real and imaginary values, respectively, to maintain the
complex structural characteristics of the data.

Three sets of data were used to verify the validity of the RC strategy.
In Table 10, compared with the proposed method, after application of
RC strategy, most of the quantitative indicators are improved. In
Fig. 33, the result of the RC strategy, the phase change is smaller and is
more in line with the phase distribution of the original high-resolution
PolSAR image. The experimental results show that the RC strategy has a
positive effect on correcting the network super-resolution results.

4.5. Experiments in PolSAR image classification

In order to further evaluate the effect of the proposed method, we
used the support vector machine (SVM) method to classify the re-
construction results, to verify the effect of the super-resolution re-
construction results in practical applications. We classified the PolSAR
images using SVM supervised classification inPolSARpro v5.0. The
AIRSAR Flevoland data (Zhou et al., 2018) was used for the classifi-
cation. The PolSAR image contains 15 types of features, as shown in
Fig. 34.

We provide the overall accuracy and kappa coefficient value for the
classification results, to verify the classification accuracy. It can be seen
from Table 11 that the overall accuracy and kappa coefficient of the
proposed method in the classification experiment are the highest, in-
dicating that the classification results have high consistency. It is fur-
ther shown that the proposed method can obtain good results in a
practical application.

It can be seen from Table 11 that the correctness rate of the majority
class is 90% or higher in the classification experiment. For the forest,
beet, potatoes, rapeseed, and building classes, the classification ac-
curacies of the proposed method are significantly better than the clas-
sification accuracies of the other comparison algorithms. In particular,
for the building class, fewer training samples lead to poor classification
results for the bicubic interpolation and traditional super-resolution

(a) PSSR ‘A’ (b) Ground truth ‘A’ (c) PSSR ‘B’ (d) Ground truth ‘B’ 
Fig. 31. Comparison of the ENL results in area ‘A’ and area ‘B’.

Fig. 32. The residual compensation strategy.

Table 10
Quantitative Evaluation Results.

Sensor RS-2 (S) RS-2 (V) ESAR PiSAR

Method PSSR PSSRRC PSSR PSSRRC PSSR PSSRRC PSSR PSSRRC

MAE (|P1|2) 0.258 0.256 0.215 0.213 1.198 1.242 0.197 0.194
MAE (|P2|2) 0.373 0.380 0.164 0.159 0.900 0.929 0.153 0.150
MAE (|P3|2) 0.335 0.327 0.249 0.245 1.813 1.568 1.428 1.314
MAE (mean) 0.322 0.321 0.209 0.205 1.304 1.246 0.593 0.552
PSNR (|P1|2) 52.24 52.30 52.14 52.19 48.67 48.65 49.24 49.31
PSNR (|P2|2) 52.03 52.09 52.30 52.39 49.69 49.68 49.94 50.08
PSNR (|P3|2) 50.87 51.16 52.52 52.74 45.61 46.06 45.84 46.10
PSNR (mean) 51.71 51.85 52.32 52.44 47.99 48.13 48.34 48.50

Note: RS-2 (S) and RS-2 (V) mean the RADARSAT-2 data from the San Francisco and the Vancouver area respectively. PSSRRC means the proposed method with a
residual compensation strategy.
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methods, and the proposed method obtains a superior classification
accuracy. For the other categories, the proposed method is comparable
to the results of the comparison algorithms. Compared with PSSR, the
classification result of PSSR with RC strategy (PSSRRC) has been further
improved as shown in Fig. 35, indicating that the RC strategy can
promote the super-resolution reconstruction of PolSAR imagery.

5. Conclusion

In this paper, we have proposed a PolSAR image super-resolution
framework to improve the spatial resolution of low-resolution PolSAR
images. Differing from the traditional methods, the proposed method is
based on residual convolutional neural network, which used deconvo-
lution to reduce the loss of precision caused by interpolation, added
PReLU to preserve the negative information and improve the accuracy,
and designed the complex block structure for extracting the mixed
features of complex numbers. Taking into account the numerical
characteristics and data structure of PolSAR imagery, the spatial re-
solution of the PolSAR imagery can be effectively improved by the use
of the proposed method. Moreover, the use of the RC strategy reduced
the artifacts that exist in the result of the super-resolution reconstruc-
tion. Compared with the traditional methods, the proposed method
shows a state-of-the-the-art performance in both accuracy and visual
results, especially in terms of detail information retention. In the phase
statistics and polarization response experiments, the proposed method
demonstrated good retention of polarimetric information. In addition,
in practical application, the proposed method obtained a higher clas-
sification accuracy in the PolSAR image classification.

In the proposed method, amplitude information and phase in-
formation are not used to constrain the back-propagation. Therefore,
considering amplitude and phase constraints in the network will be key
points in our future work.

Fig. 33. Phase statistics histograms.

Fig. 34. Flevoland dataset and the labels of the dataset.

Table 11
Classification accuracies of the comparison algorithms and the proposed
method.

Bicubic SRPSC MSSR PSSR PSSRRC

Stem beans 98.93 98.89 99.25 95.94 95.46
Peas 99.00 98.88 98.68 98.91 98.87
Forest 95.25 95.40 92.86 99.04 97.04
Lucerne 99.37 99.28 93.22 98.01 97.50
Wheat 95.18 95.24 93.99 94.01 96.33
Beet 87.23 88.10 82.03 95.07 95.26
Potatoes 75.67 76.18 81.17 89.16 85.50
Bare soil 99.38 99.35 99.84 97.60 99.51
Grass 91.34 90.94 88.93 85.91 89.87
Rapeseed 90.38 90.18 82.03 91.16 90.41
Barley 95.78 95.99 95.08 91.08 95.07
Wheat2 91.94 91.60 80.70 90.95 91.83
Wheat3 95.01 94.84 95.10 95.32 94.13
Water 90.47 89.92 87.72 79.41 87.80
Buildings 15.13 16.18 96.01 97.06 97.27
OA 92.08 92.08 90.02 92.80 93.40
Kappa 0.91 0.91 0.89 0.92 0.93
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