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Abstract. Many theories concerning radar polarimetry and polarimetric
synthetic aperture radar (PolSAR) processing techniques have been established.
Nevertheless, most of the SAR photographs are not fully polarimetric (full-pol).
This paper suggests radar image colorization as a feasible way of reconstructing
a full-pol image from a non-full-pol image, so that contemporary PolSAR
techniques, such as model-based decomposition and unsupervised classification,
can be readily used on the regenerated full-pol SAR images. It is proposed to
train a dedicating deep neural network that is intended for the task of converting
a single polarization gray-scale SAR images in full-pol. The neural network is
composed of two parts: a feature extraction network that develops multi-scale
spatial results, which are obtained from a grayscale SAR image, and a figure
translation network that converts spatial features into polarimetric features,
which enables the reconstruction of the polarimetric covariance matrix for each
pixel. Both qualitative and quantitative experiments with actual full-pol datasets
are carried out to support the effectiveness of this technique. The generated full-
polarimetric synthetic aperture radar image is consistent with actual full-
polarimetric images not only in terms of their visual likeness but also in real-
world PolSAR uses, such as terrain classification and target decomposition.

Keywords: Deep neural networks, SAR picture colorization, and polarimetric
virtual aperture radar.

1. Introduction

In general, all Synthetic Aperture Radars (SARs) can be subdivided into Copular
Modes and Cross-Polar Modes with regard to their polarimetric The capabilities
include compact-polarization (compact-pol), dual-polarization (dual pol-obligation3,1,
e.g. HH/VH, VV/HV), single-polarization (single-pol), and full polarimetric system.
It can be concluded that this full-pol system can gain more data than other systems.
However, this benefit comes at the cost of the reduced resolution/signal swath and
increased complications of the system. The compact-pol mode is suggested as a fair
middle ground for these effects[1]. One instead of two transmit/receive cycles is
needed every along-track sample, thus enabling, for instance, a twice greater swath
width or rendering half pulse rate data.

One method for examining compact-pol SAR images is to use compact-pol data to
pseudo-recreate full-pol data by applying additional constraints, which are the
interpolated data has been planned based on the earlier known addresses [1] [3] and
so forth, more sophisticated data processing techniques (full-pol) can then be availed
on the available addressed data. For instance, symmetry across the planes containing
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the object of the study was used in [1], which is mostly characteristic to the cases of
dense forestry, although is not the case for the materials with geometric anisotropic.
Quite expectedly, such a priori incensing limitation must be referred about to every
surface of given a priori paint restrictions over each type of terrain. The ideal situation
however would be to impose the invariant on each pixel of the image. This
mechanism, however, as adaptive on a pixel-to-pixel basis has not yet been found in
the literature.Since in fact, the Cartesian coordinates isotropic 2D spatial patterns are
employed to seek and replace spatial information where polarimetric data is missing
or lost. In this light, one could ask: can single-pol SAR image yield one complete en-
face image as in a full-pol configuration?

The mechanism of feature mapping is learned from the data where DNN networks are
trained without requiring any restrictions or assumptions about the data beforehand.
Moreover, it proposes a DNN based general architecture for mapping various types of
features present in SAR images. While this article elaborates only the conversion
from single-pol to full-pol, expanding the DNN architecture in the conversion of non-
full-pol data types to full-pol version such as compact-pol or dual-pol is also
achievable. New frameworks of this sort offer great potential for additional
applications.

2. Setting The Problems Of Radiometric Stretching Of Sar Images
A. FEATURE SPACE FOR NORMALIZED POLARIMETRIC

Given the assumption that the scattering reciprocity, Snv = S, is true in the case of
completely polarimetric synthetic aperture radar, the scattering matrix can be written
as

-

ki = [Smh V2SmSwIT 1)

where T is for transposition, S; (i, j = h, v) is the function that represents the
scattering amplitude with transmitting polarization j and receiving polarization i. The
polarimetric information of a multi-looked complex SAR image is encoded using the
covariance matrix, which may be read as follows.

C= (EL . ELH)
(Sul)  v2(SuS)  (SwSs)

= | V2(SuSy)  2Swl) VZSkS;) | @
(SwSil  V2(SwSi) (1Sl

Where the conjugate transposition of the superscript H is a matrix and (.) is a
mathematical notation for the ensemble averaging process, which is frequently
conducted over various sub-apertures or sub-bands.

The Frobisher norm (Span), which indicates the scattering, is obtained by applying
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the trace operator to the covariance matrix C. This may now be physically interpreted
as the total scattering power P, which is given by

P = Span (S) = Tr(C). 3)

Let's use the following formula to represent a covariance matrix's diagonal members'

percentage to P:
2(|S}1r|2> (lSrv|2>
= 63 = .
P P

Ns
31:( ?|{ )
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It appears that the ratios add up to one, meaning that 61 + 62 + 83 = 1. Additionally,
the following definition can also be applied to the polarimetric correlation coefficients:

SI S:‘v
prs = SN )
(1538 12) {1500 12)
Sn-'S:fv
p23 = __BwSh) (6)
(IS 12} (1S001?)
5 = M (7

(1Ss 1) (1Skv1?)
Only five of the six parameters listed below appear to be independent, indicating that
the normalized C can now be represented in reference to them.
C |: )l P12+/8182 p13~/3133:|
P18 82 p23/8283 | . (8)
pi}m P%m 33

Keep in mind that the three factors 81, 82, 63 are limited to the interval [0,1], while
the intensity of the complex elements p13, p23, p12 is also accordingly limited. Three
real and three hypothetical dimensions are present. To facilitate comprehension, we
additionally give a factorized depiction of the normalized polarimetric feature space
as

P

C=[ & & pin pn pol. (9)

B. REBUILDING IMAGES
Reconstruction is a problem that can be approached in two steps. The grayscale single
pixel SAR image is first processed using a feature extractor to derive a multi-
resolution spatial characteristic, i.e.,

liogj-g - liggeg

liynjn - dipnjn
where I, ; denotes the brightness of the (i, j)™ pixel of the black-and-white single
polarized SAR image.
Fi jfrom the pixel at coordinates i, j along with its encompassing context. H(-) refers
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to the feature extracting architecture. The feature extractor thus takes as input ann x n
sized window of an image centered around the pixel at the i row and j* column. For
example, in this work, n = 34. After this normalizing process, the spatial feature
vector F ij 1s to be transformed into an appropriate polarimetric feature space as
follows :

Cij=M(F;)) (11)
where M(+) is the transformation network utilized for feature mapping. Following that,

the polarimetric feature was divided into 3 real ratios plus 3 complex coefficients,
allowing to modify the equation (8) for the reconstruction of the matrix of variance.

(18wl
03

(12)

The goal of colorizing SAR photos is to use polarimetric data to create hierarchical
networks of H(-)
and M(+), which are then applied to grayscale single-pol imagery.

3. Constraints Of Positive Semi Definitiveness

Reconstruction of baseline and signal deviations as described in Eq. (8) of the
reconstructed covariance matrix C = CH can also be Hermitian, according to the
document. The six parameters that are reconstructed are not subject to this
requirement, hence the reconstruction shown here does not ensure that C is positive
semi-definite. The majority of techniques applied for fully polarimetric data, for
instance, decomposition of exigent-analysis, depends on this characteristic of the
covariance matrix or its coherent equivalent.

According to Sylvester's criterion [8], the Hermitian matrix C is considered positive
semi-definite if all of the leading principal minors are zero or positive. This indicates
that the determinants of the matrix C and its 1x1 and 2X2 upper-left corner sub
matrices are non-negative. As a result, the restrictions on matrix C's positive semi-
definiteness given in Eq. (8) can be rewritten as follows:

81 p124/8162 2
det =1- > ()
e |:p1*2 55 & lp2|” >

C
det (F) = 1+2Re(p12p23p}3) ~|p13/

—lpnl* = lpnal* =0 (13)

where Re stands for the real component of a complex number and det for the
determinant operation. By definition, it appears that the first two conditions are
already met.It can be observed that it pertains solely to 3 complex parameters.

This work suggests a method to adjust values of p12 and p23 in such a way that the
constraint in Eq.In contrast to the cross-polarization correlations p12 and p23, which
are often smaller and more susceptible to noise, the co-polarization correlation p13 is
anticipated to yield more valuable information.Therefore, this algorithm only corrects
the values of p12 and p23, but not p13.
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To avoid over-complicating matters, let us use rij and ¢ij to represent the amplitudes
and phases, respectively, that is, pij = rij exp(j ¢ij), rij = |pij| . Based on some algebra,
the last inequality of Eq. (13) can be expressed in the following form:

2,2 .2

pomtmt -l
2

cos (¢12 + ¢23 — ¢13) < 1 (14)

We can use a two-step rectification process in the manner described below to
guarantee the correctness of the inequality that is being presented:

a) To make sure that R < 1, we first apply a correction to r12 and r23 if necessary. By
lowering the amplitudes r12, 123 by a factor of | € [0, 1], that is, 123 & 123, r12 &
nrl2, we can always accomplish it. The condition R = 1 makes it easiest to determine
the value of the component 1 as

< cos (@12 4¢3 - ¢13)

I —ri3 R |
3 ) -
n= r223 -+ "122 — 2r|3r3F2 (15)
L, R=<1

Note that if R > 1, the condition n < 1 is true.

b)From the second step since R < 1 can be established at any time, it is always
possible to adjust ¢12, 923 so as to satisfy the inequality of Eq. (14), namely ¢12 «<
@12 + Ap/2, 023 < @23 + A@/2. Again, the respective adjustment of the phases Ao is
solvable for by

Begin
if det (%) <0

2 2 2
Tig+riztriz—1

Define R =
2r12713%23
If R>1
. 1—ri,
Definen = |7——733——
Tz iz —271aT23T12
T2z &= Nzs, Tz < N2
End If
Update R

Define Agp = acos R — @,3 — @12 + @13

@1z = P12 + AP[2, Y3 & @23 + A /2
Update C

End If
End

Fig. 1.An algorithm to guarantee the positive semi-definiteness of the rebuilt covariance
matrix.
This means imposing the equality, that is

0, ifcos(piz+ @3 —¢13) =R
Ap = Jacos R — @23 — @12+ ¢13, (16)
else.
The steps carried out during the adjustment of a matrix to be positive semi-definite are
depicted in Fig. 1.
are extracted from each strata. Therefore, the outputs of propagation layers with high
convolution depth are remapped first to the size of the input image using bi-linear
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interpolation. The features for each pixel from each layer, including the input image, are

then combined to produce a hyper-column description with 1153 dimensionsﬁi,j.
Generally speaking, SAR images that make up a scene differ largely from any optical
images in the Image Net dataset. Thus, the actual measured values of extracted features
may differ to a great extent.

Fijk) — 1y

Fij(k) &
o7

am

A.Quantisation Non-Uniform

M(-) construction depicts 9 separate neuron aggregates in the last layer that are aimed to
conform to the prediction of one parameter from the set of 9 unknown polarimetric
parameters. DNN is acknowledged as working with a high efficiency on classification
tasks. Therefore, each such neuron assembly is something of a classification-type output,
that is, an estimate of various discrete levels of the relevant parameter.

Fig.2. Non-equal allocation of quantization factor 83 : (a) histogram shown using equal
spacing; (b) recalculated histogram for 32 non-equal bins, where each bin's position is
shown by red markers.

Because of this, the output values must be quantize into K bins, and reconstruction can
be thought of as an estimate of the K bins' probability distributions. This is in agreement
with the formula for the soft-max output. In our findings, K = 32 bins is enough where
the quantization error is very small. The quantization is carried out within the range of
[0,1] for the other three real parameters and within [—1,1] for the real and imaginary
components of the three complex parameters. It should be noted that the complex
parameters have their amplitudes ranging from [0,1].

B.Objective Function And Learning
The feature translator network M(-) possesses a soft max layer as its last component and
is defined as

exp (J\{:.‘"I) (Ic))
Eiil exp (Z’\-t}’;)(k))

pY (k) = (18)

where p® (k) refers to the likelihood of the i pixel's j feature (j=1,2, ..., 9) being
assigned to the k-th histogram bin (for quantization value k). For training, the cross-
entropy loss function is recommended. The full loss function can be expressed as
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=]

1

K
oL D _ g 0
L(y:0) = QBK‘IEE;&(;; k)lnpi ® (19

where the network parameters are denoted by 0. The total number of pixels delivered
in a single mini-batch is denoted by B (in this study, B = 2000). For the jth
component of the ith pixel, the true equivalent bin index is y®; An indicator function
called & (-) returns 0 otherwise and 1 when y®; = k, and 0 otherwise.The following
cost functions are planned and uniformly back propagated across the DNN's layers for
every pixel and parameter:

aL (8) 1 0 X 0 "
= L—=38(y" —k)p;" (k)
O 22 (RICEEYE
am? ()
%o 2O

In this instance, stochastic gradient descent (Adam) is taken into consideration as the
training paradigm. It includes the momentum parameters f1 = 0.9 and 2 =0.999, a
regularization parameter = 106, and a learning rate of 0.0001. It is costly to fetch a
hyper-column feature vector for the entire image (1000 x 1000, which would require
3.93GB of RAM).

C. Schematics Of The Acquired Networks

These learned networks can hierarchically extract structural and geographical
information from the input data. The aim of this subsection is to unveil the mechanism
of these networks by visualizing its internal states at various stages.

The five chosen photos in Figure 4 display four multi-scale feature maps that were
extracted from the three specified terrain categories. The observation is that
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Fig. 3. Terrain feature maps of three types outputted by H network.
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4. Results And Analysis

Within the scope of our work, we used airborne SAR images acquired with
UAVSAR of NASA/JPL in the L-band with high-resolution polarimetric and
interferometric capacity. Training and testing set sizes with other pertinent details are

provided
A. FINDINGS FROM THE EXPERIMENT

In the second scenario, the area comprises a blend of urbanization, dense forests,
and water bodies. The true full polarimetric image is illustrated in figure 5 (a)(b), as
well as the obtained image after recovery.

Fig.4.An illustration of the SAR colorization procedure for UAVSAR image Test2. (a) The Test2
dataset's real complete polarization SAR test image. (b) The Test2 dataset's reconstructed full-pol
image using only the VV-pol image. (c) A full-pol image of the chosen regions that has been
authenticated and reconstructed.

Using solely the VV-channel images, full-pol images were obtained for comparison purposes. The
regions encased by the red squares in Figure 5 (b) are referred to as mixed regions because they contain
various terrain objects, including but not limited to, buildings, grass and roads, whereas Figure 5(c)
Shows the comparison between the original full-pol images and the predictions made for such regions.
It can be concluded that with the exception of some minor differences in the area of vegetation ‘C’, the
recovery process has managed to restore almost all of the objects present on the imaged surfaces to
their correct positions, details, even small such as narrow roads, are present within the restored images.
This detail as well illustrates that the technique put forth has enabled modeling of the realistic
scattering processes. Such method presents possibilities for use in objective identification or visual
division segmentation [11], [13].

B. MISTAKE RECTIFICATION

In our experiments, we identify two error €: quantization error €q and reconstruction error €..The
quantization error assessment has been done by comparing two models, uniform ¢*, and
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Fig.5. (a) A graphical representation depicting the Bartlett distances from the original to the
recomposed full-pol SAR picture for Test 1; (b) shows the corresponding histogram.

The discourse also encompasses the €4 quantizing of a non-uniform nature. Errors in reconstruction
arise due to the networks under/overestimating the polarimetric characteristics. This paper employs
three metrics [20] to objectively measure the likeness between the reconstructed and actual images:

Mean Absolute Error (MAE):

M N
1
MAE@A, B) = =3 > |4y —By| @D
i=1 j=1

where M and N stand for the matrices A and B's respective dimensions.

Fig.6. Decomposition using the Freeman-Durden method. (a) The original real full-pol data's Freeman-
Durden decomposition. (b) Freeman-Durden decomposition and reconstruction of full-pol data.

* Coherency Index (COI): Where the upper index * represents the application of a conjugate. COI
scores ranges from 0-1 and gives an indication comparison of two concurrent images of different
complexities

* Bartlett Distance: The comparison of a SAR dataset's covariance matrix similarity is defined by the
Bartlett distance [21]. As a result, the distance is zero if and only if db >0 or A =B.

USE CASES
It can be used in the same manner as actual full-pol data since it can be used to rebuild full-pol data.
Consequently, single-pol SAR images can also be used for PoISAR applications.The most significant
extension that PoISAR provides is in the area of polarimetric target decomposition.

The decomposition of PolSAR targets based on Eigen-analysis, as described by Cloud and
Pottier [19], is widely employed in practical applications. the similarity of the CloudePottier
decomposition parameter H, & (true to the left and reconstructed to the right) in one chosen area is
shown. The represented polarimetric parameters seem to be quite coherent in between true and
reconstructed full-pol data except for some dusted out regions. On the other hand, most of the
corresponding classification outcome of the reconstructed full-pol data H/a section towards real
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classification H/@data section is agreed.Thanks to image colorization procedures of SAR pictures,
classification based on H/@ methods has become possible to utilize even for single-pol data.

5.Conclusion

A revolutionary Deep Neural Network (DNN) architecture that helps create full-pol images from
single-pol SAR imagery was introduced during this research project. This conversion process is usually
called ‘Colorizing a SAR Image.” But the features need to be tailored out especially for working with
SAR images. In view of the fact the component that extracts the features is constant, then the network
that translates the features will have to be customized for different kinds of SAR sensors and
configuration/imaging mode. It should be observed that the feature translator network integrates the use
of soft max output layer that provides the distribution for 32 label-led non-uniform quantization levels.
In addition, we also introduced one more component to the training to ensure that the covariance matrix
reconstructed was semi positive definite. The resulting images of the networks which were trained
indicate that the feature extractor network is capable of extracting a spatial set of features for different
types of terrain and therefore, the features translator network is able to assign the corresponding
polarimetric feature to the particular spatial feature as well.
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