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Abstract— Quantum algorithms are designed to process quan-
tum data (quantum bits) in a gate-based quantum computer. They
are proven rigorously that they reveal quantum advantages over
conventional algorithms when their inputs are certain quantum
data or some classical data mapped to quantum data. However,
in a practical domain, data are classical in nature, and they are
very big in dimension, size, and so on. Hence, there is a challenge
to map (embed) classical data to quantum data, and even no
quantum advantages of quantum algorithms are demonstrated
over conventional ones when one processes the mapped classical
data in a gate-based quantum computer. For the practical domain
of earth observation (EO), due to the different sensors on remote-
sensing platforms, we can map directly some types of EO data
to quantum data. In particular, we have polarimetric synthetic
aperture radar (PolSAR) images characterized by polarized
beams. A polarized state of the polarized beam and a quantum
bit are the Doppelganger of a physical state. We map them to
each other, and we name this direct mapping a natural embedding,
otherwise an artificial embedding. Furthermore, we process our
naturally embedded data in a gate-based quantum computer by
using a quantum algorithm regardless of its quantum advantages
over conventional techniques; namely, we use the QML network
as a quantum algorithm to prove that we naturally embedded
our data in input qubits of a gate-based quantum computer.
Therefore, we employed and directly processed PolSAR images
in a QML network. Furthermore, we designed and provided a
QML network with an additional layer of a neural network,
namely, a hybrid quantum-classical network, and demonstrate
how to program (via optimization and backpropagation) this
hybrid quantum-classical network when employing and process-
ing PolSAR images. In this work, we used a gate-based quantum
computer offered by an IBM Quantum and a classical simulator
for a gate-based quantum computer. Our contribution is that
we provided very specific EO data with a natural embedding
feature, the Doppelganger of quantum bits, and processed them
in a hybrid quantum-classical network. More importantly, in the
future, these PolSAR data can be processed by future quantum
algorithms and future quantum computing platforms to obtain
(or demonstrate) some quantum advantages over conventional
techniques for EO problems.

Index Terms— Natural embedding, parameterized quantum
circuit, polarimetric synthetic aperture radar (PolSAR), quantum
machine learning (QML).

I. INTRODUCTION

RECENT breakthroughs in building a gate-based quan-
tum computer with very few quantum bits (qubits) [1]
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and in applying machine learning (ML) techniques to any
annotated datasets led to a quantum algorithm called quantum
ML (QML) being considered as a promising disruptive tech-
nique for a particular class of supervised learning methods
[2]–[5], [6]. A quantum algorithm is an algorithm being
processed in quantum computers, and a QML network is
the network of parameterized quantum gates in a gate-based
quantum computer. There is growing interest to apply a QML
network to classical data [7], [8]. However, the gate-based
quantum computer itself is posing several new challenges,
for instance, how to map classical data to qubits (quantum
data) depending on the limited number of its input qubits,
or how to use the specificity of the “qubits” to obtain quantum
advantages over nonquantum computing techniques, while
ubiquitous data in practical domains are of classical nature.
In particular, the input data play an important role in a quantum
algorithm to obtain quantum advantages, and for example,
in scientific studies [9], [10], their authors implied that QML
networks achieve quantum advantages over a conventional
technique only if classical data are naturally embedded in their
input qubits, or their input data are quantum data.

Some studies proposed to embed classical data (e.g.,
RGB images) in quantum data by exploiting a conven-
tional deep neural network (DNN) for its dimensionality
reduction [11], [12]. Such an embedding procedure of classical
data is named an artificial embedding, otherwise a natural
embedding. Moreover, their QML network classifies artifi-
cially embedded data in qubits with no physical information
even if the qubits carry physical information.

In this article, we introduce and provide a classical remotely
sensed dataset with a natural embedding feature; in partic-
ular, we use polarimetric synthetic aperture radar (PolSAR)
images of earth observation (EO) [13]–[15]. Then, we use
the QML network as a quantum algorithm for processing
our PolSAR images to prove that we naturally embedded our
PolSAR data in qubits. The PolSAR images are obtained by
using a PolSAR imaging technique. The PolSAR technique
measures a scattering matrix S related to the incident and
reflected Jones vector on the ground scene. The scattering
matrix S preserves the physical scattering properties of the
polarization-changing targets (e.g., water, urban area, and
vegetation) [see Fig. 1(a)] [16]–[18].

More importantly, the PolSAR image can be represented by
a number of Stokes parameters by assuming incident Jones
vectors [19]. In this article, we represent the targets in a given
PolSAR image by five Stokes parameters when assuming five
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Fig. 1. This article in a pictorial representation. (a) Targets in a PolSAR image
have different physical scattering properties for an incident Jones vector (a free
variable). Given the incident Jones vector and given any polarization-changing
target of a PolSAR image, we obtain a reflected Jones vector; �Ji

s−→ �Jr , where
S stands for the polarization-changing target/pixel of a given PolSAR image.
(b) Stokes parameters. (c) Qubits. (d) QML network. (e) Outputs of the QML
network that yields information about the polarization-changing targets in a
PolSAR image.

Fig. 2. Doppelganger role of Jones vectors and qubits. (Top) Jones vectors.
(Left to Right) Horizontal, vertical, diagonal-up and -down, and left- and
right-circular polarized states. (Bottom) Corresponding qubits.

different incident Jones vectors. Furthermore, the Jones vector
is the Doppelganger of qubits (see Fig. 2), and the Stokes para-
meters then have one-to-one correspondences with the qubits;
a qubit (or a two-state qubit) |ψ� ∈ C2, |ψ� ∈ {|0�, |1�}
is the quantum version of classical bits, and they can exist in
superposition. This one-to-one correspondence property allows
us to employ and process the PolSAR images as the input
data of a QML network. Thus, we first naturally embed the
Stokes parameters in qubits [see Fig. 1(b) and (c)]. Second,
we demonstrate how to program (by optimization and back-
propagation) the QML network and a hybrid quantum-classical
network when employing and processing PolSAR images as its
input data [see Fig. 1(d) and (e)]. The hybrid quantum-classical
network is a learning network where the output of the
QML network is connected to a layer of neurons. As real-
world data, we use a C-band PolSAR image of San Fran-
cisco, USA, obtained from Radarsat-2, and L-band PolSAR
image of Oberpfaffenhofen, Germany, taken by ESAR-L
airborne.

This work is structured as follows. In Section II, we first
provide some background on the Stokes parameters of our
PolSAR images, and second, we derive the Stokes para-
meters of PolSAR images San Francisco and Oberpfaffen-
hofen in Section III and then propose a QML network as a
hybrid quantum-classical network (see Section IV). Finally,
we demonstrate how to program a hybrid quantum-classical

Fig. 3. Physical scattering properties of polarization-changing targets.
(a) Single-bounced beam on water surface. (b) Double-bounced beam on
corners of some targets. (c) Volume-scattered beam in trees and a medium.

network when applying synthetic quantum data as its input,
and we validate that the Stokes parameters convey information
about polarization-changing targets in PolSAR images by
training them on a hybrid quantum-classical network (see Sec-
tions V and VI). Finally, we draw a conclusion in Section VII.

II. STOKES PARAMETERS OF POLSAR IMAGES

DERIVED BY POLSAR TECHNIQUES

A. Introduction to the PolSAR Technique

A PolSAR system measures a 2 × 2 scattering matrix S
of a beam characterizing targets in a ground scene at a given
incident angle. The scattering matrix of a PolSAR image can
be expressed by

S =
�

sH H sH V

sV H sV V

�
(1)

where each element of S is a complex-valued number; the
first index of an element si j , i, j ∈ {H, V } represents the
polarization state of the incident polarized beam, and the sec-
ond index represents the polarization state of the reflected
polarized beam on targets [16], [17]. This scattering matrix
preserves information on polarization-changing ground targets
(see Figs. 1 and 3). The off-diagonal elements of S are equal
sV H = sH V when PolSAR images (e.g., San Francisco and
Oberpfaffenhofen) are fully polarized PolSAR images obtained
by a monostatic radar.

Furthermore, the ground targets imagined in a PolSAR
image have disparate physical scattering properties, e.g., geo-
metrical structures, scattering each incident polarized beam
from a PolSAR system differently. For example, an inci-
dent polarized beam on a rough surface (water) has the
scattering properties of a single-bounced beam, the incident
polarized beam on some corners of buildings has the scatter-
ing properties of a double-bounced beam, and the incident
polarized beam on trees has the scattering properties of a
volume-scattered beam (see Fig. 3). These different scattering
properties of any targets are represented by a so-called Pauli
vector. The Pauli vector can be written as

k = 1√
2
(sH H + sV V sH H − sV V 2sH V )

T

= 1√
2
(k1 k2 k3)

T (2)

where subscript T represents transposition, and k1, k2, and k3

represent a single-bounced beam, a double-bounced beam, and
a volume-scattered beam, respectively [16], [17], [20].



OTGONBAATAR AND DATCU: NATURAL EMBEDDING OF THE STOKES PARAMETERS OF PolSAR IMAGES 3

B. Derivation of Stokes Parameters

An incident/reflected beam on the ground scene can be
expressed by

�E = �E0 exp iφ (3)

where φ is a phase, and �E0 is a complex amplitude vector of
an incident/reflected beam. A complex amplitude vector can
be expressed in a polarization basis {H, V } by

�E0 = EH 0 Ĥ + EV 0V̂ . (4)

This complex amplitude vector can be rewritten as

�J =
�

EH 0

EV 0

�
=
�|EH 0|eiφH

|EV 0|eiφV

�
(5)

where φi are the phases of the polarized states. This expression
is called a Jones vector �J .

Moreover, the 2 × 2 scattering matrix expressed by (1) is
a mapping of an incident Jones vector such that

S : �Ji → �Jr , �Jr = S �Ji (6)

where �Ji is an incident Jones vector and �Jr is a reflected Jones
vector. More importantly, the incident Jones vector is a free
variable that one can manipulate. In matrix form, (6) can be
rewritten as �

Er
H 0

Er
V 0

�
=
�

sH H sH V

sV H sV V

��
Ei

H 0
Ei

V 0

�
. (7)

The coherency matrix (intensity) of the reflected Jones
vector �Jr is defined by

J =
��

Er
H 0 Er∗

H 0

� �
Er

H 0 Er∗
V 0

�
�

Er
V 0 Er∗

H 0

� �
Er

V 0 Er∗
V 0

�
�

=
�

JH H JH V

JV H JV V

�
(8)

where �·� stands for spatial averaging and ∗ for conjuga-
tion. This expression is called a Jones coherency matrix
of a reflected Jones vector. Furthermore, we reexpress this
coherency matrix by⎛
⎜⎜⎝

q0

q1

q2

q3

⎞
⎟⎟⎠ =

⎛
⎜⎜⎝

|EH 0|2 + |EV 0|2
|EH 0|2 − |EV 0|2

2|EH 0||EV 0| cosφH V

2|EH 0||EV 0| sin φH V

⎞
⎟⎟⎠=

⎛
⎜⎜⎝

JH H + JV V

JH H − JV V

JV H + JH V

i(JH V − JV H )

⎞
⎟⎟⎠ (9)

where q1, q2, and q3 are Stokes vectors; φH V = φH − φV

is the phase difference in radians with φH = arg(EH 0), and
φV = arg(EV 0). In addition, we normalize these Stokes vectors
such that

q1 = q1

q0
, q2 = q2

q0
, q3 = q3

q0
(10)

and the normalized q1, q2, and q3 are called Stokes parameters.

III. STOKES PARAMETERS OF OUR POLSAR IMAGES

As real-world PolSAR images, we use the PolSAR images
of San Francisco and Oberpfaffenhofen [see Fig. 4 (top)].
For any PolSAR image, its polarization-changing targets
S can be represented by any numbers of Stokes parame-
ters based on the incident Jones vector (a free variable).

Fig. 4. Polarization-changing target S in a PolSAR image is represented
by five Stokes parameters (features). (Top) PolSAR images of San Fran-
cisco and Oberpfaffenhofen. (Bottom; Left to Right) Incident Jones vectors,
a polarization-changing target S, and the corresponding Stokes parameters.

In this article, we assume the incident Jones vector �Ji ∈
{ �Ji,45, �Ji,L , �Ji,R, �Ji,H , �Ji,V } shown in Fig. 4 (bottom)

�Ji,45 = 1√
2

�
1
1

�
, �Ji,L = 1√

2

�
1
i

�
, �Ji,R = 1√

2

�
1
−i

�

�Ji,V = 1√
2

�
0
1

�
, �Ji,H = 1√

2

�
1
0

�
(11)

where �Ji,45 is the polarized state along a 45◦ diagonal, �Ji,L is
the polarized state of the left-handed circular beam, �Ji,R is the
polarized state of the right-handed circular beam, �Ji,V is the
vertically polarized state, and �Ji,H is the horizontally polarized
state [21].

Then, we obtain each target of our PolSAR images the
corresponding Stokes parameters by using (8)–(10)

q = {q45,qL ,qR,qV ,qH }, qi ∈ R
3. (12)

We characterize each target pixel by five Stokes para-
meters (features) by manipulating the incident Jones vector.
More importantly, we have five times more features for each
polarization-changing target in a PolSAR image than in an
original image (see Fig. 4). We use these Stokes parameters
as inputs of a hybrid quantum-classical network, as shown in
step I of Fig. 5.

In Sections IV and V, we design a hybrid quantum-classical
network, and we demonstrate how a hybrid quantum-classical
network is programmed (using optimization and backprop-
agation) to update its weights when applying a synthetic
quantum dataset as its input. For PolSAR images, we embed
the Stokes parameters in the qubits of a hybrid quantum-
classical network, as shown in step II of Fig. 5. Finally,
we demonstrate the effectiveness of using PolSAR images
in a hybrid quantum-classical network by recognizing the
target classes of PolSAR images, namely, San Francisco and
Oberpfaffenhofen (see step III of Fig. 5).
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Fig. 5. General steps for a hybrid quantum-classical network for our PolSAR
image, e.g., San Francisco: (step-I) Stokes parameters as inputs. (step-II)
embedding of Stokes parameters in qubits. (step-III) hybrid quantum-classical
network for analyzing PolSAR images.

IV. HYBRID QUANTUM-CLASSICAL NETWORK

A QML network consists of two-state qubits and para-
meterized quantum gates. A two-state qubit is a com-
plex vector in a Hilbert space denoted as a ket vector
|ψ� ∈ {|0�, |1�}

|0� =
�

1
0

�
, |1� =

�
0
1

�
(13)

and as a bra vector �ψ| = |ψ�†, where † represents both
transpose and conjugation. The two-state qubits can result in
superposition as

|ψ� = c1|0� + c2|1� s.t. |c1|2 + |c2|2 = 1 (14)

where c1 and c2 are complex numbers, and Pi = |ci |2
represents the probability for obtaining a state |i� after a
measurement (see Fig. 6). Namely, in quantum physics,
by measurements, we obtain the eigenvalue of an observable
ẑ with a certain probability Pi .

Parameterized quantum gates are unitary operators defined
by

Û = Û(γ, δ, φ) = Ûγ ÛδÛφ (15)

where γ , δ , and φ are parameters (angles), and they can be
written in matrix form as

Ûγ =
�

eiγ 0
0 e−iγ

�
, Ûδ =

�
cos(δ) − sin(δ)
sin(δ) cos(δ)

�
(16)

Ûφ =
�

eiφ 0
0 e−iφ

�
. (17)

These unitary operators induce rotations of the qubits on/in
the Bloch sphere [21] such that |ψ 
� = Û |ψ�, as shown
in Fig. 6.

For a QML network, we measure the expectation value
of an operator ẑ, and the operator ẑ is decomposed into its
eigenvalues zi and eigenvectors |zi � as follows:

ẑ =
�

i

zi |zi��zi |, zi ∈ {−1,+1}. (18)

Then, the expectation value of an operator ẑ is defined by

�z� = �ψ|ẑ|ψ� =
�

i

Pi zi , �z� ∈ [−1,+1] (19)

where Pi is the probability of obtaining the eigenvalue zi given
a quantum state |ψ�.

Furthermore, we added a conventional layer of neurons to
the outputs of a QML network. Such a network is called a

Fig. 6. Unitary transformation of a qubit into another qubit in/on the Bloch
sphere. Û :|ψ� → |ψ 
�, where |ψ� = c1|0� + c2|1� and Û |ψ� = |ψ 
� =
c


1|0� + c

2|1�.

Fig. 7. Hybrid quantum-classical network for the classification of a quantum
dataset: (I) Quantum dataset (qubits |ψ�), (II) QML network, and (III)
conventional layer of neurons, e.g., two neurons.

hybrid quantum-classical network, as shown in Fig. 7. For
simplicity, we designed a hybrid quantum-classical network
by using only three parameterized quantum gates expressed
in (15) and a layer of two neurons for a binary quantum
dataset. We used these unitary operators both for the embed-
ding of classical data in qubits and for designing a hybrid
quantum-classical network.

For programming the hybrid quantum-classical network,
we expressed our expectation value by

�z� = �ψ|U †(γ, δ, φ)ẑU(γ, δ, φ)|ψ�. (20)

In addition, we assumed the above expectation value as a
function

z(δ1, δ2, δ3) = �z� (21)

where δ1 = γ, δ2 = δ, δ3 = φ, and the outputs of the neurons
are then expressed such that

ŷn = A(bn +wnz(δ1, δ2, δ3)) (22)

where A = A(·) is a nonlinear activation function, ŷn

is its predicted output, bn is its bias, and wn is its edge
parameter.

1) Optimization and Backpropagation: We have five para-
meters �w = (w1, w2, δ1, δ2, δ3), and we optimize a total loss
function L = L(ŷn, yn); namely, we update and learn the
parameters as follows:

�wnew = �wold − λ∇ · L (23)
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Fig. 8. For San Francisco, its embedded Stokes parameters in qubits.
Each Stokes parameter carries different information of a polarization-
changing target. (Top Left) Qubits with q45. (Top Middle) Qubits with qL .
(Top Right) Qubits with qR . (Bottom Left) Qubits with qV . (Bottom Right)
Qubits with qH .

where λ is the learning rate, and by backpropagation,
we obtain

∇ · L = (∂L/∂w1, ∂L/∂w2, ∂L/∂δ1, ∂L/δ2, ∂L/∂δ3)
T

∂L
∂wn

= ∂L
∂ ŷn

∂ ŷn

∂wn
, n = 1, 2

∂L
∂δi

=
2�

n=1

∂L
∂ ŷn

∂ ŷn

∂z(δ1, δ2, δ3)

∂z(δ1, δ2, δ3)

∂δi
, i = 1, 2, 3

(24)

which we compute on a conventional computer.

V. PROCESSING OF A SYNTHETIC QUANTUM DATASET ON

A HYBRID QUANTUM-CLASSICAL NETWORK

As a proof of concept, we analyzed a small set of a synthetic
quantum dataset, and we used the hybrid quantum-classical
network shown in Fig. 7. It has the advantage that we could
easily understand the implementation and the performance of
a hybrid quantum-classical network.

In our case, the synthetic quantum dataset consists of the
points (|ψ�n, yn), n = 1, 2, . . . , 100, where its first half
corresponds to a class yn = (1, 0) represented in yellow
in Fig. 7, and its other half corresponds to a class yn = (0, 1)
represented in red in Fig. 7. We generated this quantum dataset
according to

|ψ�n = cos
�α

2

�
|0�n + eiβ sin

�α
2

�
|1�n (25)

where we assumed α = 0.6 for a class label yn = (0, 1) and
α = 3 for a class label yn = (1, 0). Hence, we did not need
the embedding procedure.

For the implementation of the hybrid quantum-classical
network, we employed an IBM quantum computer (an
ibmq-armonk qubit) and a classical simulator for a quantum
computer; here, the ibmq-armonk qubit of an IBM quantum
computer is a noisy qubit, while the qubit of a classical simu-
lator is a perfect one. With both of these quantum computers

Fig. 9. Visualization of San Francisco. (Left) Google map of San Francisco
exhibiting the classes urban area, vegetation, and sea water. (Middle) Red
contour presents a part of the urban area with a different orientation (see
the red arrow); namely, a rotated urban area. (Right) Visualization of the
Pauli vectors of San Francisco expressed by (2). The Pauli vector clearly
distinguishes the rotated urban area from the remainder of the urban area.
Blue: sea water (a single-bounced beam). Pink: urban area (a double-bounced
beam). Light green: rotated urban area (inside the red contour) with a
different orientation from the remainder (a volume-scattered beam). Dark
green: vegetation (a volume-scattered beam).

and a classical simulator, we reached a classification accuracy
and loss of (1.000, 0.0083) for our synthetic quantum dataset.
This finding leads to the very important conclusion that for
a noisy quantum computer, our hybrid network does not
need any error correction processing for a noisy qubit. More
importantly, the classical layer of our hybrid network corrects
a classification mistake made by a noisy qubit.

The insights gained from the classification of our synthetic
quantum dataset on the hybrid quantum-classical network are
given as follows.

1) A classical dataset needs to be naturally embedded in
qubits due to the very small number of qubits.

2) A hybrid quantum-classical network does not need any
error correction processing for a noisy qubit. This could
be proven by the accuracy of our experiment on a
synthetic quantum dataset.

3) A classical layer handles the mistakes made by a noisy
qubit.

4) The publicly available IBM quantum computer has a
very high overhead.

VI. EMBEDDING AND PROCESSING OF POLSAR IMAGES

IN A HYBRID QUANTUM-CLASSICAL NETWORK

A. Embedding the Stokes Parameters of PolSAR Images in
Qubits

We used the PolSAR images of San Francisco and Oberp-
faffenhofen for processing in a hybrid quantum-classical net-
work, and we represented them by the Stokes parameters
q = (q45,qL ,qR,qV ,qH ) presented in Section III. Here,
we embedded the Stokes parameters in the qubits of a hybrid
quantum-classical network by applying (15). The Stokes para-
meters of San Francisco and Oberpfaffenhofen are naturally
equivalent to qubits due to the Doppelganger role of reflected
Jones vectors and qubits. The advantage is that we do not
need to reduce our PolSAR images in their given spatial
dimensionality or train another QML network to embed them
in qubits. Thus, we embedded the Stokes parameters in qubits
in a two-step procedure.

1) A single-qubit is prepared in a state |0�.
2) The Stokes parameters qi for each pixel of our PolSAR

images are embedded in qubits by using (15) such that

U(γ1, δ2, φ3) : |0� → |ψ�, |ψ� = U(γ1, δ2, φ3)|0�
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where γ1 = q1, δ2 = q2, and φ3 = q3 are elements of
each qi , i = 45, L, R, V , H ; the state |ψ� sits in/on a
Bloch sphere.

For the case of the PolSAR image of San Francisco,
we show its embedded Stokes parameters carrying different
scattering properties for targets in Fig. 8.

B. Processing PolSAR Images in a Hybrid
Quantum-Classical Network

We processed the PolSAR images San Francisco and
Oberpfaffenhofen by exploiting their five Stokes parame-
ters in a hybrid quantum-classical network. In particular,
we analyzed that whether the Stokes parameters of a given
PolSAR image carry some physical scattering properties of
polarization-changing targets by recognizing them in a hybrid
quantum-classical network. The physical scattering properties
are a single-bounced beam, a double-bounced beam, and a
volume-scattered beam on polarization-changing targets (see
Figs. 3 and 9). Here, we use the PolSAR image of San
Francisco as a training and a validation dataset and the
PolSAR image of Oberpfaffenhofen as a test dataset.

For the training dataset, we selected four classes of San
Francisco that are urban area (its physical scattering property:
a double-bounced beam), rotated urban area (its physical
scattering property: a volume-scattered beam), sea water (its
physical scattering property: a single-bounced beam), and
vegetation (its physical scattering property: a volume-scattered
beam) shown in Fig. 9 [22], [23]; each class image has a size
of 590 × 497 pixels. Once having defined our training dataset,
we designed our experiment by the following procedures (see
step-I and step-III in Fig. 5).

1) Derive the five Stokes parameters from our training
dataset.

2) Embed these Stokes parameters in qubits by Steps 1)
and 2) of Section VI-A.

3) Design/train a hybrid quantum-classical network.
4) Employ an Adam optimizer and the categorical cross

entropy for the training process.
Then, we ran our experiment for the recognition of targets in
San Francisco in three different scenarios.

A first scenario for the binary classes urban area and
rotated urban area is given as follows.

1) We represented these binary classes only by the Stokes
parameter q45.

2) We embedded q45 in qubits and trained the qubits by
employing the hybrid quantum-classical network shown
in Fig. 10.

3) The validation accuracy reached 0.8005.
In this first scenario, we represented the binary classes of
urban area and rotated urban area of San Francisco by the
Stokes parameter q45. Then, we trained and distinguished
them by applying the hybrid quantum-classical network shown
in Fig. 10. Finally, we compared our detected results with
respect to their Pauli vectors (see Fig. 11). This comparison
confirms that the Stokes parameter q45 describes the phys-
ical scattering properties of urban area and rotated urban
area.

Fig. 10. Our hybrid quantum-classical network for the embedding and the
training of our binary classes of San Francisco with q45. (Top) Embedding
of our Stokes parameter q45 in qubits. (Bottom) hybrid quantum-classical
network for training these qubits.

Fig. 11. (Left to Right) urban area and the rotated urban area of San
Francisco are characterized by the Stokes parameter q45, the embedded Stokes
parameters in qubits, the visual results for the binary classification (urban
area and rotated urban area) in our hybrid quantum-classical network shown
in Fig. 10, and the Pauli vector of urban area and rotated urban area.

Fig. 12. (Left to Right) Sea water and vegetation of San Francisco are
characterized by the Stokes parameter q45, the embedded Stokes parameters
in qubits, the visual results for the binary classification (sea water and
vegetation) in our hybrid quantum-classical network shown in Fig. 10, and
the Pauli vector of sea water and vegetation.

A second scenario for the binary class sea water and
vegetation is given as follows.

1) We represented this binary class only by the Stokes
parameter q45.

2) We embedded q45 in qubits and trained the qubits by
employing the hybrid quantum-classical network shown
in Fig. 10.

3) The validation accuracy reached 0.9613.

In this second scenario, we represented the binary class of
sea water and vegetation by the Stokes parameter q45. Then,
we trained and recognized the classes by applying the hybrid
quantum-classical network shown in Fig. 10 as in the previous
scenario. We also benchmarked our findings with respect
to their Pauli vectors; the visual (target recognition) result
and their Pauli vector are shown in Fig. 12. This visual
result again proves that the Stokes parameter q45 charac-
terizes the physical scattering properties of sea water and
vegetation.

A final scenario for the three classes, vegetation, urban area,
and sea water, is given as follows.
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Fig. 13. Hybrid quantum-classical network for the training of three
classes of San Francisco with five simultaneous inputs of qi . The hybrid
quantum-classical network for the training of given qubits (the embedding of
Stokes parameters in qubits is not shown).

Fig. 14. Recognition of targets in PolSAR images (blue: a single-bounced
beam, red: a double-bounced beam, and green: a volume-scattered beam).
(Top) Target recognition in the PolSAR image of San Francisco. (Bottom
Left) Targets recognition in the PolSAR image of Oberpfaffenhofen. (Right)
Pauli vector of the PolSAR image of Oberpfaffenhofen.

1) We represented these three classes by the Stokes para-
meters q = (q45,qL ,qR,qV ,qH ).

2) We embedded q in qubits and trained the three classes by
applying the hybrid quantum-classical network shown
in Fig. 13.

3) The validation accuracy reached 0.8362.

In this final scenario, we represented each target of
our PolSAR image by five Stokes parameters q =
(q45,qL ,qR,qV ,qH ), and we trained them by using the hybrid
quantum-classical network shown in Fig. 13. We visualize the
identified results in Fig. 14 Top. The visual results demonstrate
that our network identified vegetation and rotated urban area
as the same class due do the same physical scattering property,
namely, a volume-scattered beam [see Fig. 9 (right)]. This
result conclusively proves that the Stokes parameters contain
the physical scattering properties of targets.

Furthermore, we even tested our trained hybrid
quantum-classical network on Oberpfaffenhofen and verified
our test result with respect to its Pauli vector. The visual
results explicitly show that our network recognized the
physical scattering properties of targets in the PolSAR image
of Oberpfaffenhofen [see Fig. 14 (bottom)].

VII. CONCLUSION

The inputs of quantum algorithms are quantum data, and
for practical applications, there is a persisting challenge to
map classical data to quantum data. Hence, we provided real-
world EO measurement data that inherit quantum nature; in
particular, PolSAR images. The PolSAR images consist of
polarization-changing targets that are characterized by the
reflected Jones vectors. The reflected Jones vectors are the
Doppelganger of qubits. Therefore, we mapped the reflected
Jones vectors (the Stokes parameters) of PolSAR images
to quantum bits, and we designed and provided hybrid
quantum-classical networks as a quantum algorithm to prove
that we naturally embedded our data in qubits. Then, we inves-
tigated whether the Stokes parameters convey the physical
scattering properties of the targets of PolSAR images by
recognizing them in our hybrid quantum-classical networks.
In this work, we represented the targets of PolSAR images
by five Stokes parameters. As real-world PolSAR images,
we used two types of PolSAR images, namely, San Francisco
and Oberpfaffenhofen.

In more detail, we provided PolSAR images with a nat-
ural embedding feature and investigated whether their Stokes
parameters convey the physical scattering properties of the
PolSAR images by recognizing them in the hybrid quantum-
classical networks. We processed the PolSAR image of San
Francisco in three different scenarios of its Stokes parameters
by using two different hybrid quantum-classical networks.
After training these hybrid quantum-classical networks in
different scenarios for the Stokes parameters of San Francisco,
we tested these trained hybrid quantum-classical networks
on the PolSAR image of Oberpfaffenhofen. Our obtained
results demonstrate that the Stokes parameters convey the
physical scattering properties of PolSAR images. In addi-
tion, we ran our hybrid quantum-classical network both
on an IBM quantum computer and a classical simulator
of a quantum computer. The classical layer of our hybrid
quantum-classical network corrects an error made by a noisy
qubit (ibmq-armonk) of the IBM quantum computer; the
IBM quantum computer that is publicly available has a high
overhead.

In terms of our ongoing and future work, we study deeply
a hybrid quantum-classical network and future quantum com-
puting platforms for processing PolSAR images due to the
Doppelganger role of the Jones vectors and qubits. Further-
more, we design a hybrid quantum-classical network for dis-
tinguishing targets with the same physical scattering properties
in PolSAR images.
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