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Restoration of Authentic Position of Unidentified
Vessels in SAR Imagery: A Deep Learning Based

Approach
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Abstract—Enhancement of vessel detection performance in syn-
thetic aperture radar (SAR) images generated academic advance-
ments related to amelioration of the algorithmic accuracy and
training data procurement. For practical implementation of vessel
detection algorithm to maritime surveillance, however, presenta-
tion of authentic position of vessels was essential. Accordingly,
this article aimed to propose an algorithm, which demonstrated
realistic and azimuth shift-corrected position of vessel, especially
out of conventional vessel monitoring apparatus: automated iden-
tification system (AIS) and vessel-pass (VPASS) information. Two
different analyses regarding the vessel detection output utilization
were, therefore, presented. Primary analysis demonstrated a vessel
identification algorithm, comparing the vessel detection output
with elaborately preprocessed AIS and VPASS information, which
indicated the discrete position and velocity of vessel. The other
presented a position restoration algorithm via i) velocity estima-
tor complementing the conventional fractional Fourier transform
velocity estimation analysis, while investigating the effect of range
acceleration in deriving the azimuth velocity and ii) measuring the
vessel orientation angle from Radon transform. Both algorithms
were implemented to the vessel detection output in Cosmo-SkyMed
SAR images, depicting an enhanced accuracy compared to the
conventional algorithm both in velocity estimation and azimuth
shift estimation; velocity offset reduced from 1.64 m/s to 1.29 m/s
and average azimuth shift offset reduced from 70.75 m to 62.39 m.
The presented algorithms would be decisive in terms of practicality
if robustly attached to convolutional neural network-based vessel
detection algorithms demonstrating ideal detection performances.

Index Terms—Automated identification system (AIS), azimuth
shift, fractional Fourier transform (FrFT), vessel identification,
and vessel-pass (VPASS).

I. INTRODUCTION

MONITORING vessels in littoral and oceanic regions was
essential due to their roles in navy and fishery [1]. A num-

ber of academic attempts were made to augment the monitoring
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efficiency and accuracy, most of which focusing on detection
[2]–[5]. Vessel detection has been widely conducted in syn-
thetic aperture radar (SAR) imagery, which provides the weather
independent detection platform [6]. As the necessity of vessel
detection increased especially under inhospitable condition such
as stormy seas, sunlight shortage, and inaccessible region of
interest, SAR image-based vessel detection demonstrated its
superiority over detection in other remote sensing platforms in
terms of robust application [7].

The implementation of machine learning algorithm to vessel
detection in SAR imagery was prevalent after its introduction,
especially the convolutional neural network (CNN) for image
processing [8]–[11]. Unlike the previous detection algorithms
such as the constant false alarm rate and threshold-based mea-
surements, which focused on the brightest points of the image
section, CNN-based detectors distinguished the pattern of the
vessel inside the SAR image, of which the internal structures
and reflection were characterized and limited [12]. Machine
learning, especially when using CNN-based detectors, often out-
performed traditional detectors in both accuracy and efficiency
in diverse SAR data acquisition conditions [13].

As the predominant objective of vessel detection was con-
sidered as performance enhancement, a number of previous
studies regarding it focused on the amelioration of CNN-based
detection algorithm architecture. Comparison between two or
more conventional algorithms were often conducted, driving the
most accurate algorithm between them, such as regions with
CNN(R-CNN) [14], fast R-CNN, faster R-CNN [15], and you
only look once (YOLO) [16]. Variations of the CNN-based
detectors were also tested against one another: HSV-YOLO
(H-YOLO) [17], hierarchical CNN [18] and Grid-CNN [19].
Nearly what all of these algorithmic studies had in common was
performance enhancement, instead of its practical application
on vessel monitoring. A deviation from this article stream in-
cluded the robust construction of training database for vessel
detection, as the CNN-based vessel detection demanded both of
the detector and training dataset. A database containing vessel
chips from the SAR image was presented as OpenSARShip [20]
by preprocessing information from vessel including discrete
position and velocity: automated identification system (AIS).
Enhancement and intensification of vessel training database con-
struction algorithm were additionally presented, implementing a
robust interpolation and preprocessing of AIS information [21].
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AIS information including position and velocity of each vessel
in discrete and irregular manner was regarded as a conven-
tional apparatus of vessel surveillance, but its latest application
includes combined research with remotely sensed data such
as SAR [22] and electro-optical (EO) satellite images [23].
As the majority of AIS information was not acquired in the
desired SAR acquisition time, a number of interpolation pro-
cedures were presented to estimate precise and accurate AIS
information, which corresponds to the SAR and EO images:
linear interpolation, circular interpolation [24], and Kalman filter
[25]. From these studies conducted, high detection performance
and robust operation of SAR image-based vessel detector via
training database were anticipated. Nevertheless, the detected
vessels from CNN-based object detector were yet to imply
any additional information besides the position of target in the
corresponding SAR image.

Conventional studies additionally focused on the acquisition
of information in the SAR image containing the target. One
of the felicitous examples of extracting information from SAR
images was moving target indication (MTI). MTI discerns the
maneuvering target from its background, given that the target
signal was demonstrated differently in two or more receiving
antennas [26]–[29]. It was able to be implemented either from
the subtraction of amplitude images or from the interference
of phase images, respectively, designated as displaced-phase-
center antenna (DPCA) [30], [31] and along-track interferome-
try (ATI) [32], [33]. Nevertheless, MTI demands SAR images
with multiple receiving channels to be implemented, which
hinders the application towards single-channeled SAR images.
Due to such restriction, majority of studies regarding the veloc-
ity measurement via satellite SAR MTI were implemented to
TerraSAR-X and TanDEM-X data [34], [35].

Under conditions where MTI were inapplicable, velocity
estimation of moving target could be regarded as an alterna-
tive. This procedure was often consecutively conducted with
generation of sublook images from single look complex (SLC),
as a part of multilooking procedure [36]. As the velocity and
acceleration of moving target defined the Doppler frequency,
the movement of the target was able to be restored by analyzing
the difference and offset between the sublook images: images
generated from severed Doppler spectrum [37], [38]. Various
studies succeeded to implement the velocity measurement with-
out rendering sublook images by directly measuring the azimuth
frequency modulated (FM) rate; one of the studies restored the
azimuth velocity term while surmising the effect of acceleration
on velocity measurement separately [36], the other ameliorated
the algorithm to the extent where it could be applied to airborne
ATI [39], [40]. Both analyses implemented fractional Fourier
transform (FrFT), a generalized conformation of conventional
Fourier transform conducted with respect to a given angle [41].

For the associated application of AIS information and remote
sensing platforms, matching the detection output with prepro-
cessed AIS information was implemented [22]. The compari-
son between SAR image-based detection and AIS information
derived the vessel identification [42]; speculating its potential
hazard from AIS-deprived detection output while assuming the
AIS specifications of vessel from precisely matched detection.

In case, where the position sensor was not deployed could be
regarded as an intimidation to marine safety and security, such as
illegal fishing vessel or martial intrusion. Practical and accurate
surveillance on those vessels, therefore, would be a fundamental
intention of vessel detection and monitoring.

A number of studies regarding the vessel monitoring on SAR
image platform targeted the enhancement of detection perfor-
mance. The detection outputs, however, were influenced by az-
imuth shift, physical azimuthwise offset imprinted to target loci
in the SAR image caused by radial velocity of the moving target
[22]. This shift ought to be calibrated in order to demonstrate
the authentic position of the vessel detected and additionally
implemented to practical monitoring and surveillance of vessels.
Such algorithm would be applicable when vessel monitoring
apparatus, such as AIS, are unavailable. This article aimed to
discern the detected vessels without monitoring apparatus and
then replace the detected position to authentic position of vessel
by estimating its velocity and maneuvering angle. Accordingly,
three methodologies were presented and assessed as follows:

1) vessel identification algorithm based on conventional ves-
sel surveillance information;

2) velocity estimator implementing FrFT on vessel signal in
the SLC images; and

3) measuring maneuvering orientation of vessel via Radon
transform and deriving the quantity of azimuth shift from
the materials acquired.

The rest of this article is organized as follows. In Section II,
the datasets implemented to demonstrate the proposed analyses
are briefly introduced, including the input SAR images, AIS
and Vessel-pass (VPASS) information, along with the prepro-
cessing procedure of those datasets before implemented to the
following section. In Section III, detection, identification, and
position restoration of vessel detection output are presented. In
Section IV, the results of applying the methodologies of Sec-
tion III are demonstrated and accordingly analyzed and eval-
uated with respect to previous studies in Section V. Finally,
Section VI concludes this article.

II. DATA ACQUISITION

A. Input Data Acquisition

Vessel detection was performed in SAR images after being
trained using the identical form of SAR images, which indicated
that the SAR images for training and testing shared the identical
arrangement, but completely separated from each other. SAR
images for this analyses included Cosmo-SkyMed Stripmap
mode Himage in SLC. 16 SLC images as in Table I were acquired
in the vicinity of South Korean littoral region in order to associate
with vessel position information below and to contain several
vessels near harbors of South Korea.

Information from vessels discretely obtained indicating their
position and location was often demonstrated as AIS information
[20]–[23]. Small fishing vessels to which AIS sensors were not
attached, VPASS sensor was operated as a supplementary sensor.
VPASS is analogous to AIS system, which transmits the location
and velocity of fishing vessel in a discrete manner [43]. Unlike
the AIS sensor often attached to vessels regardless of their usages
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TABLE I
COSMO-SKYMED SAR SATELLITE IMAGES FOR VESSEL DETECTION

and magnitudes, the establishment of VPASS sensor on vessels
was restricted to small-scale fishing vessels. The implementation
of both AIS and VPASS information was expected to affiliate
majority of vessel in the corresponding SAR image, which could
improve the accuracy and reliability of vessel identification
procedure presented in the following section.

Both AIS and VPASS data were consisted of dynamic and
static information; dynamic information describes the discretely
obtained information, which is renovated as the vessel maneu-
vers, while static information dictates the detailed specification
of vessels left unchanged as the vessel operated. As the vessel
maneuvers and dynamic information is rehabilitated, an addi-
tional row is concatenated to dynamic information of a previous
stage including the acquisition time of the specific row, position
of sensor as latitude and longitude, velocity, and vessel identifi-
cation number. The velocity is presented as course-over-ground
(COG) and speed-over-ground (SOG), demonstrating the ma-
neuvering angle with respect to the North Pole and the speed
in knot dimension towards it, respectively [44]–[46]. Static AIS
information contained the vessel identification number, type of
the vessel and dimension indicating the exact allocation of AIS
sensor inside each vessel; static VPASS information presents
the length and beam of each vessel instead of the complete
dimension. Both AIS and VPASS information was acquired for
10 min span, including the SAR acquisition time between it.

B. Input Data Preprocessing

The SAR images were preprocessed through radiometric and
geometric calibration. Training and detection of CNN-based
vessel detector were conducted on the preprocessed SAR image
data with 3 m of spatial resolution. Both the SLC images (L1A)
and the images after radiometric and geometric calibration
(L1C) were employed for further analyses in Section III.

AIS and VPASS information corresponding to the SAR image
dataset ought to be preprocessed accurately in order to be
implemented. The preprocessing operation introduced in this
article focused on the affiliation of discrete AIS and VPASS
information with the vessel signatures in the SAR images.

As dynamic AIS and VPASS information was obtained in dis-
crete manner, all information was interpolated with respect to the
mean acquisition time. This clearly leaves interpolation offset,
especially for vessels in the edge of the SAR image. Therefore,
for each interpolated position of vessels, SAR acquisition time
was referred to and again interpolated with respect to it. The
procedure was repeatedly implemented until the interpolation
failed to exceed the spatial resolution of the SAR image. In
such circumstances, all vessels operating with AIS or VPASS
information was able to be interpolated abiding by the respective
target interpolation time. The Kalman filter was introduced to
the interpolated position and velocity to eradicate the intrinsic
device error from the AIS and VPASS sensors. The form of
Kalman filter followed that of [25].

Maneuvering target in SAR images generated a modification
in slant range, demonstrated as a defocusing in azimuth com-
pression and physical azimuth shift imprinted in the SAR image.
The approximated equation indicating the difference in slant
range via velocity and acceleration of maneuvering target was
denoted in (1), where the exact quantity of azimuth shift was
demonstrated in (2), derived by the linear term of (1) [39], [47]

R(η) = R0 +
y0vy0

R0
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1
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)2

+ vy0

2

(
1−

(
y0
R0

)2
)

+ y0ay0
)η2 (1)

δx =
R0

va
vy0

. (2)



SONG et al.: RESTORATION OF AUTHENTIC POSITION OF UNIDENTIFIED VESSELS IN SAR IMAGERY 1067

Fig. 1. Schematic expression of AIS and VPASS information preprocessing. (a) Interpolation by measuring different target interpolation time in the SAR image.
(b) Correction of azimuth shift caused by the vessel movement. The color red, white, green, and blue, respectively, represents AIS information, SAR image
acquisition time, vessel position after interpolation, and procedure of azimuth shift correction.

R(η) and R0 denotes the slant range for moving target in
slow time η and boresight, respectively, where notation x, y,
v, and a stands for the azimuth, range direction, velocity, and
acceleration, respectively. SAR platform velocity and target
range velocity are noted as va and vy0

, while azimuth shift
marked as δx.

In order to remove the azimuth shift and match AIS and
VPASS information in accurate position of the corresponding
SAR image, shift from (2) was compensated by measuring the
factors composing it. Target range velocity was estimated by
(3), where θh indicates platform heading angle and SOG, COG
denotes the interpolated SOG and COG

vy0
= SOGsin (COG− θh) . (3)

Restoration of elliptic satellite path was deliberated for precise
measurement of the slant range and satellite velocity for target
AIS or VPASS information [48]. For celestial bodies, their ellip-
tic paths were elaborated by six parameters, defined as orbital
elements or Kepler parameters; these elements are comprised
of eccentricity, semimajor axis, inclination, the longitude of
ascending node, the argument of periapsis, and true anomaly. As
ancillary data for each SAR image included the data for regularly
obtained state vector, geocentric position, and velocity of plat-
form, it was able to generate a set of orbital elements for each row
of state vector. In order to restore the average satellite passage,
each consisting element was averaged. The output averaged
single set of orbital elements indicated the average movement
of the platform. From such course, position and velocity of the
platform corresponding to time-interpolated AIS and VPASS
information was driven for every pulse repetition interval, which
was decisive in estimating the platform velocity and slant range.
Azimuth shift correction was then terminated after deriving the

quantity of δx from (2) and indicating it to interpolated AIS and
VPASS information. AIS and VPASS information after being
transformed via interpolation and azimuth shift correction was
regarded to represent the corresponding position of the target
vessel in the SAR image.

Fig. 1 illustrates the two procedures consisting the prepro-
cessing of dynamic AIS and VPASS information. Completing
the procedures of interpolation and azimuth shift correction,
dynamic AIS, and VPASS information was assigned to the
desired location of corresponding vessel in the SAR image.
Preprocessed information of AIS and VPASS was implemented
to identification of vessels in Section III, as a reference indicating
the authentic location of the detected vessels.

III. METHODOLOGY

The analyses regarding the detection, identification, and
restoration of authentic position via estimating velocity and ori-
entation of vessel were presented in this section. An introduction
to CNN-based object detection algorithm and the corresponding
superposition with preprocessed AIS and VPASS information
was elaborated first, followed by the estimation of velocity and
maneuvering direction of the vessels implementing an enhanced
FrFT-based velocity estimator and Radon transform. Fig. 2
describes the entire procedure of detection, identification, and
position restoration by means of a flowchart.

A. Detection and Identification of Vessels

Prior to the procedures of identification and velocity esti-
mation, vessel detection output ought to be derived from the
SAR images. The vessel training data acquisition algorithm was
previously presented, matching discrete information from the
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Fig. 2. Flowchart indicating the analyses on vessel identification and authentic
vessel position restoration by calibrating azimuth shift.

vessel to the corresponding SAR image. Unlike the procedure
of training data acquisition in [21], which was implemented to
AIS information, training data for this article was generated from
both AIS and VPASS information.

The SAR images after radiometric and geometric calibra-
tion illustrated as training data in Table I and corresponding
training data of vessels were given as an input to the object
detector. Among handful of CNN-based object detectors, an
algorithm regarded as up-to-date, of which the performance
was continuously enhanced and demonstrated high accuracy
in general field of object detection was selected: YOLO ver-
sion 4 (YOLOv4) [49]. YOLO had been repeatedly advanced
after its first presentation, which was praised for its several
advantages: i) fast operation, ii) simple and straightforward
algorithm, and iii) one-way analysis of training data without
implementing a separate extractor [50].

As denoted in Table I, from 13 Cosmo-SkyMed SAR images
containing 4538 vessel training data, YOLOv4 object detector
was trained and then tested to 3 Cosmo-SkyMed SAR im-
ages with 207 vessels. The detection output of vessel includes

TABLE II
VESSEL DETECTION PERFORMANCE ON COSMO-SKYMED SAR IMAGES

information of probable vessels instead of authentic vessels,
since a detector demonstrating absolute and impeccable accu-
racy was practically impossible to be generated. The ensuing
analyses, however, are intended to be implemented to vessel
detection output instead of false alarms. The indicators assessing
the accuracy of detector were often elaborated by precision and
recall as (4) and (5), respectively; precision was defined as a
ratio of the number of accurately detected targets (Na) and the
number of total detection (Nd), where recall was defined as the
number of accurately detected targets divided by the number of
targets in the detection field (Nt) [18]. However, as precision
and recall is under compromising relationship between each
other, the harmonic average of precision and recall, entitled as F1
score in (6), was widely implemented as a general performance
indicator

Pr =
Na

Nd
(4)

Re =
Na

Nt
(5)

F1 =
2PrRe

Pr +Re
. (6)

Therefore, among a number of detection experiments, the
model demonstrating high precision instead of recall was pre-
ferred in order to minimize false alarm regarded as vessels in
further analyses. The assessment of vessel, which was regarded
as properly detected was conducted by implementing Intersec-
tion over Union (IoU), defined as an area of intersection (Ai)
divided by that of union (Au) between two different rectangles
as in (7) and [18]. Abiding by the condition of detection in SAR
images containing a number of small vessels, which induced
the IoU plunge drastically accompanied by a trivial offset of
bounding box, the threshold of IoU determining the detection
was configured as 0.2

IoU =
Ai

Au
. (7)

The selected detection output and its performance were de-
noted in Table II. The algorithm derived much higher precision
than in recall. The ensuing analyses were conducted on the
output of the algorithm as presented in Table II.

The analysis on unidentified vessel confirmation was con-
ducted by superposing the detection output of vessels over
preprocessed AIS and VPASS information completed in
Section II. It implies that AIS and VPASS information ought
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to be in an identical format with the detection output: rectangle-
shaped bounding box. Static AIS and VPASS information was
implemented in order to define the size, width, and height, of
AIS/VPASS-based bounding boxes. In case of AIS information,
summation of Dimension A and B corresponds to the length of
vessel, where summation of Dimension C and D corresponds to
the beam of vessel. The reference boxes for identification were
created with respect to the derived length and beam of each
vessel, accompanied by COG from the preprocessed AIS and
VPASS data.

B. Velocity Estimation of Detected Vessels

The velocity and acceleration of target in the SAR antenna
coverage modify the slant range between the antenna and the
target [39]. As illustrated in (1), the linear term of the equation
is imprinted as the physical azimuth shift, where the quadratic
term determines the Doppler rate, or azimuth FM rate.

Quantitative influence of the quadratic term of (1) on azimuth
FM rate was able to be measured from FrFT-based approach
[38], which was implemented in order to measure the azimuth
velocity of the vessel from the SAR SLC images. An enhanced
mechanism using FrFT-based velocity estimator was introduced,
connecting the vessels in the L1C image and the SLC (L1A)
image corresponding to them. Mechanisms of the advanced
FrFT-based velocity estimation along with the foundation of
azimuth FM rate and measurement of velocity through the
proposed analysis were consecutively elaborated.

FrFT was considered as a universality of Fourier transform
[51], [52]. Fourier transform converts time-series data into fre-
quency domain, in which a peak of moment in time domain
was disseminated while influencing every bin of frequency
domain. In contrast, FrFT relocates the time domain to joint
time-frequency domain, which is defined as a rotation of two-
dimensional time-frequency coordinate axes. It implies that i)
FrFT signifies joint time-frequency information of different state
and phase as the axes rotation angle α is modified and ii) FrFT
is reduced into conventional Fourier transform in certain α of
π/2 [39]. A detailed elaboration is demonstrated in (8) and (9),
where j, δ and n, respectively, indicates imaginary unit of

√−1,
Dirac delta function and an integer

F α (u) =
∞
∫

−∞
f (t)Kα (u, t) dt (8)

Kα (u, t)

=

⎧⎪⎨
⎪⎩
√

1−jcotα
2π exp

(
j u2+t2

2 cotα− jutcscα
)
, α �= nπ

δ (t− u) , α = 2nπ
δ (t+ u) , α = (2n− 1)π

.

(9)

From (8) and (9), FrFT relocates the time domain signal
to rotated domain with given angle α; a particular angle was
defined, which concentrates the energy demonstrated on the
time-frequency coordinate [38]. In other words, for each range
bin containing azimuth profile in SAR image, the target loci was
consolidated with respect to a certain angle, which implied the
azimuth FM rate determining the target slope in time-frequency

coordinate. Fig. 3 briefly demonstrates the procedure of Fourier
transform and FrFT in time-frequency domain containing the
target loci.

Under the condition of two-dimensional (2-D) range-azimuth
SAR image domain, (8) and (9) derived information both in
range and azimuth direction. If a range line was selected to
demonstrate an azimuth profile, FrFT was implemented re-
garding the profile as a 1-D signal, estimating a relationship
between pulse repetition frequency and azimuth FM rate [39]. It
was implemented vice versa, equation driven between sampling
frequency and chirp rate for a range profile. The optimal angle
of αopt, which properly concentrates the signal was determined
as the maximum value of squared F α(u), which corresponded
to the intensity of SAR SLC image as in

αopt, uopt = argmax
α, u

F α(u)
2. (10)

Application of FrFT to range and azimuth profile of SAR SLC
data was determined from (11) and (12). Chirp rate and azimuth
FM rate are denoted as kr and kaz , where sampling frequency
and the number of samples in the profile are demonstrated,
respectively, as fsand N

αoptrng
= −arctan

(
f2
s

2krN

)
(11)

αoptaz
= −arctan

(
PRF2

2kazN

)
. (12)

In [38], a short time FrFT (STFrFT) was implemented as
a velocity estimator. This algorithm was regarded as an im-
plementation of short time Fourier transform to FrFT [53].
When Fourier transform dissociates the time-series signal into
frequency domain, time information is removed so that the
existence of the certain part of the signal with respect to the
time axis is left unknown. However, short time Fourier trans-
form applies a window over time-series data and extracts the
frequency component within the windowed time [53], [54].
This procedure derived detailed frequency information from the
given time component of the window, restoring the target loci
in time-frequency domain in Fig. 3(b) from the time-amplitude
domain.

Such apparatus was implemented to FrFT on SAR SLC image
as the STFrFT-based approach by cropping the azimuth profile
into certain length and selecting the part, which contained the
signal from vessel. The signals from selected parts were then
transformed and annexed to derive a joint time-frequency signal
with respect to the selected azimuth profile. This procedure was
repeated for every range line and added up to generate the profile
with respect to the given rotation angle α.

Unlike the procedure of conventional STFrFT, the methodol-
ogy in [38] severed and selected the signal containing the vessel
from thresholding implementing the mean scattering value of
the target vessel. As the target vessel may have the scattering
character hardly discernable from the background due to high
ocean surface wind or improper heading angle to illuminate the
target vessel, an algorithm, which fully employs the azimuth
profile while properly suppressing the undesirable ocean scat-
terers would be necessary. The advanced FrFT-based algorithm,
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Fig. 3. Demonstration of target loci in signal time domain both in (a) frequency domain often accompanied by Fourier transform and (b) fractional frequency
domain implementing FrFT. While conventional Fourier transform disperse the target loci in frequency domain, FrFT concentrates it in a rotation angle of α.

Fig. 4. Flowchart of the proposed FrFT-based azimuth velocity estimation composed of DWT denoising filter and FrFT operation. The procedure is concluded
by accumulating the FrFT profile of every range line in SLC vessel chip.

which adjoined the conventional FrFT velocity estimator and
discrete wavelet transform (DWT) noise filter was presented,
minimizing the sea scatterers and illuminating the signal from
target vessel distinctly.

From the mathematical definition, DWT decomposition noise
filter was implemented before the FrFT operation over each
azimuth profile. DWT decomposed the signal by consecutively
implementing both low-pass filter (LPF) and high-pass filter
(HPF); the output coefficients of LPF is called approximation
coefficients and that of HPF is called detailed coefficients [55].
Then, the approximation coefficients of the given level were
again decomposed by both LPF and HPF. The coefficients,
which managed to pass multiple LPFs were defined as the
approximation coefficients of the next level, while the other coef-
ficients were regarded as the detailed coefficients, differentiated
by the order of HPF application.

In the current application of DWT to azimuth profile of ves-
sels, detailed coefficients of the various levels of operations both
contained noise terms from ocean scatterers and momentous
changes of signal from the target vessel. As it was necessary
to remove the ocean scattering noise instead of that from the
vessel, thresholding was implemented, eradicating the value
which fail to match the threshold regarding those as noise [56].
The signal after denoising procedure was reconstructed from
the approximation coefficients of the given level of operation
and the summation of detailed coefficients after thresholding.
The sixth-order Symlet (sym6) was implemented as the wavelet,
while using the heuristic variant of Stein’s unbiased risk estimate
as the thresholding apparatus [57].

Fig. 4 describes the brief procedure of operating the proposed
FrFT-based velocity estimator. From the cropped chip contain-
ing the vessel in SLC image, every azimuth line was extracted
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to perform STFrFT for every α, ranging from –10° to 10° with
the interval of 0.01° for effective computational cost. During
the STFrFT performance, each azimuth profile underwent DWT
denoising filter to effectively sort out the signals from oceanic
scatterers. FrFT was then performed to the denoised azimuth
profile, where the axis demonstrating the azimuth bin moved to
the landscape. This procedure was repeatedly implemented for
every range line; the output FrFT profiles were accumulated to
derive the conclusive FrFT profile. The optimal angle αopt, the
angle demonstrating the highest value of FrFT profile intensity,
was then selected using (10), from the SLC intensity image. The
optimal angle αopt without DWT performance was successively
retrieved to compare the performance of the DWT procedure as
a reference data.

The SAR image acquisition procedure for each ground or
oceanic target was prone to Doppler effect, where the frequency
is shifted to some degree due to relative velocity and slant range
between the target and platform [58]. For azimuth profile of a
SAR image, this character is marked inside by Doppler center
frequency and azimuth FM rate. As slant range modification in
(1) influenced the Doppler frequency, azimuth FM rate, which
contains the moving target was demonstrated by summation
of parts; one demonstrating the rate of stationary background,
and the other describing the modification caused by the moving
target.

In (1), the Doppler centroid along with the rate of stationary
target and background was exclusively affected by the slant
range; those factors in (1) were eliminated during the perfor-
mance of azimuth compression, as the azimuth matched filter
was generated from Doppler centroid and rate of motionless
target [59]. Accordingly, SLC data in Range–Doppler domain
indicated the residual Doppler centroid and rate, influenced
by moving target velocity. The factor

y0vy0

R0
η in (1) derived

Doppler centroid of the maneuvering target, determined via
range velocity component of the target vy0

; it induced the entire
target loci to be focused on a shifted position causing the physical
azimuth shift in SLC data.

The exact azimuth FM rate for stationary target and maneu-
vering target is described in (13) and (14), respectively, asks and
km [38], where λ denoting the wavelength of SAR antenna. In
addition, the estimation of velocity measurement was conducted
on SLC, after the azimuth compression. The azimuth FM rate
estimated from SLC is denoted in (15) as follows:

ks =
2v2a
λR0

(13)

km =
2

λR0

(
−2vavx0

+v2x0
+v2y0

(
1−
(
y0
R0

)2
)
+y0ay0

)

(14)

kaz = ks

(
1 +

ks
km

)
. (15)

In (15), the term kaz is estimated, while the terms
ks and km are theoretically calculated [39]. By implementing

(12)–(15), the conjunction between FrFT-based velocity esti-
mator and azimuth FM rate was demonstrated as

PRF2

N
cot (αoptaz

)

=

(
2v2

a

λR0

)2
2

λR0

(
−2vavx0

+v2x0
+vy0

2

(
1−
(

y0

R0

)2)
+ y0ay0

) +
2v2a
λR0

.

(16)

The terms in (14) and (16) contain the velocity of target in
range vy0

, azimuth vx0
and range accelerationay0

. The quadratic
term of vy0

contains the ratio y0

R0
, a ratio between ground

range and slant rage, equals to sinθinc, where θinc denotes
the incidence angle. Hence, the coefficient of vy0

2 becomes
1− ( y0

R0
)2 = cos2 θinc, ranging from 0 to 1. It was regarded in-

significant compared to the coefficients va and y0 and, therefore,
was neglected without a loss of generality.

In [38], which previously conducted azimuth velocity ex-
traction from (16), disregarded the term containing ay0

and
derived the velocity and separately estimated the influence of
acceleration term on velocity estimation. Nevertheless, in order
to estimate the effect of ay0

on (16) and verify the possibility
to soundly implement the abbreviated equation without the
term y0ay0

to derive azimuth velocity, both equations with and
without the term y0ay0

were surmised. The equation deriving
azimuth velocity vx0

from the SLC image is demonstrated as
in (17), both removing range velocity and range acceleration
terms [38]. The equation deriving the azimuth velocity regarding
the term of range acceleration vx0,acc

, is derived as (18) in the
following:

vx0
= va

⎛
⎜⎝1−

√√√√1 +
2v2a

λR0

(
PRF2

N

)
cot (αoptaz

)− 2v2a

⎞
⎟⎠

(17)

vx0,acc
= va

×

⎛
⎜⎝1−

√√√√1+
2v2a

λR0

(
PRF2

N

)
cot (αoptaz

)− 2v2a

− y0ay0

v2a

⎞
⎟⎠.

(18)

The azimuth velocity of vessel was estimated both imple-
menting (17) and (18). Evaluation on analyses was conducted
using preprocessed AIS and VPASS information corresponding
to the target vessel. After deriving the velocity of target vessel
on a given SAR acquisition time, ay0

was additionally measured
to analyze the effect of range acceleration term in the azimuth
velocity estimator. The analyses from (17) and (18) ascertained
the practicality of velocity estimation using FrFT and azimuth
FM rate estimation. As ay0

was not able to be estimated
without vx0

, the proposed algorithm would be regarded practical
when little difference was demonstrated between the estimated
velocities from (17) and (18).
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Fig. 5. Typical application of FrFT-based velocity estimator on AIS-equipped
vessel. Cropped target vessel from the SLC image is demonstrated as (a), while
FrFT-based velocity estimator profile is described as (b). The white index in
(b) indicates the azimuth optimal angle αoptaz .

A typical illustration of FrFT-based velocity estimator is
described in Fig. 5, equipped with AIS information applied
for verification. The optimal angle for this target vessel is
derived as –3.15°, corresponding to the azimuth velocity of 5.25
m/s. The azimuth velocity estimated from AIS information was
5.04 m/s.

C. Restoration of Detected Vessel Position

From the velocity examined from the FrFT-based velocity
estimator, the authentic position of the detected vessel was able
to be restored by inversely implementing (6). As the slant range
and satellite velocity were derived from the state vector, the
radial velocity of selected ship ought to be derived from the
estimated azimuth velocity from the FrFT operator. The radial
velocity vy0

, velocity of the moving target projected to the slant
range was expressed as (19) using vx0

and incidence angle θi

vy0
= vx0

tanθisin (COG− θh) . (19)

The maneuvering direction of the target vessel ought to be
identified in order to properly restore the radial velocity. In case
where AIS or VPASS information was accompanied, this was
derived from preprocessed information. Otherwise, it was to be
acquired from assessing the allocation of vessel in the corre-
sponding SAR image. Given that the absolute majority of vessel
has its length longer than its beam, Radon transform, which
could define the orientation of the object was implemented.

Radon transform is a transform, which reorganizes an image
or a distribution into line-projected phase [60]. A polygon or
function in Cartesian coordinate f(x, y) is transformed with
respect to line prone to the rotation angle θ, to which f(x, y)
is projected. The projected domain is demonstrated as xp,
generating the restored domain of Rf(xp, θ). The rotation
angle of θ is defined initially from the positive y-axis and then
counterclockwise. Detailed description of Radon transform was

described in (20), with δ denotes Dirac Delta function under
condition of 0 ≤ θ < 2π

Rf (xp, θ) =
∞
∫

−∞

∞
∫

−∞
f (x, y) δ (xp − xcosθ − ysinθ) dxdy.

(20)
With respect to the orientation angle, where the signal from

target vessel is expected to be concentrated, Rf(xp, θ) demon-
strates the highest amplitude and the narrowest scope accord-
ingly. From the presumption of vessel appearance, the angle
illustrating the highest value after Radon transform of vessel in
the SLC image was regarded as COG or COG+π. This ambi-
guity depends on the allocation of vessel on a given direction,
whether the vessel is maneuvering onward or backward.

After the ascertainment of orientation, the mitigation of target
vessel was resolved from (2) and (19). Notwithstanding, the
ambiguity of π would be able to induce an undesirable counter
offset. This issue was eliminated by sorting out one of the two
candidates; as the signal of vessel represents high backscattering
features in ocean, low backscattering regions, allegedly deter-
mined as ocean without the vessel, or high backscattering region
on ground, which contains altitude information from digital
elevation model (DEM). Hence, the candidates on land were
first removed by implementing DEM, followed by a selection of
candidate demonstrating higher backscattering coefficient.

IV. RESULTS

The analyses on identification, velocity estimation, orienta-
tion measurement, and azimuth shift correction were imple-
mented to the test SAR images presented in Table I. As false-
alarms could act as a bottleneck in both analyses, dropping the
identification rate and the assessment of velocity estimator, the
CNN-based detector demonstrating higher precision than recall
was preferred.

In order to compare the detection output with preprocessed
AIS and VPASS information, the bounding box constructed
from AIS and VPASS information was applied and assessed
by measuring the overlap to the detection output. This was
conducted and evaluated by IoU as in (7); the detection output,
which demonstrated the IoU rate over certain threshold with
any AIS/VPASS-based bounding box was regarded as a vessel
operating with AIS or VPASS sensor activated. In previous
studies in object detection, the IoU threshold, which determined
the accurate detection was often implemented as 0.5 [61]. In
addition, SAR image-based vessel detector otherwise resolved
the value as 0.2, given the possibility of low spatial resolution and
relatively small targets than that of conventional object detection
[21].

In this condition, where IoU was implemented to discern
the unidentified vessels from superposition of AIS and VPASS
information over the detection output, the threshold, which
separates the identified vessel from the others was selected as
0.2. Namely, the detection output demonstrating higher value
of IoU than 0.2 over one or more reference box from AIS
and VPASS was regarded as a vessel operating either AIS
or VPASS information and accordingly recognized identified.
In contrast, the detection output, which failed to match such



SONG et al.: RESTORATION OF AUTHENTIC POSITION OF UNIDENTIFIED VESSELS IN SAR IMAGERY 1073

Fig. 6. Demonstration of azimuth velocity estimation in four different conditions. The blue line indicates the ideal estimation of azimuth velocity. The measurement
from FrFT-based velocity estimator was illustrated in (a), where indicators in magenta and red describe the azimuth velocity with and without considering range
acceleration respectively. Velocity estimation both implementing FrFT and DWT denoising filter was demonstrated in (b), where green and black indicators describe
the velocity with and without considering range acceleration.

TABLE III
VESSEL IDENTIFICATION FROM 3 SAR IMAGES AND CORRESPONDING

AIS/VPASS INFORMATION

condition was regarded otherwise. Given the legal regulations,
which coerce to activate AIS or VPASS device of vessel [43],
the latter was regarded unidentified, involving a potential hazard
of illegitimate actions. The performance of vessel identification
procedure on Cosmo-SkyMed SAR images is demonstrated as
in Table III.

The velocity estimation followed by the restoration of au-
thentic vessel position was primarily intended to be imple-
mented to unidentified vessel of which the movement could not
be monitored via AIS and VPASS information. Paradoxically,
however, the assessment was only operated to the identified
vessels accompanied by AIS or VPASS information, since it
was a sole reference for comparison. On the identified vessels,
an assessment on three different aspects was made: 1) accu-
racy of velocity measurement, 2) accuracy of estimating COG,
and 3) accuracy of authentic position restoration.

The assessment on the velocity estimation was conducted by
comparing the output of FrFT-based velocity estimator with and
without DWT noise filter in addition to the measurement of
ay0

on deriving vx0
. This evaluation was conducted in regard

to the usage of position restoration; the vessels maneuvering
parallel to the azimuth or range direction were disregarded. The
vessels moving in line with the satellite would demonstrate zero
range velocity and therefore no azimuth shift to restore, while
those moving in range direction would be the most dominantly
influenced by azimuth shift in given velocity but theoretically
display no azimuth velocity from FrFT-based velocity estimator.
For such reason, vessels in azimuth or range direction with 7° of
allowance scope were removed from assessment. The vessels in
near-harbor regions were additionally removed; there was a high
possibility that the target Doppler frequency was unfavorably
influenced by the signal from the harbor in addition to the fact
that the vessels in near-harbor regions were often docked in the
port.

Fig. 6 describes the evaluation of velocity estimation on both
aspect of DWT and range acceleration. When the conventional
FrFT velocity estimator without DWT filter was implemented,
mean and median value of velocity offset were estimated as
1.65 m/s and 1.04 m/s. When the range acceleration term was
given into consideration mean and median velocity offset were
demonstrated as 1.64 m/s and 1.04 m/s. In contrast, in case of
employing the advanced FrFT-based velocity detector, mean,
and median value of velocity offset were surmised as 1.29 m/s
and 0.78 m/s; when range acceleration considered, those were
calculated as 1.27 m/s and 0.78 m/s, respectively. Analogous
procedure was conducted from STFrFT, deriving azimuth ve-
locity of target vessel from (17) [38]. It illustrated 2.75 m/s of
mean absolute offset.

The estimation of COG from Radon transform was tested
against the COG from preprocessed AIS and VPASS informa-
tion. It also omitted the vessels aligned in vicinity of azimuth and
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Fig. 7. Contrast between COG derived from preprocessed AIS/VPASS in-
formation and Radon transform. The blue line indicates the ideal estimation
of orientation implementing Radon transform.

range direction with respect to COG from preprocessed AIS and
VPASS information with allowance of 7°. The mean offset angle
between the two COG derivations was 25.1° from 52 vessels.
Fig. 7 demonstrates the difference between vessel orientation
angles from preprocessed AIS/ VPASS information and Radon
transform.

The determinative assessment of restoring the authentic po-
sition of vessel was conducted implementing both datasets in
previous evaluations. Implementing the derived azimuth ve-
locity from FrFT-based velocity estimator accompanied by
DWT denoising filter along with the COG derived from Radon
Transform, the expected azimuth shift was estimated via (6).
As the analysis restored the azimuth shift from velocity from
FrFT-based velocity estimator and orientation from Radon
Transform, the reference azimuth shift was restored from prepro-
cessed AIS and VPASS information, exploiting COG and SOG
from it respectively. The restored quantity of azimuth shift was
demonstrated in Fig. 8, which was tested against the reference
azimuth shift generated from preprocessed COG and SOG. As
the velocity estimation of vessel was operated in four different
cases, the measurement of azimuth shift was conducted on such
basis; azimuth velocity with and without range acceleration term
and DWT denoising filter each determined different quantity of
azimuth shift. Trimmed mean of 10% azimuth shift error from
the velocity measured from FrFT with and without considering
range acceleration, respectively, yielded 70.69 m and 70.75 m of
offset, while that from the proposed conjoined measurement of
FrFT and DWT demonstrated 61.93 m and 62.39 m of azimuth
offset.

V. DISCUSSION

SAR image-based vessel detection implementing CNN-based
object detector achieved a number of advancements in terms

of ameliorating the performance; while a majority of studies
focused on introducing the detector algorithms with higher
accuracy [16]–[19], the others attempted to generate a database
containing vessel chip, or an algorithm, which rendered a robust
training data of vessel from AIS information [20], [21]. Nev-
ertheless, while implementing the CNN-based vessel detector,
which was previously elaborated, identification of vessels along
with the demonstration of authentic position of vessels was
presented. Accomplishment of such analyses was executed from
conventional apparatus regarding vessel detection and surveil-
lance: SAR-AIS data fusion [22], Doppler parameter extraction
for velocity measurement in single-channeled SAR data [39],
[58], and explicit preprocessing of AIS information [21].

The assessment of identification procedure was conducted to
three SAR images, which contain the vessel detection output.
The temporal acquisition condition of the test SAR images as
in Table I was distinctive with one another, the identification
rate was not consistent within the images though containing
identical spatial coverage. The average identification rate in the
three Cosmo-SkyMed images indicated 70.46% while excluding
the vessels left inactive; such vessels were often spared from the
regulations of AIS/VPASS sensor guidance [43].

Different analyses implementing two velocity estimation al-
gorithm, conventional FrFT and the proposed FrFT-based ve-
locity estimator, with (17) and (18) were performed and as-
sessed in order to measure i) the performance of the suggested
FrFT-based velocity estimator accompanied by DWT denois-
ing filter and ii) the effect of range acceleration on azimuth
velocity estimation. The absolute mean velocity offset esti-
mated from the proposed algorithm decreased with respect to
that from the conventional velocity estimation from [38]. The
performance of advanced FrFT-based velocity estimator was
demonstrated, showing both absolute mean and median velocity
of offset 1.29 m/s and 0.78 m/s ameliorated than that from
the conventional FrFT estimator of 1.65 m/s and 1.04 m/s.
The velocity offset decreased significantly, which implied that
DWT denoising filter soundly operated in removing detrimental
noise signals from oceanic scatterers. In addition, both of the
operations implementing acceleration terms illustrated around
0.01 m/s improvements compared to that without considering
range accelerations. The decrease in absolute mean velocity
offset was regarded as trivial compared to the enhancement
from implementation of the DWT denoising filter. Moreover,
vessels whose precision of estimated velocity was ameliorated
were irrelevant to range angle. This indicated that vessels with
high range acceleration did not demonstrate an absolute mean
velocity offset enhancement. Given that the range acceleration
term for (18) was originated from preprocessed AIS and VPASS
information, derivation of vx0,acc

was impossible for vessels
without AIS and VPASS information, or unidentified vessels.
Fig. 6 suggested that the range acceleration had little effect on
performance enhancement of azimuth velocity estimation. From
such analyses where azimuth FM rate was near comprehensively
determined by azimuth velocity, it was verified that (17) was able
to substitute (18) for practical usages without a loss of generality.
The insignificant influence of range acceleration on azimuth
velocity was furthermore ascertained in measuring azimuth shift
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Fig. 8. Comparison between the azimuth shift restored from AIS/VPASS information and the velocity estimator accompanied by Radon transform. Indications
in magenta and red each demonstrates velocity driven by FrFT operator, with and without regarding range acceleration terms; the shift was dissolved in longitude
(a) and latitude (b). Green and black indication, respectively, elaborates velocity driven by FrFT operator accompanied by DWT denoising filter, with and without
regarding range acceleration terms; the shift was dissolved in longitude (c) and latitude (d).

in Fig. 8. The average mismatch of estimated azimuth shift with
and without examination of range acceleration was negligible; in
case of implementation of DWT in velocity estimation, however,
it demonstrated an enhancement in identical procedure, where
the mean mismatch reduced approximately 8 m.

Fig. 9 describes a typical example of restoring the azimuth
shift from velocity derived implementing (17). In the case,
the range velocity transformed from the azimuth velocity was
5.73 m/s, while the range velocity from preprocessed AIS infor-
mation was 5.78 m/s. From the analytic formula of (2) regarding
the quantity of azimuth shift, the two different cases presented
263.02 m and 264.86 m of azimuth shift each, as the slant range

and the Cosmo-SkyMed satellite velocity were fixed to 710,197
m and 7600 m/s, respectively

A majority of studies on vessel velocity estimation in single-
channeled SAR images depended on measuring the distance
between the vessel signatures and corresponding vessel wakes
in order to derive the quantity of physical azimuth shift driven
by Doppler centroid of moving target [62]–[66]. This procedure,
however, was replaced by FrFT-based azimuth velocity estima-
tor for several reasons below. First of all, the complete signatures
of vessel wake were not often visible in single SAR acquisition
condition. As the significant wave height increased, the de-
tectability of vessel wake diminished linearly [68]. In contrast to
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Fig. 9. Example of restoring the genuine position of bounding box in L1C
SAR image from the azimuth velocity estimator. The red box depicts the
bounding box influenced by azimuth shift, while the green and yellow box
respectively describes that after restoration using estimated velocity from the
azimuth velocity estimator and AIS information. The red indexes depict the
vessel position from AIS information.

the solid vessel signature of which the scattering characteristics
were seldom influenced by inhospitable weather conditions,
wake detection demanded fastidiously tranquil circumstances
for sound operation. In addition, the wake signature was com-
prised of several constituent wakes such as transverse, divergent
and turbulent wakes, which renders it difficult to properly discern
the general character of the vessel wake [69]. Last but not least,
the wake signature was physically invisible in cross-polarization
conditions; even those in horizontal and vertical polarization
demonstrated a tradeoff between left and right arms of wake in
terms of observability [70]. Given such restrictions, derivation of
radial velocity from the azimuth velocity estimator was operated,
even though the azimuth shift measurement of vessel aligned to
range direction was impossible from such analysis.

The analyses presented in this article proposed the algorithm,
which was able to be implemented to restoration of authentic
position of unidentified vessel, by presenting 1) an advanced
vessel identification algorithm by matching the vessel detection
output to AIS/VPASS information followed by 2) demonstrating
the authentic position of vessels from restoration of azimuth
velocity and maneuvering direction from vessel signature. In
contrast, current study engendered handful of unresolved aca-
demic issues related to this field. The velocity derived from the
advanced FrFT-based detector illustrated was azimuth velocity;
restoring the authentic velocity of vessel without implementing
range velocity term would be insufficient. As the range velocity
component could be measured by estimating azimuth shift in (2),
range velocity measurement is imperative in order to implement
a robust vessel velocity reconstruction. In addition, feasible
implementation of vessel identification and velocity estima-
tion demands a high performance CNN-based vessel detector,

especially of which the precision is nearly perfected. For such
objective, an up-to-date vessel detector algorithm trained under
different SAR satellite conditions was imperative. Successive
academic attempts regarding this issue could be able to con-
centrate on resolving these issues. The identification algorithm
could be applied identically to other remote sensing platforms,
such as EO and infrared satellite or airborne sensor images.

VI. CONCLUSION

Aside from the conventional analyses on vessel detection
directed to performance refinement and database generation, this
article focused on reestablishment of authentic position of vessel
without influence of azimuth shift, which could be implemented
to the vessels outside the coverage of vessel surveillance appara-
tus. The evaluation of two presented algorithms was performed
on the test SAR images containing vessel detection output,
deriving the identification rate and estimated velocity which was
tested against the velocity from AIS and VPASS information.
The identification rate was derived for each test SAR image,
respectively, and the accuracy of estimated velocity from the
proposed FrFT-based velocity detector significantly exceeded
that of conventional FrFT velocity estimation algorithm; from
1.65 m/s to 1.29 m/s in mean azimuth velocity estimation offset
and from 70.75 m to 62.39 m in average azimuth shift estimation.
The output of this article eventually derived that the analyses
were applicable without considering range acceleration terms.
As these analyses could be implemented identically in other
remote sensing apparatus for vessel detection, successive studies
may contain a thorough extraction of vessel velocity by restoring
the range component.
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