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SYSTEM AND METHOD FOR IDENTIFICATION OF AN AIRBORNE
OBJECT

TECHNICAL FIELD

The presently disclosed subject matter relates to radar systems and, more

particularly, to radar systems for tracking airborne objects such as aircraft.
CROSS-REFERENCES TO RELATED APPLICATIONS

The present application claims benefit from Israeli application 264843 filed on
February 14, 2019 and Israeli application 268398 filed on July 31 2019, both

applications incorporated hereby by reference in their entirety.
BACKGROUND

Radar can accurately measure two physical quantities for each target: range and
radial velocity (Doppler effect). In addition, radar provides a reasonable estimation of
the position of the target relative to the sensor (i.e. azimuth and elevation). None of
these quantities enable direct inference regarding the specific type of target being

tracked.
GENERAL DESCRIPTION

According to one aspect of the presently disclosed subject matter there is

provided a method for identifying an airborne object, comprising:

a) obtaining, by a processor, data indicative of a series of measurements, by a
radar, of a radar cross section (RCS) of an airborne object, each RCS
measurement being associated with data indicative of aspect angles of the

airborne object relative to the radar; and

b) calculating, by the processor, a degree of matching between the series of

RCS measurements and an estimated RCS time series for a first candidate

aircraft type,
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the estimated RCS time series being calculated according to, at least,

1) the data indicative of the aspect angles of at least one RCS

measurement of the series of RCS measurements; and

i) at least one candidate airborne object body orientation;

thereby giving rise to a degree of RCS matching indicative of whether the airborne
object is identified with the first candidate aircraft type and the least one candidate

airborne object body orientation.

In addition to the above features, the method according to this aspect of the
presently disclosed subject matter can comprise one or more of features (i) to (xvii)

listed below, in any desired combination or permutation which is technically possible:

1) ¢) repeating b) for one or more additional at least one candidate

airborne object body orientations;

thereby giving rise to one or more additional degrees of RCS matching
indicative of whether the airborne object is identified with the first
candidate aircraft type and a respective at least one candidate airborne

object body orientation.

i) repeating b) — c) for at least one additional candidate aircraft type;

thereby giving rise to at least one additional degree of RCS matching
indicative of whether the airborne object is identified with a respective
candidate aircraft type and a respective at least one candidate airborne

object body orientation.

1i1) further comprising:
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vii)

identifying, by the processor, the candidate aircraft type for which was
estimated the RCS time series that gave rise to the best calculated

degree of RCS matching,

thereby giving rise to a best match aircraft type.

further comprising:

comparing, by the processor, the best calculated degree of RCS
matching to a threshold degree of RCS matching;

thereby giving rise to an indication of whether the airborne object is

identified with the best match aircraft type.

further comprising:

comparing, by the processor, the best calculated degree of RCS
matching to a second best calculated degree of RCS matching, thereby
giving rise to a degree of difference of RCS matching;

comparing, by the processor, the degree of difference of RCS matching

to a threshold degree of difference;

thereby giving rise to an indication of whether the airborne object is

identified with the best match aircraft type.

further comprising:
displaying, on a display unit, data informative of the best match aircraft
type.

wherein the estimation of an RCS time series for a candidate aircraft

type comprises:

a) calculating an RCS estimation according to, at least:
3
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viii)

Xi)

xii)

1) aspect angles associated with an RCS
measurement of the series of RCS measurements,
and

ii) a candidate airborne object body orientation;

thereby giving rise to an RCS estimation for the candidate aircraft

type at the aspect angles associated with the RCS measurement.

further comprising:

repeating a) for one or more additional RCS measurements.

wherein:

a flight mode is inferred for the respective RCS measurement, and

the candidate airborne object body orientation is estimated according to

the inferred flight mode.

wherein the inferred flight mode is selected from a group that includes
at least one of: level flight, ascending flight, descending flight, banked
turn.

wherein the calculating at least one estimated RCS value comprises:

calculating a radar-beam direction in the aircraft body frame, according
to, at least, aspect angles associated with a respective RCS measurement,

and a respective candidate airborne object body orientation; and

estimating RCS according to the candidate aircraft type and the

calculated radar-beam direction.

wherein the estimating RCS according to the candidate aircraft type

and the calculated radar-beam direction comprises:
4
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xii)

retrieving an RCS value, according to, at least, the calculated radar-

beam direction and the candidate aircraft type, from an RCS database.

wherein the calculating a degree of matching between the series of

RCS measurements and a series of RCS estimations comprises:

a)

b)

d)

e)

applying empirical mode decomposition to the series of RCS
measurements, thereby giving rise to a first group of intrinsic mode

functions (IMFs);

applying empirical mode decomposition to the series of RCS

estimations, thereby giving rise to a second group of IMFs;

selecting, from the first group of IMFs, an IMF with a highest rate

of fluctuations, giving rise to a first selected IMF;

selecting, from the second group of IMFs, an IMF with the same
frequency as the first selected IMF, giving rise to a second selected

IMF; and

calculating a linear correlation between the first selected IMF and

the second selected IMF, resulting in a first correlation value;

thereby giving rise to a degree of matching between the series of RCS

measurements and a series of RCS estimations based on a single IMF frequency.

Xiv)

additionally comprising:

f)

selecting, from the first group of IMFs, an IMF with a second-
highest rate of fluctuations, giving rise to a third IMF;
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g) selecting, from the second group of IMFs, an IMF with the same
frequency as the third selected IMF, giving rise to a fourth selected
IMF; and

h) calculating a linear correlation between the third IMF and the

fourth IMF, resulting in a second correlation value; and

1) calculating a degree of matching according to the first correlation

value and the second correlation value;

thereby giving rise to a degree of matching between the series of RCS

measurements and a series of RCS estimations based on two IMF frequencies.

xv)  wherein at least one calculated linear correlation is a Pearson

correlation coefficient.

xvi)  wherein at least one calculated linear correlation is a matched filter.

xvii) wherein the calculated degree of matching according to the first
correlation value and the second correlation value is according to the
numerical average of first correlation value and the second correlation

value.

According to another aspect of the presently disclosed subject matter there is
provided a target identification system configured to operate in conjunction with a
radar unit and to provide identification of an airborne object according to radar plot
data, the target identification system comprising a processing and memory circuitry
configured to perform a method for identifying an airborne object, the method

comprising:

a) obtaining data indicative of a series of measurements, by a radar, of a radar
cross section (RCS) of an airborne object, each RCS measurement being
associated with data indicative of aspect angles of the airborne object

relative to the radar; and
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b) calculating a degree of matching between the series of RCS measurements

and an estimated RCS time series for a first candidate aircraft type,

the estimated RCS time series being calculated according to, at least,

1) the data indicative of the aspect angles of at least one RCS

measurement of the series of RCS measurements; and

i) at least one candidate airborne object body orientation;

thereby giving rise to a degree of RCS matching indicative of whether the airborne
object is identified with the first candidate aircraft type and the least one candidate

airborne object body orientation.

According to another aspect of the presently disclosed subject matter there is
provided a non-transitory program storage device readable by a processing and memory
circuitry, tangibly embodying computer readable instructions executable by the
processing and memory circuitry to perform a method of identifying an airborne object,

the method comprising:

a) obtaining data indicative of a series of measurements, by a radar, of a radar
cross section (RCS) of an airborne object, each RCS measurement being
associated with data indicative of aspect angles of the airborne object

relative to the radar; and

b) calculating a degree of matching between the series of RCS measurements

and an estimated RCS time series for a first candidate aircraft type,

the estimated RCS time series being calculated according to, at least,

1) the data indicative of the aspect angles of at least one RCS

measurement of the series of RCS measurements; and

7
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i) at least one candidate airborne object body orientation;

thereby giving rise to a degree of RCS matching indicative of whether the airborne
object is identified with the first candidate aircraft type and the least one candidate

airborne object body orientation.

According to another aspect of the presently disclosed subject matter there is
provided a processor-based method of training a machine learning model, the method

comprising:

obtaining a training dataset comprising data indicative of at least one

training example;

wherein each training example comprises feature data derivative of an
estimated target RCS time series, the estimated target RCS time series
having been calculated according to, at least, a series of target aspect angles,

a candidate aircraft type, and a candidate aircraft body orientation; and

training the machine learning model, according to the training dataset, for

identifying an airborne object according to the series of target aspect angles.

In addition to the above features, the method according to this aspect of the
presently disclosed subject matter can comprise one or more of features (i) to (iv) listed

below, in any desired combination or permutation which is technically possible:

(1) wherein each training example further comprises a label informative of
the candidate aircraft type according to which the estimated target RCS
time series was calculated. ‘

(i)  wherein the candidate body orientation of at least one training example
has been selected according to a flight mode inferred from data
indicative of the series of target aspect angles.

(i)  wherein the data derivative of an estimated RCS time series comprises:
8
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(iv)

a. atleast one of: maximum RCS value, minimum RCS value, mean
RCS value, RCS time series variance, RCS time series skewness,
RCS time series kurtosis, RCS time series energy, RCS time series

Hjorth mobility, and RCS time series Hjorth complexity; and

b. data derivative of one or more Intrinsic Mode Functions (IMFs),
the IMFs being derived according to empirical mode
decomposition (EMD) of the estimated RCS time series.

wherein the data derivative of each IMF of the one or more IMFs

includes at least one of: maximum IMF value, minimum IMF value,

number of zero crossings, IMF variance, IMF skewness, IMF kurtosis,

IMF energy, IMF Hjorth mobility, and IMF Hjorth complexity.

According to another aspect of the presently disclosed subject matter there is

provided a

processor-based method of identifying an airborne object, the method

comprising:

a)

b)

obtaining data indicative of a series of target RCS measurements of an
airborne object, each RCS measurement being associated with data
indicative of aspect angles of the airborne object relative to the radar at a
respective time of measurement - thereby giving rise to a series of target

aspect angles of the airborne object;

preparing a training dataset comprising data indicative of at least one

training example,

wherein each training example comprises feature data derivative
of an estimated target RCS time series, the estimated target RCS time series
having been calculated according to, at least, the series of target aspect

angles, a candidate aircraft type, and a candidate aircraft body orientation;
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¢) training a machine learning model in accordance with any of the methods
described herein, and according to the series of target aspect angles of the

airborne object; and

d) classifying the series of target RCS measurements according to the trained
machine learning model, thereby giving rise to an identification of the

airborne object with an aircraft type.

In addition to the above features, the method according to this aspect of the
presently disclosed subject matter can comprise one or more of features (i) to (iii) listed

below, in any desired combination or permutation which is technically possible:

)] wherein a) - d) are executed in realtime.

(i)  wherein the preparing a training dataset comprises:

for at least one candidate aircraft type and at least one candidate
body orientation, calculating an estimated target RCS time series

according to the series of target aspect angles; and

for at least one of the estimated RCS time series: extracting

features from the estimated RCS time series, thereby giving rise to a
training example.

(i)  wherein the machine learning model comprises a neural network

comprising an input layer, an output layer, and at least one hidden layer.

According to another aspect of the presently disclosed subject matter there is
provided a target identification system configured to operate in conjunction with a
radar unit and to provide identification of an airborne object according to radar plot
data, the target identification system comprising a processing and memory circuitry
configured to perform a method for identifying an airborne object, the method

comprising:

a) obtaining data indicative of a series of target RCS measurements of an

airborne object, each RCS measurement being associated with data
10
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indicative of aspect angles of the airborne object relative to the radar at the
time of measurement - thereby giving rise to a series of target aspect angles

of the airborne object;

b) preparing a training dataset comprising data indicative of at least one

training example,

wherein each training example comprises feature data derivative
of an estimated target RCS time series, the estimated target RCS time series
having been calculated according to, at least, a series of target aspect angles,

a candidate aircraft type, and a candidate aircraft body orientation;

¢) training a machine learning model in accordance with any of the methods
described herein, and according to the series of target aspect angles of the

airborne object; and

d) classifying the series of target RCS measurements according to the trained
machine learning model, thereby giving rise to an identification of the

airborne object with an aircraft type.

According to another aspect of the presently disclosed subject matter there is
provided a non-transitory program storage device readable by a processing and memory
circuitry, tangibly embodying computer readable instructions executable by the
processing and memory circuitry to perform a method of identifying an airborne object,

the method comprising:

a) obtaining data indicative of a series of target RCS measurements of an
airborne object, each RCS measurement being associated with data
indicative of aspect angles of the airborne object relative to the radar at the
time of measurement - thereby giving rise to a series of target aspect angles

of the airborne object;

11
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b) preparing a training dataset comprising data indicative of at least one

training example,

wherein each training example comprises feature data derivative
of an estimated target RCS time series, the estimated target RCS time series
having been calculated according to, at least, a series of target aspect angles,

a candidate aircraft type, and a candidate aircraft body orientation;

c) training a machine learning model in accordance with any of the methods
described herein, and according to the series of target aspect angles of the

airborne object; and

d) classifying the series of target RCS measurements according to the trained
machine learning model, thereby giving rise to an identification of the

airborne object with an aircraft type.

According to another aspect of the presently disclosed subject matter there is
provided a processor-based method of identifying an airborne object, the method
comprising:

a) obtaining data indicative of a series of target RCS measurements of an
airborne object, each RCS measurement being associated with data
indicative of aspect angles of the airborne object relative to the radar at
a respective time of measurement - thereby giving rise to a series of

target aspect angles of the airborne object;

b) calculating at least one estimated target RCS time series, each
estimated target RCS time series being calculated according to, at least,
the series of target aspect angles, a candidate aircraft type, and a

candidate aircraft body orientation;

c¢) identifying the airborne object with an aircraft type, in accordance with
the at least one estimated target RCS time series, and the series of

target RCS measurements.
12
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According to another aspect of the presently disclosed subject matter there is
provided a non-transitory program storage device readable by a processing and memory
circuitry, tangibly embodying computer readable instructions executable by the
processing and memory circuitry to perform a method of identifying an airborne object,

the method comprising:

a) obtaining data indicative of a series of target RCS measurements of an
airborne object, each RCS measurement being associated with data
indicative of aspect angles of the airborne object relative to the radar at a
respective time of measurement - thereby giving rise to a series of target

aspect angles of the airborne object;

b) calculating at least one estimated target RCS time series, each
estimated target RCS time series being calculated according to, at least,
the series of target aspect angles, a candidate aircraft type, and a

candidate aircraft body orientation;

¢) identifying the airborne object with an aircraft type, in accordance with
the at least one estimated target RCS time series, and the series of

target RCS measurements.

According to another aspect of the presently disclosed subject matter there is
provided a non-transitory program storage device readable by a processing and memory
circuitry, tangibly embodying computer readable instructions executable by the
processing and memory circuitry to perform a method of identifying an airborne object,

the method comprising:

a) obtaining data indicative of a series of target RCS measurements of an
airborne object, each RCS measurement being associated with data

indicative of aspect angles of the airborne object relative to the radar at a

13
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respective time of measurement - thereby giving rise to a series of target

aspect angles of the airborne object;

b) calculating at least one estimated target RCS time series, each

estimated target RCS time series being calculated according to, at least,
the series of target aspect angles, a candidate aircraft type, and a

candidate aircraft body orientation;

identifying the airborne object with an aircraft type, in accordance with
the at least one estimated target RCS time series, and the series of

target RCS measurements.

According to one aspect of the presently disclosed subject matter there is

provided a processor-based method of identifying an airborne object, the method

comprising:

a)

b)

obtaining data indicative of a series of target Radar Cross Section (RCS)
measurements of an airborne object, wherein each target RCS
measurement is associated with data indicative of aspect angles of the
airborne object relative to a measuring radar at a respective time of
measurement, thereby giving rise to a series of target aspect angles of

the airborne object;

calculating at least one estimation of a candidate aircraft RCS time
series, each estimation of a candidate aircraft RCS time series being
calculated in accordance with, at least, the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate

aircraft body orientation; and

determining data indicative of identification of the airborne object with

an aircraft type, in accordance with, at least, the at least one estimation

14
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of a candidate aircraft RCS time series, and the series of target RCS

measurements.

In addition to the above features, the method according to this aspect of the
presently disclosed subject matter can comprise one or more of features (i) to (xvii)

listed below, in any desired combination or permutation which is technically possible:

(1) a flight mode was inferred in accordance with the series of target

aspect angles of the airborne object; and

at least one candidate airborne object body orientation was selected

in accordance with the inferred flight mode.

(i1) wherein calculating at least one RCS value of an estimation of a

candidate aircraft RCS time series comprises:

calculating a radar-beam direction in an aircraft body frame, in
accordance with, at least, aspect angles associated with a respective
target RCS measurement, and a candidate airborne object body
orientation of the at least one candidate airborne object body

orienations; and

estimating an RCS value in accordance with the calculated radar-

beam direction and the respective candidate aircraft type.

iii)  wherein the determining data indicative of identification of the

airborne object with an aircraft type comprises:

for each estimation of a candidate aircraft RCS time series,
calculating a degree of matching between the estimation and
the series of target RCS measurements, thereby giving rise to
data indicative of identification of the airborne object with the

respective candidate aircraft type.

15
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b)

v)

wherein the determining data indicative of identification of the

airborne object with an aircraft type comprises:

a) training a machine learning model in accordance with a

training dataset comprising at least one training example,

wherein each training example comprises:

1. feature data derivative of an estimation of an
candidate aircraft RCS time series of the at least one
estimation of a candidate aircraft RCS time series,

and

ii. data indicative of the candidate aircraft type in
accordance with which the estimation of a candidate

aircraft RCS time series was calculated, and

wherein the machine learning model is configured to receive
runtime input comprising data indicative of a series of target
RCS measurements, and to generate output comprising data
indicative of an aircraft type learned to be associated with the
input, in accordance with the training of the machine learning

model; and

providing data indicative of the series of target RCS measurements
as input to the trained machine learning model, resulting in output of
data indicative of an aircraft type, thereby giving rise to data

indicative of identification of the airborne object with an aircraft

type.

wherein the flight mode was inferred by a method comprising:

16
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vi)

vii)

viii)

selecting the flight mode from a group that includes at least one
of: level flight, ascending flight, descending flight, and banked
turn.

wherein the estimating an RCS value in accordance with the
calculated radar-beam direction and the respective candidate

aircraft type comprises:

retrieving data indicative of an RCS value, according to, at
least, the calculated radar-beam direction and the respective

candidate aircraft type, from an RCS database.

further comprising:

identifying the candidate aircraft type for which a calculated
estimation of a RCS time series gave rise to a best calculated

degree of matching,

thereby giving rise to a best match aircraft type.

wherein the calculating a degree of matching between the
estimation and the series of target RCS measurements

comprises:

a) applying empirical mode decomposition to the series of
target RCS measurements, thereby giving rise to a first

group of intrinsic mode functions (IMFs);

b) applying empirical mode decomposition to the estimation,

thereby giving rise to a second group of IMFs;

17
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thereby giving rise to a degree of matching, based on a single IMF

c)

d)

selecting, from the first group of IMFs, an IMF with a
highest rate of fluctuations, giving rise to a first selected

IMF;

selecting, from the second group of IMFs, an IMF with a
same frequency as the first selected IMF, giving rise to a

second selected IMF; and

calculating a linear correlation between the first selected
IMF and the second selected IMF, resulting in a first

correlation value;

frequency, between the estimation and the series of target RCS measurements.

iX)

xi)

wherein a) - b) are executed in realtime.

wherein the machine learning model comprises a neural

network comprising an input layer, an output layer, and at least

one hidden layer.

wherein the data derivative of an estimation of a candidate

aircraft RCS time series comprises:

at least one of: maximum RCS value, minimum RCS
value, mean RCS value, RCS time series variance, RCS
time series skewness, RCS time series kurtosis, RCS time
series energy, RCS time series Hjorth mobility, and RCS

time series Hjorth complexity; and

18
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Xii)

xiif)

Xiv)

XV)

XVi)

b) data derivative of one or more Intrinsic Mode Functions
(IMFs), the IMFs being derived according to empirical

mode decomposition (EMD) of the estimation.

further comprising:

comparing the best calculated degree of RCS matching to a
threshold degree of RCS matching;

thereby giving rise to an indication of whether the airborne

object is identified with the best match aircraft type.

further comprising:

displaying, on a display unit, data informative of the best match

aircraft type.

wherein the calculated linear correlation is a Pearson

correlation coefficient.

wherein the calculated linear correlation is a matched filter.

additionally comprising:

f) selecting, from the first group of IMFs, an IMF with a
second-highest rate of fluctuations, giving rise to a third

IMF;

g) selecting, from the second group of IMFs, an IMF with a
same frequency as the third selected IMF, giving rise to a

fourth selected IMF; and

h) calculating a linear correlation between the third IMF and

the fourth IMF, resulting in a second correlation value; and

19
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i) calculating a degree of matching in accordance with the

first correlation value and the second correlation value;

thereby giving rise to a degree of matching, based on two IMF

frequencies, between the estimation and the series of target RCS measurements.

xvii) wherein the data derivative of each IMF of the one or more IMFs
comprises at least one of: maximum IMF value, minimum IMF
value, number of zero crossings, IMF variance, IMF skewness,
IMF kurtosis, IMF energy, IMF Hjorth mobility, and IMF Hjorth

complexity.

According to another aspect of the presently disclosed subject matter there is provided

a target identification system configured to operate in conjunction with a radar unit

and to provide identification of an airborne object according to radar plot data, the

target identification system comprising a processing and memory circuitry configured

to perform a method for identifying an airborne object, the method comprising:

a)

b)

obtaining data indicative of a series of target Radar Cross Section (RCS)
measurements of an airborne object, wherein each target RCS
measurement is associated with data indicative of aspect angles of the
airborne object relative to a measuring radar at a respective time of
measurement, thereby giving rise to a series of target aspect angles of

the airborne object;

calculating at least one estimation of a candidate aircraft RCS time
series, each estimation of a candidate aircraft RCS time series being
calculated in accordance with, at least, the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate

aircraft body orientation; and

determining data indicative of identification of the airborne object with

an aircraft type, in accordance with, at least, the at least one estimation

20



of a candidate aircraft RCS time series, and the series of target RCS

measurements.

According to another aspect of the presently disclosed subject matter there is
provided a non-transitory program storage device readable by a processing and memory

5  circuitry, tangibly embodying computer readable instructions executable by the
processing and memory circuitry to perform a method of identifying an airborne object,

the method comprising:

a) obtaining data indicative of a series of target Radar Cross Section (RCS)

measurements of an airborne object, wherein each target RCS

10 measurement is associated with data indicative of aspect angles of the
airborne object relative to a measuring radar at a respective time of

measurement, thereby giving rise to a series of target aspect angles of

the airborne object;

15 b) calculating at least one estimation of a candidate aircraft RCS time
series, each estimation of a candidate aircraft RCS time series being
calculated in accordance with, at least, the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate

aircraft body orientation; and

20
¢) determining data indicative of identification of the airborne object with
an aircraft type, in accordance with, at least, the at least one estimation
of a candidate aircraft RCS time series, and the series of target RCS
measurements.
25 Among the advantages of certain embodiments of the presently disclosed subject

matter is the ability to identify an airborne object with a particular aircraft type by

utilizing a series of radar plots.

BRIEF DESCRIPTION OF THE DRAWINGS

21
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In order to understand the invention and to see how it can be carried out in
practice, embodiments will be described, by way of non-limiting examples, with

reference to the accompanying drawings, in which:

Fig. 1 illustrates a radar system tracking an airborne object over time, according

to some embodiments of the presently disclosed subject matter;

Fig. 1a illustrates an example graphical representation of an RCS time series,

according to some embodiments of the presently disclosed subject matter

Fig. 2 illustrates a block diagram of an airborne object tracking and
identification system and its components, according to some embodiments of the

presently disclosed subject matter;

Fig. 3 illustrates an example database structure for mapping the radar beam
direction in the aircraft body frame (given, for example: as azimuth and elevation
angles) to radar cross section values that have been determined to be characteristic of
specific aircraft for a given radar frequency and a given polarization, according to some

embodiments of the presently disclosed subject matter;

Fig. 4 illustrates a generalized flow diagram of a computerized process for
identifying an aircraft on the basis of radar plot information and radar cross section

information, according to some embodiments of the presently disclosed subject matter;

Fig. § illustrates a generalized flow diagram of an example computerized
process for determining a radar cross section value for a particular aircraft type,

according to some embodiments of the presently disclosed subject matter; and

Fig. 6 illustrates a generalized flow diagram of a computerized process for
calculating a degree of matching between a series of RCS measurements and an
estimated RCS series, according to some embodiments of the presently disclosed

subject matter;

Fig. 7 illustrates a flow diagram of an example process of machine-learning-
based identification of an airborne object from radar data, according to some

embodiments of the presently disclosed subject matter;

22
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Fig. 8 illustrates a flow chart of an example method of creating a training data
set to be used in training a machine learning model, according to some embodiments

of the presently disclosed subject matter; and

Fig. 9 illustrates a flow diagram of an example process of identification of an
airborne object from a series of target RCS measurements, according to some

embodiments of the presently disclosed subject matter.

DETAILED DESCRIPTION

In the following detailed description, numerous specific details are set forth in
order to provide a thorough understanding of the invention. However, it will be
understood by those skilled in the art that the presently disclosed subject matter may be
practiced without these specific details. In other instances, well-known methods,
procedures, components and circuits have not been described in detail so as not to

obscure the presently disclosed subject matter.

Unless specifically stated otherwise, as apparent from the following discussions,
it is appreciated that throughout the specification discussions utilizing terms such as

" <

"processing”, "computing", "representing", "comparing", "generating", “assessing”,
“matching”, “updating”, "calculating", "estimating", "correlating" or the like, refer to
the action(s) and/or process(es) of a computer that manipulate and/or transform data
into other data, said data represented as physical, such as electronic, quantities and/or
said data representing the physical objects. The term “computer” should be expansively
construed to cover any kind of hardware-based electronic device with data processing
capabilities including, by way of non-limiting example, the "processing and memory

circuitry", and "processor" disclosed in the present application.

23
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The terms "non-transitory memory" and “non-transitory storage medium” used
herein should be expansively construed to cover any volatile or non-volatile computer

memory suitable to the presently disclosed subject matter.

The operations in accordance with the teachings herein may be performed by a
computer specially constructed for the desired purposes or by a general-purpose
computer specially configured for the desired purpose by a computer program stored in

a non-transitory computer-readable storage medium.

Embodiments of the presently disclosed subject matter are not described with
reference to any particular programming language. It will be appreciated that a variety
of programming languages may be used to implement the teachings of the presently

disclosed subject matter as described herein.

Bearing this in mind, attention is drawn to Fig. 1, which illustrates a radar
system monitoring an airborne object over time, according to some embodiments of the

presently disclosed subject matter.

In some embodiments of the presently disclosed subject matter, an airborne
object is monitored over a period of time by a Radar/Tracker/Identification/Display

System (100) utilizing, for example, a particular radar frequency and polarization.

In Fig. 1, at a first monitoring time (hereforward referred to as Timeo), the
airborne object is located at a particular coordinate (110a) and has a particular body

orientation.

Using, for example, ordinary radar and tracker —mechanisms,
Radar/Tracker/Identification/Display System (100) can determine aspect angles (120a)
(represented, for example, as azimuth and elevation angles) of the airborne object (i.e.
angles relative to Radar/Tracker/Identification/Display System (100) which may itself
be moving). Additionally, Radar/Tracker/Identification/Display System (100) can
determine the range (i.e. distance) of the airborne object. As is known in the art, the
location (coordinates) of the airborne object at Timeo can be determined from, for
example, the aspect angles, range and Doppler velocity as determined by Radar/Track-

er/Identification/Display System (100).
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In some embodiments of the presently disclosed subject matter, at Timey,
Radar/Tracker/Identification/Display System (100) additionally detects and records
data indicative of the radar cross section (RCS) of the airborne object. By way of non-
limiting example, Radar/Tracker/Identification/Display System (100) can detect the
signal-to-noise ratio (SNR) of the radar signal at Timeo, and derive the RCS from the

SNR according to the radar equation - as is known in the art.

In some embodiments of the presently disclosed subject matter, the body
orientation of the airborne object (represented, for example, as yaw, pitch, and roll
angles) at Timey, is not available at Radar/Tracker/Identification/Display System (100).
In some embodiments of the presently disclosed subject matter, this body orientation
can be estimated — as will be described in more detail below with reference to Fig. 4.
It is noted that in some embodiments of the presently disclosed subject matter, the roll

angle can be obtained by the tracker according to the radius of curvature of the aircraft.

Example subsequent times of measurement are hereforward referred to as
Time1, Timez, Times, and Times. At these times of measurement, the airborne object
has respective locations (110b, 110¢, 110d, 110e), and respective aspect angles (120b,
120c, 120d, 120e) relative to Radar/Tracker/Identification/Display System (100).

In some embodiments of the presently disclosed subject matter, the airborne
object locations, RCS measurements, and times of measurement can be utilized in a

method for identifying the airborne object, as will be described hereinbelow.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the Radar/Tracker/Identification/Display System and airborne object
described with reference to Fig. 1. Equivalent and/or modified functionality can be
consolidated or divided in another manner and can be implemented in any appropriate
combination of software with firmware and/or hardware and executed on a suitable
device. The Radar/Tracker/Identification/Display System can be a standalone network
entity, or integrated, fully or partly, with other entities. It will be clear to one skilled
in the art how a radar system can be employed in other embodiments such as an airborne

system, mobile system etc.
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Attention is now directed to Fig. 1a, which illustrates an example graphical
representation of an RCS time series, according to some embodiments of the presently

disclosed subject matter.

In Fig. 1a, the x axis denotes time, and the y axis denotes an RCS value. Thus
there is an RCS plot at each of Timeo, Time;, Time,, Times, and Times - each
respectively indicating an RCS value, such as, for example, an RCS value that might
be measured, calculated, or otherwise obtained from radar plot data resulting from
monitoring an aircraft as described above with reference to Fig. 1. By way of non-
limiting example, RCS values can be obtained from signal-to-noise ratio (SNR) values
according to the radar equation. Such a series of time-related RCS values of an airborne
object of interest is hereforward referred to as a measured RCS time series (in contrast

to an estimated RCS time series to be described hereinbelow).

Attention is now directed to Fig. 2, which illustrates a block diagram of an
example Radar/Tracker/Identification/Display system (100) for tracking and
identification of an airborne object - according to some embodiments of the presently

disclosed subject matter.

Radar Unit (200) can be, for example, any kind of stationary or mobile radar
unit that can supply radar data (for example: radar plot timestamps, range, elevation
and azimuth angles, SNR, Doppler velocity etc.) to target identification system (210).
Tracker unit (230) can be, for example, any kind for tracker unit that can supply radar
tracking data (for example: target coordinates, target vector velocity etc.) to target

identification system (210).

Target identification system (210) can include a processing and memory
circuitry (220) which in turn can include, for example, a processor (225) operatively

coupled to a memory (230).

A processor (225) can be a hardware-based electronic device with data
processing capabilities, such as, for example, a general purpose processor, a specialized
Application Specific Integrated Circuit (ASIC), one or more cores in a multicore
processor etc. A processor (225) can also consist, for example, of multiple processors,

multiple ASICs, virtual processors, combinations thereof etc.
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A memory (230) can be, for example, any kind of volatile or non-volatile
storage, and can include, for example, a single physical memory component or a
plurality of physical memory components. The memory (230) can be configured to, for

example, store various data used in computation.

As will be further detailed hereinbelow with reference to Fig. 4-6, the
processing and memory circuitry (220) can be configured to execute several functional
modules in accordance with computer-readable instructions implemented on a non-
transitory computer-readable storage medium. Such functional modules are referred to
hereinafter as comprised in the processing and memory circuitry. These modules can

include, for example, aircraft identification unit (240).

Aircraft identification unit (240) can perform computations on, for example,
radar data (including radar tracking data) received by target identification system (210)
for a monitored airborne object and can, for example, determine an identification of the
airborne object as, for example, a particular type of aircraft. Target identification system
(210) can then, for example, output identification of the aircraft (for example: together

with radar plot data) to - for example — display unit (290).

Aircraft identification unit (240) can, in turn, include, for example: flight mode
identification unit (260), aircraft RCS database (255), and RCS estimation unit (270).
Flight mode identification unit (260) can, for example, analyze radar data (including,
for example, radar tracking data) to infer whether a monitored airborne object is, for
example ascending, descending, in level flight etc. This type of flight that is inferred
for the monitored airborne object is herein termed a “flight mode”. An example method
for determination of a flight mode of an airborne object from radar data (including, for

example, radar tracking data) is described hereinbelow, with reference to Fig. 4.

RCS estimation unit (270) can, for example, estimate RCS series for one or
more types of candidate aircraft, according to location data derived from, for example,
radar data (including, for example, radar tracking data), and according to body
orientation data derived from, for example, inferred flight mode of the monitored
airborne object. An example method for estimating an RCS series is described
hereinbelow, with reference to Fig. 5. Resulting estimated RCS series for different
candidate aircraft can be received by aircraft identification unit (240) and evaluated
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together with, for example, the measured RCS series of the monitored airborne object
in order to determine a best match, and thus an identification of airborne object with a
particular type of aircraft. An example method for calculating a degree of matching of

two RCS series is described hereinbelow, with reference to Fig. 6.

Aircraft RCS database (255) can be, for example, a software database
implemented using an appropriate database technology. In some embodiments of the
presently disclosed subject matter, aircraft RCS database (255) includes table entries
which map the direction of the radar beam in the aircraft body frame (for example:
represented as azimuth and elevation angles) to, for example, previously observed RCS
values for particular aircraft. Aircraft RCS database (255) can be utilized, for example,
by RCS estimation unit (270) in its estimation of RCS series for candidate aircraft.
Details of an example Aircraft RCS database (255) structure are shown below, with

reference to Fig. 3.

Display unit (290) can be, for example, any kind of display system or monitor
suitable for depiction of, for example, radar tracking and aircraft identification data. By
way of non-limiting example, display unit (290) can be a computer monitor, laptop

computer, tablet, mobile phone etc.

Display unit (290) can be, for example, operably connected to target
identification system (210) via, for example, a conventional electronics communication

connection of an appropriate type.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the Radar/Tracker/Identification/Display system and associated components
described with reference to Fig. 2. Equivalent and/or modified functionality can be
consolidated or divided in another manner and can be implemented in any appropriate
combination of software with firmware and/or hardware and executed on a suitable

device.

Attention is now directed to Fig. 3, which illustrates an example database
structure for mapping the radar beam direction in the aircraft body frame (given, for
example: as azimuth and elevation angles) to radar cross section values that have been

determined to be characteristic of specific aircraft for a given radar frequency and a
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given polarization, according to some embodiments of the presently disclosed subject

matter.

In some embodiments of the presently disclosed subject matter, aircraft RCS
database (255) consists of a group of tables. Each table in this group of tables pertains
to a particular aircraft type, and a particular frequency and particular polarization of the
radar. Each of these tables, in turn, consists of a series of table entries, where each table

entry maps a particular azimuth/elevation angle pair to an RCS value.

By way of non-limiting example, aircraft RCS database table (310) supplies
RCS estimates for an aircraft of type “abc-123” (for a particular radar frequency and
polarization value). Aircraft RCS database table (310) includes table entries in which
azimuth and elevation angles appear in increments of .5 degrees. In other examples,
larger or smaller increments can be used. Similarly, other aircraft RCS database tables
(320, 330) supplies RCS estimates for aircraft of types “abc-567” and “ZZ”

respectively.

In some embodiments of the presently disclosed subject matter, the RCS value
contained in the table entry can be derived - in advance of system deployment - from
actual radar monitoring of the specific aircraft type at the indicated azimuth and
elevation angles with radar of a particular frequency and polarization value. In other
embodiments of the presently disclosed subject matter, the RCS value can be derived

using other suitable means.

It is noted that the number of tables included in aircraft RCS database (255) can
vary according to the particular embodiment (by way of non-limiting example: in some
embodiments, the number of the tables in the database is identical with the number of

aircraft types recognized by the target recognition system (210)).

It is noted that tables in aircraft RCS database (255) are applicable for a
particular radar frequency and polarization, and that embodiments of the invention can
maintain data for, for example, multiple radar frequencies or polarities, and can
accordingly utilize a modified RCS database structure (for example: with RCS values

for multiple frequencies or multiple polarization stored within a single table entry).
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It is noted that the structure of the tables in aircraft RCS database (255) is for
illustration purposes only, and that other structures are possible. It is further noted that
the tables in aircraft RCS database (255) can include RCS values, or data indicative of
RCS values.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the aircraft RCS database described with reference to Fig. 3. Equivalent
and/or modified functionality can be consolidated or divided in another manner and can
be implemented in any appropriate combination of software with firmware and/or

hardware and executed on a suitable device.

Attention is now drawn to Fig. 4 which illustrates a generalized flow diagram
of an example computerized process for identifying an aircraft on the basis of radar plot
data (including, for example, radar tracking data and radar cross section data),

according to some embodiments of the presently disclosed subject matter.

A series of radar plots with a single identifiable and stable flight mode is
hereforward termed a flight segment. Thus, within the radar plots of a flight segment,
airborne object coordinates and vector velocity data are, for example, consistent with
one of the flight modes such as, for example, level flight, ascending flight, descending
flight, or banked turn. In some embodiments of the presently disclosed subject matter,
a flight segment consists of 5 or more radar plots. A series of radar plots in which every
radar plot belongs to a flight segment (but not necessarily the same flight segment) is

hereforward termed a flight track.

The process illustrated in Fig. 4 pertains, by way of non-limiting example, to a

flight track.

In some embodiments of the presently disclosed subject matter, the grouping of
radar plots (received in real time) into a flight track can be performed by aircraft
identification unit (240) prior to the execution of the aircraft identification method of
Fig. 4. Accordingly, the method illustrated in Fig. 4 applies, for example, to data of
radar plots which are part of a flight track consisting of one or more identified flight

segments. In some embodiments of the presently disclosed subject matter, there can
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exist failure conditions that can render the method non-applicable (e.g. the available

flight track data includes too few plots).

In other embodiments of the presently disclosed subject matter (not described
here in detail), the grouping of the radar plots (received in real time) into a flight track
can be performed by flight mode identification unit (260) in a manner integrated with
the flight mode identification method described hereinbelow (so that the methods for
flight segment/flight track identification are performed in a manner that is interleaved

with the method for flight mode identification).

The per-plot radar data that is utilized by the method of Fig. 4 can include, for example
per-plot Radar Cross Section (RCS) value.

The per-plot radar data that is utilized by the method of Fig. 4 can further

include, by way of non-limiting example, the following parameters:

- Aspect angles relative to the radar

- time of measurement

- ground reference frame coordinates (for example: in NED (North-East-
Down) format)

- instantaneous vector velocity (as determined by, for example, tracker unit

(230))

This per-plot information associated with the radar monitoring of a particular
airborne object over a particular flight segment is herein referred to as “flight segment

data” for the plots of the flight segment.

In some embodiments of the presently disclosed subject matter, tracker unit
(230) and/or radar unit (200) can provide flight segment data. In some embodiments
of the presently disclosed subject matter, tracker unit (230) and/or radar unit (200) can

provide data indicative of flight segment data.

In the following description, parameters of flight segment data can be described
as “associated with” other parameters of the same radar plot, or as “associated with data
indicative of”” the other parameters. For example, the RCS of a particular radar plot can

be described as associated with data indicative of aspect angles relative to the radar.
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Thus. flight segment data can include:

- dataindicative of a series of target RCS measurements of an airborne object”
i.e. a series of RCS measurements from a series of radar plots of a monitored
airborne object - where each RCS measurement is associated with the aspect
angles between the radar and the airborne object at the time of the
measurement (for example: represented as azimuth and elevation).

- for each target RCS measurement: associated data indicative of aspect
angles of the airborne object relative to a measurnig radar at a respective

time of measurement

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: flight mode identification unit (260) ) can
obtain flight segment data (as described above) and infer (410) a flight mode from the
flight segment data (for example: for each flight segment in a flight track).

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: flight mode identification unit (260)) selects
a flight mode from the following recognized flight modes: level flight, banked turn,
ascending flight, descending flight. In some embodiments, target identification system
(210) (for example: flight mode identification unit (260)) selects a flight mode from a
group that includes at least one of: level flight, banked turn, ascending flight, and
descending flight. In other embodiments, more, fewer, or different flight modes can,
for example, be recognized. Example methods for inferring a flight mode are described

hereinbelow.

Target identification system (210) (for example: flight mode identification unit
(260)) can, for example, identify a flight mode for a flight segment according to, for

example, the following non-limiting criteria:

- Ifaltitude and 3-axis direction of the airborne object (as indicated by the
coordinates and vector velocity data) are both substantially constant for all

the radar plots in the flight segment, then the flight mode can be identified
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as level flight. In some embodiments of the presently disclosed subject
matter, substantially constant altitude can include variations in altitude that
occur in regular level flight. In some embodiments of the presently
disclosed subject matter, substantially constant 3-axis direction can include
variations in direction that occur in regular level flight (for example: +/-3

degrees).

It is noted that - in flight segments identified with level flight - even
though the flight direction is substantially constant, the absolute value of

the velocity is not constant.

In a banked turn, an aircraft rolls to turn in a substantially constant radius —

for example: to change flight direction.

If two segments of level flight are separated by a series of radar plots
which lack the characteristics of level flight, then the curvature of the plots
in this series can be examined. If the curvature has substantially constant
radius, then the flight mode can be identified as banked turn. In some
embodiments of the presently disclosed subject matter, substantially
constant curvature radius can include variations in curvature radius that
occur in regular in-flight turning (for example: variation in roll angle of +/-

3 degrees).

In other embodiments of the presently disclosed subject matter, the

horizontal velocity direction (¢ = atan (Z—Y)) is calculated. If the direction
X

derivative (¢ ) is substantially constant, then the flight mode can be

identified as banked turn. In some embodiments of the presently disclosed

subject matter, a substantially constant direction derivative can include

variations in direction derivative that occur in regular in-flight turning.

In ascending or descending flight, the aircraft keeps a constant positive or

negative pitch angle.  If the pitch angle is substantially constant and
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positive, and the altitude is correspondingly increasing, then the flight mode
can be identified as ascending flight. If pitch angle is substantially constant
and negative, and the altitude is correspondingly decreasing, then the flight
mode can be identified as descending flight. In some embodiments of the
presently disclosed subject matter, substantially constant pitch angle can
include variations in pitch angle that occur in regular ascending or

descending flight (for example: +/- 5 degrees).

Using the inferred flight mode, target identification system (210) (for example:
flight mode identification unit (260) ) can next select (420) one or more candidate body
orientations for the flight segment (where a body orientation is represented, for

example, as a vector consisting of yaw angle, pitch angle, and roll angle).

By way of non-limiting example, target identification system (210) (for
example: flight mode identification unit (260) ) can derive candidate ranges of yaw
angles, pitch angles, and roll angles (e.g. in the ground reference frame and in the NED
representation).  Target identification system (210) (for example: flight mode
identification unit (260)) can then determine discrete candidate values for yaw angle,
pitch angle, and roll angle respectively — for example: by incrementally selecting, for
example, each degree or, for example, each half-degree angle value between the
minimum and the maximum values of the range. Target identification system (210) (for
example: flight mode identification unit (260)) can then create a set of candidate body
orientations by composing vectors consisting of all combinations of the candidate yaw,

pitch, and roll angle values.
By way of non-limiting example:

- If flight mode is level flight:
o Pitch angle can be estimated to be, for example, between 0 and 20
degrees (as aircraft can stall when pitch angle is beyond 20 degrees)
o Yaw angle can be estimated to be, for example, in a range equivalent
to the flight path direction with a possible variation of, for example,
+/-10 degrees (the variation can depend, for example, on wind)
o Roll angle can, for example, be estimated to be 0 with a possible

variation of, for example, +/- 2 degrees.
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o

Thus:

* (Candidate pitch values can be, for example: 0 degrees, .5
degrees, 1 degree, and so on ... up to 20 degrees.

= (Candidate yaw values can be, for example: -10 degrees, -9.5
degrees, and so on ... up to 20 degrees.

= (Candidate roll values can be, for example: -2 degrees, -1.5
degrees, and so on ... up to 2 degrees.

= The set of candidate body orientations can be a set of {pitch,
yaw, roll} vectors consisting of all combinations of the

candidate pitch, yaw, and roll values.

- If flight mode is ascending flight:

O

Pitch angle can be estimated to be, for example, equivalent to the
angle of ascent with a possible variation of 0 to 20 degrees (as
aircraft can stall when pitch is beyond 20 degrees)

Yaw angle can be estimated to be, for example, in a range equivalent
to the flight path direction with a possible variation of, for example,
+/-10 degrees (the variation can depend, for example, on wind)
Roll angle can be estimated to be, for example, 0 — with a possible

variation of, for example, +/- 2 degrees.

- If flight mode is descending flight:

o

Pitch angle can be estimated to be, for example, equivalent to the
angle of descent with a possible variation of, for example, +/-2-3
degrees.

Yaw angle can be estimated to be, for example, in a range equivalent
to the flight path direction with a possible variation of, for example,
+/-10 degrees (the variation can depend, for example, on wind)
Roll angle can be estimated to be, for example, 0 — with a possible

variation of, for example, +/- 2 degrees.
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- If flight mode is banked turn:

o Pitch angle can be estimated to be, for example, equivalent to the
angle of ascent plus an additional 0 to 20 degrees (if aircraft is
ascending) or angle of descent with a variation of, for example, 2-3
degrees (if aircraft is descending).

o Yaw angle can be estimated to be, for example, in a range equivalent
to the flight path direction with a variation of, for example +/-10

degrees
2
o Roll angle can be estimated as, for example, tan(¢) = %/-_5 where

v is the velocity and R is the turn curvature — with a possible
variation of, for example, +/- 2-3 degrees. This is derived from the
observation that:

= mg =L-cos(¢)

T ma=m V?Z =1L- sm(¢) =mg:- tan(¢)

It is noted that in some embodiments, target identification system (210) (for
example: flight mode identification unit (260) ) can select candidate body orientations

using means other than an inferred flight mode.

Target identification system (210) (for example: RCS estimation unit (260)) can

next estimate (430) an RCS time series for a first candidate aircraft type.

In calculating an estimation of a candidate aircraft RCS time series, target
identification system (210) (for example: RCS estimation unit (260)) can utilize, for
example: the radar plot measurement times of the flight track data, the radar plot aspect
angles of the flight track data, and a candidate body orientation (e.g. from the candidate

body orientations computed for a particular flight segment).

It is noted that aspect angles associated with the respective RCS measurements
of the series of RCS measurements can be indicative of the flight path taken by the
airborne object. Thus, target identification system (210) (for example: RCS estimation

unit (260)) can, for example, estimate an RCS time series that would, for example,
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result from an aircraft of the candidate aircraft type flying in the path indicated by the
aspect angles values associated with some or all of the RCS measurements of the
series of RCS measurements. The term “the series of target aspect angles of the
airborne object” as used herein includes such a series of aspect angles associated with

the respective RCS measurements (for example: of a flight segment).

By way of non-limiting example: in some embodiments of the presently
disclosed subject matter, target identification system (210) (for example: RCS
estimation unit (260)) can estimate RCS - for the candidate aircraft type - for each
aspect angles value associated with each measurement of the series of RCS
measurements. Target identification system (210) (for example: RCS estimation unit
(260)) can then create an estimated RCS time series by mapping the measurement
times of the original RCS measurements to the corresponding RCS estimations for the

candidate aircraft type (for example: as illustrated in Fig. 1a above).

In other embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS estimation unit (260)) can estimate
RCS values for, for example, aspect angles associated with a subset of the RCS

measurements of the series of RCS measurements.

In other embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS estimation unit (260)), can estimate an

RCS time series by utilizing flight segment data in another manner.

It is noted that the RCS resulting from radar tracking of a given aircraft type

can be affected by body orientations of the tracked aircraft.

Accordingly, in some embodiments of the presently disclosed subject matter,
target identification system (210) (for example: RCS estimation unit (260)) can utilize
a single candidate body orientation (for example: selected from the set of candidate
body orientations calculated for a flight segment) to estimate an RCS time series
representing - for example - estimated RCS of the candidate aircraft type flying with
the particular body orientation (e.g. with the body orientation being stable within a

flight segment).
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Alternatively, in some embodiments of the presently disclosed subject matter,
target identification system (210) (for example: RCS estimation unit (260)) can utilize
multiple candidate body orientations (for example: selected from the set of candidate
body orientations calculated for a flight segment) to estimate a RCS time series
representing — for example - estimated RCS of the candidate aircraft type flying with

a particular series of body orientations within the flight segment.

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS estimation unit (260)) can utilize

candidate body orientations in other manners.

By way of non-limiting example: in some embodiments of the presently
disclosed subject matter, target identification system (210) (for example: RCS
estimation unit (260)) can estimate RCS - for the candidate aircraft type - for each
aspect angles value associated with each measurement of the series of RCS
measurements. In estimating these RCS values, target identification system (210) (for
example: RCS estimation unit (260)) can utilize a single candidate body orientation
(for example: selected from the set of candidate body orientations calculated for a
flight segment) to estimate an RCS time series representing - for example - estimated
RCS of the candidate aircraft type flying with the particular body orientation. Target
identification system (210) (for example: RCS estimation unit (260)) can then create
an estimated RCS time series by mapping the measurement times of the original RCS
measurements to the corresponding RCS estimations for the candidate aircraft type
(for example: as illustrated in Fig. 1a above). In other embodiments of the presently
disclosed subject matter, target identification system (210) (for example: RCS
estimation unit (260)) can instead utilize multiple candidate body orientations to

estimate the RCS time series.

An example method for RCS estimation is described below, with reference to

Fig. 5.

Target identification system (210) (for example: RCS estimation unit (260) )
can next calculate (440) — for the estimated RCS series associated with the first
candidate aircraft type — a degree of matching between the estimated RCS series and
the measured RCS time series. In some embodiments of the presently disclosed
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subject matter, the degree of RCS matching can be indicative of whether the airborne
object is identified with the candidate aircraft type and the candidate body

orientation(s) used in estimating the RCS time series.

Details of an example method for calculating degree of matching are described

below, with reference to Fig. 6.

In some embodiments of the presently disclosed subject matter, the calculation
of the degree of matching can consist of providing, for example, RCS series data, to,
for example, a deep learning system which determines the degree of matching of the
two RCS time series, according to, for example, a previously processed set of training

data.

It is noted that the calculating of a degree of matching between an estimated
RCS series and the measured RCS time series can be performed subsequent to the

calculation of multiple estimated RCS series.

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS estimation unit (260) ) can next estimate
additional RCS time series for the first candidate aircraft type and (in some
embodiments) also the degrees of matching for the additional estimated RCS time
series. For example: target identification system (210) (for example: RCS estimation
unit (260) ) can estimate (430) an RCS time series using, for example, a method
described hereinabove (430), but utilizing a different single candidate body angle (or
different multiple candidate body angles) in the estimation. Target identification
system (210) (for example: RCS estimation unit (260) ) can calculate a degree of
matching for each new estimated RCS time series using, for example, a method

described hereinabove (440).

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS estimation unit (260) ) can next estimate
additional RCS time series (445) for one or more additional candidate aircraft types
and also the degrees of matching for the additional estimated RCS time series. For
example: target identification system (210) (for example: RCS estimation unit (260) )

can estimate (430) an RCS time series for the additional candidate aircraft type using,
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for example, a method described previously. Target identification system (210) (for
example: RCS estimation unit (260) ) can then estimate (442) additional RCS time
series, for example by utilizing a different single candidate body angle (or different
multiple candidate body angles) in the estimation. Target identification system (210)
(for example: RCS estimation unit (260) ) can calculate a degree of matching for each

new estimated RCS time series using, for example, a method described hereinabove

(440).

In some embodiments of the presently disclosed subject matter, the RCS time
series estimations performed by target identification system (210) (for example: RCS
estimation unit (260)) can result in, for example, hundreds or thousands of RCS time

series estimations and associated degrees of matching.

In summary, in some embodiments, target identification system (210) (for
example: RCS estimation unit (260)) can calculate at least one estimation of a
candidate aircraft RCS time series. Each of the estimations of a candidate aircraft
RCS time series can be calculated in accordance with the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate aircraft body

orientation.

Target identification system (210) (for example: RCS correlation unit (260) )
can next identify (450) the candidate aircraft type for which the RCS time series that is
a best match for the measured RCS time series (as indicated by the best resulting degree
of matching) was estimated. This estimated RCS time series can thus, for example, be
indicated as a best match to the measured RCS time series. The candidate aircraft type
for which the RCS series was estimated can thus, for example, be indicated as a best

match aircraft type.

In some embodiments of the presently disclosed subject matter, Target
identification system (210) (for example: RCS correlation unit (260) ) can, for example,
compare the highest calculated degree of RCS matching to a threshold degree of RCS
matching. Target identification system (210) (for example: RCS correlation unit (260)
) can then, for example, determine whether the airborne object is identified with the
best match aircraft type according to whether the degree of RCS matching meets the

threshold degree of RCS matching.
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In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS correlation unit (260) ) can, for example,
compare the difference between the best calculated degree of RCS matching and the
second best calculated degree of RCS matching (for example: if the degree of matching
is represented as a correlation value between 0 and 1, the second highest can be
subtracted from the highest). Target identification system (210) (for example: RCS
correlation unit (260) ) can then, for example, compare the difference in degree of
matching to a threshold difference in degree of matching (for example: to a minimum
difference in correlation value). If the difference in degree of matching meets the
threshold difference in degree of matching, then target identification system (210) (for
example: RCS correlation unit (260) ) can, for example, determine that the airborne
object is identified with the best match aircraft type. If the difference in degree of
matching does not meet the threshold difference in degree of matching, then target
identification system (210) (for example: RCS correlation unit (260) ) can, for example,

determine that the airborne object remains unidentified.

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS correlation unit (260)) can, for example,
cause the name of the best match aircraft type (or data informative thereof) to appear
on, for example, display unit (290). In some embodiments of the presently disclosed
subject matter, target identification system (210) (for example: RCS correlation unit
(260)) can, for example, cause an indication — for example: of whether the best match
aircraft type is identified with the airborne object - to appear on, for example, display

unit (290).

It is noted that the teachings of the presently disclosed subject matter are not
bound by the flow chart illustrated in Fig. 4, the illustrated operations can occur out of
the illustrated order. For example, operations 440 and 445, shown in succession, can
be executed substantially concurrently, or in the reverse order. It is also noted that whilst
the flow chart is described with reference to elements of the system of Fig. 1 or 2, this
is by no means binding, and the operations can be performed by elements other than

those described herein.

Attention is now drawn to Fig. 5 which illustrates a generalized flow diagram

of an example computerized process for estimating a radar cross section (RCS) value
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for a particular candidate aircraft type, and for particular measured flight segment data,
and for a particular candidate body orientation, according to some embodiments of the

presently disclosed subject matter.

Target identification system (210) (for example: RCS estimation unit (260)) can
repeatedly utilize the method of Fig. 5 to - for example - estimate an RCS value
corresponding to each RCS measurement of the monitored airborne object (as described

hereinabove with reference to Fig. 4).

Target identification system (210) (for example: RCS estimation unit (260)) can
calculate (510) the radar beam direction in the aircraft body frame, according to, for
example, aspect angles relative to the radar (for example: the aspect angles associated
with an RCS measurement of the series of RCS measurements) and a respective
candidate body orientation (for example: a candidate airborne object body orientation
estimated on the basis of an inferred flight mode of the RCS measurement). It is noted
that methods for calculation of an radar beam direction in the aircraft body frame based

on aspect angles relative to the radar and a body orientation are known in the art.

Target identification system (210) (for example: RCS estimation unit (260) )
can next utilize the calculated radar beam direction in the aircraft body frame (e.g.
represented as azimuth and elevation angles) to, for example, retrieve (520) an RCS
value from an RCS database (255). RCS database (255) can be accessed according to
candidate aircraft type and radar beam direction in the aircraft body frame (e.g. azimuth

and elevation angles) as described hereinabove with reference to Fig. 3.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the flow chart illustrated in Fig. 5. It is also noted that whilst the flow chart
is described with reference to elements of the system of Figs. 1-3, this is by no means
binding, and the operations can be performed by elements other than those described

herein.

Attention is now drawn to Fig. 6 which illustrates a generalized flow diagram
of a computerized process for calculating a degree of matching between a series of RCS
measurements and an estimated RCS series, according to some embodiments of the

presently disclosed subject matter.
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Target identification system (210) (for example: RCS correlation unit (280) )
can, for example, apply empirical mode decomposition (EMD) (610) to the series of

RCS measurements — resulting in a first set of Intrinsic Mode Functions (IMFs).

Target identification system (210) (for example: RCS correlation unit (280) )
can next, for example, apply EMD (620) to the estimated RCS series — resulting in a

second set of intrinsic mode functions.

Target identification system (210) (for example: RCS correlation unit (280) )
can next, for example, select (630) the first frequency (i.e. highest fluctuation rate) from
the RCS measurements IMF set and the corresponding frequency from the RCS
estimations IMF set. It is noted in that some embodiments of the presently disclosed
subject matter, this frequency is preferred as it can be the least noisy frequency of the

IMF set.

Target identification system (210) (for example: RCS correlation unit (280) )
can next, for example, calculate a linear correlation (640) between the IMF of the

measurements and the IMF of the estimation.

In some embodiments of the presently disclosed subject matter, the calculation
of the linear correlation can consist of performing a linear correlation method (for
example: Pearson Correlation Coefficients (PCC), Matched filter etc.) which can result
in — for example - a value (for example: a number between 0 and 1) that is indicative of

the degree of matching of the two RCS series.

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS correlation unit (280) ) can additionally
(650) compute a second correlation value by selecting the frequency with the second-
highest fluctuation rate from the RCS measurements IMF set and computing a
correlation with the corresponding frequency of the RCS estimations IMF set. In some
such embodiments, target identification system (210) (for example: RCS correlation
unit (280) ) can compute, for example, the average of the first correlation value and the

second correlation value — resulting in a degree of matching of the two RCS series.
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In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS correlation unit (280) ) can compute

additional correlation values based on additional IMF sets.

In some embodiments of the presently disclosed subject matter, target
identification system (210) (for example: RCS correlation unit (280) ) can compute only

a single correlation value based on a single additional IMF set.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the flow chart illustrated in Fig. 6, the illustrated operations can occur out of
the illustrated order. For example, operations 610 and 620 shown in succession, can be
executed substantially concurrently, or in the reverse order. It is also noted that whilst
the flow chart is described with reference to elements of the system of Fig. 1 or 2, this
is by no means binding, and the operations can be performed by elements other than

those described herein.

Attention is now drawn to Fig. 2a, which illustrates a system diagram of an
example target identification system configured to provide identification of a target
aircraft via machine-learning-based classification of radar data, according to some

embodiments of the presently disclosed subject matter.

Fig. 2a is similar to Fig. 2 and includes many of the same components and units,
and the descriptions above of these components can apply in some embodiments. Fig.

2a also differs from Fig. 2 in several respects, as detailed below.

Processing and Memory Circuitry 220 can include a machine learning model
285. Machine learning model 285 can be any kind of suitable machine learning model,
such as, for example, — a neural network, support vector machines etc. In some
embodiments, machine learning model 285 is a neural network with one input layer,

one output layer, and at least one hidden layer.

In some embodiments, the neural network has a softmax output layer that

normalizes the outputs into probabilities.
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In some embodiments, machine learning model 285 can be trained with a
training dataset that includes features derived from an RCS Time series (for example:
an estimated RCS time series based on a series of radar plots with specific aspect

angles) as well as a classification label (for example: an aircraft type).

In some embodiments, machine learning model 285 is configured to receive
runtime input consisting of a series of target RCS measurements (or data indicative of
a series of target RCS measurements), and to generate output describing an aircraft type
(or providing data indicative of an aircraft type) learned to be associated with the input,

in accordance with the training of machine learning model 285.

In some embodiments, machine learning model 285, after training, can be used
to classify features derived from, for example, a RCS time series derived from radar
monitoring (including real-time monitoring) of an airborne object, and determine a

classification label indicating an identification of the airborne object with an aircraft

type.

Processing and Memory Circuitry 220 can include training unit 265. Training
unit 265 can receive RCS estimation data from the RCS estimation unit 270 and prepare
training data for the machine learning model 285. An example process for preparing

training data is described below with reference to Fig. 8.

Processing and Memory Circuitry 220 can include classification unit 275.
Classification unit 275 can utilize machine learning model 285 to classify radar plot
data (for example: received from radar unit 220), resulting in an identification of an
aircraft. An example process for identifying an aircraft using the machine learning

model 285 is described hereinbelow, with reference to Fig. 7.

In some embodiments, RCS correlation unit 280 is not present.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the Radar/Tracker/Identification/Display system and associated components
described with reference to Fig. 2a. Equivalent and/or modified functionality can be

consolidated or divided in another manner and can be implemented in any appropriate
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combination of software with firmware and/or hardware and executed on a suitable
device.

Attention is now drawn to Fig. 7, which illustrates a flow diagram of an example
process of machine-learning-based identification of an airborne object from radar data,

according to some embodiments of the presently disclosed subject matter.

The target identification system 210 (for example: training unit 265) can begin
the process by obtaining (710) a series of RCS measurements derived from tracking of
a target airborne object. This series of RCS measurements is herein termed a “series of
target RCS measurements” i.e. a series of RCS measurements from a series of radar
plots of a monitored airborne object - where each RCS measurement is associated with
the aspect angles between the radar and the airborne object at the time of the
measurement (for example: represented as azimuth and elevation). Similarly, the series
consisting of the aspect angles of the measurements is herein termed the “series of target
aspect angles” of the airborne object. For example: in the tracking of the airborne object
in Fig. 1, the series of target aspect angles can consist of aspect angles 120a, 120b,

120c, 120d, and 120e.

The target identification system 210 (for example: training unit 265) can obtain
the series of target RCS measurements from, for example, radar unit 200. In some
embodiments, the target identification system 210 (for example: training unit 265)
obtains data indicative of the series of target RCS measurements from, for example,

radar unit 200.

In some embodiments the series of target aspect angles used for preparing a
training dataset can consist of the aspect angles from a series of radar plots that are part
of a flight segment with a single flight mode. The target identification system 210 (for
example: flight mode identification unit 260) can identify a flight segment with a single

flight mode using methods described above, for example with reference to Fig. 4.

The target identification system 210 (for example: training unit 265) can next
prepare (720) a training data set for training the machine learning model 285 to identify
an airborne object according to its series of target RCS measurements. In some

embodiments, the preparation of the training data set utilizes the estimated target RCS
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time series that were calculated. Details of an example method for preparation of a

training dataset are described below, with reference to Fig. 8.

The target identification system 210 (for example: training unit 265) can next
train (730) the machine learning model 285. The training can utilize a training data set
prepared according to the method described below (with reference to Fig. 8) or with a

training set prepared according to a different method.

In some embodiments, the training data set consists of at least one training
example, where each training example includes feature data that is derivative of an
estimated candidate aircraft RCS time series, where the estimated candidate aircraft
RCS time series were calculated (for example) according to a series of target aspect
angles, a candidate aircraft type, and at least one candidate body orientation — as
described below with reference to Fig. 8.In some embodiments, the feature data of a
training example includes data derived from the candidate aircraft RCS time series as

detailed below with reference to Fig. 8.

The target identification system 210 (for example: training unit 265) can use
any suitable training technique. In some embodiments, the training dataset can be
divided into training examples and validation examples, and backpropagation can be

used to ensure that the training has been effective.

After the machine learning model has been trained, the target identification
system 210 (for example: classification unit 275) can provide data indicative of the
series of the series of target RCS measurements as input to the trained machine learning
model 285. The machine learning model 285 then can output data indicative of

identification of the airborne object with an aircraft type.

In some embodiments, the target identification system 210 (for example:
classification unit 275) can do this by utilizing machine learning model 285 to classify
(740) the series of target RCS measurements from the tracking of the airborne object.
The result of this classification can be an identification of the airborne object with a

candidate aircraft type. In some embodiments, machine learning model 285 can output
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data indicative of identification of the airborne object with an aircraft type in a different

suitable type of data format.

In some embodiments (described above with reference to Fig. 2a), the
classification can result in a probability value associated with each candidate aircraft
type maintained in aircraft RCS database 255. In such an embodiment, the candidate
aircraft classified as the highest probability can be identified with the airborne object,

for example: if its probability is above some threshold e.g. .8.

It is noted that if data for several flight segments (e.g. with separate inferred
flight modes) are available, target identification system 210 (for example: classification
unit 275) can, for example, perform the method described in Fig. 7 separately for each
flight segment. Target identification system 210 (for example: classification unit 275)
can then make a final classification by calculating weighted probabilities over the

multiple flight segments.

By way of non-limiting example: if a first flight segment returns probability .95
for aircraft A, and a second flight segment returns probability .6 for aircraft A, then
target identification system 210 (for example: classification unit 275) can, for example,
weight the first flight segment at .75 and the second flight segment at .25 (for example
because the flight segment has significantly more radar plots than the second), resulting
in an assessed weight of (.75%.95)+(.25*.6) = .8625

It is noted that in some embodiments, the steps of the method illustrated in Fig.
7 can be executed in a realtime manner. In this context, the term realtime can mean that
the steps are executed upon monitoring of an airborne object, and in a manner that
facilitates a tactical response. By way of non-limiting example, in some embodiments
a radar unit 200 can track an airborne object and transfer data indicative of RCS
measurement to target identification system 210, which then conducts machine learning
for the series of the target aspect angles and then classifies the series of target RCS
measurements within e.g. 1-2 seconds or some other time interval short enough to

facilitate a tactical response.
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It is noted that the teachings of the presently disclosed subject matter are not
bound by the flow chart illustrated in Fig. 7, and that the illustrated operations can occur
out of the illustrated order. For example, operations 720 and 730, shown in succession,
can be executed substantially concurrently, or partially in the reverse order. It is also
noted that whilst the flow chart is described with reference to elements of the system of
Fig. 1 or 2a, this is by no means binding, and the operations can be performed by

elements other than those described herein.

Attention is now drawn to Fig. 8, which illustrates a flow chart of an example
method of creating a training data set to be used in training a machine learning model,
so as to enable identifying an airborne object based on its series of target RCS
measurements, according to some embodiments of the presently disclosed subject

matter.

The target identification system 210 (for example: RCS estimation unit 270) can
begin by calculating estimated RCS time series from which features can be extracted.
In some embodiments, target identification system 210 (for example: RCS estimation
unit 270) can calculate (810) estimated RCS time series for each candidate aircraft type
for which data is stored in Aircraft RCS database 255, and for each candidate body
orientation indicated for the flight mode that was inferred for the flight segment.
Calculations of estimated RCS time series can utilize the series of target aspect angles,
and are described above - with reference to Fig. 4. The series of target aspect angles
can be calculated from the series of target RCS measurements as described above with

reference to Fig. 7.

In some embodiments, target identification system 210 (for example: RCS
estimation unit 270) calculates an estimated RCS time series for at least one candidate

aircraft type, and for at least one candidate body orientation.

The target identification system 210 (for example: training unit 265) can next
extract (820) - from each estimated RCS time series — features that will constitute an
example for training machine learning model 285. In some embodiments, target
identification system 210 (for example: training unit 265) extracts features from at least

one estimated RCS time series.
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The features can be any relevant data from the estimated RCS time series.
In some embodiments, the target identification system 210 (for example: training unit
275) uses EMD to decompose the RCS time series into IMFs. EMD can enable dividing
the RCS time series into a low-frequency component and a high-frequency component.
The low frequencies can correspond to the observation angle and measurement errors,
while the higher frequencies can be related to the geometry and body angles of the
airborne object. Therefore, rapidly varying components in the RCS time-series can be
used to characterize the airborne object. These rapidly varying components can be

extracted from the first IMFs.

Given an RCS time-series x[n] and corresponding IMFs u;[n] for n =
0,..,N—1andi =0,..,L—1where N is the number of samples and L is the number

of IMF components, the following features can be extracted:

Table 1

RCS Features it" IMF Features

max x[n max u;[n
0snsN-1 [n] 0<nsN-1 i[n]
- o _
05r7?slr1\l/—1x[n] osrw?slN—1u’[n]

mean ( x[n]) # of zero crossings

= Ux
variance (x[n]) | variance (u;[n])
= g2 = o2
skewness = skewness =
x[nl= px) 3 [ (uin]= )\
E [( Ox ) ] E ( oy, u)
kurtosis = kurtosis =
xln)- )t [ (iin)- g\ ]
E [( Ox ) ] E < O'ui )
energy = energy =
Yo x*[n] noo ufn]

Hjorth mobility = | Hjorth mobility =
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The first and second features, minimum and maximum values, can be used as a
measure of the range of values the time-series can take. The next four features, i.e. the
mean, variance, skewness and kurtosis of the time-series, are the 1%-4" central statistical
moments, where the sample mean is the average of the time-series values, variance
indicates the spread of data from the mean, skewness is a measure of the asymmetry of
the data around the mean, and kurtosis is a measure of how outlier-prone the distribution
of values is. The next feature is the energy of the signal, which is the squared L? norm.
Hjorth mobility represents the mean frequency, or the portion of standard deviation of

the power spectrum. Hjorth complexity represents the change in frequency of a signal.

Since the mean value of each IMF is near-zero, the number of zero crossings of
each IMF can be used instead. This feature can represent the oscillatory nature of the

signal.

These features can characterize the statistical and spectral nature of the time

sequences well, while at the same time enabling separation of targets.

In some embodiments, all the features described in table 1 are included in each
training example. In some embodiments a subset of the features are included in each
training example. In some embodiments, at least one RCS feature (i.e. from the RCS
column) is included, and at least one EMD feature (i.e. from the EMD column) is

included.

In some embodiments, a training example further includes data indicative (for
example: a label) of a candidate aircraft type according to which the estimated RCS

time series was calculated.
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To test the classification method, a database of RCS signatures of 8 different
targets was generated, and simulative radar and tracker data was utilized. Simulative
trajectories were generated, which are made up of single flight modes: Level, Turn,
Climb, and Descent, as well as trajectories containing a combination of several flight
modes. Overall, 120 trajectories of single flight-modes were generated, including 30 of
each type, as well as 80 trajectories containing a combination of flight-modes. It is noted
that the mixed flight-mode trajectories are the more realistic scenarios. The information
in the simulated radar and tracker included: target position throughout the trajectory,
target velocity, and radar position, as well as SNR values along the trajectory, which

are transformed into RCS values, as explained above.

A realistic additive white Gaussian noise of up to £0.5° was added to all three
yaw, pitch and roll angles of the observed aircraft throughout its trajectory. This noise
represents real-noise obtained by the radar system measurements. For each simulated
trajectory, a corresponding RCS time-series x was generated using the database.
Performance results were gathered according to the different trajectory types (level,

turns, climbs, descents, and a combination of these).

The final results are given below. In the right column the classification accuracy
is given, defined as the number of successfully classified trajectories relative to the total
number of tested trajectories. The corresponding amount of additive white Gaussian

noise on the body-angles, is given in the left column.

Body-Angle Noise | Classification
Accuracy

No Noise 93.3%

40.1° 87.5%

+0.3° 82.7%

+0.5° 80.1%

As the results table demonstrates, the classification process is very successful in the
absence of noise. (Note that even “noiseless” simulations are corrupted with inherent

noise due to the resolution of the RCS database).
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Classification can either be correct, incorrect, or unknown. Targets are defined to be
unknown when there is not a good match in the database, or due to a lack of data for a
proper classification procedure. This typically happens when the number of
measurements is too small, or when the RCS time-series cannot be decomposed into
IMFs. The latter may be the case when the signal is not sufficiently oscillatory. Even
for very large noise of up to 0.5°, the neural network-based method's accuracy is over

80%.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the flow chart illustrated in Fig. 8, and that the illustrated operations can occur
out of the illustrated order. For example, operations 810 and 820, shown in succession,
can be executed substantially concurrently, or partially in the reverse order. It is also
noted that whilst the flow chart is described with reference to elements of the system of
Fig. 1 or 2a, this is by no means binding, and the operations can be performed by

elements other than those described herein.

Attention is now drawn to Fig. 9, which illustrates a flow diagram of an example
process of identification of an airborne object from a series of target RCS
measurements, according to some embodiments of the presently disclosed subject

matter.

The target identification system 210 (for example: RCS estimation unit 270) can
begin the process by obtaining (910) a series of target RCS measurements of an airborne
object (or data indicative of a series of target RCS measurements of an airborne object).
The aspect angles of the airborne object relative to a measuring radar at the time of
measurement (or data indicative of these aspect angles) is herein termed as being
associated with the RCS measurement (and the RCS measurement is similarly
described as being associated with the aspect angles). Obtaining a series of RCS
measurements and related data is described above — for example with reference to Figs.

1, 1a, and 4-.

The target identification system 210 (for example: RCS estimation unit 270) can

next calculate (920) one or more estimations of candidate aircraft RCS time series.
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Each estimation of a candidate aircraft RCS time series can be calculated in accordance
with , at least, the series of target aspect angles, a candidate aircraft type, and at least
one candidate body orientation, as described above with reference to Fig. 4. In some
embodiments, estimated target RCS time series are calculated for all candidate aircraft
types for which data is maintained in aircraft RCS database 255, and for a number of
candidate body angles as indicated by a flight mode that was inferred from the series of
target aspect angles. In some embodiments, at least one estimated target RCS time

series is calculated.

The target identification system 210 (for example: aircraft identification unit
240) can next determine data indicative of identification of (930) the airborne object
with an aircraft type, in accordance with, at least, the calculated estimations of candidate

aircraft RCS time series and the series of target RCS measurements.

In some embodiments, target identification system 210 (for example: training
unit 240) determines data indicative of identification by creating a training dataset for
a machine learning model, training a machine learning model, and classifying the series
of target RCS measurements using the trained machine learning model, as described in

detail (by way of non-limiting example) with reference to Figs. 7-8.

In some embodiments, target identification system 210 (for example: RCS
correlation unit 280) determines data indicative of identification by calculating degrees
of matching between (for example) each of the estimated target RCS time series and
the series of target RCS measurements. Target identification system 210 (for example:
RCS correlation unit 280) can then determine which estimated target RCS time series
has the highest degree of matching, and then (for example) identify the candidate
aircraft type for which the estimated target RCS time series was generated as the aircraft
type of the airborne object. Details on example methods of calculating degrees of
matching and identifying aircraft according to degrees of matching appear above, for

example, with reference to Fig. 6.

It is noted that the teachings of the presently disclosed subject matter are not
bound by the flow chart illustrated in Fig. 9, and that the illustrated operations can occur

out of the illustrated order. For example, operations 920 and 930, shown in succession,
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can be executed substantially concurrently, or partially in the reverse order. It is also
noted that whilst the flow chart is described with reference to elements of the system of
Fig. 1, 2 or 2a, this is by no means binding, and the operations can be performed by

elements other than those described herein.

It is to be understood that the invention is not limited in its application to the
details set forth in the description contained herein or illustrated in the drawings. The
invention is capable of other embodiments and of being practiced and carried out in
various ways. Hence, it is to be understood that the phraseology and terminology
employed herein are for the purpose of description and should not be regarded as
limiting. As such, those skilled in the art will appreciate that the conception upon which
this disclosure is based may readily be utilized as a basis for designing other structures,
methods, and systems for carrying out the several purposes of the presently disclosed

subject matter.

It will also be understood that the system according to the invention may be, at
least partly, implemented on a suitably programmed computer. Likewise, the invention
contemplates a computer program being readable by a computer for executing the
method of the invention. The invention further contemplates a non-transitory computer-
readable memory tangibly embodying a program of instructions executable by the

computer for executing the method of the invention.

Those skilled in the art will readily appreciate that various modifications and
changes can be applied to the embodiments of the invention as hereinbefore described

without departing from its scope, defined in and by the appended claims.
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CLAIMS

1.

A processor-based method of identifying an airborne object, the method

comprising:

a) obtaining data indicative of a series of target Radar Cross Section (RCS)
measurements of an airborne object, wherein each target RCS measurement
is associated with data indicative of aspect angles of the airborne object
relative to a measuring radar at a respective time of measurement, thereby

giving rise to a series of target aspect angles of the airborne object;

b) calculating at least one estimation of a candidate aircraft RCS time
series, each estimation of a candidate aircraft RCS time series being
calculated in accordance with, at least, the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate

aircraft body orientation; and
¢) determining data indicative of identification of the airborne object with
an aircraft type, in accordance with, at least, the at least one estimation

of a candidate aircraft RCS time series, and the series of target RCS

measurements.

The method of claim 1, wherein:

a flight mode was inferred in accordance with the series of target aspect angles

of the airborne object; and

at least one candidate airborne object body orientation was selected in

accordance with the inferred flight mode.
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3. The method of any of claims 1-2, wherein calculating at least one RCS value

of an estimation of a candidate aircraft RCS time series comprises:

calculating a radar-beam direction in an aircraft body frame, in
accordance with, at least, aspect angles associated with a respective
target RCS measurement, and a candidate airborne object body
orientation of the at least one candidate airborne object body orienations;

and

estimating an RCS value in accordance with the calculated radar-beam

direction and the respective candidate aircraft type.

4. The method of any of claims 1-3, wherein the determining data indicative of

identification of the airborne object with an aircraft type comprises:

for each estimation of a candidate aircraft RCS time series, calculating
a degree of matching between the estimation and the series of target
RCS measurements, thereby giving rise to data indicative of
identification of the airborne object with the respective candidate

aircraft type.

5. The method of any of claims 1-3, wherein the determining data indicative of

identification of the airborne object with an aircraft type comprises:

a) training a machine learning model in accordance with a training dataset

comprising at least one training example,

wherein each training example comprises:

i. feature data derivative of an estimation of an

candidate aircraft RCS time series of the at least one
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estimation of a candidate aircraft RCS time series,

and

ii. data indicative of the candidate aircraft type in
accordance with which the estimation of a candidate

aircraft RCS time series was calculated, and

wherein the machine learning model is configured to receive runtime
input comprising data indicative of a series of target RCS
measurements, and to generate output comprising data indicative of an
aircraft type learned to be associated with the input, in accordance with

the training of the machine learning model; and

b) providing data indicative of the series of target RCS measurements as
input to the trained machine learning model, resulting in output of data
indicative of an aircraft type, thereby giving rise to data indicative of

identification of the airborne object with an aircraft type.

6. The method of claim 2, wherein the flight mode was inferred by a method

comprising:

selecting the flight mode from a group that includes at least one of:

level flight, ascending flight, descending flight, and banked turn.

7. The method of claim 3, wherein the estimating an RCS value in accordance

with the calculated radar-beam direction and the respective candidate aircraft

type comprises:

retrieving data indicative of an RCS value, according to, at least, the
calculated radar-beam direction and the respective candidate aircraft type,

from an RCS database.

8. The method of claim 4, further comprising:
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identifying the candidate aircraft type for which a calculated estimation of a

RCS time series gave rise to a best calculated degree of matching,

thereby giving rise to a best match aircraft type.

9. The method of claim 4 or 8, wherein the calculating a degree of matching

between the estimation and the series of target RCS measurements comprises:

a) applying empirical mode decomposition to the series of
target RCS measurements, thereby giving rise to a first

group of intrinsic mode functions (IMFs);

b) applying empirical mode decomposition to the estimation, thereby

giving rise to a second group of IMFs;

c) selecting, from the first group of IMFs, an IMF with a highest rate

of fluctuations, giving rise to a first selected IMF;
d) selecting, from the second group of IMFs, an IMF with a same
frequency as the first selected IMF, giving rise to a second selected

IMF; and

e) calculating a linear correlation between the first selected IMF and

the second selected IMF, resulting in a first correlation value;

thereby giving rise to a degree of matching, based on a single IMF

frequency, between the estimation and the series of target RCS measurements.

10. The method of claim 5, wherein a) - b) are executed in realtime.
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11. The method of any of claims 5 or 10, wherein the machine learning model
comprises a neural network comprising an input layer, an output layer, and at

least one hidden layer.

12. The method of any of claims 5 or 10-11, wherein the data derivative of an

estimation of a candidate aircraft RCS time series comprises:

a) at least one of: maximum RCS value, minimum RCS
value, mean RCS value, RCS time series variance, RCS
time series skewnessv, RCS time series kurtosis, RCS time
series energy, RCS time series Hjorth mobility, and RCS

time series Hjorth complexity; and

b) data derivative of one or more Intrinsic Mode Functions (IMFs),
the IMFs being derived according to empirical mode

decomposition (EMD) of the estimation.

13. The method of claim &, further comprising:

comparing the best calculated degree of RCS matching to a threshold degree
of RCS matching;

thereby giving rise to an indication of whether the airborne object is identified

with the best match aircraft type.

14. The method of claim 8 or 13, further comprising:

displaying, on a display unit, data informative of the best match aircraft type.

15. The method of claim 9, wherein the calculated linear correlation is a Pearson

correlation coefficient.

16. The method of claim 9, wherein the calculated linear correlation is a matched

filter.
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17. The method of any of claims 9, 15-16, additionally comprising:

f) selecting, from the first group of IMFs, an IMF with a second-
highest rate of fluctuations, giving rise to a third IMF;

g) selecting, from the second group of IMFs, an IMF with a same
frequency as the third selected IMF, giving rise to a fourth selected
IMF; and

h) calculating a linear correlation between the third IMF and the

fourth IMF, resulting in a second correlation value; and

i) calculating a degree of matching in accordance with the first

correlation value and the second correlation value;

thereby giving rise to a degree of matching, based on two IMF

frequencies, between the estimation and the series of target RCS measurements.

18. The method of claim 12, wherein the data derivative of each IMF of the one or
more IMFs comprises at least one of: maximum IMF value, minimum IMF
value, number of zero crossings, IMF variance, IMF skewness, IMF kurtosis,

IMF energy, IMF Hjorth mobility, and IMF Hjorth complexity.

19. A target identification system comprising a processing and memory circuitry,
and configured to operate in conjunction with a radar unit and to perform a
method of identification of an airborne object according to radar target

measurement data, the method comprising:

a) obtaining data indicative of a series of target Radar Cross Section (RCS)
measurements of an airborne object, wherein each target RCS
measurement is associated with data indicative of aspect angles of the

airborne object relative to a measuring radar at a respective time of
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b)

measurement, thereby giving rise to a series of target aspect angles of

the airborne object;

calculating at least one estimation of a candidate aircraft RCS time
series, each estimation of a candidate aircraft RCS time series being
calculated in accordance with, at least, the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate

aircraft body orientation; and

determining data indicative of identification of the airborne object with
an aircraft type, in accordance with, at least, the at least one estimation
of a candidate aircraft RCS time series, and the series of target RCS

measurements.

20. A non-transitory computer readable medium comprising instructions that,

when executed by a computer, cause the computer to perform a method of

identifying an airborne object, the method comprising:

a)

b)

obtaining data indicative of a series of target Radar Cross Section (RCS)
measurements of an airborne object, wherein each target RCS
measurement is associated with data indicative of aspect angles of the
airborne object relative to a measuring radar at a respective time of
measurement, thereby giving rise to a series of target aspect angles of

the airborne object;

calculating at least one estimation of a candidate aircraft RCS time
series, each estimation of a candidate aircraft RCS time series being
calculated in accordance with, at least, the series of target aspect
angles, a respective candidate aircraft type, and at least one candidate

aircraft body orientation; and

determining data indicative of identification of the airborne object with

an aircraft type, in accordance with, at least, the at least one estimation

62



of a candidate aircraft RCS time series, and the series of target RCS

measurements.

63



