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Motivation to use the Al in elevation estimation techniques

Implementation & testing of the proposed elevation estimation
techniques using MATLAB tools

Performance improvement using Al techniques



Introduction: 3D Surveillance Radars R s

« 3D survelllance radars determine three main parameters: Range,
Azimuth, and Elevation of the aerial target.

(b) Beam formation in 3D- Radars? () Beam formation in 2D- Radars!?!

(a) Typical 3D-Radar, (b) Beam formation in 3D Radar, (c)

Beam formation in 2D Radar )
[1]: https://radartutorial.org, https://Wikimedia.org, https://drdo.gov.in [2]: B: Azimuth
https://radartutorial.org

R: Target Range; € : Elevation Angle ;
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Basics of Elevation Angle Estimation
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Limitation of elevation estimation with single broad beam in surveillance application
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3D Surveillance Radars Jointly developed by BEL & LRDE

3DTCR 3DCAR REVATHI

ASLESHA MK-I ASLESHA MK-II
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History of Elevation Estimation BHARAT ELECTRONICS
Early radar height finding techniques.

FREE-SPACE

ANTENNA PATTERN
Yostn FREE-SPACE PATTERN
ANTENNA OF ANTENNAS

| /PATTERN UPPER
ANTENNA

7/ arcrarT  LOWER
TARGET ANTENNA

MULTIPATH-LOBED PATTERN
OF LOWER ANTENNA

] MULTIPATH-LOBED PATTERN

; OF UPPER ANTENNA
A
ATH S EARTH SURFACE %
Method of multipath nulls Amplitude comparison using multipath lobes

U.S. Naval research laboratory (1939):

Estimate the height of the target by the range of its very first detection with
the prior knowledge of the shape of antenna pattern due to multipath
reflection.
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Traditional Techniques for estimating Elevation angle % s

 Traditional methods of calculating elevation angle in 3D Radars.

a) Elevation scanning through pencil beam,

Stacked Beams

b) Stacked Beams,

c) Sequential Lobing,

Height(km) ------>

d) Conical Scanning,

e) Mono-Pulse.

¥

200 250

@3‘3 featin

\‘ﬂ

Azimuth

(d) (e)
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Challenges of Elevation Estimation R e

Mono-pulse technique used for elevation and azimuth estimation in tracking radar
applications.

Multiple stacked elevation beams to simultaneously estimate the elevation angle of
targets present in a particular azimuth.

Target must be present in at least two elevation beams for elevation estimation

1 2
Fundamental accuracy (rmse) of elevation estimation given as [E(B 0)2] /

1452 \1/2 Go(0 - df(0

2+«SNR G1(0) do
G1(0 G2(6)

Accuracy of elevation extraction depends upon the presence of thern?al noise,
antenna pattern error, channel mismatch error, platform orientation, platform
stabilization, jamming and clutter, multipath reflection, target fluctuation,
thresholding effect, channel combining effect, beam pointing errors , SNR of

each beam etc.
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Simulation of Multiple Stacked Beams using

Antenna Array Factor
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e e

8,=+30 y

Beam m = Z Z A, .exp[j.(@, + (@) (n . 0. 5) sin(6,,)]

8,=—30 n=1
lambda_mm = lambda * 1608;
k =2*pi/lambda_mm;
d=65.6;
N1=32;n1=1:N1; d1=(n1-N1/2-8.5)%d;
N2=32;n1=1:N2; d2=(nl1-N2/2-0@.5)%d;
N3=32;nl1=1:N3; d3=(nl1-N3/2-8.5)%d;
NA=25:nd=1:N4; dd=(nd-N4/2-0.5)%d;
NS=21;n5=1:NS; dS=(n5-N5/2-8.5)%d;
N6=16;n6=1:N6; d6=(n6-N6/2-8.5)%d;
N7=15:n7=1:N7; d7=(n7-N7/2-0.5)%d;
count_rbf=1;
elev _range = -68:8.,1:608;
for theta elev = elev _range
eleve(theta_elev)*pi/1886;
far_field_beaml{count_rbf)=(amp_port_1).
far field beam2{count_rbf)=(amp_port_2).
far_field beami{count_rbf)={amp_port_3).
far field beamd{count rbf)=(amp_port_ 4).
far_field beamS(count_rbf)={amp_port_5).
far field beam&{count rbf)=(amp port &).
far_field_beam?(count_rbf)={amp_port_7).
count_rbf=count_rbf+l;
end

2/10/2023
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Passive Beam Former

AZSJ ¢25

*exp(li*ph_port_1)*(exp(li*k*dl*sin{elev))’);
*axp(li®*ph_port_2)*(exp(li®*k*d2*®*sin(elev))’);
*exp(li*ph_port_3)*(exp(li*k*d3*sin{elev})’');
*axp(li®*ph_port 4)*(exp(li*k*dd*sin(elev))’);
*axp(1i*ph_port S)*(exp(li*k*dS5*sin(elev))’);
*axp(li®*ph_port &6)*(exp(li*k*de*sin(elev))’);
*axp(li®*ph_port _7)*(exp(li*k*d7*sin(elev))’);
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Simulation of Multiple Stacked Beams e

«#\ Sensor Array Analyzer - untitled® — a X Receive beam formation

AMALYZER STEERING ARRAY GEOMETRY ! B 5 C 0
o @ & t @ © & ’
[o] [oE=] %
-
New Save Import ARRAY ELEMENT Array 3D 2D Grating Lobe = LAYOUT = Export
h hd Geometry | Pattern Pattern¥  Diagram i 6 "
hd hd D hd - 2.2
FILE PLOTS EXPORT -~ &4
| Parameters | +2 | AzimuthPattern | Aray Geometry | | Array Characteristics | %'25
J \ - J L J L g,
rArray Geometry - Uniform Rectang |
gize Array Geometry Array Directivity 30 -8
Array Span X=| -40
Element Spacing MNumber of Elements 10 45 mm WL “ l\A ﬁn'\/l\t PN
40 30 20 -0 0 10 20 30 40 50
L atti R & Angle(deg) -—->
attice FNBYY 10
P N : SLL 30
rray Normal 3 GHZ @
Element Polarization il
L Elevation Cut (azimuth angle = 0.0°) 3 GHz
Taper 90
3 GHz
Row Taper 120 30 60 3 GHz
Sidelobe Attenuation (dB) 2 3 GHz
idelobe enuation
9 3 GHz
nbar 3 GHz
150
Column Taper
Sidelobe Attenuation (dB)
nbar
e
-150 -30

Phased Array Toolbox
Sensor Array Analyzer App

-120 -60
-90

Directivity (dBi), Broadside at 0.00 °

Elevation Stacked beam formation
2/10/2023 10



Estimating Target Elevation Angle in Multiple —= ]
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Stacked Beams GHARAT LECTRONICS
- - s

Receive Beamn Pattern

B Y o } ] Generation
N AN N Ba |y B;i?Bk'z//BB‘"ﬁ):’ (Bt /By)< || of
: ' ' | N (B/By.s) coefficient
B>(Bi/Bea) for B, /B

k/ “k+1

Filter-1 Filter-2 Polynomial

Magnitude(dB) -—>

A A S R 6= Ca)™ + Croa ™+ G + G + Co

: * ; i 2 Where, y = Sy — Sks1(indb Scale) and 6 is in
Rad. C,, C,,_1, ...,C,,C1,Cy are the coefficient of the nth
- | (CorenonoffmnngData degree polynomial.

1
-10
Elevation Angle(deq) ------ >

: : : Training Data for:
: : : 8 : <4 Curve Fitte -~ o %
[1] NG R polynomial.......... e 4
: : : régression :
H . . H Zy 3 open " Update Fit wr Residuals Plot >
: : B & 8 Exclusion Rules E
oF E New B SR ~ Validation Data ||| Pomomial | Exponential |~ @© Auto o
a ¥ & Duplicate | Data O Manual Prediction EDUHdS[NunE < ] <
2 FILE DATA FIT TYPE FIT VISUALIZATION EXPORT
E 10 i untitled fit 1 Fit Options
1=
c P .
g Fit Plot Polynomial
@ 021 T T T T T T T T
: *  phi_radl_b1b2_bimax vs. strRatio_b1b2_bimax Degree (s v
titled fit 1 )
028 untifed Robust [off v |
% 029 Center and scale O
g 03 » Advanced Options
: g‘ 031 Read about fit options
: : : : 5
4 i 1 ! i L i 032
-40 b=
-24 -22 -20 -18 -16 -14 -12 -10 B 533
angle in degree = Results
S -034
Fit name: untitled fit 1
035 Linear model Paly5:
1(x) = p17x*5 + p254 + pIxt3 +
M AT L A B 036+ ! | ! | | ! L 7 p4™xA2 + p5*x + pB
0 2 4 6 8 10 12 14 16 18 20 (;aefi\’cle_nts (with 95% confidence
Curve Flttl n strRatio_b1b2_b1max °””p1SL TR @R
8.679e-09)
Table Of Fits p2= -653e-07 (-6671e-07,
Toolbox Tar p - ” " " P . o X0
i [HFitname |i#Data |iFittype |iiR-square |iSSE 1 DFE fiAdjR-sq |#RMSE B p3= 1686e-05 (1.663e-05
. " - 1.709e-05)
C u rve F Itter Ap p & | untitled fit 1 phi_rad... | poly5 il 6.2664e-10 |45 1 3.7317e-06 |6 pd= 2524605 (-2.689-05,
-2.36e-05)
» ph= -0.006718 (-0.006722, ~
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Target Height from Estimated Elevation Angle %« aicmones

Spherical Earth Geometry

MATLAB function:
tgtht = el2height(el,anht,R)

2/10/2023

By Using Cosine Rule,
hT —

J (kR, + hy)2+R;* + 2R (kR, + hy)sinf; — kR,

Where,

6, = Estimated target elevation angle.

R,= Earth radius,

h,= Antenna Height from ground,

Rr= Target range,

h = Target height above sea level,

k = Refractivity factor (for standard atmospheric
condition k = 4_/3)’ Finding the value of K:

kR,= Effective earth radius. Glven ™ Greffactivi) =39 fom

dn _ dN/dh _

= L = —39X107/km

... dn . .
Substituting ﬁ in above equation, we get

1
k=
1— 6370.88(39 X10-)

= 1.33 = 4/3

12



Calibration Methods for Target Height A

BHARAT HECTRONICS

. Accuracy

Radar Calibration Pre Condition
 Clear weather condition.

Radar should not have Jamming and heavy clutter condition.

No variation in gain of multiple beams.

Antenna tilts must be constant during measurement.

Absence or very least effect of Multipath.

Target must lie in clear line of site.

Reference Target Height:
« Measured aircraft height by its own instrument and communicated to

radar.

« Measured barometric aircraft height communicated to radar in
response to IFF interrogation.

By GPS method (Duel GPS).

2/10/2023 13
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Measurement Methods for Target Height e s
A ccura C} [ BHARAT ELECTROMICS
Percentage Height Accuracy RMSE (Root Mean Square Error)
Table-2
e Experimental Data for Percentage Height Accuracy [ 5
No. True Target | Radar Measurement | l:HE- - E’:)
of Height Estimated | Error RMSE = |ZT
Scans EE}HJ Eﬂlt |H-H)| | Pass/ N
) (meters) | Fail Where Hi = True Target Height, H, =Radar Estimated Target
1 1067 1078 106 7 Height, n = Total number of observed scans.
2 10.67 11.20 530 x
i 132; 13; fi; :, RMSE value calculated from Table-2 is
5 10.67 1031 364 7 286.85 meter which is less than Target
6 10.67 10.84 170 v Height Accuracy specified (500 meter).
7 10.67 10.51 159 v
8 10.67 10.82 148 v
9 10.67 10.79 125 v MATLAB
10 10.67 10.12 550 x Phased Array Toolbox

Radar Toolbox

Total Accepted Scans

0% Height Accuracy =
o g > Total observed Scans

17
Height Accuracy = 20" 85 %

2/10/2023
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Multipath Effects in Height Estimation “brtararaECIRONICS
30 , Rade':r Cove‘rage i Poor
High ~ Elevation
“ , | | Reflection " Estimation
12 ' Ground accuracy
= Reflection
g (Multipath)
Low
06 20 40 60 80 06 420 A4D 1e0; 180 Reflection
Range(km) -----—->

Unpredictable Radar environment
2/10/2023 15



Elevation Angle Estimation Using Al B Liircasid

« Al techniques can overcome Antenna pattern error, channel mismatch
error, platform orientation, platform stabilization, jamming and clutter,
multipath reflection, target fluctuation, etc.

« Al techniques for elevation estimation make more robust and less
susceptible to environmental noise and other variations.

e Various regression techniqgues have been investigated using the
Regression Learning App (in MATLAB).

Beam 1 Beam 2 Beam 3 Beam 4 Beam 5 Beam 6 Beam 7 Beam 8 Beam 9 Beam 10  Elevation Angle
196088 29340 244296 209205 269463 125378 61245 52309 62498 183524 ~7.6000
Stacked Beams Pattern 273650 10578 240273 298726 272160 134670 56308 50948 67057 224366 -7.5000
5 T ' T | -345199 11077 236071 298135 274719 143457  -52971  -50400  -72598  -305848 -7.4000
of o 219929 -36928 231683 207430 277144 151786 51223 -50669  -79263  -355360 -7.3000
Beam-3 -17.1620  -69518 227103 296612  27.9437 159699 51135 51776  -87249  -240157 -7.2000
8 P 49717 114972 222321 295679 281601 167228 -52866  -53758 96834  -192507 -7.1000
{107 Beam-6 120458 196614 217329 204630 283636 174404 56702 56675 108430 162420 7
g s peam? 104322 283792 212118 203465 285546 181252 63121 60611  -122677  -14.0505 -6.9000
z Beam-9 01634  -158700 206676 202182 287332 187792 72942 65685 140645 123497 -6.8000
07 peam? 81469  -115208 200992 200780  28:8995 194046  -87654 72066  -164333  -10.9785 -6.7000
Sast Beam-12 73261 -90732 195053 289258 200536 200029 110358  -7.9989  -198188  -98470 -6.6000
2 .l -66642 74976 188843 287614 201950 205756  -149270  -89803  -256005  -8.9002 -6.5000
g -6.1362  -64471 182346 285848 293262 211240  -245000  -102033  -534934  -81023 -6.4000
-35 g 57244 57555 175542 283956 204448 216495 219960 117537 263012 74285 -6.3000
0 N 54164 53332 168410 281938 295517 221530 124467 137830 200101 68614 -6.2000

- ‘ -52032  -51283 160924 279791 296471 226354  -75645  -166015  -165681  -6.3883 -6.1000

“0 20 10 0 10 20 30 -50787 51097 153055 277513 297310 230977  -41504  -21.0219  -141048  -59998 -6
Elevation Angle(deg) > -50388 52597 144769 275102 208034 235407  -14744  -309869  -122395  -5.6890 -5.3000

-50813  -55703 136027  27.2555 298644 239650 07519  -295034  -107611  -54511 -5.8000

-52057  -60415 126781 269869 209141 243714 26725  -203979 95574  -52826 -5.7000

54131 66813 116972 267042 299525 247604 43698 160744 85626  -5.1811 ~5.6000

57063 75070 106531 264070  29979% 251325 58959 132497 77348 -5.1457 -5.5000

2/10/2023 16
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Finding Suitable Regression Methods WD ool o

BHARAT HECTRONICS

REGRESSION LEARNER

g (= 3 52) St
P oowe =M S| @ &
New =] save ~ | Feature PCA Optimizer | All Quick-To- ~| 8 Duplicate PLOTS | Test EXPORT
Session Selection Train @ Delete _ Data - -
FILE OPTIONS MODELS TRAIN TEST
Models Model 2
Sort by: RSquared (Validation) ¥ || § (1| Summary + “Response Piot
D 2 LinearRe... R-Squared (Test): 0.81 e ‘
Predictions: model 2
Last change: Interactions Linear 7/7 features Plot
D 5 Kernel R-Squared (Test) 0.92 4y ® Tre
Last change: Least Squares Regression Kerr 20 . / Predicted
O 6 Ensemble  R-Squared (Test): 0.99 e —  Errors (]
Last change: Bagged Trees 71T features 10 1, IV
Last change: Fine Tree T features | = ot ® Markers
2 o E———
D 3 svM R-Squared (Test): 0.95 2“1 ol - . ; = ! Ic) @ Summary
Last change: Medium Gaussian SVM 7/7 fez 9 » P eaxis 5] 1 Open = D @ 'ﬂ !, DueT uuw
S . ick-To- ~ | i3 Duplicate
D4 Gaussian ... R-Squared (Test): 0.99 %.'10 .‘,’ X :Rsmm umber ) MNew E G = Featu_re PCA  Optimizer All C_lrl:;clﬁ To = Use
Last change: Exponential GPR  7/7 features > / Session ¥ Selection ﬁ Delete Parallel
[1]7 Newral N.. |R-Squared (Test) 0.99 20 / _— FILE OPTIONS MODELS TRAIN
Last change: Bilayered Neural Network 7/7 " Models Model 2
-30 Sort by: | RSquared (Validation) ¥ | Summary Response Plot
:] 2 Linear Regression R-Squared (Test): 0.81 Model 2: Linear Regression
-40 . i
Last change: Interactions Linear 717 features Status: Trained
0 100 200 300 400 500 o
Record number :J 5 Kernel R-Squared (Test) 0.92 ;’;g&“{%ﬁ?t‘“s) o
alidation .
14 Data set: antenna data train ~ Observations: 501  Size: 34 kB Predictors: 7 Response: Varg Validation: 5-f0ld Crossv 251 change: Least Squares Regression Kemel 7/7 fe: R-Squared (Validation) 0.90
MSE (Validation) 2141
:] & Ensemble R-Squared (Test): 0.99 MAE (Validation) 34064
Last change: Bagged Trees 7/7 features Prediction speed ~5300 obs/sec
Training time 4 4297 sec
j 1 Tree R-Squared (Test): 1.00
Test Results
Last change: Fine Tree 7/7 features RMSE (Test) 51545
R-Squared (Test) 0.81
s swm R-Squared (Test): 0.95 | SE (Test) SRF
Last change: Medium Gaussian SVM 77 features MAE (Test) 4.1183
MATLAB j 4 Gaussian Process .. R-Squared (Test): 0.99 ~ Model Hyperparameters
A ) Last change: Exponential GPR 717 features Preset Interactions Linear
StatIStICS & MaChlne Terms: Interactions
i :] 7 Neural Network R-Squared (Test): 0.99 Robust option: Off
Lean'ng TOOIbOX Last change: Bilayered Neural Network  7/7 features
o » Feature Selection: 7/7 individual features selected
Regression Learner App e
» Optimizer: Not applicable
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Evaluation of Various Regression Methods cont.-
e e

Decision Tree

Regression Block

4

,‘mas—mbfﬁ?aw

R-Squared
(\Validation)

Linear Regression R-Squared
Block (Validation)
Robust Linear 0.58
Linear 0.62
Stepwise Linear 0.89
Interaction Linear 0.89

or ®  True
Predicted

=
T

o
T

\

Elevation estimation in degrees

\

-0

-40

Training & Prediction: Linear Regression (Interaction Linear)

Training/Test Result:

R-Squared (Validation): 0.89
RMSE (Validation): 4.74
R-Squared (Test): 0.81

RMSE (Test): 5.15

Prediction Speed : 12000 obs/sec

0 50 100 150 200

250 300 350 400 450 500

Coarse Tree 0.87
Medium Tree 0.93
Fine Tree 0.95
Training & Prediction: Decision Tree (Fine Tree)
25 (r-‘.
7
20 o
®  True -
15
8 0 o
§ > o
E° -
§ 0T 4" Training/Test Result:
2 ol ' R-Squared (Validation): 0.95
i 2 RMSE (Validation): 3.1104
4 R-Squared (Test): 1.00
wor of RMSE (Test): 0.77
P Prediction Speed : 6100 obs/sec
o s 0 150 00 20 @0 %0 400 450 500

BHARAT HECTRONICS

Overlapped stacked beams data

Training & Prediction Result of Interaction
Linear

2/10/2023

Overlapped stacked beams data

Training & Prediction Result of Decision Tree
(Fine Tree)
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Evaluation of various regression methods cont.. 52557
k—

Gaussian Process R-Squared

(\Validation)

Regression (GPR)

Block

Rational Quadratic 0.97
GPR

Matern 5/2 GPR 0.97
Exponential GPR 0.99

Support Vector Machine R-Squared
(SVM) Regression Block (Validation)
Linear SVM 0.60
Coarse Gaussian SVM 0.67
Quadratic SVM 0.89
Cubic SVM 0.97
Fine Gaussian SVM 0.97
Medium Gaussian SVM 0.98

25

ar * Tre
©  Predicted

Elevation estimation in degrees

25 / r

Training & Prediction: Support Vector Machine (Medium Gaussian)

Training/Test Result:

R-Squared (Validation): 0.98
RMSE (Validation): 1.83
R-Squared (Test):0.95

RMSE (Test): 2.74

Prediction Speed : 5600 obs/sec

L L | | | | L L
0 50 100 150 200 250 300 350 400 450 500
Overlapped stacked beams data

Training & Prediction Result of SVM (Medium
Gaussian)

2/10/2023

Training & Prediction: Gaussian Process Regression (Exponential GPR)

251

20
®  True
Predicted

5 K o

Elevation estimation in degrees
o

20

251 &

2
o,
by

Training/Test Result:

R-Squared (Validation): 0.99
RMSE (Validation): 0.92
R-Squared (Test):0.99

RMSE (Test): 1.17

Prediction Speed : 17000 obs/sec

0 50 100 150 200

250 300 350 400 450 500

Overlapped stacked beams data

Training & Prediction Result of Exponential
GPR




Evaluation of Regression methods cont...
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BHARAT HECTRONICS

R EEEEEEES————————

Neural Network

Regression Model

R-Squared
(Validation)

: Narrow Neural Network 0.96
Kernel Regression R-Squared Random Forest R-Squared Medium Neural 0.96
Block (Validation) Regression (Validation) Network
SVM Kernel 0.78 Model Wide Neural Network 0.97
Least Squares 0.96 Boosted Trees 0.96 Bilayered Neural 0.98
Regression Kernel Bagged Trees 0.97 Network
Trilayered Neural 0.98
Network
Training & Prediction: Kernel (Least Squares Regression Kernel) Training & Prediction: Random Forest (Bagged Trees) Training & Prediction: Neural Network (Bilayered Neural Network)
25 74 =ar Fs 5 Y
20 b's 20 * True 20F ‘
» N @ ,/‘ [
g 0 3 % o a5 y'u . _TE; oF
g Training/Test Result: g # i :I'raining/Test Result: g N Training/Test Result:
&0 R-Squared (Validation): 0.96 &.of R-Squared (Validation): 0.97 g R-Squared (Validation): 0.99
. RMSE (Validation): 2.87 =l RMSE (Validation): 2.48 ash RMSE (Validation): 0.81
R-Squared (Test): 0.93 | e g R-Squared (Test): 0.99 R-Squared {Test): 0.99
2, RMSE (Test): 3.22 oL RMSE (Test): 1.24 Pl RMSE (Test): 1.13
I Prediction Speed : 18000 obs/sec sr & Prediction Speed : 6500 obs/sec 251 4 Prediction Speed : 12000 obs/sec
0 5‘0 100 1;0 2(‘)() 25‘0 300 350 400 4;0 50‘0 0 50 1(;(7 I;O 200 250 3(.)0 350 400 4;0 500 é 5‘0 1l‘]D 15;0 Zil‘vﬂ 2;0 SA,JD 3.‘;0 4|;O 4‘50 séu

Overlapped stacked beams data

Overlapped stacked beams data

Overlapped stacked beams data

Training & Prediction Result of
Least Squares Regression Kernel

2/10/2023

Training & Prediction Result of
Random Forest ( Bagged Tree)

Training & Prediction Result of
Bilayered Neural Network

20



EREEM for Elevation Estimation with A
| Selected Regression Model. B o SETRONGS.

Linear Regression
(Interaction Linear)

Decision Tree Regression
(Fine Tree)

Support Vector Machine
(Medium Gaussian)

k

()

N

(Exponential) Regressor

Kernel Regression
(Least Squares)

Input Data of
Stacked Beams

Random Forest Regression
(Bagged Trees)

Neural Network Regression
(Bilayered Neural Network)

i |
1 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
s .| Gaussian Process Regression | Voting 1
]

1 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
] 1
1 1
] ]
] 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
] 1
1 1
] ]
1 1
1 1
] ]
] 1
1 1

EREEM Block
-
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Simulation Results of Ensemble Regression A
M o d e I 'MﬁArﬂfcmwcs
—

0. Prediction of EREEM vs other regression models EREEM prediction vs Ground Truth

¢ EREEM prediction
15 9

R IR ;
| ¢

of @ @ 8
sl 0
10: c gog 9 g a

20 F

Elevation estimation in degrees

-25

Elevation estimation in degrees
=

0 5 10 16

Sample data of overlapped stacked elevation beams 5L Q
0 Interaction Linear;‘ Decision Tree; Medium Gaussian SVM; O
. Bilayered Neural Network; ’ Least Squared Regression Kernel; -20 : D : :
0 5 10 15
¢ Random Forest; §) Exponential GPR; () EREEM; Sample data of overlapped stacked beams
Prediction of EREEM vs other regression models EREEM prediction vs Ground Truth
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Summary
O Elevation estimation is difficult due to external factors, including radar variations
0 The EREEM model can overcome the challenges of elevation estimation
O Model testing and performance analysis over various datasets
0 Usage of Radar, ML and DL tools for dataset generation and analyzing radar data.

Future Scope of Work

U Deployment of EREEM model in radar system.
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