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Active Wireless Technologies
Expansion

Jeopardizes Success of a
Mission

Interference Mitigation
Techniques

A Data-Driven Approach
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Figure: Global RFI cases from June 1 to June 4, 2017

Department of Electrical and Computer Engineering



R Data Products

MISSISSIPPI STATE

UNIVERSITY.

Level 1A data products — Antenna Counts Level 1B data products — Brightness Temperatures
https://nsidc.org/data/SPL1AP/versions/2 https://nsidc.org/data/SPL1BTB/versions/5

Antenna Moments (779)(1931)(16)(4) Quality Flags (779)(24-1)

1st Raw Moment - M; = % Y.X

d i, _lyw 3
2nd Raw Moment - M3 = p 21=1X1 Vertical Polarization

Horizontal Polarization

) iy o B
34 Raw Moment - M3 = = >1_; X, 3rd Stokes Parameters

1

4
4th Raw Moment - M, = ~ YiX 4th Stokes Parameters

Stokes Parameters (779x1931x16)
3rd Stokes Parameters

4th Stokes Parameters
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Level 1A Data Level 1B Data
Products Products (RFI
(Antenna Counts) Flags)

RET 15t Raw H Pol f H Pol Quality
Insensitive Moments Spectrograms | Flag

RFI 2nd Raw V Pol | V Pol Quality
Sensitive hIorrlen‘rS SPEC'HDEIME F].ﬂg

Input Output
_ Features Labels

RFI 31 Raw 3% Stoke | 314 Stokes
Insensitive Moments Spectrograms § Q'I_lﬂ]_i_n" Flag

~ RFI 4th Raw 4™ Stoke n 4th Stokes
Sensitive Moments Spectrograms Q‘l_lﬂ].i.f}" Flﬂg

- 3rd Stokes
Sensitive Parameters

RET 4t Stokes
Sensitive Parameters
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Antenna Counts Spectrogram Observed Observed
Domain Images Footprints Antenna Scans

Vertical 2nd Raw 190,000 1,100,000 170,000
4th Raw 190,000 1,100,000 170,000
Horizontal 2nd Raw 202,000 1,200,000 180,000
4th Raw 202,000 1,200,000 180,000
3rd Stokes 71,000 900,000 150,000
4th Stokes 66,000 800,000 140,000
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a) With RFI 2nd Raw b) Without RFI 2nd Raw a) With RFI 2nd Raw b) Without RFI 2nd Raw
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Figure: Spectrogram images from vertical Figure: Spectrogram images from horizontal
polarization (Sensitive to RFI) polarization (Sensitive to RFI)
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a) With RFI 3rd Stokes b) Without RFI 3rd Stokes a) With RFI 1st Raw b) Without RFI 1st Raw
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Figure: Spectrogram images from 3¢ stokes Figure: Spectrogram images from vertical
and 4th StOkeS parameters (SenSitive to RFI) polarization (Insensitive to RFI)
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e /J—— 2
/ 128 dense
dense
’ ’ ’ 7 ’ ’ ’ ’ / i 7 v RELU
168 16 16 8 32 16 8 64 16 8 128
Convl Conv2 Conv3 Conv4
ReLU ReLU ReLU RelLU
Same Padding Same Padding Same Padding Same Padding

Figure: Deep learning architecture with 4 convolutional layers followed by a fully connected layer of 128 neurons
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Hyp er-ParamEter DEtalls . a) With RFI 3rd Stoke Lo Bb) Without RFI 3rd Stoke Lo

Input Size 26X 8 08 ¢ 08
g 0.6 06
e 4
No. of Samples 1 million F 4 04
0.2 0.2
Normallzatlon MaX-Mln 6 c) With RFI 4th Stoke ?z ;)d) Without RFI 4th Stoke ?.:
Padding Same 08 08
0.6 A 06
Activation Function ReLLU 0.4 04
0.2 2 02
Optlmlzer Adam 0 5 0 15 0 0 0 5 0 15
Frequency Frequency
Loss Function Binary Cross-Entropy
convolutional layer helps to
Cross Validation Train-Test Split & 5-fold extract the features from
trogram
Epochs 60 spectrograms
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Antenna Counts Accuracy Precision
Domain

Vertical 2nd Raw 95.1% 95.2%
4th Raw 94% 93.8%
Horizontal 2nd Raw 94.3% 94.7%
4th Raw 94.6% 94.7%

Thirds Stokes 93.6% 94%
Fourth Stokes 93.5% 93.7%
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Prediction With 2nd Raw Moments of Horizontal Channel

Testing accuracy for 5 fold validation

Aa kb basaiaiiidsiadadasad
0.94 1
0.92 -—I
> [
@]
o
S 0.90
V]
V]
<
0.88 : —— Testing acc: 1 fold |
J —— Testing acc: 2 fold
d — Testing acc: 3 fold
0.86 — Testing acc: 4 fold ]
Testing acc: 5 fold
¥ Testing acc: Average
0.84 : : =
0 10 20 30 40 50 60
Epoch
Training and Validation Accuracy
0.94
0.92
o
@ 0.90 1
_
)
9]
9]
< 0.88
0.86
= Training acc
0.84 — Validation acc |
| l

1
0 5 10 15 20 25 30 35 40 45
Epoch

50 5

Training accuracy for 5 fold validation

[

Test Loss for 5 fold validation

T
—— Test Loss

0.96 OO RARSASAKARAK)
0.94 0
0.92 4
>‘ ﬁ
)
© 0.90 [
]
g f
< 0.88 1
] = Training acc: 1 fold
0.86 —— Training acc: 2 fold |
| — Training acc: 3 fold
= Training acc: 4 fold
0.84 Training acc: 5 fold
[ Vv Training acc: Average
0 0 20 30 40 50 60
Epoch
Training and Validation Loss
T T T
1 = Training loss
0.35 — Validation loss
0.30
&
0 0.251
-
0.20 ¥
0.15
0 5 10 15 20 25 30 35 40 45 50 55

Epoch

Training Loss for 5 fold validation

[ :1fold | 0.40 :
0.325 —— Test Loss: 2 fold [ ] = Training Loss: 1 fold
=—— Test Loss: 3 fold = Training Loss: 2 fold
0.300 a -
I — Test Loss: 4 fold 0.35 = Training Loss: 3 fold |
0.275 +— Test Loss: 5 fold | = Training Loss: 4 fold
| V Test Loss: Average \ Training Loss: 5 fold
0.250 +—! 0.30 v Training Loss: Average
b
0 0.225 1 0w
- 0 0.25
0.200 -—1 3 f&
0.175 +—§ 0.20 3
A
0150 g 0.15
0.125 I o '|' ; ——— T Rl etessssaraaasenasasnnansssen
0 10 20 30 40 50 60 0.10 | SN0
Epoch 0 0 20 30 40 50 60
Epoch
, ) . Normalized Confusion Matrix
Lo Receiver Operating Characteristic
: Pl =ttt 7
S "
/t e
! ’
1 ’ 0.8
0.8+ Z
] e RFI
0] [} ,/
5 .
o ! Vi
v 067 v 0.6
> | ’
2 I ,
=) R
0.4
0] e r0.4
> ,
0.2 - 4 NO RFI 4
, L
/’ == AUC Class 0 = 0.9837 02
e == AUC Class 1= 0.9836
0.0 t t
0.0 0.2 0.4 0.6 0.8 1.0 L]
False Positive Rate
IMPRESS
INFORMATION PROCESSING AND SENSING




R Prediction With 2nd Raw Moments of Vertical Channel

MISSISSIPPI STATE

UNIVERSITY.

Training Accuracy for 5 fold validation ) L Test Loss for 5 fold validation Training Loss for 5 fold validation
0.96 T T Testing Accuracy for 5 fold validation 0.30 T T T T : ; ;
' o T T I 4 —— Test Loss: 1 fold 0.40 1 —— Training Loss: 1fold |
(344000000 A0ASAAAA0 000004 0.28 —— Test Loss: 2 fold | B —— Training Loss: 2 fold
0.94 ¥ = Test Loss: 3 fold = Training Loss: 3 fold
0.94 0.26 4 — Test Loss: 4 fold | 0.35 4 —— Training Loss: 4 fold |
f | Test Loss: 5 fold Training Loss: 5 fold
0.92 r V Test Loss: Average | ¥ Training Loss: Average
[ 0.24 1
> s 0.92 1—f 030
® I > ¢4 |
£ 0.90 it g } g 02211k @
S q 5 0.90 | ‘A \ So.25 it
< 088 | J 0.20 ¢
= Training acc: 1 fold < \ff\ 3
—— Training acc: 2 fold 0.88 —— Testing acc: 1 fold 0.18 vv 0.20 L
0.86 = Training acc: 3 fold = Testing acc: 2 fold “t{
) —— Training acc: 4 fold — Testing acc: 3 fold 0.16 I — 0.15
i Training acc: 5 fold 0.86 ! — Testing acc: 4 fold ”} v ’ 000000
0.84 Vv Training acc: Average | | Testing acc: 5 fold 0.14 AT S
| I ! L Y V¥ Testing acc: Average T | | | 0.10
0 10 20 30 40 50 60 0.84 y y y y y : y y y y
' T y y 0 10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch 0 10 20 30 40 50 60 Epoch Epoch
Epoch
Training and Validation Accuracy Training and Validation Loss Lo Receiver Operating Characteristic Normalized Confusion Matrix
T T T . ] ———— 4
0.96 [ [ 0.35 — Training loss | ,/:’ e
- I' ’
— Validation loss ! e
gl d 0.8
0.94 0.30 o8 ~ '
o | ’ RFI
[ 4‘.6 1 ,/
5, 0.92 < ol bt
[6) 0.25 o 0T )X T 0.6
I ") 2 , Q
5 g i 4 ©
0 0.90 3 8 P £
v} g / (0]
< 4 0.20 T 0.4 P 3
g e = 0.4
0.88 = e
e
0.15 0.2 p; NO RFI A
4
0.86 — Tainingacc | s == AUC Class 0 = 0.9866 ro:2
J; — Validation acc e == AUC Class 1= 0.9866
—— 0.10 ———————— 0.0 1 .
0 5 10 15 20 25 30 35 40 45 50 5 0 5 10 15 20 25 30 35 40 45 50 55 0.0 0.2 0.4 0.6 0.8 1.0 L
Epoch Epoch False Positive Rate

INFORMATION PROCESSING AND SENSING




i) Prediction With 4" Raw Moments of Horizontal Channel

MISSISSIPPI STATE

UNIVERSITY.

Training accuracy for 5 fold validation Testing accuracy for 5 fold validation Training Loss for 5 fold validation Test Loss for 5 fold validation
0.96 T T T T T T
| | l I I 4 —— Training Loss: 1 fold —— Test Loss: 1 fold
0.94 0.94 0.40 —— Training Loss: 2 fold | 0.300 —— Test Loss: 2 fold
' < —— Training Loss: 3 fold = Test Loss: 3 fold
0.92 = Training Loss: 4 fold 0.275 +— » = Test Loss: 4 fold |
0.92 0.35 Training Loss: 5 fold | ’ Test Loss: 5 fold
0.90 ¥ Training Loss: Average Vv Test Loss: Average
' 0.250 1
> > \
[€) 0 0.90 0.30 | |
© 0.88 © 9 ] ")
3 3 8 L 8 0.225
0 0.86 G 0.88 ~ 025118 -
< < y .
0.84 1 —— Training acc: 1 fold | —— Testing acc: 1 fold 0.200
) —— Training acc: 2 fold 0.86 —— Testing acc: 2 fold 0.20
0.82 & — Training acc: 3 fold | —— Testing acc: 3 fold : 0.175
' — Training acc: 4 fold - Testing acc: 4 fold
0.80 Training acc: 5 fold | 0.84 ‘ Testing acc: 5 fold | 0.15 0.150
® Vv Training acc: Average Y V¥ Testing acc: Average
! I | Il ! L
0 10 20 30 40 50 60 0 10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch Epoch Epoch
. I ; ; - Normaliz nfusion Matrix
0.95 Training and Validation Accuracy Training and Validation Loss Lo Receiver Operating Characteristic ormalized Confusion Ma
. T T T ' et ol = 7
MM“**” [ — Training loss ,7} ,’/
00000000 — Validation loss !y e
I .,
0.94 0.8 ++ z 0.8
0.30 1 e
] ] ., RFI
] I //
0.92 & I e
> 0 067 7 0.6
© 0.25 2 7
— 7, + 7
3 "] kT JRe
o 0.90 3 o R
< 204
Q ’
< 0.20 > e 0.4
= .,
0.88 e
,
0.2 7 ) RFI A
- ’ —
0.86 — Tra!nlng acc | 0.15 [ // == AUC Class 0 = 0.9841 L 0.2
— Validation acc e == AUC Class 1= 0.9840
U By 0.0 t .
0 5 10 15 20 25 30 35 40 45 50 55 \ 1 I 0.0 0.2 0.4 0.6 0.8 1.0
Epoch 0 5 10 15 20 25 30 35 40 45 50 55 False Positive Rate —

Epoch

. ® INFORMATION PROCESSING AND SENSING




>
a‘ 0.90 -—‘F
©
—_ [
2 F{
S 0.88
<
1! —— Training acc: 1 fold |
0.86 A —— Training acc: 2 fold
9 —— Training acc: 3 fold
0.84 —— Training acc: 4 fold |
Training acc: 5 fold
0.82 v ITrammg alcc: Average‘ |
0 10 20 30 40 50 60
Epoch
Training and Validation Accuracy
0.94 ol 000090000 |
0.92
3
© 0.90
>
S [
[v]
< 0.88
0.86
—— Training acc
0.84 b —— Validation acc ]
1 |

1
0 5 10 15 20 25 30 35 40 45 50 5
Epoch

-

Testing acc: 1 fold
Testing acc: 2 fold
Testing acc: 3 fold |

.86

Testing acc: 4 fold
Testing acc: 5 fold
Vv Testing acc: Average |

.84

I 1 1
T

0.35

0.20

0.15

o e

10 20 30 40 50 60
Epoch

Training and Validation Loss

T T T
= Training loss

1
— Validation loss |
&
|
0 5 10 15 20 25 30 35 40 45 50 55
Epoch

Training Loss for 5 fold validation

040 —_ ITraining Lolss: 1 fold 0.350 — Test Loss: 1fold
] —— Training Loss: 2 fold —— Test Loss: 2 fold
035 —— Training Loss: 3 fold | 0.325 —— Test Loss: 3 fold
' | —— Training Loss: 4 fold — Test Loss: 4 fold
Training Loss: 5 fold 0.300 Test Loss: 5 fold
¥ Training Loss: Average V Test Loss: Average
i 0.275
@
% 0.250 l
3
0.225 +—
0.200 1— { !
0.175 \N— &A-'- -
T e
| ] 0.150 | i et
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch Epoch
Receiver Operating Characteristic Normalized Confusion Matrix
1.0 ey et g bk 7
r”“ Pid
' s
[’ - 0.8
0.8 4+ 2 .
v ! - RFI
o I ,//
o4 I , 0.6
5 0.6 1 _ .
> ! .
= | -,
= 1 7
3 e
2 04 - 0.4
]
2 2
= e IO RFI
e —— AUC Class 0 = 0.9804
ot —— AUC Class 1= 0.9804
0.0 + T —
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
T L ]
.« IMPRESS
° INFORMATION PROCESSING AND SENSING

Test Loss for 5 fold validation




i) Prediction With 39 Stokes Parameters

[
MISSISSIPPI STATE

UNIVERSITY.

Training Accuracy for 5 fold validation Testing Accuracy for 5 fold validation . N o
9 y 9 y Training Loss for 5 fold validation Test Loss for 5 fold validation
AR e s Shaatan o e e ettt 0.7+ —— Training Loss: 1 fold | 0.7 -Ir —— Testloss: 1fold |
0.9 | aad 0.9 - | & —— Training Loss: 2 fold \p = Test Loss: 2 fold
) 15 —— Training Loss: 3 fold —— Test Loss: 3 fold
Y| 2 AaAAA 0.6 ¢~ — Training Loss: 4 fold | 0.6 1 —— Test Loss: 4 fold
b d 0.8 $ v A Training Loss: 5 fold Test Loss: 5 fold
0.8 v : v/v ¥ Training Loss: Average VvV Test Loss: Average
y > v 0.5
g . .
5 5 0.7 8 4
5 1
0 0.7 1+ o J0.4 S
< < K
. v
L . —— Testing acc: 1 fold !
—— Training acc: 1 fold Foen
— i - . 0.3 T
$ —— Training acc: 2 fold 06 Testing acc: 2 fold Yooy
0.6 T4 Traini . 5 = Testing acc: 3 fold
—— Training acc: 3 fold Testi 4 fold
— Training acc: 4 fold ] Ssungaccialto 0.2 4+— AR
- Testing acc: 5 fold :
Training acc: 5 fold 0.5 e . 5
- V Testing acc: Average
0.5 ¥ Training acc: Average | i | I T u T T T
: ' ’ ’ ’ 0 0 20 30 40 50 60 0 o0 30 40 5060
0 10 20 30 40 50 60 Epoch Epoch
Epoch
Epoch
Training and Validation Accuracy Training and Validation Loss Receiver Operating Characteristic . . .
0.7 ——— ] 1.0 i R E——— 7 Normalized Confusion Matrix
: [] —— Training loss {1 g
9 P P 7’
0.9 —— Validation loss ¥ l' ,//
L ¢
0.6 . 08 i /, 0.8
o ! ’
0.8 g ,' e
> 0.5 0.6 4+ z
> 0 0677 e 0
© 0 2 i , -6
%) = I 7
3 o n 1 /’
g 0.7 —10.4 o | ’
< Q- 0.447 p -
s | e 0.4
Eoo ’
0.3 ’
0.6 ! d
0.2 >
. ‘ 0.2
—— Training acc 0.2 //’ == AUC Class 0 = 0.9644 :
05 — Validation acc | ' $0000000000000000000 S —= AUC Class 1= 0.9644
' —— S T I Mt e 0.0 = |
0 5 10 15 20 25 30 35 40 45 50 55 0O 5 10 15 20 25 30 35 40 45 50 55 0.0 0.2 0.4 0.6 0.8 1.0 L
Epoch Epoch False Positive Rate

® INFORMATION PROCESSING AND SENSING




R Prediction With 41" Stokes Parameters

MISSISSIPPI STATE

UNIVERSITY.

Training Loss for 5 fold validation Test Loss for 5 fold validation

Training accuracy for 5 fold validation Testing accuracy for 5 fold validation : : : :
- 0.400 ’ —— Training Loss: 1 fold | 0.7 4L — Testloss:1fold |
0.92 = H 2 a4 —— Training Loss: 2 fold : —— Test Loss: 2 fold
Vol 0.3751H — Training Loss: 3fold | —— Test Loss: 3 fold
M — Training Loss: 4 fold L —— Test Loss: 4 fold |
0.90 ﬂ 0.350 Training Loss: 5 fold | 0.6 Test Loss: 5 fold
¥ ¥ Training Loss: Average ¥ Test Loss: Average
> | > 0.325
088 | Y 0.80
o0 o :
3 / 3 ; 0.300 i
d
¥ O 0.75 I
< 0.86 < !
= Training acc: 1 fold fold — Testing acc: 1 fold 0.275 ]
= Training acc: 2 fold fold 0.70 —— Testing acc: 2 fold |
0.84 — Training acc: 3 fold fold | : — Testing acc: 3 fold 0.250 b
: J —— Training acc: 4 fold fold —— Testing acc: 4 fold 3
Training acc: 5 fold fold 0.65 +—— Testing acc: 5 fold | 0.225 %ﬁo -
¥ Training acc: Average fold ¥ Testing acc: Average
0.82 T f f B f f i 0.200
N 1 ] ] ]
5 10 15 20 25 30 0 5 10 15 20 25 30 J ! I
Epoch Epoch 0 5 10 15 20 25 30
Epoch
Training and validation accuracy Training and validation loss Lo Receiver Operating Characteristic Normalized Confusion Matrix
T [ E— ] . it DR Npp=r=r=r= e rd
oobe --l- oP0ae® 0.375 —— Training loss Y g e
0.92 . — Validation loss 'a‘f ,1’
p 0.350 i ’/
0.8+ y 0.8
5 / ’ RFI
0.325 T ! ’
0.90 +— o ! e
0.6 1 ‘
(N T
> ! 0.300 > h L 0.6
® a ] | ’
5 ] T ] R
3 0.88 0.275 * 0 | ’
g \\ r C 041 —
r0.4
0.250 A % f' ,/
0.86 \ F I 7
: 0235 0.2 ” NO RFI 1
’ L
— '..INA.‘ o e == AUC Class 0 = 0.9622 0.2
—— Training acc 0.200 — 89000000 ,/' == AUCClass 1= 0.9622
0.84 — Validation acc -| 0.0 1 1
; } } 0 5 10 15 20 25 30 35 40 45 0.0 0.2 0.4 0.6 0.8 1.0 —
0 5 10 15 20 25 30 35 40 45 epoch False Positive Rate

epoch

INFORMATION PROCESSING AND SENSING

.- IMPRESS

Department of Electrical and Computer Engineering




[ STATE

wssiea-m ¢ Comparison Between Deep Learning Architecture and SMAP

UNIVERSIT Y.
160.000°W 120.000°W 80.000°W 40.000°W 40.000°E 80.000°E 120.000°E 160.000°E 160.000°W 120.000°W 80.000°W 40.000°W 40.000°E 80.000°E 120.000°E 160.000°E
— ————— S— g R ———— P ————— R ——— —————— E—

80.000°N

40.000°N

40.000°S

160.000°W 80A0000°W OAOOO“E 80A000°E 160A0
Figure: RFI prediction with deep learning vertical
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issre o Discussion and Future Work

* In-situ RFI contaminated sample collection is very challenging. To label the
dataset for this study, SMAP’s level 1B data quality flags have been used. So,
there is less control over the dataset

* Future work aims to incorporate synthetically generated RFI into SMAP data
products to have greater control over the dataset

 This will be helpful to distinguish lower and higher level RFI scenarios as well
as single and multiple sources RFI
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