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Study on a Deep Learning—based Radar Signal Detection Model
using Spectrogram Images
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Abstract

The Citizens Broadband Radio Service(CBRS) in the U.S. shares frequency bands with federal agencies, leading to
harmful interference with military equipment. Recently, Al-based detection methods have been proposed to address
this issue, but obtaining sensitive military data is challenging, Therefore, this paper proposes a deep learning model
for radar signal detection by fusing features extracted from the time and frequency axes of spectrogram images
generated in the 3.5GHz band through simulation. Experimental results show that the proposed model, which
combines a Convolutional Neural Network(CNN) with a recurrent neural network and applies feature fusion, achieved
superior performance compared to the existing CNN-based model, with an accuracy of 95.89%, precision of 99.23%,
and recall of 92.91% in the confusion matrix.

Keywords
radar signal detection, spectrogram, feature fusion, deep learning, convolutional neural network, recurrent neural network

*

O EY TSt A Hlo|H F5tsk=t AR
- ORCID': https://orcid.org/0009-0006-6241-8738

- ORCID*: https://orcid.org/0009-0004-9623-0878

- ORCID®: http:/orcid.org/0000-0002-8163-9388

- ORCID"; http://orcid.org/0000-0002-0035-5261

w o aeAd T

- ORCID: https://orcid.org/0000-0001-7270-032X

+ Received: Apr. 18, 2024, Revised: Jun. 03, 2024, Accepted: Jun. 06, 2024
+ Corresponding Author: Ji-Hoon Bae

Dept. of Al and Big Data Engineering, Hayang-ro 13-13, Hayang-eup,
Gyeongsan-si, Gyeongsangbuk-do, Korea
Tel.: +82-53-850-2883, Email: jihbae@cu.ac.kr


https://crossmark.crossref.org/dialog/?doi=10.14801/jkiit.2024.22.7.23&domain=https://ki-it.com/&uri_scheme=http:&cm_version=v1.5

24 ~=EZTY olu|x 2 43 "y suke) Foly 4l
.M Z2
HESl 498 N Ao R4 Al
s

%ﬁan=4%—f%w1m%41w 7\ 2k}

4
r°l'
(98]
wn
%
w
~1
%
o
_{
1<)
_1
=
18
mlo
of ©
oo Ho
P‘E
rlr
L ofd oft 4 offt O

X}ﬂoi ﬂfﬂﬂ—l— 9)\0“‘:1
=537 ffste] 7IAISE :-:_LJ—’- =
O 22 AAL AA MESQZE &
# deoly AZE AAsta Fas E43Te
ESC(Environment Sensing Capability)E ©]-&-3} d|
ot} Az ZABIATHIL

R. Caromi et al[2]2 3.5GHz W FA Fup<
ol EAske dold AS"AE st Had
2 7A%s dagEs SEsta Bl 2Esh| A%
ESC HIZE 33 A3 AsHgy i 4 AZEY)
o] =5 AAEFYS™, R. Caromi et al[3]9] A&
goldE T3l AAE #Holn HIoE o]Fofxl
143 dHolHE &8st doln A5E ZA|skaL
R ¢ dejd 2 AA ¢ 7
AFAT 7= TH wet o|w|A| o]y &
of &3AQ IAF A7 CNN(Convolution
Neural Network)[4]2F AAIE oS 2 Aol &34
J AHee Yehle &3] RNN(Recurrent

N Ol o R

N

111)

Neural Network)e Z2%s Held ZE3 2ol G
Lee et al[5] & S-I Lee et al[6]9] + TF2 B
Y RdESS ME A A7 =3 s 113
a1 9l FAelt} C-H. Hwang et al[7]2 WA
2 d& Ae MAE Adte] CNNF 879
%< LSTM(Long-Short Term Memory)[8]E Z &g

o =
Y 2dS Agkslgon LSTMES &-83k A

(Long-term dependency)E 343t Zol7} 21 A&
2 HolHE EFHoR 5T 4 ol HYn
O~

E] £4of 1 o g xﬂl’}‘{ oLz}, Lee, M.-W.[10]¢]
UES T YA 22 B EoF 5, dAA
of 2] fope] A+tol FRA L& Yok

B =2dAes AEIHASE FE  AdE
I(In-phase)/Q(Quadrature-phase) 521  H|o|E| 27
max-hold 2FHEZ T o|n| X & AAstaL, o]& &

g3t FAF ALY EAAETS 2FS Fol
‘3 AoeA 2dS FEIT oju, AHEZ T

o] dw AEH dgEol =HH HF S
oAM ARt 3 Fu 8 F IR 34 54
< A st D JEHES &4
2dS A% B 2l F3NAY Fo T 4
oS Ve E Aol F4E §HE EAL ¢Y
FoEM, ATt B Fu¢ AN FEH L5
A ARE G8H0T TgHA 5 Al ALY
B34S gsd 4 gl

B AT E T AAT AgEE &34
AW THFEZ, LSTM, F¥F  LSTM(BILSTM,

Bidirectional LSTM), Z% LSTM(SLSTM, Stacked
LSTM), GRU(Gated Recurrent Unit)[11], &3
GRU(BIGRU, Bidirectional GRU), 2% GRU(SGRU,
Stacked GRU)®| % 6714 EEES azjste] #o]
o 84 455 4% vudth

. Hlofg] =& & HHE|
B dFdMes 22 <5E& 9ld] NIST(National
Institute of Standards and Technology) Public Data
Repository[2]1 A4 Al &-5H= CBRS fﬁoﬂgl RF to]

EiWE%—*%@@ a9 19 Fge oy s
= Gz el A ESC HIZE 553 A1



Journal of KIIT. Vol. 22, No. 7, pp. 23-31, Jul. 31, 2024. pISSN 1598-8619, eISSN 2093-7571 25

AZES 0] =75 Foll AAHNeH, s 2 3t
A3 A% € 800,000 MES 1VQ E4 45 JEHE
TAHo Stk

a9 18] A B HolHERY i 24
Shgoll 2eet vlolE] BAS st WA, [1]01A4]
AAZ AEAY 71§93 WHE o] &3k,
A A QA A dlolEA BES Wi &
FHAE YT F WA SAA 03 1A 2 A
T3} k= vlolH A E st

le—6

1.50 A

magnitude
o o = =
w -~ (=] N
o w o w
! 1

o
]
¥

o
o
o

T T T T T T T T T
o] 100000 200000 300000 400000 500000 600000 700000 800000
samples

ag 1. A 1/Q AE oy HolE el 37|
Fig. 1. Magnitude of raw 1/Q signal waveform data

0202 AAE Ao tigt &4 &
tolg AzAe2 gy &8 Se 27
EZTOY ou|XZE WSt ~2HEZTHL A
=3 FIkr F9| gl M Ay ANE EAS
SAo BHEE AF3gE o s, A () 2
o] AN Hy Az A Fo] HIKSTFT,
Short Time Fourier Transform)[12]S #8389 A%
£ A7 Fug Yoz wdlksle ALt

e o
[ do
r:i 8, ol

STFT{x(t)(r,0)} = X(1,0) (D
- [ 2wt —1)e gt

— oo

A7VA, (e 1Q Bag NEE, w(ne Fo W
& A83hs window Fr5 27 fm|Ith STFT

e ARkl BE A5 HolHE U3F dolo
e THOE e} 7 it Felo] wae
Hgatogn 7+ Frhe] Az A ARG BA
R R EC

MAROR, GHF ARWT EHUERS 70

2 3 2 gold A3 ¥ =d 5 o
& BEHL B3] Astel, A ()2RE U3
N

H 2FEZJ[1]9]A &8F max-hold 7]"HE
23t} &, /\]7& 2498 wg} FojA F7F Fol
HEY 7] A5 A ge FE3 ol F

1:13; F:L [ & ok ok

el %Zl*é‘}E% dlo] ~FlERZ I A7 =
Z A Fu = AE ASEE AR BYA
FABEE 3t kA, oz ~HERZTY
o] Alamlelo)ld Zolx 128, W # ZQJE HAy|&
24% 473kl 128x128 3719) max-hold ~HEZ
a3 olw]A| dlo|HE AT

a8 25 94 1Q A3 3 HolHERE A
oA 71&e STFT 7S 2838t max-hold 2%
E2TOF oHAE A48% AAEH, I 20T
golt] Narl EA3A e Afolal, 1Y 2b)
= ot Aart EAshe 73%% Y7k vepdith,
T30 Adol|Ae} Zo] max-hold 2~HEZ 0|
o AZsks Bl golt AE {5 o 54
H3lE ZolatA #&AE 4 Qo

-140
-145

-150 8

Frequency (MHz)

-155

-160

Time (ms)
(@ 2ol AMEIF =SR] eb= max-hold 2AHEZ I
(a) Max-hold spectrogram without radar signal

JelsA T e R St ) G jé?"'. TR -140
N fak Wi ;!
— 2 ek
T B -145
= AT
= e 11
g 0 5 f o N L B
E A e it g e (L -150
L e S Ve e 1 R s
2 g B posiiy ¥ 418 e
! -155
-4

D D N 0 W @ M
(o) &old A5t =M 5= max-hold AHE 212
(b) Max-hold spectrogram with radar signal
a8 2. Max-hold 2= EZ 03
Fig. 2. Max-hold spectrogram



26 ~¥EZ Y o)X

i

&g

FFI

AFolA Agtets FAw AT =g
< 29T Hed 2de 71E ONN 7]t

_]Eij_a] O]]:l];(] EZ],] Z_]—-]
otal, FEH SAPCEHYH /‘]71} g
EAES AE Y3t RNN Bk
’>"1, R, 4

] SE(Convolutlon block)JJr Wk
(Average pooling)S %314, max-hold ~HEZ
o] ARE F3 Fug FE V|E0E Ao 4
U5 EAo| 47 F2dnh o]% F EAS
of RNN 33 dZste] sh53ho
Zx0Z oy Az &4

%
of| 4

Hnizm{ﬁ«_.do&
i

o s 4

o)
ox
m{lﬁl

oFO0 =
e o
o O9 32 max-hold 2HEETIHE

ol A% FHAE g At 2ol gt o}7]E)
g HoEt I9 39 @4y EEL
CNN(Conv2D)3} gt &% (Max pooling) -2
Hol lom, o 7Hi 354 %”‘4 %%
b

& ged Jwel ol A3 B wY AT

g e
N
¥ o

o
(")
ofo
O ){AE l

—_

o m > ot My A B
o

Y o oX L St o

e 1@ o >,
o
rr
in)
ki
o
o
it
)
o
2

o 2 [ Jm
N
bt

=l

.
2ol A% GE FeE AXT ]
RN} 233)] el 59

£ H40] as. geld, 7 Ads =4

°J N7} (1, 14, 64) 2 (14, 1, 64)%] T A
AAS L (14, 64) D= ATFA
& HFHow

O H](dummy) <
(Reshape)3+ %, concatenate
(28, 64) FES] & Al

s T

E [e]
“lXC]E

HAB, v}

Ao & LSTM obdek LSTM, 2% LSTM, GRU,
oMk GRU, 2% GRUS} 722 RNN =9 W o
+gd 54S X*%o}ﬂ HHAE ATz 14
H BER71E B8 Ak mde] HF sS4
gt} o] B8l max-hold 2HEZTH 4 ofu]
AZEH Holy 4258 EA F5FE& wEd

____________

|

|

|

|

\

|
Y0[g Au0)
YOI AU ool
FI0[g Au0)

Max-hold
spectrogram

W

Feature map

E

Feature map

shape : (1, 14,

FI0[g AUO)

[ w0ay | [ ooy

=
Frequency feature
shape : (14, 1, 64)

p—

Time feature
shape : (14, 64)

P

Fused feature

shape : (28, 64)
Frequency feature
shape : (14, 64)

%

a8 3

glojt] &l EtX|E

9l Eold 2 Mok =

Fig. 3. Proposed deep learning model structure for radar signal detection




Journal of KIIT. Vol. 22, No. 7, pp. 23-31, Jul. 31, 2024. pISSN 1598-8619, eISSN 2093-7571 27

o
ol
ol
2
1%
afy
r
o
.

T4 HolHE 15%J 6,000 AS t%lOIEi
2, YA 50%2 20,0008 Ad dlolgz ztzt
Tt E E- dHolEdl A WA
st7] flstd, 27] £5 7S A83te 80 Jlxa
(Epochs) ©]atZ Edl S5 PGt olek F
Aol 40 A EIA 27] TEES /102, 60 o E
oA /1002 GAZCE St&ES 7FAAA 8k
o] W24 FH}EF 3}

e R 7 K[ - e A2 = R o o el = A e
NN 2 6714 7S RNN EZESo of
B2 AR vud A3RES HojFth oluj,
g5& SHY A% Jﬂﬂ /\IEOM de A

il

o it
O

oﬁ

o,
ox o?si _1

58 ﬁé%fﬂ& aJr IE} 14 AYNE
CNN3 Z3tE & <3417
STM Rd& Xegh 4971 95.84%= 713
AT Hes HYFes S Jd¥g4es #

o mx oxl i
nt o [o & e bl
e

i
¥
¥o,
32
o

1. BNN Z570f me ot 22 M3 Zot Zdn
Table 1. Performance evaluation results of the proposed
model according to types of RNNs

Accuracy(%) 1 2nd 3¢ Avg.
LSTM 95.89 95.78 95.85 95.84
SLST™M 95.48 95.57 95.46 955
BILSTM 95.32 95.38 95.26 95.32
GRU 95.31 95.19 95.57 95.35
SGRU 95.14 95.19 95.22 95.18
BIGRU 95.17 95.30 95.37 95.28

% 45 F 194 RNN 23 F M 2o A
5< HQ CNN3} LSTME Z%Hs CNN+LSTM =
do] gk JWZE Yehd AHEN, GAZ S5
' 2N 27 T5E AE5to ggo] ¢BHL
24 5Ygs AvE itk

0.96

0.94

—— Training data accuracy

088 —— Validation data accuracy

o0 8 1% 22 32 40 dé 56
Epochs
St gl = s=
(@ o5 & 45 "=z

(a) Training and validation accuracies

0.325
—— Training loss
0.300 —— Validation loss

0.275 4

0.250 A
@ 0.225 4
9

0.200 A

0.175 4

0.150 1

0.125 4

o] 8 16 24 32 40 48 56
Epochs

b) & 2 HE &4
(b) Training and validation losses
JO% 4. Mot e stE A3}
Fig. 4. Results of the proposed model training

¥ 2% max-hold 29 oju|A] Hlo|HE
AL LR RS ?}aé% ’Ué ol CNN =g,

ResNet50[13], Xception[14], 2 7]
E dejd RdS AgRAY As Hlas 53
gt Axfo|t}. ojw, CNN B2 A 719 §4F

3 AU 9 5 2HoE ST 1A e
e A% WAl Al Xeeption EHo] 94.58%% 7HA
=2 dold A3 =4 4 Uit AT,

h=

MobileNet[15]%

CNN 2" F3+d EA3 LSTMY A|d2x &4
S Ags Ao+ =4l CNN+LSTMO] 7H¢ =2
22 AL A5 HoFe 2 BT 5 o
3 2d BEAE SN M 5 Aes B
& Xception EHC| Sk ue}r|E(Params.) 7N
20,862,953¢1 ®HH, Ak md 5313i 7V AL
St SerlEE Hat 95.84%9] THE 7 B
5 Aee AFsAH. o= CNN 223 LSTM &
9 A A, 27 3904 AAG ARE R Fake S
S me HEE 4EE EAS A o8 &4
gk Ajoltt,



ol

H} .l =]

— Hd

_—

7| =]

St e

—

2
SE Dol M5 HW 2
Table 2. Performanoe comparison of CNN-based deep
learning models and the proposed model

2 3¢
94.25 | 93.85
93.56 | 93.45
94.64 | 94.37
88.83 | 93.85
95.78 | 95.85

18 Params.

831,009
23,589,761
20,862,953
2,258,689

65,313

Accuracy(%)
CNN
ResNet50
Xception
MobileNet
CNNHLSTM

Avg.

94.02
93.65
94.58
92.24
95.84

9397
9393
94.73
9399
95.89

2] Abwd A
%

=2

TS T e

0go2, I 5 &
3 (Confusion matrix)S R}
lo] o|& Aol A FH2 1Y
vehd g glon, AA FHTt $A
| =3 #Sl TP(True Positive),
A F927t SA4Y W SnEA A3 #d
TN(True Negative), A 27} Y of, 2%

( Olr

r
ol
ol

o ol
O}H

)

o2

b
i

(
A
aw

[e5

td
(i)
o

o
jus]
=
[t

X

e & ) rlo ot

o =3k Zt%l FP(False Positive), A4 27t 4
o wf 2 o =3 3EQ FN(False Negative) W 714
702 etk E5E BE W A
o] A

J8 S (Accuracy)= 2 ()9} 2ol AHeolHEH, A

S(Precision)= Ego] YAHOE 5% Fu F
A= A HIERE 4 3T Zo] Ayt A
A& (Recall)e] 745, AA 43
SHEA =3 vlEs YERiY 2 @)% 710] A
oldlt}, wA|Ho 2 F1 H4(Fl-score)s AUES}

Aage 23 47ow 4 (991 2ol B

o
=2

/‘\___]

==

= rdo] kAo 7

Predicted Class

WGN Radar

WGN 2955 18

Actual Class

Radar 218 2799

*WGN : White gaussian noise

JO% 5 CNN+LSTM ZEo| =z
Fig. 5. Confusion matrix of the CNN+LSTM model

TP+ TN
TP+TN+FP+FN

©)

Accuracy =

TP

Precision = W

3)

TP

Recall = 75T py

)

2 X Precision X Recall

F-1Score = Precision +Recall

®)
CNN 7]5t %
YUERH Xception =23} XﬂOP
SL EEE@
3l 74]
HkE A|Qk
) 3}

=

Hed x4 2 e

7}

L=R=1ke]
=

7
A

-

£ 394 71E
Equb]- M.\:&
CNN+LSTM =9 7/ A%
om WIS A, 4
Xception 29 AETE= 94.58%9]
do] HBATE 9589%2 At mHlo] O
Wdlt 4 (3)= F38he] Xception
Askd A= 9849%HAIT, At
23%% FEE SHtEA 5T FEo] UE 3
T3 A (4)E Fdhe] mdo] AAl k49l bl
o8 =3t Hl&}l APE2 Xeeption
A Zd NI TS
ol AUEs A
AxretES o,
Xception EH-& 9435%%] AA}E AUAT, ARt
292 96.10%ZE Xception o] A5s TS
HoEolth weba], AIQFERS] CNNHLSTMS 7]
£ CNN 714+ Xception el A 2~4)9 BE
ﬁﬂﬂxlmﬂﬁ E2 Ass Ushite AHS A9
x4 oz < l q_

oN

o
‘:IT
EE]O

ozi rsL B o

1:10]

I~ll-(‘

0012 Al

vy

vy

#* 3 Mot 22 Xeepton ZH Tl M5 &4 A1}
Table 3. Performance analysis results between the
proposed model and the Xception model

Metric(%) | Accuracy | Precision | Recall | Fi-score

Xception 9458 98.49 90.55 94.35
CNN+
LSTM 95.89 99.23 9291 9.10
V.22 U gE B

B ERAE 29E20Y ojuxg AT 23}

F3h% Zo UF 22 E4L $UL oS vy

S % CNN¥# RNNS ZAqshs Az S At



Journal of KIIT. Vol. 22, No. 7, pp. 23-31, Jul. 31, 2024. pISSN 1598-8619, eISSN 2093-7571 29

ST

Aord WS Ea) CNN+LSTM =2o] 95.89%
o] A& =}l 99.23%2] AUE, 183 92.91%2] A
dE&S 245t 7]E CNN 7] Hejd 2o o
of 71 8 dojt B4 AgEE 24T
< Addos #FE F Uk wWekA, CNN 7]
El¥ Y 2dof LSTM A173%-S Agtsie] At
mdo] ¢41£_ I olmlA] HolH 9 ARE &3
- ANz g 8 BRE I S5
oS T & Adoks HolA A

—
=2
Lo
lo
il
HL
tlo
‘b‘ e

L
4
ko
>4

F olwA] gloJ§e gu
A e Mste A7 3T ﬁlQOlE}.

mlm
of
‘o
$L
&L,
o 4
n)
ot

B =52 2039 AR 7|eeE] SIS
getsldA wxs &S A A7 Ay
[16].

References

[1] W. M. Lees, A. Wunderlich, P. J. Jeavons, P. D.
Hale, and M. R. Souryal, "Deep learning
classification of 3.5-GHz band spectrograms with
applications  to  spectrum  sensing", IEEE
transactions on cognitive communications and
networking, Vol. 5, No. 2, pp. 224-236, Feb.
2019. https://doi.org/10.1109/TCCN.2019.2899871.

[2] R. Caromi and M. Souryal, "Simulated radar
waveform and rf dataset generator for incumbent
signals in the 3.5 ghz cbrs band", National
Institute of Standards and Technology, Mar. 2020.
https://doi.org/10.18434/M32229.

[3] R. Caromi, A. Lackpour, K. Kallas, T. Nguyen,
and M. Souryal, "Deep learning for radar signal

detection in the 3.5 GHz CBRS band", 2021

IEEE International ~Symposium on Dynamic
Spectrum  Access Networks (DySPAN), Los
Angeles, CA, USA, pp. 18, Dec. 2021.
https://doi.org/10.1109/DySPAN53946.2021.9677280.

[4] Y. LeCun, B. Boser, J. S. Denker, D. Henderson,
R. E. Howard, W. Hubbard, and L. D. Jackel,
"Backpropagation applied to handwritten zip code
recognition”, Neural computation, Vol. 1, No. 4,
pp. 541-551, Dec. 1989. https://doi.org/10.1162/
neco.1989.1.4.541.

[5] G. Lee, S.-H. Lee, A. Nyamdavaa, and S. Song,
"Prediction Method for Traffic Speed based on
ConvLSTM", The Journal of Korean Institute of
Information Technology, Vol. 19 No. 12, pp.
27-33, Dec. 2021. http://dx.doi.org/10.14801/jkiit.
2021.19.12.27.

[6] S.-I. Lee, S.-I. Song, and D.-S. Ko, "Performance
Improvement for Automatic Classification of

using  ConvLSTM2D

The Journal of Korean Institute of

Partial Charge Types
Technique",
Information Technology, Vol. 19, No. 4, pp.
19-26, Mar. 2021. http:/dx.doi.org/10.14801/jkiit.
2021.19.4.19.

[7] C-H. Hwang and K.-W. Shin, "CNN-LSTM
combination method for improving particular
matter  contamination (PM  2.5)  prediction
accuracy", Journal of the Korea Institute of
Information and Communication Engineering, pp.
57-64. Jan. 2020. https://doi.org/10.6109/jkiice.
2020.24.1.57.

[8] S. Hochreiter and J. Schmidhuber, "Long
short-term memory"”, Neural computation, Vol. 9,
No. 8, pp. 1735-1780, Nov. 1997. https://doi.org/
10.1162/nec0.1997.9.8.1735.

[9] K. M. Lee and C. H. Lin, "Video Stabilization
Algorithm
Learning", The Journal of The Institute of Internet,

of Shaking image using Deep
Broadcasting and Communication, Vol. 19, No. 1,
pp. 145-152, Feb. 2019. https://doi.org/10.7236/
JIIBC.2019.19.1.145.

[10] M.-W. Lee, "LSTM Model based on Session



30 2HEZTY ojuAE 2Ee Hed 7luke] dely A
Management for Network Intrusion Detection", The
Journal of The Institute of Internet, Broadcasting
and Communication, Vol. 20, No. 3, pp. 1-7, Jun.
2020. https://doi.org/10.7236/JIIBC.2020.20.3.1.

[11] K Cho, B. V. Merriénboer, C. Gulcehre, D.

H. Schwenk, and Y.

"Learning phrase representations using

Bahdanau, F. Bougares,
Bengio,
RNN

translation”,

statistical machine
of the 2014
Conference on Empirical Methods in Natural
Language Processing (EMNLP), Doha, Qatar, pp.
1724-1734, Oct. 2014. https://doi.org/10.3115/v1/
D14-1179.

[12] D. Griffin and J. Lim, "Signal estimation in IEEE

Transactions on Acoustics,

encoder-decoder  for

In  Proceedings

Speech, and Signal
Processing, Vol. 32, No. 2, pp. 236-243, Apr.
1984. https://doi.org/10.1109/TASSP.1984.1164317.

[13] K. He, X. Zhang, S. Ren, and J. Sun, "Deep

2016

IEEE Conference on Computer Vision and Pattern

Recognition (CVPR), Las Vegas, NV, USA, pp.

770-778, Jun. 2016. https://doi.org/10.1109/CVPR.

2016.90.

F. Chollet, Deep

depthwise separable convolutions",

residual learning for image recognition",

[14] "Xception: learning  with

Proceedings of

the IEEE conference on computer vision and

HI, USA, pp.
1800-1807, Jul. 2017. https://doi.iceecomputersociety.
org/10.1109/CVPR.2017.195.

[15] A. G. Howard, et al., "MobileNets: Efficient
Convolutional Neural Networks for Mobile Vision

arXiv:1704.04861, Apr. 2017.
https://doi.org/10.48550/arXiv.1704.04861.

[16] D. Roh, M. Lim, J. H. Jung, J. H. Lee, and
J-H. Bae,
frequency sensing deep learning models in the
3.5GHz band", Proceedings of KIIT Conference,

Jeju, Korea, pp. 119-121, Nov. 2023.

pattern  recognition, Honolulu,

Applications",

"Performance comparison of radio

| AR}

2t (Donghwan Roh)

2023d 24 : dHE
ZAFE R RS
AFAF-Hleo) e FetdF
(FEAh

2023d 3¢9 ~ A .

o#7hEg s

ARl H| o] E] g8t} M AL

g/ H2lEd

st

l

= (Sungsoo Kwon)

20234 2¢ : g4E
AFE R R

e

S bogiElhe Bl = Foeii i
(FHh
20234 3¢9 ~ dA .
EH;7]_§_31;H%]—‘7
Al o) Bl 383} AALAy
2l /M4l

l

M M 2 (Jae Ho Jung)
1994"1 249 .

F94)

Z o (Jonghyuk Lee)
2004 2¢
FE w3 ©] 8D

i 1o g

2006\ 2¥ . T iEtw
AIFH S8 (0] A A
2011 29 . st
74 3 E1 _]‘J7_T,1_6’]— JJr(o] tshﬂw\].)
2011 3¢ ~ 20119 10€ :
ARAYWEATA ATFUSF




Journal of KIIT. Vol. 22, No. 7, pp. 23-31, Jul. 31, 2024. pISSN 1598-8619, elSSN 2093-7571 31

2011 11€ ~ 2012'd 11€ : University of Houston
Post-Doc. ¢17¢
2012 12€ ~ 2017d 8¢ : A AYATFL
20174 9€ ~ A : bty disty
Al Ho]E g8 Zul
ARk FEE AFH, WHolH, dFAS

B X| & (Ji-Hoon Bae)

el
ﬂz}% Ei%@%(%f—f}*
2016\ 2€ ; ZEFIr)

A2 A7) 38 (F
2002\ 1 ~ 20194

%
H
e
e X
of
e
p

-
o
Y
e
2
—u

20199 9¥ ~ A - rJHLﬂ ﬂlf‘&
Al o] e} F-83} Zulg
2021Lﬂ 39 ~ @A g7t EY g
WS A AT SW7| 2l SATE 1%
o ‘l"f: F: d3AE, 98d/MA8y, goltt ¥4 %
AsAE, HH3 71



	스펙트로그램 이미지를 활용한 딥러닝 기반의 레이더 신호 탐지 모델 연구
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 데이터 수집 및 전처리
	Ⅲ. 레이더 신호 탐지를 위한 제안 모델
	Ⅳ. 실험 및 성능 평가
	Ⅴ. 결론 및 향후 과제
	References


