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A Signal Modulation Classification for Unbalanced Aviation Communication

Signals Based on Deterministic Oversampling
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Abstract In aeronautical communications, because of that data are imbalance, and being lack of minority
class signal samples, there is a drop in the classifier performance in modulation signal classification tasks
under complex electromagnetic environments, this paper proposes a classification method for unbalanced
modulation signals based on deterministic oversampling. The method synthesizes minority class signal
samples to balance the dataset and reduce the impact of data imbalance on classification performance.
Based on the method at the RadioML 2016. 10a dataset, 11 modulation types are selected under 5 signal-to-
noise ratios (—8 dB, —4 dB, 0 dB, 4 dB, 8 dB) and 4 imbalance scenarios are constructed. The experi-
mental results show that compared to the imbalanced dataset, the proposed method improves classification

accuracy by 2.78% ., 0.92% and 3. 45% on MsmcNet, ResNet50, and DenseNet121 network models res-
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pectively, and compared to the traditional SMOTE method, the proposed method demonstrates still better

performance in handling multi-class imbalance problems. And this method is enabled to effectively im-

prove the accuracy in modulation signal classification in complex aeronautical communication environ-

ments, especially under complex electric-magnetic environments.
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Fig. 1 Oversampling of modulated signals and evaluation
2.2 ARESHEAHENHE (sample, ) 5 H g T 4B X 4 ij (sample,; ) Z 8] 4= B 1)

TR X S i (sample,) 5 H b Fe T 48 Z A
BIHYAREZE o, o 7T LA B DB p A X 5 0 Sl
XTGIIIAG o B A RUE S REAR A2 U 5 A 5 R
A AN

T :6,/26,- @)
At om HEADDEBRPRESHEARL, ATk
TED B P R B AT T HEAS A B A i — E B B
BT S REA . X T3 vy B v oA 2 1 D B AR 5 M
AKGTE J Bl A= iU 2 A5 5 AR A 78 B B R S A
HE22 B D BOER AR SRR AS J [ AR R D (5 S HEAR .
RET r, G G DBAE SRR S HAEA £ T2
] A= & U S HEAR R LE A )

r, =d, Zd

Ko, BIESHEA 'ﬁﬂ’l\?ﬁ%zﬁl IR 5 AR
SHREAR S H A e ATAR 22 8] B BT A B B A (R
TR,
2.3 ARAXHBE

XF 4 i (sample,) 5HAA £ XL ij (sam-
ple,; ) Z [A1 A= B 15 5 BE AR R hy

(2)

Sy =ryrin (3)

K en KD A A R AR R D B A
ZRENE TR Z 228 AR

n=M —m)R 4)

XM N ZHEE PSR m DR
RS HEA B BEE s R O B S L AN B R 1 2
B, HEIGHAR AW ESHEARL s, By
LS LG E S NG S S SO S

BNESEHEANBEG ITE XL { (sample; ) FI%F
% ij (sample, ) Z [0 0 J&@ 122 57 .

diff’, =diff,; /(s,; + 1 (5

WOTEN B2 Y 00 R s, SRR TE B AR

55 R AR g X N A 4R JE = R AT A R A 1R DA A
R S FEAS

new_sample,, =sample;, + (diff’, «+ n)  (6)

XF TR B AR AR A R A AR

MG S FEA B /N T — N E S FEAS DR AN 25 A

AR T REARA AR S HEAS . RIAE, 2R DB Sk

A5G HA B L A5 S FEAR Z [ A AR S AR 1Y

Blom /N T — 5 S HEEA WIS 24 BOH 15 S AEAS
3 AYEHBIESSEIE

3.1 LWEE

3.1.1 BuEs

]l R 531 A 3 4 RadioMIL 2016. 10a, £
& 8PSK, AM-DSB, AM-SSB, BPSK, CPFSK , GF-
SK.PAM4,QAMI16.QAMS64.,QPSK, WBFM % 11
A5 R TE5 445 5 W L Ry 40 A 5 F
20~18 dB, £ PEHE B N 2 dB I HI1E S REA . #
P 45 TR BTHLJE ) 19 BCHE R A Serial Episode #1 1Y
IS TFRIAS 3258 o A — L4 iy R G PAT IR [] Y Ji
TE A . TR TR B R R AN R YR L L
WEAE S ) ASCIT A% 3K, 3 0 1A B BIL AL 25 D)o 7
55 R AR

Iy IS L —8 dB.—4 dB.0 dB.4 dB,



22 2 HETRRRF M

2025 4

8 dB % 11 KIAH (55 . 5 — KA 5 WA KU 1y
41000, BEHLIEEFE 50 Y0 B9 ECEAE I ZREEA , 55 4b
50 26 HY R A D9 MR A o 3 o A I 2R 5 rh B 2K B
BIL 1 B K e A [ 40 P A5 5 AN S A B 1 0
ARICGE T 4 BT WG B0 AR 3 F A 2 14
TEOLIM L 3 DA ZEAE N DB AN 28
JE5 50 4 PR OLNEALAT 3 Fis 00 b i) A B A1
DR A 2R AR IR BN 1 PR .
F1 FHEBRPOHE

Tab.1 Minority class in the imbalanced scenario
AN B4 A 15 L 1 2 3 4
NN 8PSK.,AM-SSB.
&S 8PSK  AM-SSB QAMI6
QAM16

AR5 W O T B 2 2k B B 4 O A TR] L A Sk
FE— 8 dB {5 MR LS A B REA B O 50, —4 dB
15 M LG B BE AR B O 100, 0 dB {7 I B B A B4 i
9 150,4 dB {5 B L HEAS i O 150.8 dB fF B 1
i e A R 250,

3.1.2 Sy R NHETT ik

RT3 FE AR A 2] 8 AR Msme-
Net.ResNet502™ Hl DenseNet1215 45 & 1 i {5 =
Ir2edt . MsmeNet S — PR HLAL D REAS 2 S HESE
LT & T W6 2848 55 b i DR o 28
fit; ResNet50 & — M i 50 2 & T2 4 W 19 I B 4%
25 2% BE AT S50 DR TR B8 1) 285 v ) B J3E T 2 ) AL 5
DenseNet121 38 i % 42 % # Jr 47 1) & )2 34 ) R 1R
S SRR BRI RIERE . N T BRSO
I YE B A B AR SO Bl e Bk 3 R | gE AT
S8 I 55 SMOTE Jrik 17 oL
3.2 AYEHAFNSKXIREREESH

T A T E S D B Y HL R A S
e B A T7 0 W 8CR A 21 A% 6 09 4% Gt T vk ot
TR 9 ¥ 485 4k, 9F R MsmceNet W25 53 28, 1§ 30
R 77 1 2R 3 AN [R] 1) 8% o2 B 25 73 031 A A 5 AR AR
KEERY 2520 .50 %0 F1 75 %6, SLHR 45 R N 3% 2 TR .
F2 BIRBAHELHET MsmcNet MEFLFEHE R
Tab.2 Comparison of classification results using cyclic shift

equalization and the MS-MCNet network

ok R R R RSB
L1 B2 B3 B4

A 18 A B A 63.48% 64.28% 65.93% 64.21%
PEHRENL 25% 64.83% 62.48% 64.85% 63.17%
PEARENL 50%  63.28%  64.77% 64.13% 62.73%
PEAFENL 75% 64.74%  65.25% 64.87% 62.71%
AR ICTT 66.26% 65.76% 66.27% 65.00%

TE A A G B b s AR SO ¥ 19 0 2R T R
Brfw i AR AL H AR B R AL B, R 50%
7576 RIS DL T o AH S Ok Ul AR ST v Ry R B
R XKW T A SO A AL BN B A A b A AL
PERTE BRI A

YOS BT A [) H 4 24 A5 46 7 25 %8 3R] — R B2
R AR ERE IR TS L. ] SMOTE fiA
SCOF X 2 A e A O i A U BRSO
W 35 A I 0 B HE 4B 8 H MsmceNet, ResNet50 Fl
DenseNet121 B 2% 35 47 73 K AT 55, 52 40 45 R a0 &
3~ 5 PR,

#& 3 {F A MsmcNet & E G4 R

Tab.3 Comparison of classification results after using MsmcNet

i A¥M R AHE R
oLl Eo 2 B3 Hil4

REEEIE  63.48%  64.28%  65.93% 64.21%
SMOTE 63.85% 65.72% 65.20% 62.49%
A5 vk 66.26% 65.76% 66.27% 65.00%

R 4 {EF ResNet50 MEE N EFLERXFLL

Tab.4 Comparison of classification results after using ResNet50

- R¥f R¥E R¥E R
w1 EN 2 ER 3 fEdL4

REHEdE  62.71% 61.54%  62.63% 59.85%
SMOTE 61.21% 61.55% 62.42% 58.22%
AT 62.85% 62.12% 63.55% 60.16%

+£ 5 (£ DenseNetl121 MK SR FERITLE

Tab.5 Comparison of classification results after using DenseNet

. N R OR¥E R
o1 Ml 2 L3 Bl 4

Rk 60.10% 62.59% 61.21% 61.65%
SMOTE 62.43% 63.80% 63.64% 60.77%
ATy vk 63.55% 64.00% 64.30% 61.96%

SUR S5 AL B B AR SO I vk AR Ak B A R
YAy 1) S o R B S . 5 A ) A Ak B ) B R A% St
) SMOTE J7ikAH LG AR SO iR AR 3 Bl IR 3 2 2 A
B 105y JEHER R W3 BT RN 2 7E Msme-
Net Fll DenseNet121 IR . 76 A 2 i 4L
P4 | ,MsmcNet 1 DenseNet121 #4425 HEHf 24
TR 2 66. 26 % F 64. 30 % , BOIE T 1% )5 V5 AE ML RE
T PR AT 55 A ARl
3.3 AHMEHAFNSRLWEREESH

H AN [ 50408 329 i b ST 36 45 S 7 o 6 B 43 A 45 2R
Al DL B T 04 3 10 5 M D B0 1
EReRC/ A TR0 R NI e W SR T o E



% 3

ZEUTOR A5 T O SRR A R S A 1 S T IR 23

Th AR50 AR SRR AR 2E AT BT AT AL XS HE o3 B
A SR 23 A T ARAE 23 B 5 LAE — 28 36 T 4 4
3.3.1 A& oAl b Xt L

N T B R A B A5 5 5 R 15 5 o3 A 8]
f 5 28 L B IR A5 5 A2 LAY R, S RE vy 4 080 LA R R Y
T AN K TR 2 T B A8 fie R PR i 455 P

[f] b AT B 303 Y A7 TR — SO X 5 R A
XTEREAME T I A E R

LR A L HIT - SNE 5 80dl I 2 4k i 23 1T A1

IO P K 3 o3 A AR R 2 i

1.0F 1.0F . s [
o, .d\
0.8} / [ 0s8f o %},5{ .
0.6 0.6 & C‘j",ﬁ-ﬂf";{}
= / = ° ".-. ¥ ‘“.ﬂ -
0.4} 04+ ."- WP o °
’:..‘ ,‘.“if Oi
0.2t s 02} o Sl
’ n® o \{
0.0, . \ , . 0.0F, . Dad L
0.0 02 04 0.6 0.8 1.0 0.0 02 04 0.6 0.8 1.0
X X
(a) AM-DSB (b)PAMA4
F 1.0F e
. 08} l'??:‘;:“ 3
L 8t . o
0.8 . _.kc( : .,.;:%.
0.6 0.6+ Syl oniectere AN et
) ~o4f" ZERTBA
0.4 0.4 :’;."g 8‘(\‘(2:?0
L o e “fp goo
0.2f 02 ¢ SEAgL e

0.0t

0.0 02 04 06 08 1.0
X

(0)8PSK
A

0.0t

0.0 02 04 06 08 1.0
X

() QAME4

cHRAET

2 AFMESTRLEZHEIEL
Fig. 2 Comparison of the distribution of results after visuali-
zing four types of signals

Bl 2 i 2 - SNE Al AL JE B L5245 5
WU AR O B 28+ SNE AR IS 196 LR 5 .
HSE S MG BUE = 16 B b o A S AR — B0 B A
IR TR R A 25 8] AR A8 e b DR 5 LR 5
SrAi % . X T AM-DSB il 8PSK {55 . & U5 5
HHEIAF SN EE L RSO I ik e
XLEAE S IR b RE S A 28 M AR AT AR TR A A
A, XtF PAMA #l QAMSG4 {55, BAR A MIE 55
HIAF GAFAE—5E WY 73 A 22 53t o AH R AR 23 A1 s 34547
BN —E, XU SCH BT R D7 i AR X e S R Y |
I RA —E WA R H B — P
3.3.2 AF T HIE A LT

P 3 O 4 Bl i B9 B AR RS S B BEXTEE R . AT LA
AT PAMA 55 3O KR 5 EOE R A
HRLAR B BAR R BN THEA Q B {5 5 RECR B b
XERR S XA R S AR S B P A R B
X T QAMS64 {55, 3CH ELSLAF 5 BT FF s A A
T . 1 BEARAL L Q BOBHT R 2 2/ 7 65 AR 5 3
JE 5 A B o A7 BT A 8L X T WBFM fil GFSK %
F SO P S BRSO AR AL R B A5 B

x 107 LGS x 107 BIES
10}
s
=
=
_5.
,10_
0 20 40 60 80 100 120 >0 20 40 60 80 100 120
s} 1] Hsf ]
(2)PAM4
<107 AWEES
15F
10t |
=l
E of |
-5t ||
—10F
0 20 40 60 80 100 120 0 20 40 60 80 100 120
fi5F ] iy}
(b) QAM64
%« 107 HYA5 x 1073 BfEY
Z‘NW‘WW/\»/WVWWWWWW 2"AN\/\/V\/\/’V‘”\IW'\f\fv”\vJW\f
or —1 or —1
@ -2 Y m ot —¢
= iz
= 74_ -E~_4
i -61 i o
g VA o A I RS AT

0 20 40 60 80 100 120 0 20 40 60 80 100 120

:f ] iy}
(c)WBFM
x 107 HIES x 1073 GES
75t A A, R .
50} e WA "\ Qn
25t \ o \/ 4:U ) /
m 2 \
[ 0 E.EO— \
25t —2:
50t :2 4
S E R SR B At S et
0 20 40 60 80 100 120 0 20 40 60 80 100 120
i 1 i I

(d)GFSK
3 4MARNESHEREBESEEXRESHI
Fig. 3 Comparison of synthesized signals and real signals for

four typical types of signals
A
4 %iE

AR SCHE T ) AN B A S Y R ) o 2807 %
2 TT AR R A 5 R AR Y 43 A RURE A 22 ] Y B
BB E RS T AR T AR A L A - A ) R
XPor AR SE I, 7RSI H 4, 4 T 98> SNR 43
KA W, 4 B 7 MsmcNet, ResNet Al
DenseNet 3 40248 T K 1 4 Fl A 45 1% 00 19
PHE IR0 1T A US55 R E 5 1 IR Al
t-SNE 434 (9 25 5 . 45 R R W], A J7 Bk A8 1 B F
6 81 1A 5 I B A A H B S MR



24

TR

2025 4

TER 10 T AR 62 i i 7 0 L % 35 )

S8 A 1 i B AT R Al S ok A0 S PR = AR
5T R A B S 5 ) S R M S
P L LURE 2 07 1 0 T 8 6 DA AR B A 55
F3A0 Xt T IR EE S 0 R AT ik AV R R A

R T
S % 3k
(1] #lbe & it AL /R 5 5 90 2650 56 5

(2]

[3]

[4]

L6]

[7]

[DJ. %8« AR KA. 2020.

YANG X F. Algorithm and Application of Modulation
Signal Classificaiton Based on Edge Computing[ D].
Jinan:Shandong University,2020. (in Chinese)
JUL I, E BT, A2 (5 18 T MPSK 2815 5 1 9 il i1 501
(1] A5 54038, 2013,29(2) : 249-255.

YUAN H B, WANG K. Modulation Identification of
MPSK Signals in the Aeronautical Channel[J]. Jour-
nal of Signal Processing, 2013, 29 (2):249-255. (in
Chinese)

TR A ot AR TR R 258 (R AR
AP TTE L] B TR R4, 2024, 25(1)
115-122.

JIA XLJTIANG L.GUO J J.et al. A Communication E-
mitter Identification Method Based on Deep Clustering
[J]. Journal of Air Force Engineering University,
2024,25(1) :115-122. (in Chinese)

BAI J, WANG Y R,XIAO Z,et al. RffAe-S: Autoen-
coder Based on Random Fourier Feature with Separa-
ble Loss for Unsupervised Signal Modulation Cluste-
ring[ ] . IEEE Transactions on Industrial Informatics,
2022,18(11):7910-7919.

X A R, I8 BT A F gt e Y
fr 5 8 M U WF 52 [T ). 38 5 2 4. 2011, 32 (1)
144-150.

ZHAO C H, YANG W C, MA S. Research on Com-
munication Signal Modulation Recognition Based on
the Generalized Second-Order Cyclic Statistics [ J ].
Journal on Communications,2011,32(1) :144-150. (in
Chinese)

EM L EIER. —MET WAL OFDM {5 HE &
BB LT, B R4 5 AL . 2006, 21(1) - 37-41.
WANG B.GE L D. Algorithm for Blind Identification
of OFDM Signal Based on Higher Order Moments
[J7. Journal of Data Acquisition & Processing, 2006,
21(1) :37-41. (in Chinese)

SR 0 EF BT AE A R T IR A R e 2
B DOA ffiit[]]. 25 25 TR K2 5 4, 2023, 24 (4)
62-68.

GUO S H,HU G P,ZHAO F Z,et al. A DOA Esti-

mation Based on Deep Convolutional Neural Network

(8]

[9]

[10]

[11]

(12]

[13]

[14]

[15]

[16]

[J]. Journal of Air Force Engineering University,
2023,24(4):62-68. (in Chinese)
2SI AERG B A, — Fh ot 9 TR B SAR B
PO A [T ], 25 5 TR R4 241, 2023, 24 (4) - 49-55.
LI P,FENG C Q,HU X W. An Improved Interpreta-
ble SAR Image Recognition Network[ J]. Journal of
Air Force Engineering University,2023,24(4) :49-55.
(in Chinese)

EZ €M, KA B L AR, 3L T4 BERT #5574 (1) IR
SRR L] BETRKEFEEM. 2023, 24
(1):103-111.

YAN Y F,SUN P,ZHANG ] Y,et al. A Service Text
Classification Method Based on Domain BERT Model
[J]. Journal of Air Force Engineering University,
2023,24(1):103-111. (in Chinese)

O’SHEA T J,CORGAN J,CLANCY T C. Convolu-
tional Radio Modulation Recognition Networks[ C]//
Engineering Applications of Neural Networks. Cham:
Springer International Publishing,2016:213-226.
LAV BRI TR I 2 0 2% 1 A ) T
KL EN]L EETRRAZ2R AR Z,
2020,21(5):69-75.

SHI'Y H.XU H.SHAN ] J. A Modulation Recogni-
tion Method Based on Domain Adaptive Neural Net-
work[]]. Journal of Air Force Engineering University
(Natural Science Edition), 2020, 21 (5): 69-75. (in
Chinese)

PENG S L,JIANG H Y, WANG H X,et al. Modula-
tion Classification Based on Signal Constellation Dia-
grams and Deep Learning[]J]. IEEE Transactions on
Neural Networks and Learning Systems,2019,30(3) :
718-727.

BAI J,LIU X B,WANG Y R,et al. Integrating Prior
Knowledge and Contrast Feature for Signal Modula-
tion Classification[ J]. IEEE Internet of Things Jour-
nal,2024,11(12):21461-21473.

WANG Y R,BAIJ,XIAO Z,et al. AutoSMC: An Au-
tomated Machine Learning Framework for Signal
Modulation Classification[ J ]. IEEE Transactions on
Information Forensics and Security, 2024, 19:
6225-6236.

DAS S, MULLICK S S,ZELINKA I On Supervised
Class-Imbalanced Learning: An Updated Perspective
and Some Key Challenges[ ]J]. IEEE Transactions on
Artificial Intelligence,2022,3(6):973-993.

LIU J L,SUN Y F,HAN C C,et al. Deep Representa-
tion Learning on Long-Tailed Data: A Learnable Em-
bedding Augmentation Perspective[ C]//2020 IEEE/
CVF Conference on Computer Vision and Pattern Re-
( CVPR). WA IEEE. 2020

cognition Seattle,

2967-2976.



% 3

ZEUTOR A5 T RO SRR Y ORI IR 25

[17]

(18]

(19]

[20]

[21]

[22]

TORRES F R,CARRASCO-OCHOA ] A,MARTINEZ-
TRINIDAD J F. SMOTE-D a Deterministic Version of
SMOTE[C] /Pattern Recognition, Cham: Springer Inter-
national Publishing,2016.177-188.

O’SHEA T J, WEST N. Radio Machine lLearning
Dataset Generation with GNU Radio[ C|// Proceed-
ings of the GNU Radio Conference. 2016.

B AR R B AR G IR R 2 28 IR B ke 1T BR 5 05 LA
FEJ]. ARG TS THR . 2002,24(12) :25-29. 39.

LUO L C. Principles, Decision Threshold and Experi-
ment Performance of Higher-Order Correlation Based
Modulation Classification [ ] ]. Systems Engineering
and Electronics,2002,24(12) :25-29,39. (in Chinese)

B P A 4 B HS. B R IS FE T FSKF5 M
W 22T ], VG % HL T R 22 41, 2006, 33 (1)
98-102.

BAO D, YANG S Q. CUI Y P. Classification of the
FSK Signal over a Rayleigh Fading Channel[]]. Jour-
nal of Xidian University,2006,33(1):98-102. (in Chi-
nese)

TRl A Wk SO TF MR L 43 28 4% 1 38 A S 4
FYUN Rk L] 7 5 F B #2022, 44 (10D
3507-3515.

GUO Y C,YAO W Q. Modulation Signal Classifica-
tion and Recognition Algorithm Based on Signal to
Noise Ratio Classification Network[ J]. Journal of E-
lectronics &. Information Technology, 2022, 44 (10);
3507-3515. (in Chinese)

WANG Y R,BAI J,XIAO Z,et al. MsmcNet: A Mo-
dular Few-Shot Learning Framework for Signal Mod-

[23]

[24]

[25]

[26]

[27]

(28]

ulation Classification[ J]. IEEE Transactions on Signal
Processing,2022,70:3789-3801.

BAI J, WANG X, XIAO Z.et al. Achieving Efficient
Feature Representation for Modulation Signal: A Co-
operative Contrast Learning Approach[]]. IEEE In-
ternet of Things Journal,2024,11(9):16196-16211.
CHAWLA N V,BOWYER K W.HALL L O,et al.
SMOTE: Synthetic Minority Over-Sampling Tech-
nique[ J ]. Journal of Artificial Intelligence Research,
2002,16:321-357.

HAN H, WANG W Y, MAO B H. Borderline-
SMOTE: A New Over-Sampling Method in Imbal-
anced Data Sets Learning[ M]//Advances in Intelli-
gent Computing. Berlin, Heidelberg: Springer, 2005
878-887.

DAS S.MULLICK S S,ZELINKA 1. On Supervised
Class-Imbalanced Learning: An Updated Perspective
and Some Key Challenges[ ]J]. IEEE Transactions on
Artificial Intelligence,2022,3(6):973-993.

HE K M,ZHANG X Y.REN S Q.et al. Deep Residu-
al Learning for Image Recognition[ C]//2016 IEEE
Conference on Computer Vision and Pattern Recogni-
tion (CVPR). Las Vegas,NV:IEEE,2016:770-778.
HUANG G, LIU Z, VAN DER MAATEN L, et al.
Densely Connected Convolutional Networks [ C]//
2017 IEEE Conference on Computer Vision and Pat-
tern Recognition (CVPR). Honolulu, HI. IEEE, 2017
2261-2269.

(%R 4 IR b b))





