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Learning of visual Representations, SimCLR), +
T I g R A A — 5% AN R AR B 2 TR AR AR, e
HEASTRDS G (B R ARAAYE RS AN TE P v i dfs v 2
S BER R NRHER R . SCER[7) 3R —F A T B
B IER AL 2 2] A A 2 0 L 2% 2] U7 v (Video-
level Contrastive LeaRning, VCLR). ffifi1%T41
B BOE SCIEREAXT Dfife & s B TR UE &, JF9
AN TGS IE AT, SCHER[SFR H —Fp T B F
SOR PG EE ) 118 C5r EIHESE (Contextual contrast-
ive learning for semantic segmentation, Contex-
trast), HAZOEUHET 2 RIEZRMER G HLH 514
TGN TR FESRNG, SCHLTEAF () b SRR A
W8, i O B SR B 7RI AR TR T 5
SCHR[O) 5 —Fh T H AR 5 AR B ) 1R A )
X B 2% 2SI HESE (Contrastive LEArning for sen-
tence Representation, CLEAR), F|H X} b2 3] A
MURF I SR SENG, ST VIR S B ATERE, NER
B 5 AT )] AR SIS TR A . SCER[10]
W of BE 5 2197 e 35 SR, 38 ) FH R 1) A
HORIENE, $RAL T — Mo bR R AT A% 2] R AR AL
HIHTTTE . SR, AERFIA) 20 23 M 4k, o) b2y =)
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KA T B AEHE H — Bl T 5% b 2 ST 1 55 MR B AL
SN Tk, GBI MR T L STRESE, SRE
XLt (8] 7 B S AT B s A7 = s o, AT
B SR AL IIATLBIAT A, 980 X K bR vE S (14K
i, PEEALBIRBIR T RERNZ ALRE ). AL T TT
MR

(1)t —Fh ) i 1 B 18] 73 5100 b 2 STHE R,
K SimCLRAEZEY & & RATHLE A 5, Wit T
I B B B () I 4 . 4 HEE . FEl . BHES
SR BRI B v, DA R — S AN AL

(2) 25T 55 B RRAEXT SEALEL, 51N B XS EL A
KERBINT-Xent, i3 % E GREAXH R
AN P71 B, B R R AR 55 W B LB R I 55
SEAF I IR, BRI T BUNHER R 5z L RE

(3) K FH i 3] oy Sl o SR MG, 45 PRI ZRAFIE S5
RS /3, BOIE T 32 AR ZETE K751 42
H P AR e

2 tAXIE

A RHUHLBh 7 253 9 RN 3K ) 5 4
PEIRBN P RALAR A . BT R 1) 77 V2 40 s
FIGRAENIR, TG BOE HLEh RN 5 RAE R B R
PHLENAT . 8 B AT S 83 A G AR AR
BEAT FIWT o AE 16T BRI s ELRL U BARA I, e bR a1
Wr, Z5RWEAWMEE. G, SCEk[11)F A &
1T SHORWRHER L 5B E0 1R, 18 P AR U
R 3 AT B A TR ol 60 R R A I 1) RS A A E AL )
SCHER[12]4¢ 5 T 8h 2 VU307 4 25 1KLL sh 3h
PO T AT IRV, (H AR SR AR
AR ENIRM T X R BE, ESH T A
e . CER[13)E 2 S H IR I AT LS, &
SRS P, A BB TR 0 B0 O 2 S B v K
H BBl R X EEE TR B0 7 VR AR AE B B AN
B, MEANREEMERE R, LUK R TR SRS O
AT REAFAEATENE, VIahaifEZ R, BRELL
TRUEAERA A 8, @B AEFR e S MBI, &5
AR R .

B IS T E AR REBIRH22], RESZ 4R
AR, 75 ATHLE IR EHER RS, tEEET
U 1) 7795 B A A A B A Bt A R o 45
i, SCHR[14]%4 2 B4y 73T (Principal Component
Analysis, PCA) &4t 5 it 3CRF M &ML (Support
Vector Machine, SVM)®iE45 &, H T B FITF
FSRNEARATHLE . SCHR[15] 48 H AE SR AR B i B
53 FHESE (Online Ensemble Semi-supervised Clas-
sification Framework, OESCF), fll&1EL5 >

A 2 ML, eI H ARHLE R HE
BRPEAISEIN 1% o SCHR [16] 9 il P 6 AAE R KAL (Un-
manned Combat Air Vehicle, UCAV) ¥ATHLBNH}
R TR, 5 2 SR 7 S RS I A AL (Moulti-
strategy Affine Canonical Time Warping, MACTW)
Tk, A ENASK A% (Dynamic Time Warping,
DTW) 5. 2777 BAEUCRIN 18] 7 51 8045
FMUCAVEHESE ERIVLTEADTWA L, H
TR R, MWK RIH. SCER17IR 4 &
TC B SRR 22 () A I FHHESR, I BhaA 5.
DEIFS AU I RALE A%, RS IR
WA TAERRIT A TS 1. &bk, X3
Hll SR T7 1 RIAEAEAE JRy IR o ANONS T3 R IR
— KA, RE TRER B N A ERBR R, T
H AT §E 52 K dl BT RO, B A A AR R
BRR BN 45 r) R, BERNZ AR RE I TR, Wl
RERATEE o

BEE IR IR, BT A2 M LSl R )
THEOIEFE R, R4 N 44 (Recurrent
Neural Network, RNN) & AR &K Ji B0 A2 0 4%
(Long Short-Term Memory, LSTM)®EMRH . &
ITREA R AL PN (] P 51 it ShFE R AR,
FERAERE . ARZeiE AT R AL BB E, HAL
P I PR REAR TE R 2 . SCHR 18] % AR T T A
BELSTMAIHLEE N 25 LB R SR . fH BISHAP
AT EACRHIE TTRR, 7 B A AL S (Basic
Fighter Maneuvers, BFMs) R 5 CBERFE, $2H 1
AT ATEALER N AR PN OL B TR B . SCHR[19)]
Kzt 1 TR A L Bl = R v ) 4 o
S E R AL FFAT XA RGP 58 T I 2 AR (A t-
tention enhanced Tuna Swarm Optimization-Par-
allel Bidirectional Gated Recurrent Unit network,
A-TSO-PBIGRU). ZA& AR FH HF:47 X0 [ 12153
FRITEENY, RIS S R R g ], Bl TS
P EE, A IRAS G TT VA ORI — 7 17 i dhs )
Béd o SCHR[20] ) F ¥R B2 22 73 H 2 i #5145 (Deep
Variational Autoencoder, DV A)FI F i& ¥ 2 25 i 1]
F B B 7% (Adaptive Dynamic Time Warping,
ADTW), M RATHLENR A S R AR R R 4
IR JE GG A R AR B R VP 2 SR VAL AT A,
VRS R 2 e B AR R . AT, R TR
J& 25 ST BILEN AR T VEAFAE ) v 8 32 SO B S5 4
SOk, IR IIGRIR B AR, A
e HAERS s TFEBEEAR R, XERER S, B
IS S IR

AR TERY], BUA WAL TE S A R
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3.1 tREUMEGIA

AR SCHR AT B A ) i 55 B LB PR Al
Jik, Wi SGESimCLRAESE (Simple framework
for Contrastive Learning of visual Representa-
tions)!®, SIS E] 5 5B o B AR AL, AR AR
IR . BEAAHEL 05 B df 8 9% (Data Aug-
mentation). Zifid#(Base Encoder). ##3k(Pro-
jection Head), XJ Ltk % (Contrastive Loss
Function) 5 (Fine-tuning) 545 7% RE
A R I 18] FVEEAS S, AR AR B0 s ke et 4k
e DR, SLFH s K60,
3.2 BY[E)F5IHRE R

Hl g o X e SIS, R H Rl
X PR AR B AR AR e, SR A R — S AN A
R P 20220 3k G s i R L 1R Dy TE AR A iy A A
K B A FIREAS B S B IR N SRE A o f I (8] Fe
HUHERE FAT 35 (R TR) A AR BRI, AR i Eicds
BRI E TR EA N T T R 51 0, PR i 22
BEUE A TG 58 07 1% LAE S I 1] P 9 R 1 . e
BEX = w1, @2, - 2o SRR, Hitiz, € R

(i = 0,1, n) N R PIME, mBRFFIEYERE,
n RN A2 o Dy 1 B i Ach B BN 1) 7 270 5040 1)
P, AR BL TR 5G9 7

(1) [8] 45 (Time Compression): K H 3K
SRARAEL, SEPL0.5~2.0f% I ] R AR #e . i3 [X 3
F B 77 VR VR IST )l A R R R B, ARADLIN (8] 2 1)
FEANFIR B R NI R4 JS  EF S &
FEDXTA] [t;, i1 ) N IHEE AN @ = ai(at — )3+
bi(at —t;)? +ci(at — ;) + d; o o, TR
T, AR B PP B ALEAS R IS TR ROBE R AR AR B
FH¥a;, b, c;, d; AT HRAREA] 7 515 24 ) eR A
EAL FHOHEASH .

(2)4E /% (Scaling): FEHLZERE10% ~ 30%RFAiE 4
FERFATO0.8~ 1205 4718 - X B Hhide s BU AR ) 2% iy
JS7 AN [R] R A48 TROERT 1, 14 iR 7R of s 5 3 A P 5
PEo WA TR RE B — D m x nFERE, Hrp
By RN R FEBE X 54T 5 5 A1 e R A TR T .
WU 448 T3S 1) R B X AT OE Bk B R vk R R A
X = X o B, HoF/RHadamardfd, B2 [A]4E
JEEHE BT S TG R AR

(3)HEF (Permutation): &ML EHRE 741
Sy EIAE~ 101 Fr BRBE AL 4H,  GE {5 ARE A A AN
IS PRI R A7 100 27 2 I B) PR 3 R I A R R IR
BHES B AR K I 18] 5 51 73 B kA TP A1US = S,
So, e, Spy BENHBE BT N = 71, o, -, s
THES J5 I X N: X = [Sr1, Sras -y Sklo

(4)##k (Masking): LA 5 15% ~ 25%H [H]

SimCLR
Z; h; z;
—> |/~ —— Encoder —_| | ——Dense ReLu Dense—[ [ [ |
Data PN
I/\ N Augmentation ARALLEE
i i 51 — I/\'\/\ —— Encoder —{ | | ——Dense ReLu Dense— | | |
i ; hy z
i e e Yl 3 THRALE Bk
Koy =) 9(*)
B P 51 B0 80 3 I A
TNERFI SRR
)78
S _ mwowe vy 88 o P
i - LR e
b
HiE g8 Il

P 12T st ) i 55 B LB IR B HE S



FE11

RIEREE: 2P TR B 2T BRA) A 55 M B LA IR T i 4507
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BRI DL, PR R B SOE B AT T .
B ATLIEE 6 oy P 058 29 0 3R 9 5 8 R i A {1 (n Bk
FEME), BRI
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(5)#H % (Flipping): K FH100%ME 2347 B 157 )
¥, SEoRA RIS BT AR RS . RS
FHXN: X =[x, ®y_1, - X1

A SCEE X EEAS HLBIRE A PAT 2000H T AR AL ) £
P I v AT, AT AR 24N AN R R B AR A . 45 T
FE R AR L0 S ERBENLA Sis M, BT 24
G s 2 &, BAG DL T BB U2 I RFALE
AT T H SRz ARE
3.3 Ymho=y

Xof G5 3T B 2 o 25 08 8 e — MR BE AP 2 P 4%
AR ResNet- 18 4L 1 hy i B 25 0 184 548 J5 K AL
BB FEAR AT RAES . i T o KATHLE)
I 18] 7 47 B 4 B A By 7 QI 5 2 4R E AR S R
PE, AUEA TN ResNet-18 444 HE4T 1 3 B2 14 i
ko F RSB BRI BIEERE, BEINEREE
By NEIE N, BRI KRN A3 BN,
HANIERZ: B ERIE AR S TP i Rt
Iz, B Geoxt I iy SEEAT A3 8] T SR, AT DR B
WUBIPIR S T 45 iod 12 vhoAH AR I 8] 25 (1 40 R AE 2R 4k
WA A . TR R B BN 55 ;. IR B ResNet-18
FR ZE G K, BRIy K= .

EONFFIESE BB 19 B HRRE, & idsqueezedf /F
AN B SKMLP . $5%k MLP f 24N 4 4
JRA R, TR R AR SR S B L AR B 45 E 4
JEZ, O AY & A ) 2 () B — 5 G B0 b
AMEEET, AR EE R,

3.4 XfELIRRERE

PR R L SIHER R DA 2 —, BElS
A R0 T TE A A0S AN U AR 2 ] AR AL 2221
AR T I3 — A 4TRSS SR 45 2K R £ (Noorr-
malized Temperature-scaled cross-ENTropy, NT-
Xent)!o ELEREARES (@)} T I IERA XS 2; Al
& KIEOLT, BB H AR 2] — MR a], A
RELE @ TEOLS, BENS IR R 0 R IE A

Az, [FIRRAAEAR KR RHEZ . HKRBNT-

XentFJTHHE AL H
Lij=—Tn— exp(sim(z;, 2;)/7) 2)

Z L) exp(sim(z;, z)/7)
k=1

Hrp, NRHEERA: 2 M2 2 IEFEAKS R IR R
A e RPN E R AR TR
FEZH, AT HBARER 7, R A R

T
$N%B%ﬁ§;ﬂMMw=ﬂﬁﬁm%%E*%
JE BT B Pl 2 LB AR LRI s 1 AN
TEREL Mk £ B 1 Sy 0. B AR
HINT-Xentdii 2k~

1
2N

N

Z (Liit+N + Liyn,i) (3)
i=1

ERT AL, SePfE e MBI iER IR, T
SABAREHRE, $EHOE . SOFEAXS AL BE 15 55 - 5F
%, ZARESHEAN)E, A8 SO R RO E I
H— A3 B I A FINT-Xent 512 . #5891 Zxid 72
KHLARS(Layer-wise Adaptive Rate Scaling)ff
A%, JEI G R S R e L], BRI
HRERGEM, BB 55 I B LS R pAESS
U Hb A S)RAAE, SRR BIHERR 2 592 f RE
3.5 HEAG

NIRTFHE AL [8] 7 51 5 AR 55 R I I RE, A
SCHIN T HROREEAR: FxT b= ST Boll 2545 21 i
RBHAEAVIIEAE, S BER O2 8 MOHEB
) B FHRE R N ARAE NS RIAE 55 7 K
MR i Je — BT R . WAt N £(0),
BLENZEHNECNC, 4 H 2 B 8 ] DU & o
E—EWMZE, WEMHE4ERENNERNC: fEHLE)
AT S5 bRy S 45 Bt Il 4k, RAB/NII
SIRBATRAL, DA AR T 2RI B 5 3 1 38 FH R AE
AR IEE N, PR RS e Az 1 e

At B As A2 e MU LB EIAT S5 45 E 45 5% eR 2R
FEIRN IR W A T00 ik St U RO ) H bR R ECH

Lot = Lu(FO) £ M0~ 0 ()
Hrf, La(f(0)) AR5 R R, Ler R
TR BOM B ARME S #AT RACK R 225 £(0) 21T
KA, QRBIASH; 0 & WIZM B A 2
B, AE T R B £ A ) B R AE
ME RN ZE, H T 46T SR E A 5wl 25
AL AR B2 T (10 — 02 & E ML T, B
LT B I 2 8, DAORRETOIZRMT B
B )38 F AR o
4 FEXESSH
4.1 ZLEHEWENAAR

AT FCRTAE R AT HLBN B 58 4 RIR T i fR
HAEEAEFADCS-World. % F & HEXF/A-
18 “HHIE” SRALIRS HE AR S Z AT i e

Lij=
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FEEJE A2 B T RIS SR, 3RELR
AREAERI BB S 751, AR SO P B AT G
B D RITEARIIWIG S WIG6E R R LE)
B4 NPT E WAT . BB S 2 A AT
T, HAREE MU EdE, v )EgaR BT
FiBL5E HE A

KO R AR B BOR FH 20 Hz e 48R 34 37 (B0 45 b
0.05 sk 1Mil), [FEPPIRENASE. 4ifE. WL
WURR M A A SRS ER, W
FRR IR P R . RO HIAR R R N IAEIERS
PESAE A, BT JRGG 0 B 5 R A 1 e
#ZER-J6-R(ENU) R ZS% &, LSZIIER A
B SIANYRRR B RS, FIAHSIAM T
AL S Rk %E, RAFEGEEE. 1K
W RN PP AL R B, R R 1 2 1) 5 I T 4
S ST .

5 2 % B AR M SR LB sl — 3
FEBIVR . IHoh. BOR. 2. fithe. &, B
WebE, Mg T 3Gt NIRRT HE 4R
(D1~D3) 34N s TAEA, RSN
BIFEA; A BESE (DA~D6) IR AL A LAY F
SMBERN NS, SCITREIERE R AR
(D7) A MR IAINE, ¥R E
FE (AR 1FTR) o S BIEEEL H300%% . 50MUERAE )
FERRI K, 40—l 2.5 A ] & 1 br 1k b
B, DA R AS P18 S B S REAE X 55 %2 25K
WA 2 TR — LB R U 7 5k,
ERETE T AR S ML A A B NIz AL RE
A5 B SR B B A 2 RN 5 TSR SRR R Gt
FUHRAIL T RS E AR A
4.2 XHWIGE

ARSI R X bl ) TN S-SR A
B, SHORE LA H R LB AR 1
SRR IR S ARIERG B . THIINZRRY B DL Bt IR 1)

x 1 EhBUREBER

F e S RISt

D1 SRR W, BOR. . TER
EiE D2 SRR, BOR. 286 . ek

D3 AR b IRF R R

DA RN, M. HOR. 56 . eIt ek
AR D5 RN, Wb, HOR. St NTL. b Rk

D6 CRRGENR. M. BUR. A% T R, ek
emp pr  CHEERE. WM BURE S .

T&Ft. REnt. ek

ResNet-18/F N il 2%, 2T SimCLRAEZE5E
BROE B RFIESE ], B E W T fihE Kb
(batch size) W 92565 K HINT-Xent 45k o Hk) &
XTEELA A, ISR H0. 2 AP IE SRR AR X 4y
s AL EIERLARS, %£31%0.05. 31&E0.9. LARS
Z%00.001, BLA le—4MBCE ZRANH S LA, &
%30 epoch.

Al VR RSN o B s B I TN S S B AE AL B iR
AL RS, R« 99 B o - 26 1t 43
R-PEEAL R Mk R O sE
ANTE] B A b )11 25 6 5 6 1k AR AR A0 55 1 B 3
MRS EN: Adamib 832421 %0.0001, 5
KRB R AL2E N4k, 1EN4k REN
0.001, batch sizei¥t H128, I )E 40 epoch,
[F B 51N ML, 3% S5 %50 560 Uk 4 A 2 o Pe
W&k, ARz tERE . RTHKALBIF 51
SR HER e, AR SORTEMNRSE B T
— AR IREE, RHBEE X KALE) T 5 1 T
M RAT R BARTIE, K50Mi ml R Lz)
TR NN EE B, R 2 5 S R S RS 5
Jr BRin £
4.3 LWEREZEES

TR B B A FH PN 25 2 B0 aa A0 pk AR R AT
KA, SRIEE AT &R R A5 K H —
LB LB B, AT AU e ARETURA T
2%~ 30% B I 2R i Ll A a3k A7 PR RE DK, B8 E 55
M B E ZRAE 2 LBl U R A R . Bk B
WIZR2FT7R o

Fe3-FK50 MR T AR be g T R 7 &
(Base Method, BM) 4% 2£ 77 % (Voting Method,
VM)TETN a5 L 1R HEfR %

K3 R MACE R 7 K, il )7 £ BasefE
D14 EAUE FH2% B bRy 2o, R 0 i 2 B
WA F35.6%, WEBEAEGWE ST, FETRE
D20% bR BUHE A RE A BIARIE HER % . PEER3PTR,
L0 LL IR T 2 10% 0, HERR K £83.0%,
BINEIE133%, UESE TN} bb 2 S R bR v Bl
BN

TEZALRE 17T, ZAELEAE S B 45 LRI
Moo fldn, S R 4% S RIS Voting, BEALTE
D1%#R 4 FR I B2 MR T IR 2T e ). 7EAR

x 2 BB BIRISIER

Y5 e (%) EBE(%) AR AN
WRARHE 4 5% 2,4,6,8,10 2 5
PR EEE R 12,14,16,18,20 2 5
&S 5 22,24,26,28,30 2 5




F11 RIEREE: 2P TR B 2T BRA) A 55 M B LA IR T i 4509
* 3 MRBUBARIRAERR
PR D1 D2 D3 D4 D5 D6 D7
T Lt (%)
BM VM BM VM BM VM BM VM BM VM BM VM BM VM
2 0.356  0.545 0.328 0.281  0.533 0.466  0.429 0.540 0331 0.320 0.420 0476  0.316 0.327
4 0.675 0.828  0.604 0.625 0.730 0.742  0.627 0.745 0.553 0.625  0.605 0.755  0.557  0.696
6 0.751 0.893 0.682 0.765 0.776 0.832  0.700 0.802 0.670 0.780  0.678 0.824  0.655 0.774
8 0.820 0.955  0.708 0.835 0.803 0.870 0.738 0.855  0.698 0.814  0.691 0.857  0.698 0.849
10 0.830 0.958 0.694 0.816 0.805 0.832 0.751 0.859 0.726 0.867  0.710 0.867  0.707 0.847
4 PREBEARRAERE
D1 D2 D3 D4 D5 D6 D7

i 10
BALLE (%) BM VM BM VM BM VM

BM VM BM VM BM VM BM VM

12 0.843 0.937  0.758 0956  0.838 0917 0.763 0.859  0.713 0.857 0.718 0.886  0.763  0.908
14 0.862 0.980 0.763 0.886  0.840 0917  0.767 0.859 0.736 0.886  0.735 0.901 0.757  0.861
16 0.867 0.980  0.775 0909  0.867 0981 0.768 0.831  0.755 0.901  0.755 0930 0.770 0.873
18 0.871 0958 0.779 0.886  0.890 0999 0.781 0.859  0.749 0.915 0.759 0.930 0.775 0.896
20 0.875 0.980 0.803 0979 0.879 0959 0.768 0.816 0.759 0.915 0.764 0.930 0.773  0.896
® 5 REBEARIAERHE
ALLB(%) D1 D2 D3 D4 D5 D6 D7

BM VM BM VM BM VM BM VM BM VM BM VM BM VM
22 0.890 0977 0.783 0.862 0.888 0979 0.775 0.830 0771 0912 0.765 0.926  0.783 0.916
24 0.883 0.979 0.781 0.859  0.889 0.999 0.798 0.855  0.753 0.897  0.761 0915 0.772 0.895
26 0.882 0976  0.798 0.885 0.886 0998 0.815 0.898 0.770 0.915 0.773 0926  0.782 0.918
28 0.892 0.977 0.795 0905 0.887 0.999  0.817 0.902 0.771 0912  0.775 0928 0.780 0.918
30 0.895 0979 0.791 0.861 0.870 0.977 0.816 0915 0.772 0915 0.768 0.928  0.789  0.928

5 2% bm v B4 (0 AR iy 2% 1 T Lo R HE A 2R D
AR EI54.5%; AR A LU I 2 30% 8, AER
RF—DRIEIT.9%, WR3IMES. X—45 1M
5 T BasefE RIS 26 F N ORISR, ARIL T BEZZHLH]
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Abstract:

Objective Accurate recognition of aerial adversarial maneuvers is essential for situational awareness and
tactical decision-making in modern air warfare. Conventional supervised approaches face major challenges:
obtaining labeled flight data is costly due to the intensive human effort required for collection and annotation,
and these methods are limited in capturing temporal dependencies inherent in sequential flight parameters.
Temporal dynamics are crucial for describing the evolution of maneuvers, yet existing models fail to fully
exploit this information. To address these challenges, this study proposes a weakly supervised maneuver
recognition framework based on contrastive learning. The method leverages a small proportion of labeled data
to learn discriminative representations, thereby reducing reliance on extensive manual annotations. The
proposed framework enhances recognition accuracy in data-scarce scenarios and provides a robust solution for
maneuver analysis in dynamic adversarial aerial environments.

Methods The proposed framework extends the Simple framework for Contrastive Learning of visual
Representations (SimCLR) into the time-series domain by incorporating five temporal-specific data
augmentation strategies: time compression, masking, permutation, scaling, and flipping. These augmentations
generate multi-view samples that form positive pairs for contrastive learning, thereby ensuring temporal
invariance in the feature space. A customized ResNet-18 encoder is employed to extract hierarchical features
from the augmented time-series data, and a Multi-Layer Perceptron (MLP) projection head maps these features
into a contrastive space. The Normalized Temperature-scaled cross-entropy (NT-Xent) loss is adopted to
maximize similarity between positive pairs and minimize it between negative pairs, which effectively mitigates
pseudo-label noise. To further improve recognition performance, a fine-tuning strategy is introduced in which
pre-trained features are combined with a task-specific classification head using a limited amount of labeled data
to adapt to downstream recognition tasks. This contrastive learning framework enables efficient analysis of
time-series flight data, achieves accurate recognition of fighter aircraft maneuvers, and reduces dependence on
large-scale labeled datasets.

Results and Discussions Experiments are conducted on flight simulation data obtained from DCS World. To
address the class imbalance issue, hybrid datasets (Table 1) are constructed, and training data ratios ranging
from 2% to 30% are employed to evaluate the effectiveness of the weakly supervised framework. The results
demonstrate that contrastive learning effectively captures the temporal patterns within flight data. For
example, on the D1 dataset, accuracy with the base method increases from 35.6% with 2% labeled data to
89.5% when the fine-tuning ratio reaches 30% (Tables 3~5, Fig. 2(a)). To improve recognition of long
maneuver sequences, a linear classifier and a voting strategy are introduced. The voting strategy markedly
enhances few-shot learning performance. On the D1 dataset, accuracy reaches 54.5% with 2% labeled data and
rises to 97.9% at a 30% fine-tuning ratio, representing a substantial improvement over the base method. On the
D6 dataset, which simulates multi-source data fusion scenarios in air combat, the accuracy of the voting
method increases from 0.476 with 2% labeled data to 0.928 with 30% labeled data (Fig. 2(f)), with a growth
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rate in the low-data phase 53% higher than that of the base method. Additionally, on the comprehensive D7
dataset, the accuracy standard deviation of the voting method is only 0.011 (Fig. 2(g), Fig. 3),
significantly lower than the 0.015 observed for the base method. The superiority of the proposed framework can
be attributed to two factors: the suppression of noise through integration of multiple prediction results using
the voting strategy and the extraction of robust features from unlabeled data via contrastive learning pre-
training. Together, these techniques enhance generalization and stability in complex scenarios, confirming the
effectiveness of the method in leveraging unlabeled data and managing multi-source information.

Conclusions This study applies the SimCLR framework to maneuver recognition and proposes a weakly
supervised approach based on contrastive learning. By incorporating targeted data augmentation strategies and
combining self-supervised learning with fine-tuning, the method exploits the latent information in time-series
data, yielding substantial improvements in recognition performance under limited labeled data conditions.
Experiments on simulated air combat datasets demonstrate that the framework achieves stable recognition
across different data categories, offering practical insights for feature learning and model optimization in time-
series classification tasks. Future research will focus on three directions: first, integrating real flight data to
evaluate the model’s generalization capability in practical scenarios; second, developing dynamically adaptive
data augmentation strategies to enhance performance in complex environments; and third, combining
reinforcement learning and related techniques to improve autonomous decision-making in dynamic aerial
missions, thereby expanding opportunities for intelligent flight operations.

Key words: Contrastive learning; Maneuver recognition; Time series; Simple framework for Contrastive

Learning of visual Representations (SimCLR); Data augmentation
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