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oK. XTI WS S BT ERS
FREMHERE RGME 5, Q0T G — EEASRC I [A] 03t
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51 T g8 /3190 TimesNet M) 4 — 4k i) [8] /7 41 25
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AT, FESFERE E, ZengZE NI FERIF, WF
THU 1 e B0 32 T I A DR T B 28 ) Trans-
former&h i), T S 5 i AWAS Y S5 1) 54T 55 K ME IR
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SRV BV RPN SR ¢ S 5 A TIN5 i =
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TP R AR Y . SR, X I P AE 4
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BT, AR SCRET KM 2 32 AL
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TCNHA R B35 s AR, Aot i
— RG22 R RN 7 48 E = TR IRES
T 77 3 GEMS-TCN . & X 5T 70 AE 22 B (7]
JOBESRE R — | EIERHER A 78 70 B ), AR5
BB\ 2 R R Z (Multi-scale Embedding,
MsE) 25 7y 41 @ 18 7% 5 71 (Grouped Squeeze-and-
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0.171. 0.069, AR 7 KM 375 T FH E =T
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Tt AR 2% DL R 5 LS 6 1 73 28 B v R ) SE I AR
BHBIEAER Mm-S o AEME, Con-
vEFN 1% &8 77 H (groups=M), X HAZ G [ 2 4
REAEEE BEAT AR LR R RS, SEIL AR B N RAER AR 4k
PEEM; GroupSE1TE [F]—2% 5 P 3 58T 7 BL Ak
BUEE, DL SR & P RRAE IR ARG F B . B
NIRFIE4E L B, ConvFFN24ZHFE 4321 (groups=
D)L EMA KR GroupSE25 2 [A—FHIE
YELEAN[FIAS R ) B PLE,  SEHES AR S R I

X PR BRI A S A BB JE IS5 1
PASBCE AR ER DR 1IN PR R AR5 [A] SR AR
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&
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1 GEMS-TCNAES %2 g ]

GEMS-TCN Block#E&, BRI T 2 REMIE
8] 7 51| ik X e REXMxDxN - H g i b 2 85 4548
B NEHEE S S Z € RBXM*(DXN) | Jff5 4%
SNSRI ES SR AR Rl A B ey AL A T
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Xemb = Convld(Xiy; P, S, D) (1)
HH DRFRAE RN B, 106 B K/ PRID IR
SIE] 58, IR T B — FUEE 2 3 BB B ARFAIE 1) 23 FE R R
i, PRARH A E S . MsEEXEIANZ REL
BUZEA (P, Py, P} FATIRBUR RIS 8] % H R

FRAE, 493 =P A [RS8 R A RN R -
P1=P2/2; P3:2XP2 (2)
Xk, = Convld(Xu; Pi, S, Dy), k= 1,2,3  (3)

A, 200 SCH 2R I R 4% 5 i AR 3 3E T 1]
%, TR I 1A R A (RN R 7R Xew, €

RBXMXDXN .
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Squeeze-ExcitationB B, Xt 2H P FIRFAES S
EAT He AR AV, S8 ZH Bk ST 8 P R B
1% KN NTIIZ 554 F (Pointwise Convolution,
PWConv), %> JEL AL A &
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SE, BER I EY R BB A 4E 5 S
BRI
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JiR A KA v 55 ] 30 AALHERE R Ge i 2 o8
ERERHE A S &, T2 e . K7L
SERET2YE P RHEAE AR N, DAL 44 HHLE)
REEGHL T . I B oniR B . SRR BT DL M TR g
TP 164 S BRFAEVE N T B Aw o AR SCHR 1 B
K TR, FlR164E CHRriE 5 Kot 57
Wy AR M AR R B A O, H S R T
AL IR RR RVE IR L.

AHI 5T R 43 B A I DG B R AR 5 A N\ SRR IR 2 [
MGt <BE, FFRE 73T HAS BT K
PSSO T4k S NRFIE R o It RSt ik
R, WATEH KRR DL A B RFE 5 AN HE
fELH, BARSHNFEK2. FEEIAFE B bREFIE X B
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R HEAE4EL HpE i
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2 e R G 144844 LA b B P
3 TR FERAE . AL bR
4 RS GBS SUREE WEAREE . 72 A IS iR
5 HHBHE WS 1A BHLEBNLF S, BHLRGCRA . Bk AT
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K 3 FAFALLLS 14 RS AR A A X AR B A

ANy 248 B 35 5 R S5 PRI R AE 2H 3R 30 HH 5 G
e MRy, =SREEREEHHERS. B R%KA
AT HIRE R R S AR OO, i BRI 4H 1)
RERPEREARE 55, RS RRM, 164 CHPIRE S
T2YEH NRHIE 2 (B A 1E B A5 A TREMLEE R St
HRioC &, Hod i R O AS 3 ERAL AL B AR 1k,
RS N L5 A SN IR L 7 Bk S it
TOLHIRR AR . (R, DA724E % N REAE To0l 4 it
ARG 164 RS BA AHME, OB R AR %
THR ML T AT AR S HE

JRIAE R A MBI 2 Ai F LS W E4 R Sk
PIEBE S PR EE . 5, WRIERERG KT
H ¥ 5] ) 7 BAE g — IR 1R 5] . Bl S, KT
BARBE B 7 B i 3 i i 8 BRI e s K H
FHT VU537 5 (Interquartile Range, IQR) it
MITE, QiMQs rmEREL, F3S A E, 4
FEA S FTES Q) — 1.5 X IQR, Q3 + 1.5 x IQR]

XA R i, % U E R . Sk 5 e
SINHIBRS TS, R L A 4 1 0 1) S A i 2K K
P, IAEARAE S PR UGHAT R A I 5 FRAEARAR, AN
MR OR T RS 5. e, ST EUE
H) Gt — B AT B R BARAL, K640 RUBUE AR
326, PABEMRAAF & .

BRI 7y T7TH AR EAE I TR MG 17 70 iR
W, WRARAS BA R NS . %8 1:1%15r
WELE. AR SIREE, X I GRS AT bRk
WA, R [F — A e 8 T Bk 4R 5 it .

I#] 7 3 J0 AN UHESE 22 G0 I bR T oy M B 2
SRR, R AR R 3 o RO 4R B A IE R AR B bR
%, MEITEMES. Hd, ATAERE RS, IR
RREARBARZEIRFE . NE NI REIFAR, N 8] &
FHK B B2 5 N96KD (time step=96), K5 724875 SRy
TEIE NS — MR ARsamplel, #7TRINAS A 25 5 #f
AR A IS [B] 25 1 B9 107 (horizon=10), Ff-HU164E
HEE R GRFEVE ARy 1o N R 78 53 R B4
B, FEAMBREEIHE B (8] st 1, BEMALE
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I UE A S E WA R, RATR A 24
GEMS-TCN BlockHE &1 2 S0 R . X oA R
HEEPatchTST!', ModernTCN!", FEDformer?!,
DLinear™PA f TimesNet!'™, 78 35 247 #i 7B i 7 73
MG A SESS H R GG RSB = 40t
724k, DRI AR B4R MBEAT2: ARYES. T REA
Mg 5 2, X BB N B 1) 5 K L oN96.. A)
BN 25 R FHMSEAE R K BR 2, 240 R A8 I 7 il
MAES AR BAR), HE5ARSIMSEVH FE bR R FF
—3 AFEIERF AdamBY, 45456 E FE ST
T U Grfe e YRR R A7 25 PF A 5 1 SR G HE S 40,
FOIEAL x 1074, YIZALIROR /M R128, BRI
ZrikR100%e, SEIGIA BN B R33N

EEXMSE, ASCK (1) RSP IR S &4, 1%
W B 2% Modern TCN [ [a] K B FUII AT 55 (1 BRI D
M0, EORREIT 75 5 76 5P 1 ] B s /0 st ] 4
o R/ PAHRNYEE D 4 3 FH 1875 1 [a)
YR Z B UL R RALRE J), WIS B B ARIUE 3.4
FRA R BURME T E . X T GroupSERLER, &%
EEE R IV R BN B R4 thp & A
1621, [R] A 3 2 AR S 43 21 38 0 E bR 5 HP IR 4 T 4
5O0WHAKRENR . HTGEMS-TCN#& i K48 &
At SHFIEAE R RS, GroupSERLHL I I 432 2
BT ZE M) B4R E . GroupSE AL ER [ LLiH 1E
HC,=MxD, 534G, =M; GroupSE2FiHt
HAGEIERC, =D x M, DHEG,=D.

Variable:x(72) Label:y(16)

A

> o
Il
-

N|
—h

96

il
2 Samplel

Time step

lSn‘m])l(‘

r
|

10

Horizon

=

=

K 5 FEA MG

* 3 LMFRERE

fiff [L55=4 WAF L=+

CPU Intel Xeon Gold 6330 EEZ4  Ubuntu 22.04
GPU NVIDIA A100 PCIe 40GB  #wfE#E%2 PyTorch 2.0.0

3.3 SKIEARSITEE A

T AN E) S PEAT SR e, SRR =28
AL E AR AR 4R G P4 : MSE. MAELLU T4
X 43 bR 2 (Symmetric Mean Absolute Percent-
age Error, SMAPE). Ht, MAEM T & A
5 B Z 8] 1S 3 40t i 25, MSES AR Tl
TR ZE T ONBIURS, AT S AR TR 0T S i 22 4 1 e
71: SMAPENTCEHNIHX R ZESbR, G EAR
BEAIA [FBUE VG RS AR 2 (a5 A AT Bl

PRI R, =F AT
l’fL
MAE—EZ;lPi—RA (9)
I~ p g
RBE-EEQQH R)) (10)
—~ 2|P,— R|

SMAPE:JlE | (11)
n
=1

P R ARG ()20 ) T AR AE ) & 5
SURHE R B, e NG B F G NBIRN IEL .
LRI PRI AEMREE TS, FRAMEN, U
AT T 25 SR s o M, AR 1 B AR
3.4 XWEBSHMILEE

g OB R 2 1) T B IR UK R, AR SO0t
LR KNP E5HRNYERE DHEAT T LR R U 40
M, FELRIEEAR R 5 HRINGSER BRI
IETR, 234 P e{2,4,8,16,32}. D e {32,64,
128,256,512} , 15 2 411 & 6 119 1 2H Bl 4% 43 A ih
2. HE6(a)T W, BEPHIKR, BIALRZELEET
B Jo e TR, 1B A /S PO K I ) AR 3R AE A
JE, T KB P4 SR B8 i 1 B [B) P 5 R A
BN, SEESUE BEE %, REAHIGE
HEEFA. Fik, Z24MAE. MSERI&A A 5%
EME, ALEFP=16(XF M {8,16,32} K1 £ REH
B AV E NI S E . WEEE6(b) A, DX}
wEEWAEE-ZAIF, B/ADRGRIER R,
R DBl NTUAR 88 I 38 KA A HE B 5 i & K
K, H&AGroupSE2[1) 5 4k & (groups=D),
SN B bR E AR IR R, AL E R ER/NDNS
SRR A S E B D =256, %L, EFXTAAE
S E BN P=16. D=256, IF{F/58szi
PR¥FF—3K.

3.5 XTEESEIRID T SiTie

ARO[ — N ZREEAALE S HC B S I3 3
HJPatchTST. ModernTCN. FEDformer.
DLinear. TimesNet L & GEMS-TCNAE AL 7E Ik
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B EIFRE T AT ELSZaG, 14 FE LA 00 45 506} b
WS .

] 5 3T AHUIR &S AR 0 8 252 i S IR B
T G BT Ak I 30 25 1] 1) AR A 358 R0 X3 26 AR U 3l LA B
TERZRP, Fk, NIRRT
Pz A, STEEEMTE R BRAR TH T T
M2 5, AR 05:10-06:00F119:15-20:00%
BRIk B BRIt R B R B, B TR
R g5 kAT T eIk, ARER, BIESEE
TEAEIBRTE . O )30 A A7 75 AH X 5 (1) K BT HE 3T
ARG} A A B 6 S ARG A R S R R

ANy BB, IREZAR. MR 5E 5 H K
A%, ABRUKIE R AR AR I R G 22 5 4
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Abstract:
Objective

Accurate single-step prediction of key propulsion-system states is essential for early fault warning

and autonomous health management of long-endurance fixed-wing unmanned aerial vehicles (UAVs). During

high-altitude missions lasting more than 24 h, electrical and thermal variables in the propulsion system exhibit

strong coupling, multi-time-constant dynamics, and pronounced day-night regime shifts. These characteristics

cause short-term disturbances and long-term drifts to coexist, and hinder adaptive feature weighting under

time-varying variable sensitivities. General-purpose time-series predictors may therefore fail to meet the

accuracy and robustness requirements of multivariate propulsion-state prediction. To address these challenges, a


https://doi.org/10.1016/j.engappai.2025.110246
https://doi.org/10.1109/ACCESS.2024.3406490
https://doi.org/10.1109/ACCESS.2024.3406490
https://doi.org/10.1109/TPAMI.2026.3690845
https://doi.org/10.1109/TPAMI.2026.3690845
https://doi.org/10.1175/JTECH-D-21-0071.1
https://doi.org/10.1175/JTECH-D-21-0071.1
https://doi.org/10.1175/JTECH-D-21-0071.1
https://doi.org/10.1175/JTECH-D-21-0071.1
https://doi.org/10.1175/JTECH-D-21-0071.1
https://doi.org/10.1175/JTECH-D-21-0071.1
https://doi.org/10.1175/JTECH-D-21-0071.1
mailto:15533151020@163.com
mailto:lianqingw@126.com
mailto:zhiyongli@aircas.ac.cn

12

BT 5 fF B % M HxE

Grouped Squeeze-and-Excitation Multi-scale Temporal Convolutional Network (GEMS-TCN) is developed by
enhancing a modern pure-convolution forecasting backbone with multi-scale embedding and grouped channel
attention. The aim is to obtain accurate 10 s-ahead single-step forecasts for 16 key propulsion states from 72-
dimensional flight telemetry while satisfying the real-time inference requirement of the 1 Hz telemetry cycle.
Methods Real flight telemetry from a representative long-endurance fixed-wing UAV is used for model
construction and evaluation. The data are sampled at 1 Hz for 9 consecutive days, yielding 806,629 time steps
and 72 variables. (Fig.2) Sixteen propulsion-related key states, including the bus voltage, control-unit
temperature, winding temperature, and power-device temperature of four motors, are selected as prediction
targets, and all 72 variables are used as inputs. (Table 1) The raw data are processed through time indexing,
interquartile range (IQR)-based anomaly handling, and interpolation, and are then chronologically divided into
training, validation, and test sets at a ratio of 8:1:1 to avoid information leakage. (Fig.4) (Fig.5) GEMS-TCN
uses a multi-scale embedding layer with parallel one-dimensional convolutions to extract temporal patterns at
different receptive-field scales. Stacked GEMS-TCN blocks combine depthwise temporal convolution, grouped
convolutional feed-forward networks, and Grouped Squeeze-and-Excitation (GroupSE) modules to recalibrate
intra-variable and cross-variable channel responses hierarchically. (Fig.1) The models are trained with Adam
and mean squared error (MSE) loss, and are evaluated using mean absolute error (MAE), MSE, and symmetric
mean absolute percentage error (SMAPE). PatchTST, Modern TCN, FEDformer, DLinear, and TimesNet are
used as comparison models, with ablation and robustness experiments conducted for further verification.
Results and Discussions On the full 16-dimensional target set, GEMS-TCN achieves a test-set MAE of 0.171
and an MSE of 0.069. (Table 4) Compared with TimesNet, the strongest baseline in overall trend tracking,
GEMS-TCN reduces MSE by 28.1% while maintaining comparable MAE and SMAPE, indicating stronger
suppression of large prediction deviations. (Table 4) Stable accuracy is obtained in both daytime and nighttime
segments, with MAE/MSE values of 0.189/0.085 and 0.150/0.051, respectively, demonstrating robustness to
diurnal operating-condition changes. (Table 4) The prediction trajectories show tighter alignment at thrust-
transition points, reduced overshoot, and fewer spurious spikes, while low-bias tracking is preserved for slowly
varying nighttime temperature profiles. (Fig.7) Ablation results show that multi-scale embedding and GroupSE
provide complementary improvements, and their combination achieves the best overall performance among the
ablation settings. (Table 6) Under 1% and 5% random dropouts and 60 s continuous missing intervals, the MSE
remains below 0.07, indicating tolerance to practical data-loss scenarios. (Table 5) In addition, GEMS-TCN
contains 27.88 M parameters and achieves an inference latency of 0.90 ms per sample, which is well below the 1
s sampling interval.

Conclusions GEMS-TCN provides a practical convolution-based solution for multivariate propulsion-state
prediction in long-endurance fixed-wing UAVs. By integrating multi-scale temporal embedding with hierarchical
group-wise channel recalibration, the proposed method jointly represents rapid fluctuations and slow evolution,
and better captures multi-time-constant dynamics and multivariate coupling in propulsion telemetry. Real-
flight experiments demonstrate stable prediction performance across diurnal regimes, state categories, and data-
missing scenarios. Ablation results further confirm the effectiveness and complementarity of multi-scale
embedding and GroupSE. These findings indicate that structure-aware modeling tailored to propulsion-state
evolution can support health monitoring, early fault warning, and autonomous health management of long-
endurance fixed-wing UAVs.

Key words: Fixed-wing UAV; State prediction; Temporal convolutional network; Multi-scale embedding;

Grouped channel attention
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