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Abstract The status monitoring, operational analysis, and anomaly detection of on-orbit satellites are important
tasks for ensuring their safe and reliable operation. They also play an important role in improving the efficiency of
satellite operation management. As telemetry parameters directly reflect the working states of satellite subsystems
and key components, trend prediction of telemetry data is of great significance for identifying potential anomalies
and supporting safe satellite operation. With the increasing complexity of satellite systems and the diversification of
space missions, telemetry data have grown rapidly in both scale and dimensionality. Satellite telemetry time series
usually contain multiple variables and complex coupling relationships, and often show non-stationary
characteristics, long-term trends, and local fluctuations. Traditional prediction and detection methods based on
empirical rules or simple statistical models are often unable to fully describe these complex temporal patterns.
Therefore, they can hardly meet the current requirements for efficient data analysis and rapid operational response.
In particular, telemetry parameters usually do not have obvious or stable periodic characteristics, which makes it
difficult for conventional models to capture their dynamic changes effectively and leads to limited prediction
accuracy.To address this problem, this paper proposes a prediction model based on a linear-decoder combination.
The proposed model first uses time series decomposition to divide the original telemetry sequence into a trend
component and a seasonal component. The trend component is modeled by a linear model to capture relatively
stable long-term variations, while the seasonal component is modeled by a decoder-based structure to describe
local fluctuations and nonlinear temporal dependencies. In addition, embedding strategies with different
granularities are introduced into the decoder to capture local and global temporal features more effectively, thereby
improving the model’s ability to represent complex telemetry sequences. In the experimental part, the proposed
deep learning-based method is applied to real telemetry data from an on-orbit satellite. Public time series
forecasting datasets are also used for comparative experiments. The experimental results show that the proposed
method achieves good prediction performance, which verifies its feasibility and effectiveness in satellite telemetry
parameter prediction.
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Fig. 1 Framework of satellite telemetry parameter prediction model
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Table 1 Dataset Details

Dataset Dimensions Timesteps Frequency Information Data class
DY 1 27 10800 4 min Electricity Satellite
RK 1 24 10800 4 min Temperature Satellite
DY 2 27 10800 4 min Electricity Satellite
RK 2 32 10800 4 min Temperature Satellite
ETTm2 7 69680 15 min Electricity Public
ECL 321 26304 Hourly Electricity Public
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Table 2 Comparative experimental results of window scale parameters

[ARPN 3 5 7 11 13 15 17 19

MSE 0.053 0.051 0.050 0.048 0.047 0.048 0.048 0.048
MAE 0.097 0.096 0.094 0.095 0.096 0.095 0.098 0.099
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Table 3 Each dataset corresponds to the results of algorithms

1RE! Our PatchTST iTransformer DLinear FEDformer

Bt MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

DY_1 96 0.048  0.098 | 0.058 0.136 | 0.049 0.096 | 0.076  0.158 | 0.053  0.113
192 ] 0.052 0.102 | 0.062 0.14 0.058  0.113 | 0.081 0.164 | 0.056  0.111
336 | 0.056 0.109 | 0.072  0.156 | 0.06 0.112 ] 0.085 0.169 | 0.066  0.146
720 [ 0.061  0.12 0.082  0.167 | 0.07 0.126 | 0.094 0.18 0.067  0.125

Avg | 0054 0.107 | 0.069 0.150 | 0.059 0.112 | 0.084 0.168 | 0.061 0.124

RK 1 96 0.344 0.406 | 0.359 0.427 | 0.448 0438 | 0368 0432 | 0.43 0.455
192 | 0.555 0.526 | 0.576  0.525 | 0.663  0.566 | 0.6 0.552 | 0.652  0.567
336 | 0.728 0.598 | 0.739  0.608 | 0.768  0.612 | 0.783  0.635 | 0.803  0.64
720 | 0.838 0.662 | 0.958  0.687 | 0989  0.712 | 0.953 0.711 | 0986  0.711

Avg | 0.616 0548 | 0.658 0562 | 0717 0582 | 0.676 0.583 | 0.718  0.593

DY_2 96 0.037  0.094 | 0.044 0.123 | 0.051 0.111 0.082  0.153 | 0.064 0.153
192 ] 0.048 0.109 | 0.055 0.138 | 0.071 0.141 | 0.092 0.165 | 0.074 0.171
336 | 0.049 0.111 0.056  0.134 | 0.072  0.143 | 0.101 0.174 | 0.099  0.21
720 | 0.054  0.121 | 0.063  0.141 | 0.077 0.149 | 0.104  0.18 0.117  0.238

Avg | 0.047 0109 | 0055 0.134 | 0068 0.136 | 0.095 0.168 | 0.089  0.193

RK_2 96 0.153 0.242 | 0.181  0.26 0.173  0.254 | 0.175  0.279 | 0.213  0.311
192 | 0.213 0306 | 0.249  0.33 0.238 0318 | 0.227 0.338 | 0.304 0.39
336 | 0.271  0.354 | 0325 0387 | 0323  0.384 | 0278 0387 | 0.347 0.424
720 | 0.429 0479 | 0485 0492 | 0478  0.494 | 0373  0.468 | 0.455 0.503

Avg | 0267 0345 | 0310 0367 | 0303 0363 | 0263 0368 | 0330 0.407

ETTm 96 0.175  0.257 | 0.176  0.260 | 0.186  0.266 | 0.193  0.292 | 0.193  0.282
2 192 | 0.239 0301 | 0.253 0.313 | 0.248 0307 | 0.284 0362 | 0.264 0.324
336 | 0.298  0.340 | 0.318 0354 | 0310 0348 | 0.385 0.428 | 0.330 0.368
720 | 0.393 0398 | 0414 0410 | 0.412  0.407 | 0.556  0.523 | 0.425 0.421

Avg | 0276 0324 | 0290 0334 | 0289 0332 | 0354 0.401 | 0303  0.348

ECL 96 0.154  0.248 | 0.180 0.273 | 0.160  0.252 | 0.200  0.287 | 0.194  0.307
192 | 0.167 0.259 | 0.187 ~ 0.279 | 0.172  0.262 | 0.200 0.291 | 0.208  0.323
336 | 0.186  0.278 | 0.203  0.295 | 0.190  0.279 | 0.213  0.306 | 0.233  0.346
720 | 0.228  0.312 | 0.245 0.327 | 0229 0313 | 0.248 0.338 | 0.265  0.369

Avg | 0.169 0.261 | 0203 0293 | 0.187 0276 | 0215 0305 | 0225 0.336
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Table 4 Results of ablation experiment

Dataset MSE* MSE+ MSE MAE* MAE+ MAE
DY 1 0.062 0.065 0.054 0.116 0.126 0.107
RK 1 0.667 0.670 0.616 0.694 0.572 0.548
DY 2 0.053 0.069 0.047 0.132 0.127 0.109
RK 2 0.347 0.267 0.267 0.432 0.371 0.345
ETTm2 0.905 0.348 0.276 0.605 0.398 0.324
ECL 0.181 0.211 0.169 0.380 0.298 0.261

MFRAPLBRTMEFERTUEL, HF2BEMSARRNRENASYE LN
BNTIGTAEER HIWERNEANTNSRRE. SINBREREHGE, SHUNHEERN
BRI, R ANZEMEE BN SE Z BRI KB, F AN ERHEFIMINERESR,
MNMBERIRSREERE. RN, EFT]0@RERG 5 —HEE 7T HURCER, WX
FPAHTR 0 B R B R IV BIRHER T, L HEALIEE A H R A9EN 5 i
RRULAEE.

3.6 EHI S =T MM R 2= FTIR 04

AHE—F RN PR ERRRIONENMN, AXEDY_ 1 EEE LA TEHMS
FRIN RATNIRZE NS, HPRFUNDKA 96, ZERFIMESNMRER—1F,
AHRERNEZEROTW, XARTHZEA—UNTTETERREE. BALPRA: EXiE
BMEZPHATNRETERENSTTIRE, BRIEEEN TEEINIREZMLLE, &
UEDEXNDRENTER. KHERMTKS .

RS RETWLRER

Table S Error contribution experiment results

MSE Var NMSE Contribution
Trend 0.267 0.229 1.161 64.80%
Seasonal 0.271 0.429 0.631 35.20%

SKEEREH, EBTNKINSKIRENESERAE, MEDIAERH GRS
AR, ZERRIE T ANKAES-FHNBERNOEN, BIDHERELSHE
HAER, RABEBERIIKIPR AL EENHNERNERUHRERES, MR RETN
PERE.

4 e

Xt F R IEA B ERENSEFS, AR T —F B % HERS R0 E a4
BIUNEE, 2T AR FOREMERIGBIEFS D BEGESTINETI, UFEH
RSP KR HES SRENBRMTRDNE. e S$NREED 23R BEENR
MRS EBTKASALMETUNREHTER, RBRERBREAELES =0
TR NE S AR A TN, MUEZERBELMRAMBAEREL. RE, BRME
BRMHNERATEN, BHZEONEFIIBUNE AMBEERIXFHERHEFS
A TIAR I o

RALWHERKY, ZIEEENEIER R ATHIES ENRIUNES hRIBRF
MFEE. MLLEsTE LB RIS FFHEN L TEENFI NS RHHE,
BB SEFERHRDOMEIN. it ZTETERZZEREARET, hERDE
NS EERHRSEZRER.
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