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Multi-domain joint representation-based wireless communication link
quality prediction for power grids

MA Mei'", LI Xing', FAN Xueting', PENG Weifu', and LI Xuxu®
(1. State Grid Sichuan Information and Communication Company, Chengdu 610041, China;

2. Equipment Management Department, State Grid Sichuan Electric Power Company, Chengdu 610041, China)

Abstract: To address the challenges of insufficient dynamic representation and low prediction accuracy in
wireless link quality prediction for smart grids, this paper proposes a multi-domain joint representation framework.
First, a CNN (convolutional neural network)-Transformer hybrid temporal encoder is designed to integrate the local
feature extraction capability of CNNs with the global temporal modeling advantages of self-attention mechanisms,
accurately capturing nonlinear fluctuation patterns in sequences. Second, a complex-valued depthwise separable
convolution-based time-frequency encoder is developed to directly process the complex spectrogram generated by
time-frequency transformation, preserving amplitude-phase correlation characteristics. Finally, a symmetric multi-
domain feature cross-fusion module is proposed to achieve semantic alignment between temporal and time-
frequency domains through bidirectional feature interaction, with a contrastive loss function introduced to enhance
feature discriminability. Experiments on 48-hour continuous real-world grid wireless link data demonstrate that the
proposed method achieves a maximum improvement of 7.3% in link quality prediction tasks compared to
mainstream single-domain models, validating the effectiveness of multi-domain joint representation.

Key words: wireless communication link quality prediction; multi-domain joint representation; complex-
valued convolutional network; cross-domain fusion
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R Z LR 298 LQL A i R A o<, (5
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ST AT R M. KT AN N EE T,
STFT HH#RIEAN:
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#2099, Transformer 43 > & & T £ 4> Transformer
JZ, Transformer J7 F % H £ 3k B i & 77 VL
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= FFN(LN(Z;_l)) + z;—l )

A, X e REDdgiE i CNN 73 3CHE LR 1 HRFAE ;

Zats € RUN B HNE BARIL ;s Epos € RETDX 1] 2 5]

M — AL B D 2oy € RECEHADACR G 1R 1)

ANFFAE, Hore(1,2, N} INAURJZ 0 — 1

(LayerNorm) ; MSA NZkHER NG, @it

RARE R 5 ST N R AR (R 22 R ARG R -
MSA(z) = Concat(heady, -+~ ,head ) W?

T

WK
head;, = softmax[Q h ]Vh
h

Q)= 2W2 K, = 2WE, V) = 2W) 3)

p, WOepRdxd, WthRdth; WE e R, W) e
R™dny HRFHERSILFIEE: 4, =d/HIRES
NEFEE SRR EYERE . FEN N RTHp28 N 4%,
A AN 45 42 )2 DA — N GeLU B0 bR B 2H ik
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B T REES N Z R AHALAE B ARG I 2% 22Ky
PRFIER Y (SEN R C IR N T S LRV E I P
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(X+iY)*(A+iB) = (A*X-B+Y)+i(B* X+ A*Y) (5)

AT AR IR N
Re(z) A -B X
B P B
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M B: ERATIZIEIE G, 125 OREE
FAL M ST HEAT AR AE AR B, B AR R T
e xky Xk, AEFTHORHE ) BB IS, R
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I A AR U S {3 17 A5 5 AE R R B PR 7
Al o B AT S s RS ) 5 I T BE TV AT R
MEE SRR, RMERLE. N T kX — 1
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T SRR AIE 5 IR AR I o T3 5 A4 0 S s
W ZE G S RN T A SRR R &, 5K
P 3B A U 5 I ATUORR IR (VR E R & o 1R
L) TR B — SARFAIE P 2T R, A I sl A e A3
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3.1 SKIGHE

SUG FE TSR 48 h R AR HL I TG £ 08 15 HE B
B, WS (SNR) .« LQI BA K Y
(packet reception rate, PRR) 55 S8 4% B i1 = VP A%
S8 R RESS, K& BREES BRI
WA RS R BN R T R B B i A, T
WEAE, MREIEE. M)A, RIS ZI PRR
B, BRI ER SN “HF7 “R
UE7 R T 3G, K BAR 5 N
0. 2. 1. HARME, 34 PRR=80% I, &
N “MRF5” . PRR AT 30%~80% 2 [AII, %M
FiEN “EIF” ; PRR<30%, BRI &N
“Z” o Ja, WIdWEEE OWEREA, BAFEAR
DLSZE S8 A I 200 1) 5 2 o B 2 BUPE B B R S N
S+ VNI 20 (008 B 5t 2 2R N T AR 25« Ak
MBEEFRS . BiF. 23 RBBEAR L0 5N
47.6%- 28.8% J% 23.6%, SLEGHZHE 70%. 10% A
20% [ILLBIRI N ZREE . SRR R4, AT
BRI SRS PPAl . S0 PR RE VRS R I HER 22 TR bR
PR R AT A BT, HERRER 2 SN
Niest
— ) TGi=x) (18)

est =1

K, Nes STNAFEAEL: 9, 8 TN FRAS 5
SR FAFER AL
32 RENGE

SEG ¥ TE Ubuntu 355 R 52 i, BEAEE SN
NVIDIA GeForce RTX 4080 &, T Pytorch #E
Zesegl. fER SRR IEA D A, CNN /0 &
34~ ID-CNN 8, &AM &% KR
3x3, LEEA 2, 8 IE B R 32, 64,
128; Transformer 7) 3 i N RFIE4EE N 128, £
SLVERE JIWLEIH head £E 4 4, MLP #55 HAS
EERZHE, R4 Y R 2 256, FRMLE
[l 128, fERM AU migas . H 6 N
S EERER, AHABEE A — N oK
R AT 2 5 I RAE, N RAE S IR 38 38 HUK Ik
32, 64, 128. fEZIZE NG, ZE A
F 2 3k 28 XF & J 1 Transformer JZ2 3 ¥R, FFAE4E
FEI N 128 e 204 fil G J P s SR s B8 R A B
Bela, BMiNWZE ML, g ah
128 F1 3, & J5ilid softmax BRI 15 B T 1) 5E #5
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yiNH

JrEE. FEXTECA R, PIANRAIE B iR X 2 35
—NEEEE, WHRE4EE N 128, /£ (17) H
PR SR E N =09, =01, BEL
AR R Adam, HLKK/INA 64, 31505 0.001.
TSI AR, W3IE LS50 € A= 10.
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Hng, DAAEIFRIARE ) S EAE . R RS A
H, CNNZ T —HEH4E0, R&SHE
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4 A2 SkiE i Jiskf 128 S IER A E T,
AR T BRI T A o T A2
e, MR BEGHIEHE S NZBIEGREE
RN LR, BAESHEWAZ 60% UL,
TEORFFFFIE R L S B I A, 48 TR
TR A 10 L JJG 28308 45 B e B0H B Sl A8
TOO B (8] 2] 0.042 s, 704319 A2 B g L 38 {5 37 53¢
(IfHUNT
3.3 XfEEScE

N T BAEASOTT AU, 52 R ERTTE
BEAT T XT LSRRG, SEIRSE RN 1 M 3 fioR. 1R
BT R AR B A Y, & T LSTM B A I
Transformer & % . LSTM {8 K 4b FEBS 7 %04, fe
%A A P K K # 9¢ K ;1] Transformer J8 i H
T IHUHRILE S FE A 7 20 Ed b 1 4 SR O ¢ &2 07
A RERS . EEE TR A, R
H Vision Transformer(ViT)™ #i78 , ViT H i 4l 45§
B BB RN, il BRI A o) R
Z AR Z, AT A BN 3005 5 R Z R R . 1t
Ak, A T EfficientNet™ B8, 1EN—FhmE a1
BRI M 4%, EfficientNet 7555 1iF 2 By T 2% 21
B SFPERE, JCHAE B A PE i R E g .

F=1 JHEKE

. HEH /%

J7i: — — -
Epoch=5 Epoch=10 Epoch=15

LSTM (i) 86.6 87.4 88.1
Transformer (H35) 85.7 86.3 87.6
VIiT (i) 87.4 87.9 88.8
EfficientNet (I 45i35,) 89.2 89.8 90.3
PRt 94.6 94.9 95.4

USSR, P ) 2 3B A R AL Y A
e R BRI AR A . AT S, Pk
R RLE P A L R T R L B T 95.4%, B
— IS AR R AT B R BT . X TR T
25 I A S HEAT AL DU AL R SR, RES
3 AR TR S 52 2 B R R TR R AE R
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