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ABSTRACT: The missing data in electricity consumption can
affect the performance of electricity theft detection models,
while traditional interpolation methods is difficult to retain the
key features and limit the performance of the model. This paper
proposes a two-stage self-attention weight fusion (TS-SAWF)
model for missing data imputation in electricity theft detection.
This model utilizes a two-stage convolution-enhanced diagonal
masked multi-head self-attention module to capture the
correlations and features between the data. It further integrates
attention weights from both stages to improve imputation
accuracy. Experimental results on two real-world electricity
meter datasets from the State Grid Corporation of China
demonstrate that, compared to the comparison models, the
TS-SAWF model achieves higher imputation performance
under varying random missing rates and different numbers of
consecutive missing days. Moreover, the data imputed by the
TS-SAWF model effectively enhances the performance of the
electricity theft detection model, further demonstrating its

effectiveness.

KEY WORDS: missing data imputation; electricity theft

detection; self-attention mechanism; deep learning
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Fig. 1 Flow chart of joint-optimization training strategy

£ MIP 1, ¥R FIAREABENLIE 5, XL EXT
THAMERF AT IE, BT ANNHREE.
JRUGFHERIE A X e R, HARIASITF R

1 2 d D
xl’xl’...’xl’...’xl
1 2 d D
-ng-xz,”',xz,”',xz
X = (1
2 d D
Xp s Xy 5ot s Xy s 5 Xy
1 2 d D
_xT’xT’---’xT’n--’xT_

A TN D ARFIEYEE .

X 25 N9t 5 iR e o X X Rk
RAERD AR M e R o 58 UHAMNE M2 8040510
HX o T XA NARAERELR G, %I

BHINT NSRRI e R™ o M AT R
KT PR

oL WERXHRRR A
M; = _ (2)
0, WX B R
1, WRXS NN N
I = _ 3)
0, WIHRX e N N 5

T VAR IEAN A SRR R I, AN SRS
K2 4651 17 22 (mean absolute error, MAE){EA

SPNSE O NSk @ AVINE UM
LMAE (Xest’ Xtar’ Xmask) =

Zf;] Zj=1| (Xest - Xtar) O Xmask |;1
Zfi):l Zthl Xmask;i
s Xog WAMEE: X NHTIRE: Xinas TR [

(4)



414 PP S TP B B RO B R SRR R (1 B ARSI i R A SR vk

Vol. 50 No. 1

By O FORFHMERIAEBE A
*ETE LMAE’ MIP éﬁ%@i& LMIP u& ORP iﬁgi
BRI Loge 40 F AR
Lyp =LMAE(X’ X, 1I)
Logp :LMAE(XaXvM)
FEBR S AL NGRS v, 3805 453 2K R BN I
[ AE R R ZE, AT Re 4N H 2 S bl S il
EIR 2200, MR R TR A R AE e

2 TS-SAWF fREHIEIEAMERY

2.1 HREEI AEE L L RFEINE

I P i R M AN AR o LR AT 5%, i 5
SRR 1] (R AH SRR LE R A ) Bk SRAB AT D 42
H R JIHLHI AL BE 58 IR RNN 28, GAN 845/ 4%
TENZR R AR E e B PR, SRR SRR 3
ATHORUT 43, 1% A Bl T3 i o S B0 1) SE Kb o B
B BT ECA ARG v, RN A
WFRF A1), AR SO R ARAB I 78 (VT AR E A 0. TXT
TR, WFRAE G ATA B R, SR
HRFAE B A AU, AT AS BEAG RcHb T 55 H AR
o PRk, APk 2 5hRAE 20 5 v = I
BRI, ASCIRY T BRI SR M D 2
3k H ¥ & 77 (convolution-enhanced diagonal mask
multi-head self-attention, Conv-DMMHSA)#LH, i#
R AN B R R BRI A B E S, DR
BARUEAME B, HEMEWE 2 Fis.

Eiogin
()

(Concuem

©)

C T

e

[ R

Cewz] [Brz] (B2 |

K [ vV

E2 HRIGENAHEESKBEEENINEIEHEE
Fig.2 Structure diagram of Conv-DMMHSA

fE Conv-DMMHSA HlilH, HERIHLHIE
Sk F L A IR I G 1t R A A Q. B
K FE R Vv, 3 D AERAEE D00 dgs die
dye BRJE, FIRABCERIRE @ A K" Z MM
J153 8. e, 18I Softmax WG BRECRISIER S
. R BRI R PR
self-attention(Q, K, V') = Softmax( oK

NA

T

W (6)

e, T Mg s kb FH LR S EE ) R

12 B = )L N R T 6 A 3 i (diagonal
mask, DM)ZRES. o, VR 7717080000 M ek
BANTLH K, &l Softmax FiHHRH 2 G, HE
J17 FRE A BB I T 0. XA BiE R
73(diagonal mask self-attention, DMSA)T] DL 5 &7
it $12 FH PR 25 o ) I TR AR A FELRR AR, AT
PR R IEAME FE . DM AT s

.. -, i=
DM@XAD={ﬂLﬂ’i¢j (7

B AR Softmax BEETE L B, 155
EEIAE A,, ¥ A, 5 VAT R0
RO Sk VE R R0 W e, T A ok 48
Conv-DMMHSA fJfiHifE Z, HFEXWTFFR:

T

DMSA(Q, K., V) = Softmax(DM( 3’} W =AYV (8)
k

Y, = DMSAGW.2, xW* xW)) ©)

Z=Conv-DMMHSA(x) = Concat(¥,, ¥,,***, ¥, )W’ (10)
K. ¥, %8 Conv-DMMHSA 55 @ A>3k A
t; w2, wk. WY NREHERE; Concat F L
PiEER L Concatenate; Wy Conv-DMMHSA i
2 R 2R 1t AR e
2.2 TS-SAWF iE#MER!

T SAITS B 5 & Al Conv-DMMHSA #l
#il, ASCHH T TS-SAWF SAREIEIEAMER . 1%
FEA B P> Conv-DMMHSA ARk DA K A fit
BRI R, R B A SR P A2 Bl
oG, FRIERNTH R AR T A X S R
SO AEHEND ) B MR PHEERAE S, N B LR
Wi 2 J5 #4747 B 9w i (position encoding, PE). PE
PR T @I P EXRR, HBIEZRERZR
R, Rk s
PE(pos, 2i) = sin(pos/10000%" )
{PE(pos, 2i +1) = cos(pos/10000%mae )
o pos TR AT E | RARGERE RG] 5 dinodel
FN Y o ) B K
T PE ZJEfR3 Mg R E, E @i
Conv-DMMHSA #HTHE RS Z,, Z) i\ 25
M 2% (feed-forward network, FEN)ITH K1GHiH Fi.
FFN & BAWZ &2 1 E s Mg, T <4tk
SRR k-2t R, 2R B R RN 5
5 LS55 1) B v 4 S [R) R AR S AR R PR T L, DA
M9 FFN % )RR RE /1, FFEN AR R
FFN(Z) = ReLU(ZW, + b)W, +b, (12)
{f: ReLU NBUEHRE: Wi Wy [ by by NAE

(11)



F50% F1M o

R 415

FZWBE S H I B 240
SR, GBI EARH AR X,
B X S SN X, xR, S8R
HE X o R SEELAT DA R IR A sURES -
E, =[Concat(X, M)W, + b, 1+ p
F, = {FFN(Conv-DMMHSA(E))}"
Xfll =FWp +by
X=MOoX+(1-M)OX!
o Wit~ Wi A1 bgi~ bry I3 AR N M E IR
SHMNMESH; p RN ERIG; L £
Conv-DMMHSA #Ht5 FFN Riza B
FFERD, B X 5 M PHEE, RIR&T PE.
Conv-DMMHSA #E AT FEN H5H 5% F,, R4
I E AN RE X, 2R Se LR
A DUH iR 2 M «
E, =[Concat(X, M)W, +b,,]+ p
F, = {FFN(Conv-DMMHSA(E, ))}*  (14)
X2 =ReLU(F,W,, +b,,)W, +b,
KH: Ey N PE Hiiths Wi Win Wofl by bias
bo 73 MR L2 AU E FMR B S5
NT PR E AN R, ASCGE H
IR b S BRI IR b R . 1%
b AT UM I TR0 A A oA B SR X,
X, fIALE . %%, SREL Conv-DMMHSA itk —
iR — 2 22 SV B B [ PS8 A

Z:%wa(i) (15)

B, PHE A5 M, REMENEZRY . &
FRLARCE R g RIS 2HE X, REk X F
BRIAE B ek X, AR AR, 75 31 i b 4 B X

n = Sigmoid[Concat(4, M)W, +b, ] (16)

X =(1-noX +no X’

{X:M(DXJr(l—M)@Xj

s W, b, KRN JZ BCE S 50R i B 24
2.3 TS-SAWF 1EAMERIIR 5k 07 3

HH T TS-SAWF GRS E 4 SEAME AL R FH A
IIZRSRNE, 5658 1 TERE AL I ZR G 15 2K pR
%, ATEN TS-SAWF 6l 2R E 4 SHAMEL AL ORP Al MIP
I R ) 453 % R B R0 T o

1
Loge =§(LMAE(XiaXaM)+LMAE(XjaX,M)"‘

(13)

(17

Lyae (X5, X, M) (18)

Ly =LMAE()_(aX:I)

[AItE, TS-SAWF HHAME AL G457 2k Rk N
Lrorar = Loge + ;LLMIP (19)
A A NBCE I R
3 Bl

EART T, RAMWA LI EX TS-SAWF
IR MBS (4G R AT A . AR A N
A ] L 5K R A AT IR P LR B SIR AR A
Wi T 4 24 N20144E 1 H 1 HZE 2016 4
10 H 31 H3t 1034 K9 H B EH0EPY; HuE4 B
D] XA A S o F P R R R, B
T3TFZXH 2023 % 11 H1 HE 2024 45 H
20 H 3% 202 K H 258 .

AT A S5 5T Python, Pytorch Al
Pypots HEALHE 4, BR Al BIH 75 H SR8
FIT e 0 s A i A5 12

ERRYI Gt R, R B S I 2555,
PREBAME B . JE A BIN RSN, BIEfE R
RN R38R I B BB AGE A . BRI R lml &
Kol v B 9 500, FAFHLETH RO REEUE N 10,
R 245 R ES: 10 DMINGRIEIE A T RFR, AR
IE IR I ORAT B LAY o BT g N A B 5 2 2
s 1) P PR B 5 1 B R R PR s R SR [ B,
NYERENAHER Y, 5fEE, BRPEK). g A
A B IR K4 08 1034 KA1 202 K, HEHEA
KRS DS RRE R H F o, R4y
fEEN 1. Rk, BEEE A RS N ZE R MR
s, 1, 1034), ZdE4E B BRI 48 5 R (HERST
1, 202). N T AT PEARIEAY R IE M B, ARSI
MAE F1#5) 75 i 2 (root mean squared error, RMSE)
VERRERIPEM FR bR, A28 kW-he i, RMSE
THEA W s

RMSE(X ., X\» X, ) =

est?

JZ&ZK&M@—&QGXMJW
25:1 Zthl X mask:i
31 BEBSNHESRE
ERRIZ, (BRI E 2 B S
WA SO | s PERTHLAME B o BB, T
JROSH b A U5 R A T . e/ < AT
SRR BN RS, (P T A S BN AR I,
BB i, R, AR R AT BT V125
S, (AT AT R 3 (LR Ay, TR, AER
G0 SR < 5780 2 O A R S 2 A
H T HRSE TS-SAWE UM [ 5 e O A 2

(20)



416 PGS ST PIEY B R R R A A R 1 B LA I SRR B SN

HERSE, RSGEAT T A RRASRAEA R RS R
5 BLSEEG  SEG LB T 5 A AL AL SR, .56 Adam.
AdamW. Adagrad. RMSprop 1 SGD. [FIf}, 7E%E
FiARAL S T, WA R T 8 B TR A M
RERISEMR o BT SRIG AR AR & P AEIRBR f1), S
BOKHURSE N 64, BEE T 164 32 F1 64 31 5 FlAR[H
B RT o BT AL 28 B0 46 2 ~) 22 % B 0 0.0001,
HAbZE BB B - SLI0 BENLE R4 A
10000 ™ FH 7 1034 K1 H I H 5 250 30 AT B R (3
A, PO EEA AR AE SRS R I 2R I,
MAE #1 RMSE W25 5 a1l 3 frow.

04f " { 065
= H ’ n 106 £
z Z
S o03f D
[sa)
E 2
H { 055
02 H H 0.5
16 32 64

Eil 9N}
[OJAdam [] AdamW [} Adagrad []RMSprop [} SGD

3 AREMUBEZIHRTTHIIZRI
Fig. 3 Training performance of different optimizers across
various batch sizes

MK 3 ATLEH, Adam fifegsRmma:, It
X7& RMSprop Il AdamW. $al2fEfit R~A 32
B, Adam L1k #% 15 & £ R, MAE K
0.2765kW-h, RMSE "4 0.5418kW-h. J&F DL EXfLE
ST, ARSCIEFE Adam 7EY TS-SAWF SEAME AL
AR, BT E D 32, DR TR S R I A
PEBEFIUI R

Ik, Conv-DMMHSA # 5 F f) 25 R K /b
SRR ) fe & SEAMERE . TR, ASCRET 1.
3.5 R 7 PUFPGRRZ RN, TR HO Y SE AR
PEREMIECI o AN [FEEFZ /N MR PPN Fabr &
DB 4 fioR o X s ih of ok B LG U
FCE, M — D3 TR SR RG P R R AR L R

ME 4 FTLUE H, & SRR A
ZACHb A A FH H O )RR DL AR A (1) SR K
£ AHE KBRS SRS S, BEAK
HAMERE. MBPZ KA 3 I, MAE Al RMSE
VA BIRARME, 433N 0.2765 F1 0.5418kW-h, LA
T A M BE B A o PRI, A SCHF Conv-DMMHSA
B BRI RS R E A 3.

B A5 R4 4 TF4 ORP #RME Lore 5

Vol. 50 No. 1
0.3 0.57
0.2941
52 | I MAE [ RMSE |
0.29} 05554 1 0.56
: 0.2833 _
= 0.2797 0.5502] =
= 0.8} 0.2765 1 055 &
= =
s 0.5418 o
[72]
< 027t 1 054 £
= =~
0.26} 1 0.53
0.25 0.52
1 3 5 7
Eey At N

E 4 ERZEKXNSTITNEFRER 0
Fig. 4 Effect of the size of the convolution kernel on the
evaluation metric

MIP $RAE Lyvie FRIPCACAL L, FLHUHE BB A
RS Py A R I, PRI AR AL SRR M RE 5550
HE AT A RRRIRAMERE RO, AT
FEREE A BT 7S, AFRCEIRERE LT
MR PR RERBLAIR 1 PR,

®1 TRNERAERFATEMRE A RERI

Table 1 Performance of the imputation model under
different weight adjustment coefficients 4

A MAE RMSE
0.5 0.2812 0.5523
1.0 0.2765 0.5418
1.5 0.2801 0.5492
2.0 0.2847 0.5601

& 1 FTLMSH, UBE R RBARES |
i}, MAE #1 RMSE 73 7 U5 f {IR4H 0.2765kW-h A1
0.5418kW-h, FIABIAGEAMERE R, JUE 7 HAE
P ORP 5 MIP H s 7 T & M. 29A<1 B,
SEAMBE TR TN 2 £ B S o U S v R e, TTRE
T O BRI AR . SR, A A TN, B
TR ER AN 1T e 2R, JCHAE SRk
s PRI ZE. 21 I, JAMER G4
NONHE G SR AR, T BESRHASE B0 ER S AE P S AN
REJTo AR AL, DUIAT R I 55 0T S B 0 I 2504 1)
WAERETT, BRRZAMERE. 26 S0IR g R UL K
HR[24180 3, ASCARUE A 1, LASRAS /N1l
RGP IR T AR RE

ASCIEE Z RN SR, T SRR B
I H B TS-SAWF S EHREAME . HAkS
o B LSRR A2,

3.2 EAMEEIMEREXTLL B 4R

NUTE TS-SAWF A5 84 e 2k Hi 45 SR 1 A7 4%
P, ASCERBFELEMean) A, HF AL E(Median)iH
b o R RO I {E 3H %b (last observation carried
forward , LOCF) . XU [A] 7§ & B 5 38 #h B85 A

(bidirectional recurrent imputation for time series,



F50% F1M

417

BRITS)!' 1, 2 W5 B A 1 ) 47 9 2% (semi-supervised
generative adversarial network, SSGAN)"f1 SAITS
It 6 FHEANTVENE Rt HE SR

LI BENLIE ISR SE A th 10000 44 FH 7 1034
K H A AR Ak B A 2000 44117 202
RETH I EESE, T PPAEBR IR MERE. P
AR AR AH ] B I ZRIA S AN H e 2 b HEAT IR,
IR N BEHLGR R ZEBE N 10%. B 5 @R | %30
AMERLAE A AR L PN AR PR R I

0.977
0‘7»0?‘8,20_ “ — A . MAE ||,
~ 06803 0,668 RMSE| | §
_i 0.5 7380 108 Z
=] W 0344103522 i =
s 0.3 03825 T4 = T4 ‘Oﬁ«f _0‘2165~ 06 2
0.6182  0.6057
05675 5418 ]

01 i i i i i i 0.4
Mean Median LOCF BRITS SSGAN SAITS TS-SAWF
TAAME Y
(a) LA
1 1.2

1.0644 — A~ . MAE
0.5 22868 0.9533 RMSE| | 19
= A — A =
i 07454 0.7 E
< 0.6 0.7205 08 &
) \L 0.6605 0.6679 a
g 05360~ NE o z
0.4 04501 A= —As 054204 0.6
| 0.4101  0.3992 o
0.3407
0.2 104
Mean Median LOCF BRITS SSGAN SAITS TS-SAWF
HAME Y
(b) HHi4EB
5 EHAMEETE 10% A AREHLELR R T RN e iRk

Fig. 5 Evaluation metrics of the imputation models at the
10% artificial random missing rate
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Table 2 Performance of the evaluation metrics of the imputation model under different artificial random missing rates

AFAJIBEHLER KT B Er 18 bR I

EAE/7E S FAMERY 30% 50% 70% 90%
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
LOCF 0.3960 0.7627 0.4157 0.8000 0.4458 0.8428 0.5223 0.9577
BRITS 0.3382 0.6178 0.3825 0.6603 0.4282 0.7266 0.4668 0.7855
HlEsE A SSGAN 0.4134 0.6536 0.3998 0.6585 0.3919 0.6817 0.5068 0.8309
SAITS 0.2976 0.5793 0.3124 0.6067 0.3322 0.6377 0.3816 0.7032
TS-SAWF 0.2862 0.5578 0.3091 0.5946 0.3294 0.6259 0.3800 0.7010
LOCF 0.4673 0.8137 0.5102 0.8640 0.5602 0.9528 0.7044 1.1528
BRITS 0.4476 0.7206 0.5037 0.7404 0.5460 0.7779 0.6956 0.9317
R4 B SSGAN 0.4698 0.6759 0.4786 0.7248 0.5594 0.7795 0.6984 0.9364
SAITS 0.4339 0.6848 0.4523 0.7327 0.5391 0.8596 0.6881 0.9513
TS-SAWF 0.3847 0.6465 0.4384 0.7022 0.5276 0.7858 0.6792 0.9339
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Fig. 7 Evaluation metric performance of the imputation
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model under random continuous missing days
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Fig. 8 Imputation performance of the TS-SAWF model
under 7 consecutive days of missing data
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Fig. A1 Flow chart of data-driven electricity theft detection method
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Fig. A2 Structure diagram of the two-stage self-attention weight fusion missing data imputation model
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Fig. A3 Comparison of the evaluation metrics of electricity theft detection model on the interpolation method and the
TS-SAWF imputation method under different training set ratios
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Table A1 Hardware models and software versions
A i B A
oS Win10(64bit) Python 3.10
CPU Intel Core 19-14900k Pytorch 2.2
GPU NVIDIA GeForce RTX 4090 Pypots 0.6
RAM DDR4 24GB Tensorboard 2.16
HDD SSD 1TB CUDA 12.1
R A2 TS-SAWF {RESHIGE
Table A2 Parameter settings of TS-SAWF model
B Bl ZH Bl
Conv-DMMHSA 5 2 % 2 i Q 4 64
Conv-DMMHSA 24 N4k ¥ 512 R K 4 64
FFN 7 (582 4 5 256 B0 & V4L 64
Conv-DMMHSA J2 £ 3L/ 4 ERE 0
Conv-DMMHSA #&##% K/ 3 ERE 1x10*
MIP 45 5% bR B T 1 AR Adam
ORP 51 5% B HUUE 1 HERS 32

R A3 GIRAMRERITTNIERREI XL

Table A3 Comparison of the improvement in evaluation metric for electricity theft detection model

[ Shaccuracy Sprecision SRecall SF1-Score Sauc Ster Sepr
YIZRAE L A1=60%
XGBoost 0.9% 0.2% 1.8% 0.9% 1.0% 1.3% -1.1%
HCED 0.4% 0.7% 0.1% 0.3% 0.1% 1.1% -0.4%
WDCNN 1.3% 0.7% 1.7% 1.2% 0.9% 1.5% -1.8%




CNN-LSTM 13.3% 18.5% 6.9% 12.2% 15.3% 11.2% -15.4%
CAEs-LSTM 0.6% 0.7% 0.1% 0.4% 0.2% 0.3% -1.4%
LSTM-TCN-DCNN 0.5% 0.6% 0.1% 0.5% 0.3% 1.2% -0.3%
I ZREE HA1=70%
XGBoost 0.4% 1.3% 0.2% 0.3% 0.2% 1.8% —0.4%
HCED 0.4% 0.2% 0.9% 0.5% 0.5% 0.4% —0.4%
WDCNN 0.9% 0.4% 1.5% 0.9% 0.4% 1.2% -12%
CNN-LSTM 12.3% 13.1% 11.6% 12.3% 11.0% 6.9% -16.8%
CAEs-LSTM 0.6% 1.1% 0.4% 0.5% 0.3% 0.9% -0.9%
LSTM-TCN-DCNN 0.9% 1.3% 0.5% 0.9% 0.5% 1.4% —-0.2%
I 745 HA1=80%
XGBoost 0.5% 0.3% 0.5% 0.4% 0.1% 0.7% -0.7%
HCED 0.5% 0.2% 1.0% 0.5% 0.3% 1.6% -12%
WDCNN 1.1% 0.8% 1.6% 1.1% 0.5% 0.9% -3.0%
CNN-LSTM 7.8% 4.7% 13.2% 9.4% 7.2% 11.9% -3.6%
CAEs-LSTM 1.3% 1.2% 1.3% 1.3% 0.5% 2.1% -0.1%
LSTM-TCN-DCNN 1.0% 1.5% 0.2% 0.9% 0.4% 0.6% -0.5%




