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Abstract

Aiming at the line loss prediction problem in distribution networks with high penetration of dis-
tributed photovoltaics (PV), a line loss prediction method based on Bidirectional Long-Short Term
Memory (BI-LSTM) is proposed. A distribution network model with distributed photovoltaics is
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constructed, and the typical source-load operation scenarios are divided by an improved Gaussian
Mixture Model. After determining the optimal number of scenarios and clustering parameters, a
line loss prediction model based on BI-LSTM is built to achieve high-precision prediction. The effec-
tiveness of this method in multiple scenarios is verified through a 10 kV distribution network ex-
ample in a certain area. Compared with the traditional Extreme Learning Machine (ELM) model, it
is proven to be superior in prediction accuracy and stability, providing a basis for power grid loss
reduction and energy efficiency management.
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S RTRITFUAE AR R G DAL F0N J7 1] L 22 A B Bt e, SCHR[ 1] 22 T3 7K R g i 1OBiR
W5 S 38 AR g5 B R, (B AE R SR R v s SRR R . FEZR B HLEE T 1T, BT FUIE S
TR S I 23 R K S BORI ST 0l , SCRR[3 187 1O R S AR R IR LE R R . SCHR4]52
T T ORRAT R B AR SRS . SR, WA T 2 R S — ST oM, Bt DA 220 i 5 A
ERIEhAREE, KN T2REAT 585, AT RRAERG, TR EA R &S .

FF Ut ASCRR IR 7 ST WKEN ) 2 37 s R IET ik 2R T B YRR IER AR, RS T
R B3 SEILR AT R I 2R 9 FE R RS, #S7(Bi-LSTM) A AL . JE 58 10 kV el W sl it , 58
IEZAE AR Ty 228 L S A A B D4 S5 B2 3 5 T I BN HE W M 52 A0 RE 0, D9 BEFEL I RERK
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2. RBEMESHIBERE
2.1. ESHAARECRMREE

ABEALE ] matlab T4, FETS2bR s AT 10 KV 2 FE e, I B i1 I 72 (Fast Decoupled
Load Flow, FDLE)#HAT#ITHH . ARSI, HhEE P REAGHER T InN R R a3 E, ff
P, AR A R B ) B S R )

(1) WEN AWML BAREH T 10kV 282528 LGI240/30, HIBH 0.131 Q/km, T 0.35 Q/km,
KERESR Skm. 10km. 15km =Ff. FRBLE S AMFE, 7L RS B FRE
TUEINBIER M a .

a =1+0.004(T ~20) (1)

(2) VLB 00T AR S PR ML AN, % A 20 R B A TR ARG P B
A AT B A AL
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Figure 1. Final model diagram
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22. RS SHREEEM

22.1. BLEEMZITIAREIRI S

ASCHETF FH ) GMM (Gaussian Mixture Model) AU BETHE 10 kV A YRR H S 4737 5 814>

5%, FIF NBClust B 08 52 I faf AU SR I B30 E , Jld i D sl 7 IX R 9E45 & 30 Frf
RMESRFR(AD KL #6540, CH $84055), B IPHEH e Ry 54, JHE GMM HERL T, SEBER it )7 248
Bl AL AR Y

SRIG, WIBW BT SR S AT . X P 0 Z 58 s T SR iR & 25 i5dmin
TRAIAL R S KRR AR R i KA R R 847 5, tFE AN ST s, EEdE ST
BT S I . KRR N S A s A S IS A, AW E S DL PO IR TR, B EAE
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Figure 2. Improved flow chart
2. iHtERIRIZE

FfRG R SRR S S, B HPIIEE R4, Calinski-Harabasz 541, AIC (Akaike
Information Criterion){5 8.7 . BIC (Bayesian Information Criterion)fs S A YR FEARBEAT 22 & 9F 1, A
KNEHRE. REDBE. BAERESEZ Y B RE T E SRR .
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Figure 3. Typical scenario amplification ideas
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3.1. BI-LSTM EX[RT8F0iE A L it

3.1.1. BI-LSTM B 3% R
LSTM (Long Short-Term Memory) ¥ A% T~ I J5 H s (458 5 KA RN, 208 A4 22 X 45 (Recurrent
Neural Network, RNN)FR4FRRAE 1A . SRIMTAESE B 1) LSTM 32 R T-I6 e 7 o, e B 435 AL 3R L S 80U5
SCE I TC R A 1E B PR AE R AE . SR A BI-LSTM ZR K i X ] 45 2 R 2 LA S B skt J PR A
BI-LSTM SR FHXU 472840, MRl 5 LSTM M4 Ky s XGEIE I e A FR 3% . 5 N 551 2107 11
LSTM 4Btk A f oy, [A550 5 0 LSTM it &, , B AR
by = LSTM (x,.h, )

h ::Lsznf(x %__) 3)

t 1271

TS RORAS M BPHE LIRS, XA RIS AR HESR AR IE R, RAEReE
FZ W Ay, SEBL B R SCRURBIRHIERRID 5] [6].

AR T HARPRBE 5 2] J5 i, Wil LSTM AN e 5[] Ab B 5 1R TG0 AR N Z{E 2., CNN @i 4
FERZ S S R (F A DL SR AR P B s S5 A ORI AR 3, BI-LSTM BRId iy [a] J2 15 [ )2 [ ) 4 42 7 471
G PR 1) RS S 8 0 s TR

FIA BI-LSTM w] DAXE H ) B0k 4T T . dndE T BI-LSTM AR 40 i BEAT R T 1], AR IET
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Figure 4. BI-LSTM Overall structure of the model
[ 4. BI-LSTM 28! 5 k1522
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ol AL B 5 A N a2 00T, Sl i S R R A, SERLERIR, e B LR T

1) WANZ

HINZ O HEELR 8 GMMIL 1 GMM2 2H, BRI R IR OGRFIR DR ZF A, 73 7%t
I — AL BE, I AR AN SR R RAE B i 46y = 424 UE Y trainNetwork %5 .

() HiEE

T A KA T2 BI-LSTM 2, ReLU (Rectified Linear Unit)i% 2, 4 &#E, HIHEH K.
ARSCR FH AR A 77 1 AL AR A B A N R — ZH 2R PR AR B A o

(3) Hth)=

FEHSHE, AR, i8N, BE R IA—b 4. trainNetwork Z0FE 7 FIHE, 7 Z0R4L
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(1) HRALBLE(Optimization Algorithm)

RACFIE S ST AT ) it 72 o AR TR Adam (Adaptive Moment Estimation)5y%, FHF FH A
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Figure 5. Comparison of the effect of not using Adam algorithm (up) and using Adam algorithm (down)
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Figure 6. Typical 10 KV feeder operation scenario division diagram
6. #F 10 KV RS THRY 2 E

Table 1. Evaluation indicators of GMM on various time scales

= 1. GMM & EHE| R EIFMN 84T

VRS GMM-1 GMM-2
PR R 0.171269 0.457444
CH % 12778.45748 39157.32135
AIC -106652.5626 ~53595.25465
BIC -107793.9331 ~53705.44743
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Figure 7. Comparison of the effect of setting the batch size to 64 (up) and 300 (down)
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Figure 8. Comparison of the effect of setting the maximum iteration count to 1200 (up) and 300 (down)
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Figure 9. Comparison of prediction results for the training set of line loss value prediction
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Figure 10. Prediction results of ELM line loss rate test set
& 10. ELM £ i SR FUNEER

Table 2. Comparison of different model cues prediction

2. NEHEEREARTUNXT L

JARFH M Ty 3 /MW /MW RS BI-LSTM Tl 2 41 % ELM TRilZ45 %
0 0.5 0.87% 1.80% -3.61%
0 2 0.98% 1.20% 1.63%
0 4 3.16% 3.03% 1.90%

0.3 0.5 1.32% 2.15% ~3.28%
0.3 2 0.67% 1.11% 1.75%
0.3 4 2.65% 2.85% 2.07%
2 0.5 8.36% 6.83% ~0.90%
2 2 0.42% 0.80% 2.59%
2 3 0.95% 1.08% 3.44%
4 0.5 11.49% 13.08% 3.43%
4 2 0.80% 3.26% 4.27%
4 4 0.43% 0.99% 3.07%
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Table 3. Comparison of evaluation indicators for different model line loss prediction

3. NEHEBEARFUNITN fafRxt L

PN FEAR R’ MAE MBE
BI-LSTM il 0.90454 0.0078417 0.0050797
ELM il 0.62408 0.033956 0.013113
5. %8

AR FET BI-LSTM & 2% 26 0 A O ARIC L X B 2 453 000 7 v, 3 ed 554 23 M Bk A A%
o FELRWT:

(1) 5T BI-LSTM [T 772, FIFHH ARG AICAZEET), A RAE TR, S Fu
FERERRSENE, e IRAL ST ik R R A -

(2) dufest GMM A, G R i REUHE S FOH R ERRT A BT E A AR, 3R
T 50 73 BIRL ARG B, g2 dt T 42 fit T 5 00 LAl

(3) IS A HTIER, 5450 ELM fAUH LG, BI-LSTM BLALTEVR faf 218173 5¢ T TR & A se
PEE R, ST A ORI R R R 2RI N 5

SE
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