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Abstract

By 2021, buildings account for 40% of global energy consumption and can play an important role
in matching power generation and demand response. Buildings should meet the requirements of
energy supply side, and there is still a lack of research on short-term energy flexibility prediction.
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With the development of new power systems with new energy as the main body, large-scale flexi-
ble demand-side interactive response resource mining becomes inevitable. In view of the problem
of building flexibility potential analysis when there is no demand response historical data, this pa-
per proposes a building power flexibility potential evaluation method based on multi-source un-
supervised domain adaptation, which makes full use of the historical data of the buildings that have
participated in the response project to evaluate the building power flexibility potential. Firstly, a
general method based on simulation is used to quantify the energy flexibility of zero energy con-
sumption buildings and determine the potential of typical types of ZEB; secondly, a multi-source
domain adaptation model is designed for the time series. The feature extractor based on cnn-gru
is used to extract the time features of the input time series data, and the domain invariant features
between the source domain and the target domain are found through the anti domain adaptation
of the feature extractor and the domain classifier with softmax output; finally, the effectiveness of
the proposed method is verified by an example
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B RRIEIEAE R . 22021 4, @Y G RIRAEIEHFE R 40%, FEVLHAC A HAN S SRR 877 [ )
DA H5 SR o 3 R ) 5 SR B B3 95 R S PR PR At 0 R S RE YR R G B A AR, X T Ae IR
ARG IE LSRRI ML BA B S AL &b B @ ST REFERT 40% [1]. 5 PRI RETETH AL
e ANEBEHMA Y, HATIE 30% [2]. N T R IR X7 A BT AR E S S, H
WFFEHEH T AL S AN F5 KA A Be YR R & 15 it , DAGE — A nT SRR B L ) R 48[ 3] R Bl R Fi
RS Re U5 ) RS 1 R 2 AR L 7R AP 5 S 1Bk 22 (1) 55T (4] (5]

[l bR BE VR & (IEA) FHAF 67 “ Bl RIS @257 e SRR, SRR IR R0 M i i s O 75 SR A KR
HLEIRE ST, FRAETE P& 2 RARAE . FH P T SRR U I 28 PR 17 0 SIE I A5 SR AN 3L EK [6]. SRBRe i R
TR — M 22 7 SR B (Demand Side Management, DSM). 7 >R v (Demand Response, DR)EL R %
BRI RAGFEHI[ 7] SR, EFR KW NI H SEHI, Ao m AR R B =, S0 1 g ) RIENE
T D 1VTAS (R

TERXAME LR, ol B E0E B (Unsupervised Domain Adaptation, UDA)& —FiA W 5] T 7 &,
BIE I A FRIE R4 PR I B AR IR R AR il B AR B Bibrid . A 2R '*ﬁﬁlﬁfhﬂ’llffz%j
ﬁ?n%’%‘??@% RO, P AR T i R B RAD, AR S TR] 5 A e 1) 2 S Y 8] R

BUHL ) RIE 1 9 T 1VPAlk BT = 9 4 FﬁU\ﬁDﬁﬁ)&f@ﬂﬂﬂ%/\ETIETU”?JW(ZIKIEFWJ%AL A HE A
E%E‘Jﬂﬁﬁé%/m & 22 YR T0 W B I SRR N T R SR ) RS RIS DA T — MR E A A TR
Ye BRI R, SCHER[O146E tH VR RIS B ST I R, R R S SR SRR AN B AR IE R R, FRiE X b
o) EA ], BN B S VR AR RS B F — AR RS R R, AN RIARAS T . U RS
PR 3P4 b i R AR v R e, TR UE 95 (Convolutional Neural Network, CNN) /7 A A REIR
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U PR R 0 8 1) R 78 2342 40 B0 I AR AL

FE BIRAT TR IR b, Dy 7 ARAE 75 SR e I T5TH A0 31 B0 R R N RS BT R ) S T 0 PR A el A
RS FE T 2 PR IEE B R LR 6 $T 2% 2] J5 5 (Domain Adaptation with Contrastive Adversarial Learning,
CALDA), ke fiE4 s UL 5 4 s S 30l 3R r g RSPV J0vFAG ROR[10]. B 26T Energyplus9. 1
BN AN BT FLRG 0K ALl B R E A A R S A UK R RS PRI T LR, RIS TR PR A
Wit Z PR E AT, T A 4 11 $5E G PR BT (Gated Recurrent Unit, GRU) I ZH i f¥] CNN-GRU H3IE
SRS TSR B I [ PP B HCHE 1) I ()RR AE IR I8 I R AE SR B AR AURAT softmax i tH I3 SR 458 (10 0T
P & BER AR B E I B AR A R AR R s Bfa, X as ) AR, SEA RO R e
PRAEHE, R Y RS TR PR M RE

2. ARAZE
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TP S ) RIS TEE S, AW REA] Energyplus9.1 X2 N ESMIRAT B, FRTE 24 /)
IRf PR P 2% R R A A BE R 2R G SRt b S 1) RS PR AT (B 24 ASANFE BAROLH) DR Z01E, #AN3ERF
g2 1 /heE, HBRRAUR A —AS RGN N AIE) . = A2 0 Be YR R & M AR 4 v H T % Z 2 5
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Figure 1. Building power load curve
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Figure 2. Building power load curve under flexibility event
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Figure 3. Environment parameters under flexibility events
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23. BHBEAORFEMENEN
R R T R A R L RyE M (flexible ramp-up, FRU) 5 3R A7 T R 754 (flexible ramp-down, FRD)
ke ANTEA AR R FAE T RNk Fol S FR SR IRE ), BUESTRRIR R PE. Il

B AR R, BATTIEEE T IR BEORVE S A R R REI RS 1, B2t 1 a2 SUAE 14 ) 393 18 T
PSR A2 > ) RAE TR T (045 2 [10]. S 1) RS PR W] Ros

ﬁtzglea’}([_;_ebase (1)
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Figure 4. Model composition
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Figure 5. Schematic diagram of GRU neural
network
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HU AR RSBUZ by, W UUE U ST ZIREHE S, WA RG)#AT IR
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SR CCs 0,), WTABR/METIR B KR A5, BATER S50, fo,, VUi
PR2E y Al softmax #EAK p /MU IR L, (v, p) o« A T AEERZ AN, BATIEIE MR IR Dy
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Figure 6. Overall framework of model
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4.1.1. XS
AW 5 R FH 22 R IT 1) 36 7048808 %7 25 =1 45 P Python3.6 FIIR 2% ST HEZE pytorch 1.7 SEIR T A SE4e . A T
TEAG A SCTHR H 0 HE 2076 1) 32 2 40 P g SRV PRI VA O T A R, BRI R TR B R (YR S AT T S

DOI: 10.12677/m0s.2023.121018 188 e RSE TR


https://doi.org/10.12677/mos.2023.121018

PUES S

B0 o FEARW FL A, SEEGH 2 8 AN R E T A A SR, il B HE BLUR(S 1.1, S1.2, S1.3, S1.4). XUJH(S2.1,
S2.2, 82.3). VUJR(S4)iL B2 S AL (FE 8 Fh), REANBLAY 1y 45 P HAME 10 X, DA/ SEIG R I BE HL AR .

4.1.2. BSEEE

N T I R R e S B SR AR S AR TR M e, AR S BN AR AL S E . K 1 B
TR BT R A IR ] TR AR Bk S B E . FRIESEELES & CNN-GRU & M2 . $55)
AN BV TR0 28 AT LSRR = AN IR R . B RIR B S R LS, FEABE ST Dropout 15
BN 0.5, SLE RIS 5 o) AR I 3R Ak 2 A D B I SR e B R AR AT A, B S L2 IR ARA
Fo)E, LSTM FENEZ P ot, PLAYRSORT B ARt E /M e 1 fo. (4 Adam fRALESH4
%5 epoch W E N 100,

Table 1. Model super parameter setting
F 1. BEESHRE

IENALALEE {0.001, 0.002, 0.005, 0.01, 0.02, 0.05, 0.1, 0.2, 0.5}
R {0.001, 0.002, 0.005, 0.01, 0.02, 0.05, 0.1}
RHEFRELES . &R 2 {64, 100, 128, 512}
AN {64. 128. 256}

4.1.3. BRIV
AT B AR ZE(MAE) . Y77 Z2(MSE) “F3146 %) 1 43 Hi% 2% (MAPE) M1 R-Squared (R?)
KPPl B AR S DA M TR PERE . DU AMSERY 1 BEVE Al F A 23 Sl b 7 R v B

1 A
MSE :ZZ(J’[ _yi)2 (11)
i=1
1 N
MAE =—3 7, - 3 (12)
i=1
1 |yi_.)’>i|
MAPE =—) —— 13
nZ} " (13)
S(fi-5)
Ri=1-2 (14)
A \2
(yl_yi)
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t-SNE (t-distributed stochastic neighbor embedding) #%)" v F T4 i 4 B4 e i 21 — 4k 2% [a], LAnT#i Ak
YRR A 7 SR T VYN R U AT BRSO 1 SR AR B AR ) t-SNE ATRRAL, B AN
(R €3 T AN [ (R RN AR 382 1) BRSNS R AE A o DU AN TR SR AN H A 8 S 2 [ A7 A B i
IR A ZER . B ZER BB TR S DNARERAETE S S RE. Bk, ANFEE
V5 UM A RE BN [F) — PO ALY o, i S i s gk AT b . R 7 RTRAE M, (A
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Figure 7. Decentralized distribution of time series data
characteristics
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Figure 11. Average performance evaluation index of the model
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AT ZVIBGE L RV A ROR A AT oAt 2 Yo BRI, RS VE AR B I SR i ) R PR

JIVHE SR S A SIS TR S, UEWT AR B A B ) TS E

Table 2. Model precision comparison (R?)

2. BAESE TR

i MLP LSTM CAN A5

S1.1 0.45 0.68 0.74 0.81
S1.2 0.32 0.57 0.69 0.80
S1.3 0.43 0.62 0.71 0.82
S1.4 0.44 0.66 0.72 0.84
S2.1 0.48 0.71 0.77 0.85
S2.2 0.52 0.73 0.79 0.87
$2.3 0.47 0.74 0.78 0.83

S4 0.58 0.75 0.83 0.93
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