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Abstract The increase in the use of residential air conditioners in Chinese households has resulted in a rapid increase in energy
consumption. The rapid development of artificial intelligence technology provides a powerful tool for advancement in this field. However,
there are various potential energy conservation and emission reduction paths for residential air conditioners, in addition to a wide variety of
artificial intelligence technologies, which have not yet been systematically defined by the industry in combination with these two aspects.
This paper summarizes and classifies various available artificial intelligence technologies with respect to achieving energy conservation and
emission reduction for residential air conditioners and provides brief descriptions of these technologies. Because most artificial intelligence
technologies are inseparable from data support, this study also introduces a method of efficiently obtaining training data through joint
simulation.
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Tab.1 Artificial intelligence applications in alternative refrigerant development
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Tab.2 Artificial intelligence applications in refrigerant charge fault detection
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Tab.3 Artificial intelligence applications in air conditioning system design optimization
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Tab.4 Artificial intelligence applications in indoor temperature and humidity prediction
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Tab.5 Artificial intelligence application in cooling load prediction
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Tab.6 Artificial intelligence applications in indoor airflow field prediction
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Tab.7 Artificial intelligence applications in occupancy detection

=2 Ay AL FEAR YEH
Dong Bing 2157 2010 Fa bR AT AR N T M4 ARIE CO, fZRE JH L A S R R B A5 B, X 1L 3 b
one T P L BB > 508 2 A 3 5 M
MR 2 AR BE | CO, ¥R B2 S5 A5 B I 52 Y N B B, AT
A. Javed 2% 2015 N TARZEMEE B3RS
aved ! T 2 2 B TR 6
AR CO, fLRRAS AL IR R 15 BRI 1 o 8
Wang Wei 2505 2018 AT ARZEZE KNN SCHRF AL S50 Wikt B 5t b 3 Rl s > S0k W 22 9 A B 5k
W RUR
, SIADRAT AT D B RS WiFi F820, X H 3 Fpblas 2% > S0k B0 2= 9N B 4
Wang Wei %1% 2017 ~ » o o
FARS PR S Pl RIECR
HAE 2 N Ah CO, WREE | HoL s 0 IR B Ty 2500 28 P N D it g
5. H. Ry %% 2016 HHERE AT B I €O, AR UL

Yang Jianghong %[ 2019 BHEEARTHA
EE) 2015 EJRW] 4
Yang Bo 451 2015 MR W 4%

A A I A0 P50

M LB R, Wik 5500 8 22 ] 56 RS2 B JEE § T
BT | S i o7 1 R A AR A i/ A A )
s B9 TAE &

ZEE 5 BN DUV BB 2 M RGE I AN B e, T 3
PN VAT

I HIHE A0 22 28 B2 i P 20 MG TR BB R e 2 1A
I 5 o2 PR B8 R 2

Geit i Ly (HEEAS A F IR 1 A7 R AR Y,
— SRS EO TR AT R0 D s Bl | 8 i W e
R 0 A R B Al S S AR B0 A A Y B
BRSO PR 3 | BAfR J R R SR T ST 4% R
SPRFR, PR AR R [ R W R 45 R N T RE [l
A2 P2 w4 ) Bk A T o k3,
— SR il o R v T AR R G R s Ak B
TR R bR R A AT B
IR AT e AT — TR AN UL AR S I
Syt TR (G R S R G A PR R S
RIGE S N BTG RR“ R AR 36T DL 33 figt 1) 25
P SE B B s ) B bR o = N IR E W S AR S
MEAEE N AR R AEE B FNEIERS WS R E
WAL, TEEZ N IREE . BT T ] il 55 X 42X —IA
R N EN A RS, Rg B
I AL HE N AR IREF AR | 1E WL Ge i b A A g
Tl 8 25 18 22 G0 10 5 3 A () A T B A SRR R
Horp—#E 55— 258 05k rT A RS R 4 Dl
(g PID il LA B ASORA 32 4 45 i 77 IR 32 A 4
TR R 2R BRI, AT AR I E T &
Z AR Lt R G0, (B St Y B KM IE 2R RS
(7 IR ST % L AR . Xu Xiangguo %57
HH I TR R A DU) 5 1) TR AR % e o Bk IR AE

I HERE YR ARFY T AR 3 M7 AR AT b %
PeTZM, 38 B NN T8 REAE AT E 4%
AR A L
3.2 BE AT BARETR, BRRHEMEF

AT P A BE VR A HE A PR 7 — R A R 25 0 Y
PR, B2 TP B RIS A AR AR T, v RO R R Y )
W 55 0, (DU AR AR AR R A SR A Ry L)
A4 i B e 4 T AR AR R PR E AR Sl 3
TH T P BE TR A T DA FIAE AR RE 7, AR v ) 7T SR
AR . TR BRI 4 A AL R S B T T 5
RETH AN A, SR SR 00 i 3 v RE A AR L 2 000 14 %
AL T S AL, R RE UL B TE — i PR BE I i ki )
R SR Ay e SR DM 7 B )R AR S R
SR B0 3 B i 2 — I EL i TR SRR 1
RIS AT 7 385 2 38 45 25 P REAE I AR 2%
PARTIE T IR, PRI H 2 8] 28 496 76 7 SR o 45 sk T
KAEHEN,

23 EE TR WS 7 TR 654 187 L 7T 43 A T2
S — 2 B IE]RURE A/INAE () 3K () Ay B Y i
WIS o FEL TR AR AR Hh g B bR 0 SR 25 L A1
Sy A R f | S LA SR S S S R
HIWE LA | 225 6 22 48 AT S Rh 35 155, of et 2 4
HPIE R REFE S HEAT 2 BLARIAL . 3 S0 AL 7T i



Mt FIH Vol. 44, No. 3
2023 4 6 B AL SR ARER AT 88 HE TS A B A June, 2023
=8 MEFERIEH TN TS LA
Tab.8 Artificial intelligence applications in thermal comfort and control
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Tab.9 Artificial intelligence applications in demand response
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Tab.10 Artificial intelligence applied to residential air conditioners for energy conservation and emission reduction
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