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ABSTRACT

KEYWORD

Purpose: Recently, there are many research projects conducted to achieve smart cities. Smart cities consist of =042

smart buildings that include efficient energy supply and consumption systems. The Artificial Intelligence (AI) E—L 5

technologies became useful tools for this purpose due to their reliability of prediction accuracy and credibility. It is iiril ot
o o

very important to better understand how the Al algorithms work and can be applied for specific areas of energy  zicty|

efficiency in buildings. This paper presents how Al technologies, such as Artificial Neural Network (ANN),
Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), and Long Short-Term Memory Building Energy

(LSTM), are currently being utilized in the energy efficiency research in buildings. Method: International journal

Artificial Neural Network
Convolutional Neural Network

papers are reviewed especially for those utilizing ANN, CNN, RNN, and LSTM algorithms in building science and  Recyrrent Neural Network
technologies. In-depth analyses are conducted comparing specific approaches, research outcomes, advantages,and  Long-Short Term Memory
disadvantages of key papers. Result: Findings show that the ANN, CNN, RNN, and LSTM algorithms are mainly

used for the prediction of building energy loads and system energy uses. Compared to other Al algorithms, the
LSTM algorithms have higher prediction accuracies due to the characteristics of LSTM structure.
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Table 1. Purpose of the ANN related publications

Purposes Number of Publications
Prediction 144
Optimal control 40
Performance assessment 17
Optimal design 10
Building retrofitting 5
Building materials 2
Monitoring 2
Demand response 1
Development of algorithm 1
Detection 1
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Table 2. Example of the Information of Publications related to ANN in the Field of Building Energy

Title Author (Year) Content Reference
An ANN-based fast building energy consumption prediction method Li et al. (2019) Heating, cooling, lighting energy 1]
for complex architectural form at the early design stage ) consumption prediction
A -level, buildi ini ificial Reynol 1.

zone-level, building energy optlmlzaflon con.nbmmg an artificial eynolds et a Building energy optimization 22]
neural network, a genetic algorithm (2018)

Prediction of hourly sqlar rad¥at1.0n using terfnperatflre and humidity Gaballa and Cho Prediction of solar radiation 23]
for real-time building energy simulation (2019)

Artificial neural, netonk models u.sir}g thermal sensations and Deng and Chen Predicting thermal comfort 24]
occupants’ behavior for predicting thermal comfort (2019)

Fault and sensor error diagnostic strategies Kocvieit et al Fault detection & diagnostic strategies
for a vapor compression refrigeration system by using fuzzy inference )(/2% 15) ’ for a vapor compression refrigeration [25]

systems and artificial neural network

system
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Table 3. Purpose of the CNN related publications

Purposes Number of Publications
Prediction 6
Monitoring 3
Detection 2
Optimal control 1
Tackle the missing value 1
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Table 5. Purpose of the RNN related publications

Purposes Number of Publications
Prediction 22
Detection 1
Monitoring 1

Optimal system sizing 1

Number of RNN Related Publications in the Field of Building Energy

Number of Publications
@

00 '01 '02 "03 '04 '05 '06 '07 '08 '09 '10 '11'12 '13 '14 '15 '16 '17 '18'19 '20
Publication Year

Fig. 7. Number of RNN Related Publications in the Field
of Building Energy

Table 4. Example of the Information of Publications related to CNN in the Field of Building Energy

Title Author (Year) Content Reference
Development of CNN-based visual recognition air conditioner Huang and Hao Optimal control of A/C based on the 26]
for smart buildings (2020) predicted occupancy
Imputing missing indoor air quality data via variational convolutional Benitez et al. Tackle the missing value problem in indoor 27]
autoencoders: Implications for ventilation management of subway metro systems (2020) air quality data
1 1. Buildi lassifi
Estimating residential building energy consumption using overhead imagery Stre 28‘2/ 0? a uildings are dettj;t:d and classified by [28]

(©2020. Korea Institute of Ecological Architecture and Environment all rights reserved.
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Table 6. Example of the Information of Publications related to RNN in the Field of Building Energy

Title Author (Year) Content Reference
RNN-based forecasting of indoor temperature in a naturally ventilated Weng and Mourshed Indoor temperature forecastin [29]
residential building (2019) perai e
Comparison of the robustness of RNN, MPC and ANN controller Javed et al. . .
S . Optimal control of heating system [30]
for residential heating system. (2014)
. R o NN 1 with R
Load demand forecasting of residential buildings Wen et al. R . model with Gated Recurrent
sing a deen learning model (2020) Unit is proposed to forecast the load [31]
b . 2 demand of residential buildings
Deep learning techniques for energy forecasting and Mawson and Hughes Energy forecasting and condition [32]
condition monitoring in the manufacturing sector (2020) monitoring

7 RNN 7149t Alof = 9]7] 2 = of dAFEo] Gk A esto] 2
2 0] AL E EEoTh 9, AU §le 7§~?— 221 47
2L 2 WSt o] Aol 11 25Fg] o m RNN & 7|9t ]
o] = ANN 24 7|5t Ao thu] Zoff oF 19%9] o1 2] 43 7Hs4d
= HERRITH30].

Wen et al. (2020)-2 7=+ Texas 9] Austinol] Y| F
O A7l F-} Hlo]e & ARE-sto] RNN 22 o] Fete & ¢
o} T3 A 9] Hlo] 8 & &-§-5to] e HlolH E A=
gAfska QeH311.

Mawson and Hughes (2020)2 A4t 44, 715 274, A1 A&
o) dA B4, HE T4 D ARESS 7Nt e & Al xR A o7 4H]
9 2 2 A4S of|=3517] $915) Feed forward neural network @
RNNO| AHE-S AQtotal H] W3t} Feed forward 2@ o] 749
A= oA, AY 371 2= 9 F59) At 747} 92%, 99%,
1831 64%°]tt. RNN 242 Feed forward 2dy} oot H
£ &89S o AEANUAE 96%, AW B71E 99%, 121 A
FE) AL = 5T%E ES&E}BZ .

Zﬂﬂ
bt

=715k

7

ol

AEAAA] Hofell A9 Ar|vme] APA+L
Fig. 8.2 A& | ool A 9] Awd LSTM ¥l =7 H4
& HeRdth A-geldA] 2okl A LSTM & =2 20184 77}1
HEsttt Sl A Aistglol & =2olA S48 APATE
=wAE, Abstract, 12|21 7]9JE0f LSTM, Building, T3
Energys X33 =7-g $35k57] wf ol AAZE 2018 ol

o

Fl

& LSTMo] zou#] Zofell ALg- o] 9ls 4= it shAITh &2
ROl 28T 4 PO =B SUSAL T 201982

LSTMo] 21507 2ofol] AHEE]7] A1ZFom 20209 193 9]
=0l ESHE A

Table 7.2 ZAEol 2] &ofollA] LSTMo| AHS-H 545 vrehdl
o} LSTM E3H A& o4 7] Bofol| A 22 o 52 9o &85
At

A& Zopoll A= g0l A, Fat, M71AH8-, HVAC oy 7]
AbgeF o] 2 8 at o2t YRS, Plug load, 4147}, 12|11 PV
WA of| Zo| & -85 Tt F & A o] 9] 4% Air handling unit
24 Aol 915 LSTM-S &-8st3lom, A5 12 oy ] dolE]
o] Fd dlolH 2 Q1% BAIE dfAshs $E2E %%Hﬁit}

Table 8.2 7= o] #] 2o LSTMO| &8H =7 5 47 E
HolFEr,

174 XKIEAE Journal, Vol. 20, No. 6, Dec. 2020

Number of LSTM Related Publications in the Field of Building Energy
20
18
16
14

Number of Publications

. N B o ® O

00 '01 '02 '03 '04 '05 '06 '07 '08 '09 '10 '11'12 '13 '14 '15 '16 '17 '18 '19 '20
Publication Year

Fig. 8. Number of LSTM Related Publications in the Field
of Building Energy

Table 7. Purpose of the LSTM related publications

Purposes Number of Publications
Prediction 22
Optimal control 1
Tackle the missing value 1

Mtibaa et al. (2020) YE|E X A AHofA 9] Heat A
7 2L &S A& g8otginh e HloE R A
Zr 2 A dolg, g2k, W 81, U 55 E8otH e
™ 2A17F SO Hlo]H & o &5ttt ¥
o 2-g-sto] 45 B7Ft A}, 7]E ANNO| @2 R} 50% d3
7Hs e Ao 2 yepdti33].

Qolomany et al. (2017)2 A& 2] AR} =5 d|&h= 1t
o8 LSTM B 27137 4 ols3+ (Autoregressive
Integrated Moving Average; ARIMA) R@-& FE5to] A Azt 4=
9] | & AL E vt} Hla A3} LSTM 2dlo] ARIMA =
dHT 2 ASES EATH34L

Xuetal. (2019)2 AU L2 of|&51= LSTM o= 2dS 7]
robgieh. &4 A}, 52 7HA ol 59 79 LSTM 2do] ANN &
dHToF 8% w2 oS ALEE Bk 302 114 959 49,

T 2 7ol & AL 2tol= 3%E tha TASHG =T 1 olF
A5 7HA o] Ao whg St5HolH 9 ] 7 ]—40}74°i3ﬂr
Tt 35].

Abdel-Nasser and Mahmoud (2019)-2 FQ A& U #] %
St B g T o] AntE T2jE Qtofl A QFY Al o Sl
LSTM& 2-83t gl B oS Rl 7dstgint. dAS
Tglo] Aot k= oA 7]& ANN Bell2 w2 o

[e]

Wk ol ek 22 A AH

)

_]IN'
o r

=
=



Ho
2
0E
x
Of
]

o

T - 259

fo

212 . 0

—

ol

Table 8. Example of the Information of Publications related to LSTM in the Field of Building Energy
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