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®1 BEIENNGEBSHIRE

Channel attention mechanism parameter setting

Table 1

Stride SE-ResNet50

Layer name

2 conv,7X7,64
Layer 0
2 max pool ,3x3

[ conv,1x1,64 ]
conv,3%X3,64
conv,1x1,256

| SE:fc, [16,256] |

Layer 1 1

[ conv,1x1,128 ]
conv,3%x3 128
conv,1x1,512

| SE:fc, [32,512] |

Layer 2 2

conv,1Xx1,256

conv,3%3,256

conv,1x1,1 024
SE:fc, [64,1 024]

Layer 3 2 X6

conv,1x1,512

conv,3X3 512

conv, 1x1,2 048
SE:fc, [128,2 048]

Layer 4 2 x3

global average pool, 1000-1 fc,softmax

2 SCI§

ARYNH T HA Z K FER IR CNN-LSTM 4]
3 3 TR 15 2 1Y) 10-47 38 LG I A T H 7 3 #E Al
VAR TERE , SR 5 50 DG I TR B 2 2 B R E 47 2 it L
AR A LI 4 R ER 3L T PyTorch TR B 2% > HE
AR5 4 1.10.0, Python RN 3.8.12, B K
54 NVIDIA GeForce RTX 3070, i 773t 8 GB; CPU
RIS 17-11700F ; iHEAHLNAEN 16 GB.
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2.1 HIEE

P UCT %% B FH B 50 He 45" 1 369F CNN-LSTM
S A O B SR REE T 2 207 A ZE iE
TS BB i 2 075 259 MR FE 50 F 7 A8
AR, B S RS B TR BTG R E
HLIE AT 53 41 3 AN 8 P 5 sl bR AL, 7 A s
WP SR B g O R AT Ak B TN AR R A B[] Sy
PR TR RN X 7 A @, A BT — B[]
HAR B D%

2.2 HERILIMATS

CNN-LSTM 424 ] LUAR 5 3E 2 1 46 B th AL 2
HILSTM 2 B4, DL S FUE I A5 80 6 B
K/INFT LSTM H 7 B J 22 71 sk 850 o A 7 A [ 72 B 1Y)
B BT IR B 2 I R T B — At /2,
DABENT AR S B AT PR B R Ak, A SO Y 1) 8 2 8
PEZe U N IWARIEY ists R € RERUEZ I PSSOV A
ALBI R AR IR E 19 4% 1 /R T CNN-LSTM 19
SR E B 4 R T Tt B B A Se ).

2.3 HEETNMERE LR

2 FE 5 L T ARG G 2 B 45 Fl LSTM
TEPIHLAS 27 > A5 R0 B 10000 7 R 5 SR A SO A Xt
AP 2SRRI R AT e PR M AR, 5% 8 CNN-LSTM #fi £
W25 FH EL , 15 22 FEAR T 22. 72% (B 1] 43 3R ol 1
min ) . PP P8 BR J2: F IR R 23 (] 158 25 0 £ 119 3 )y
#Z(MSE) :

1 & 1
EMS:;;m—&,>2=;;<y,—¢<xl>>2. (9)

%2 CNN-LSTM B3¥ig &
Table 2 Setting of super parameters of CNN-LSTM

Pl TR/ 7 S AR BB HK R PR SHR/A
— BT 64 2x1 1 tanh 192
TimeDistributed (— 4kt K3t fk ) 2 tanh 0
TimeDistributed ( £k ERE 1) softmax 0
TimeDistributed (—4E#&F ) 64 2x1 1 tanh 8 256
TimeDistributed ( —Z4Efc Kt 1k ) 2 tanh 0
TimeDistributed ( £ 3 7E & 77) softmax 0
Dropout 0.5 0
LSTM 64 tanh 73 984
LSTM 64 tanh 33 024
Dropout 0.5 0
Dense 64 tanh 4160
Dense 64 tanh 4 160
Dense 1 linear 65
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Table 3 Comparison of the MSE index of modeling methods based on different time resolutions

AR LR ARIMA DT RF SVR MLP (Cll\g\; (Czl\g\; LSTM UZH;LE?M AR SR
1 min 0.0844 0.0838 0.1026 0.0802 0.0797 0.1003 0.0748  0.0666 0.0741  0.066 0 0.0510
15min  0.2515 0.2428 0.4234 0.3972 0.3228 0.2370 0.2197  0.2123 0.2208  0.2085 0.180 7
30min -~ 0.3050 0.2992 0.5199 0.3951 0.3619 0.2813 0.2703  0.2684 0.2773  0.2592 0.229 5
45min - 0.3321 0.3431 0.4804 0.4315 0.4247 0.3208 0.3205  0.3183 0.3220  0.3133 0.277 8

1 h 0.3398 0.3252 0.5259 0.4344 0.4059 0.3072 0.2885  0.2865 0.2903  0.280 3 0.263 1
1d 0.1083 0.0980 0.1891 0.1190 0.1311 0.1134 0.1094  0.1069 0.1129  0.101 3 0.0913
1 & 0.0624 0.0616 0.0706 0.0617 0.0620 0.0441 0.0369  0.0333 0.0387  0.0328 0.028 9
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Fig.5 The 10-fold cross validation results of different algorithms
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Power load prediction based on multi-headed
attentional convolutional network
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Abstract Predicting residential energy consumption is tantamount to forecasting a multivariate time series.A spe-
cific window for several sensor signals can extract various features to forecast the energy consumption by using a pre-
diction model.However, it is still a challenging task because of irregular patterns inside including hidden correlations
between power attributes.In order to extract the complicated irregular energy patterns and selectively learn the spati-
otemporal features to reduce the translational variance between energy attributes,we propose a deep learning model
based on the multi-headed attention with the convolutional recurrent neural network.Compared with the simple time
series model , the proposed model uses convolution and weighting mechanism to model the local correlation between
power attributes and active power.It exploits the attention scores calculated with softmax and dot product operation
in the network to model the transient and impulsive nature of energy demand, predicting the instantaneous pulse
power consumption effectively. Experiments with the dataset of University of California, Irvine ( UCI) household
electric power consumption consisting of a total 2,075,259 time-series show that the proposed model greatly im-
proves the prediction accuracy compared to the state-of-the-art deep learning models.

Key words deep learning;attention mechanism ;time-series forecasting;load prediction



