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Cluster Analysis of Daily Electricity Demand with t—SNE
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Abstract

For an efficient management of electricity market and power systems, accurate forecasts for

electricity demand are essential. Since there are many factors, either known or unknown, determining

the realized loads, it is difficult to forecast the demands with the past time series only.

In this paper

we perform a cluster analysis on electricity demand data collected from Jan. 2000 to Dec. 2017. Our

purpose of clustering on electricity demand data is that each cluster is expected to consist of data

whose latent variables are same or similar values. Then, if properly clustered, it is possible to

develop an accurate forecasting model for each cluster separately. To validate the feasibility of this

approach for building better forecasting models, we clustered data with t-SNE. To apply t-SNE to

time series data effectively, we adopt the dynamic time warping as a similarity measure. From the

result of experiments, we found that several clusters are well observed and each cluster can be

interpreted as a mix of well-known factors such as trends, seasonality and holiday effects and other

unknown factors. These findings can motivate the approaches which build forecasting models with

respect to each cluster independently.
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[I. Preliminaries

1. t=Stochastic Neighbor Embedding
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2. Dynamic Time Warping
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[1l. Experimental Results

1. Electricity Demand Data
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Fig. 1. Electricity demand with respect to days of week
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Fig. 3. Electricity demand with respect to years

2. Preprocessing and Experimental Setting
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3. Experimental Results and Analysis
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Table 1. Definitions of clusters
Cluster No. x coordinate y coordinate Number of Data
Cluster 1 (=11, 3) (-15,0) 1,874
Cluster 2 (10,20) (-25,5) 1,745
Cluster 3 (0,10) (0,20) 1,553
Cluster 4 (-20,-10) (5,15) 900
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Table 2. Data distribution with respect to months

Table 5. Comparison of Data distributions for July., Aug., Dec.,

and Jan. for cluster 1
Month Cluster 1 Cluster 2 Cluster 3 Cluster 4
Jan. 115 309 86 31 Day July Aug Dec Jan
Feb. 139 295 36 35 Sun. 80 77 0 0
Mar. 143 301 55 52 Mon. 5 10 6 7
Apr. 123 180 132 42 Tues. 37 34 10 22
May. 181 55 108 920 Wed. 30 32 12 26
Jun. 218 1 108 148 Thu. 34 28 8 24
July. 222 0 183 112 Fri. 29 35 7 28
Aug. 232 0 194 88 Sat. 7 16 5 8
Sep. 194 22 145 131
ot A o o o AF7A e BAE B4 -SNES H4d 23t et 2
Nov. 80 209 182 46 4o el Exoze Auo] Brlss delo] EaqHon] o
Dec. 48 303 147 16 = = =oAAAD
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Table 3. Data distribution with respect to days of week olgr 4= 9t} wakA, t-SNEE 9-& - E9] thA] t-SNE
Day Cluster 1 Cluster 2 Cluster 3 Cluster 4 £ A3t 77 £48 Y35tk
Sun. 381 550 6 0 a3 55 & 194 2708 4709 4 el 42t t-SNE
Mon. 74 135 86 442 2 Agd Aot o AUF 2R 7] N o4
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Table 4. Comparison of Data distributions for July., Aug., Dec.,
and Jan. for cluster 3

Day July Aug Dec Jan
Sun. 1 2 0 0

Mon. 0 2 9 13
Tues. 21 28 32 23
Wed. 24 34 31 18
Thu. 24 30 37 22
Fri. 40 35 38 20
Sat. 75 63 0 0
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[V. Conclusions
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