What is Scientific Cloud (SciCloud)?

® SciCloud 1s a private cloud for scientific computing for researchers
® [t is running:

v 18 physical servers

v 80 cores

v 1/5 TB of memory (RAM)

v 12 TB storage (including backup storage)
® Provides customized images
® Real-time scalable resources provided “as a service (aaS)” ,

c.g.:
v Data (DaaS)
v Analytics (4aaS)
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SciCloud Overview
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Total servers: 3 (12 vCPUs, 24576 MB memory)
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SciCloud — Analytics as a Service (Jupyterhub)
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SciCloud — Analytics as a Service (Jupyterhub)

AIUTEND -
x

C(|®1932004530: ¢ % | &5 B @ @ N
I Other book

’: Jupyter Hub
(%
it Apps % Bookmarks

~ Jupyter

Warning: JupyterHub seems to be served
over an unsecured HTTP connection. We
strongly recommend enabling HTTPS for
JupyterHub.

»

> Suggested Sites

Username:
xiuli
Password:

’: Home
<

AlUreng ==
x

C | 0132005308 % &5 B 6 @ N\ & & @

»

! Apps W Bookmarks [B| Suggested Sites
~ Jupyter

Control Panel

Files Running Clusters

select items to perform actions on them.

Upload

o ~ | # Text File
Folder
) O Example:notebooks Terminal
erminal
) 3 Example:Python for Data Science
MNotebooks
) 3 notebooks Python 2
' & Datasets.ipynb Python 3
R

' & untitied.ipynb

M Other bookmarks

Logou

4
4

~ Jupyter 13.Visualization @ | ControlPanel || Logoy
@ | pytnon
File Edit View Insert Cell Kemel Widgets Help
+ = @ B 4+ v M B C  markdown v | = | CellToolbar
a4 »
In [12]: # set up hist and plot it
bins = np.linspace(-3, 3, 50)
plt.hist(samples 1, bins=bins, alpha=0.5, label
plt.hist(samples_2, bins=bins, alpha=0.5, label
# legend
plt.legend(loc="upper left")
a4 »
Out[12]: <matplotlib.legend.Legend at @x7fbf2451a320>
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In [98]:

In [73]):

In [99]:

0. Description of the data

The data used is the district heating consumption of single family houses in Aarhus. The data contains the consumption of customers at 1 hour intervals.
There are 15,065 installations and the total number of 24 hour load profiles is 9,051,638 The data ranges from December 2008 to Movermnber 2013, Howewer,
the data range is different depending on the installations. For example, there are a small number of installations having the data before 2013. There are 7,507
installations with data ranging in 2013, and 14,333 in 2014, and 15061 in 2015. We use the data of 2015 in this experiment.

dailyProfiles = [15861,143332, 7387, 2384, 928, B@5, 681, 663]
Years = [2015, 2814, 2013, 2812, 2811, 2016, 2088, 2609]

fracs = [180.8*x/sum{dailyProfiles) for x im dailyProfiles]
explode={8.05,8,8, @, 8, 8, 8,8)
pie{fracs, explode-explode, labels=Years, colors=cm.5etl{np.arange(8)/3.8), autopct="%1.1f%%', shadow=True);
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In the following, we use histogram to plot the distribufion of daily profiles of 2015, and we see that the gamma distribution can fix the best.
X = np.load( 'HourlyReadings_2815.npy" )

dailySum = X.sum(axis=1)

x = np.linspace{dailySum.min{}, dailySum.max(). 1688)

# fit

param = stats.gamma.fit{dailySum}

pdf fitted = stats.gamma.pdfix, *param)

plt.ploti{x, pdf fitted, color='r')

# plot the histogram
plt.hist{dailySum, normed=True, bins=188, alpha=08.5);
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The mixture of log normal distributions fits best the actual data.
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In [139]:

In [146]:

In [175]:

logdata = np.log(5+dailySum}

logdata = logdatal[~np.isneginf{logdatal]

estimated mu, estimated sigma stats.norm. fit{logdata)
¥min = logdata.min{}

Xmax logdata.max(}

plt.hist(logdata, bins=38, normed=True, color="c", alpha=8.5, range=(8, xmax)}
® = np.linspace(f, xmax, 18@)

pdf = stats.norm.pdf{x, loc=estimated mu, scale=estimated sigma)

plt.plot{x, pdf, 'k'}

plt.xlabel{"log{3+daily consumption]”}

plt.ylabel{"Probality density”);
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df = pd.read_csv('ava dailydata 2815.csv’, header=8, sep="|')
fig, axs = plt.subplots{nrows=3, ncols=1, figsize=(18, B)}
nos = [188815, 180828, 188166)
colors = cm.5etlinp.aranga(8)./8.8)
for i in range(3):
ts = df[df.installnr==nos[il]
ts.index = pd.to datetime(ts[’ readdate']}
axs[i].plot({ts.index, ts.reading, color=colors[il)
axs[i].set_ylim([8, 2808])
#Faxs[2].set xlabel( 'Month')
axs[1l].set_ylabel( Consumption., kWh')
plt.plot{};
200 T T T T T u T T T
150 &
100 i
50
Lo, 1 L

u ! It ! I L
Jan 2015 Feb 2015Mar 2015 Apr 2015 May 2015 Jun 2015
200 T T T

Jul 2015 Aug 2015 Sep 2015 Oct 2015

Nov 2015

Cansumption, kwh

u L 1 Il I L
Jan 2015 Feb 2015Mar 2015 Apr 2015 May 2015 Jun 2015
200 T T T

Jul 2015 Aug 2015 Sep 2015 Oct 2015 MNov 2015

150 -

L e e




3. Clustering

e adopt the two-stage clustering method proposed in[1], first by adaptive clustering following the menging small clusters.

In [ 1:|km = adaptive clusteringisampleX, 18, 1688, 6.3}
labels, centroids = hierarchical clustering{np.copy{km.labels }, np.copy(km.cluster centers )]

In [9]: |plot_centroids(labels, centroids, 4, 5, 8.2)
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In [8]: |plot_pointsi(sampleX. labels, centroids. 4, 5. 8.2)
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