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Imagine ... kamstrup

What if measured data
could be used for
identifying distribution
network efficiency?

Imagine having a
B possibility to find

faulty

substations?

| Imagine having
actual data and
no more hidden

. | ?
3 \ databases:

N
MM* ...[

What if you could

visualize meter data
| together with your
distribution network?

.




Digitalised District Heating

kamstrup

Digitalisation creates transparency
and reduces looses
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Kamstrup analytics

kamstrup

Heat Intelligence — monitor network and locate heat losses

(among other things)

¢ Kamstrup Analytics: Heat X

& C | ® https://apps.kamstrup.com/heatint/heatint/
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https://apps.kamstrup.com/heatint/heatint/

DHC and smart meter data lkamstrup

use of smart meter data to look into the
buildings and consumer behavior:

* many substations are faulty (up to 75 %)
which stresses the network and cause high
heat losses

'_ . * Benefits in relation to customers:
* Frequent data and automated analytical o
tools can provide overview of this faulty or

inappropriate behavior

| = get closer to customers

e fact based relevant dialog with cunstomers
e targeted advice and guidance

e reduce customers heating bill

e optimize network performance

i

: « Reveal what are the causes and where to
optimize

M, « identify building characteristics and end
' user behavior that stresses the network
most

§ ©° showthe “bad” buildings on a map and
point at where to prioritise ressources



Optimization of the energy distribution kamstrup

- Use of meter data to

- classify consumers
depending on consumption
pattern

- Input for forecasting, peak
shaving, building
optimization, end user
behavior, calculating
coincidence factors etc.

- For optimization of the
distribution network




Find the buildings that stresses the network most kamstrup

Report type Group
Cooling performance =  All meters
Cocling performance
Inlet temperature

Outlet temperature
Search Only show

Address & | Meter type Senal number  (Volume change (m3)

Meterid: 69843537 O
Address: Nemegade 31
Value: 56.47

9
© 0

Start date

End date

: 5 @ ¢ updot

Energy change (Wh)

Outlet temp
16-27C
- 27r-33C
ﬁ B Temperature difference lower than 33_42C
Inlet temperature (C) Outlet temperature (C) 5 . 42-865C

o

MWeterid: 69843540
Address: Nemegade 35
“Value: 27.29

v (
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A building’s true performance kamstrup

@ Comparable properties:

With the following property type:
Residence - Single-family house/detached
house (BOR 120

%
+ Caontribution from the sun *_'...:r

é—" Heating season 2015/2016

———3 .
VERY LITTLE MORMAL ALOT

Built year:
From 1973 to 1978

The sun's contribution to heating your

property is narmal. Area:

From 125 ta 149 m2

There are 709 other properties matching the
above criteria. Your house is compared to
these properties.

. Wind impact
"~ Heating season 2015/2016
: - .
ALOT MORMAL WERY LITTLE

Insulation capability
Heating season 2015/2016

P ——— - S
BAD MORMAL 500D

Your property is affected normally by the
Your property's insulation capability is
ahove average. Your heat consumptian is
theretore lower than normal when it is cold
outside.




Aggregated consumption in
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|dentify faulty or misadjusted substations kamstrup

Readings

Start date: pELSREN E] End date; pERaREDR E] Visualisation Readings

Readina time Frnergy 1 Heat energy Volume 1 Flow 1 Temperatura 1 Temperature 2

Start date: End date: Enter serial number Enter serial numkber Enter serial number
31/12/2016 [t 10/01/2017 MG 71033159 71023159 71033159

& Show similar units on same axis Flow 1 - Temperature 1 - Temperature 2 - cu pdate

e S \

|

% 10 Jan 2017 19:05
H 71022159 - Flow 1: 0.045 m3/h
M 71022159 - Temperature 1: 75.07 C
M 71022159 - Temperature 2: 27.04 C

g-_

w
=
Temperature 1 / Temperature 2 - C

5

w
=

I I I ! 1
04:00 08:00 12:00 16:00 20:00 00:00
10/01/2017 10/01/2017 10/01/2017 10/01/2017 10/01/2017 11/01/2017
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Heat consumption, pattern recognition, signal correlation kamstrup
(machine learning)

* Heating system:
* Floor heating, radiator, both?
e Control: Time operation, thermostat-controlled? Night

setback? Well-regulated?

* Hot water:
* Heat exchanger? Hot-water tank? Both? Well-regulated?

Start date: End date: Enter serial number

Enter serial number Enter serial number
31/12/2006 Micijl0/012017 ] 71033159 71033159 71033159
5 0N 5ame axis

& Show similar unit Flow 1 \d Temperature 1 - Temperature 2 -

T u T u 1
20:00 00:00
10/01/2017 11/01/2017

T T u T T T u T T T u T T
04:00 08:00 12:00 16:00
10/01/2017 10/01/2017 10/01/2017 10/01/2017

13



Single meter visualization kamstrup

Heat load pattern / fingerprint for 30 customers during 1 heating season

meterid: 69714219
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Ylar 2017 Mar 2017 Mar 2017 Mar 2017

Feb 2017 Feb 2017 Feb 2017 Feb 2017

Jan 2017 Jan 2017 Jan 2017 Jan 2017

Usign hourly data values for
Consumption and temperature
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Integration registers from the meter
are used to obtain representative
values for consumption (volume) and
temperature (volume weighted
temperature E8 and E9)

var 2017 Mar 2017+ Mar 2017 Mar 2017
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Customer classification

Understand the customers and
their energy demand

meterid: 7231877

meterid: 7231874

Different types of customers and
consumption is showed

meterid: 7231872

Train a classifier for use in
production planning, distribution
network optimization etc.

Mar 2017- |8

1 1 \ 1 T g T
5h 10h 15h 20h e N
c u o
=F X Ik

meterid: 7231896 meterid: 7252526

sh 10h 15h 20h

Thermostat + time regulated

kamstrup

meterid: 7

Oct 2016}

oh sh 10h 15h 20h

meterid: 65124489

constant demand

Nov 20167

Oct 2016-% i
Oh 5l

10h 15h 20h

Thermostat regulated
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Pattern recognition

Tf TT E Classification
Time clock
operation
(Monday —
Friday, 8-
16).

Heat
installation

(floor
heating).

| date

hour

Focus area

Reduce high
peak load in
the morning

» Lowering the

malfunction temperature.

kamstrup

Action

Encourage the customer
to start heating up
building at an earlier
point in time or, if
possible, cut off the
space heating supply
during the morning peak
hours.

Repair or adjust the
faulty heat installation
at the consumer



Heat load pattern recognition kamstrup
Automatically detect
certain characteristics e.g.
consumers with TCO

Continuos operation control ntrol

H. Gadd, S. Werner/Applied Energy 108 (2013) 176-183

This classification can then
Nond I A A Py A be used to optimize (VR W p———

500 N A, NS ¥ — De;emherr I\\/ ’ February
February . . .
distribution, e.g. for peak \
400 e March-April &
s — March-April & . . October-November
) AN A AL e A\ o o e shaving by throttling or \
®3 \/ \/ J/ \/ \/ . — May & September
£ — M eptmbe offsetting the supply to
EE 200 r/ / / A oy A g p p y / U\) \/\’
\ VAR AR\ y N MW TCO consumers S
= June - Augus
N A
100 1WA A e AR A i T W~ T AWy
. A A M W VAL WAL AL AALS WAL IA
0 T
0 0 06 1248 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00
00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 Mopflay Tuesday Wendsday Thursday Friday Saturday Sunday
Monday Tuesday Wendsday Thursday Friday Saturday Sunday
L] | L] | L] | L] | L] | L] | L] | L] L] L] | L] | L] | L] | L] | L]

I Time clock operation, 5 days Ime clock operation, 7 days

180 450
160 A (\ 400 "
WY \A VA
= December - \/ = December -
SN A\ R RN ANEEA A
140 350

\ February \ \ \ \ AV, \ \ February

120 300

— Warch-april & \ \ \ \ \ \ ‘ — MarchApril &
250 October-November

|
|
|
|
|
) . \ I
|
|
|
J

>
gg 100 \ October-November E %
£ 35 o ®
L ©
E.f’g 80 .J .‘J Ay A7 May & September gé \/ \/ [\ = May & September
gg 60 A \/\ <= 150 \ Y / M Ny N
I T W T NG A W
NN 2 A PO/ PN — e \ \ S
NN WA NS
20 » A N NiL'N 50 Wi
A 4 Vel N W N N N| AV J
,JNQJM\JV,_JWMM./—\\,,MJNMﬂwwmwwxwﬁw A TN V4 NN e WA S A WY
0 0 L

00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00 06 12 18 00
o Tuesday ~ Wendsday iday Saturday Sunday Monday Tuesday ~ Wendsday  Thursday Friday Saturday Sunday

\h________

=

Gadd, H., & Werner, S. (2013). Heat load patterns in district heating substations. Applied Energy, 108, 176183



DH label

Meter ID (2662)
7252525

Previous Nex

Labels:
] coc
[ NSC
] TCO

Labelling of dataset (1 year, hourly data from ~2700
costumers), time clock operation, 5 days

kamstrup

With shorter load periods Wednesday and Friday

flow
Aug 2016 Sep2016 Oct 2016 Nov 2016 Dec 2016 Jan 2017 Feb 2017 Mar 2017 Apr 2017 May 2017 Jun 2017 Jul 2017
[}
temp
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Labelling of dataset (1 year, hourly data from ~2700

. ; kamstrup
costumers), time clock operation, 5 days

Priabe With high morning peak load

Meter ID (2662)

20
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Labelling of dataset (1 year, hourly data from ~2700

. ; kamstrup
costumers), time clock operation, 5 days

DH label

With midday peak load

Meter ID (2662)

7248152 -

Previous Next

Labels:
] coc
[ NSC
] TCO
¥ 5
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Labelling of dataset (1 year, hourly data from ~2700
costumers), time clock operation, 5 days

kamstrup

DH label Positive correlation between heta load and return temperature

Meter ID (2662)

7252525 -

Previous Next

Labels:
| coc
| NSC
| TCO
5
7

O®R O C

flow
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Labelling of dataset (1 year, hourly data from ~2700

, _ kamstrup
costumers), time clock operation, some days (warehouse)

€) ~/HOME/MOK/shiny_apps/dhtrain - Shiny - x
hitp://127.0.0.1:4444 | 4] Open in Browser | (& “%- Publish ~
DH train Negative correlation between heta load and return temperature

3 ..1 ?II' hl!iﬁﬂ.i |

Meter ID (2662)

7248150 -

Previous next

flow

|'. i
||\‘1 v : ("

temp
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DH label

Meter ID (2662)

69007804

Previous Nex

Labels:
¢l COC
[ NSC
] TCO

Labelling of dataset (1 year, hourly data from ~2700
costumers), continuous operation control

kamstrup

Highest load during morning (and at night)

flow
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Robust classifier

Time clock operation is classified with quite high
accuracy

It is then possible to automatically identify all
customers with time clock operation

Classifier automatically detects which days are showing
time clock operation, e.g output for the meter shown

here:
Monday 1
Tuesday 1
Wednesday 1
Thursday 1
Friday 1
Saturday 0

Sunday 0

Days

kamstrup

Meter ID 7248152




Filtering the TCO consumers on a map kamstrup

L]
Entropi Filters Amount of days covered in TCOC filter
P : ¥ _ [Fiter?
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Conclusion

l¢ Kamstrup Analytics: Hea: X
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https://apps.kamstrup.com/heatint/heatint/
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