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HANSA Klimasysteme GmbH

Seit 1971 Mitglied der Neumann Gruppe

HANSA Klimasysteme GmbH
Stockweg 19
26683 Stricklingen

182 Mitarbelter

Laftungsgerate von 800
bis 120.000 m3/h
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Vision / Motivation
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Motivation:

Gerateregelung wird ,best guess” ausgefuhrt

Die tatsachlichen Randbedingungen sind haufig gar nicht bekannt und
konnen sich wahrend der Betriebszeit andern

Gerade bei komplexen Geraten wird dadurch u.U. kein Effizienzoptimum
erreicht

Das Energieoptimierungspotenzial soll mit einer ,KI-Regelung” untersucht
und gehoben werden

AR

HANSA
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Umsetzung

‘ Schwimmhalle (Fenster)

Betriebsart: Ruhebetrieb Tandembetrieb

Standard Schwimmbhalle

69,5 %H 6657 ma/h W—— Komplexes Entfeuchtungsgerat
7)89°C sp 0.0 % g 54.9 %rH .e . .
é ' ey Zusatzliche Sensorik

{ <
— L@ w27 - Datensammlung und Auswertung
o Uber ein Jahr
100.0 % 100.0 %
- 822.2‘;'!4 6657 m3/h il
ap
5Pa 327c C Ein T
0.0% ‘ﬁ'
18:26 poniy [ 343%

02.02.20 Aise
Personen im Bad: 0 16.9 bar 17.1 bar 31.5°C

Heutige Gistezahl: 0
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Losungsansatze ,,Smart-RLT“
1. Ansatz: Konventionelle Regelung wird aufgrund gesammelter und ausgewerteter Daten optimiert.
2. Ansatz: Implementieren eines physikalischen Geratemodells (grey box model) mit pradiktivem Regler
3. Ansatz: Implementieren eines Modells basierend auf neuronalen Netzen (black box model) mit
pradiktivem Regler ANSA rochschule

Cloudplattform

andere Anlage

Adaptiver Regler ) DDC

I Modelltraining
. ,konventionelle” o
Geratemodell Optimierung T Ry — Optimierungs-

I modelle
Entwicklung Datenanalyse I
Geraterechner Modellierung

Daten .

I Gebdude
Modellierung l,} == - M I
Gerat fur [¥] 3. PN A Modellierung
Geraterechner B & AE ¥ Gerst Matlab
im Aircalc =H il

S
/‘; N
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Model Based Predictive Control vs Conventional
Controllers

Outside Air : :
Selecting Optimal — Heat Loss, Ventilator Power Consumption

Operating Mode Heat Pump ——> Compressor Power Consumption

O
Thermal Comfort GT)
Trade Off between

Objectives _
Energy Saving

- Conventional Rule Based - Simple design
and PID Controllers - Low Computational Demand
- Cheap Hardware Solutions

- Model Based - Optimal
Predictive Controllers - Predictive (optimal trajectory)
- Tuneable for complex MIMO Systems

22.01.2021
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Control Strategy
Two Layer Controller with Building Model Hall Temperature & 1
Humidity é“
Supervisory Level
(MPC with Building Model) -

< Weatherforcast & People a (f*?
m d | &

Heating and Dehumidification
Demand (kW, kg/h)

______________________________________________________________

[ Local Level },
. . Feedbacks
(MPC with Unit Model2) Supplied Heating &

i Dehumidification and

Local Level
(MPC with Unit Modell) Feedbacks

Supplied Heating &
Optimal Control Signals Dehumidification and
l Energy Consumption

[ Air Handing Unit 1 ]7

Optimal CoItroI Signals Energy Consumption
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Overview of the Model Predictive Controller HOCHSCHULE

EMDEN-LEER
for the Unit
/ \ Optimized Control Signals
Optimizer Current Control Signals . _ _
(QP Solver) Air Handling Unit
T T Energy Consumption Supplied Heating & Dehumidification

Energy Consumption Feedbacks
P

: Prediction
Constraints:
Demanded Load T
Operation Limits Unit

K Model

Optimization Objective Function to be minimized :

2 2 2
z [(Qfeedback - Qref) i + w1l X (‘Pfeedback - ‘Pref) i + w2 X (Pfeedback - Pref) i]
i=0

Heat Load Dehumidification Energy
Demand(kw) Load Demand(kg/hr) Consumption (kw)
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Model Overview Grey Box Model
Air Flow Network Model

P_atm (Exhaust) P_atm (Hall)

P_atm (Qutside) P_atm (Hall)

P_atm

V=rf

AP = f(Q? FanSpeed)

Rseries = Z R;

1

R?,;

Rparatier =

Grey Box
Model
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Building Thermal Model

WPE12

’.._ ] ] e 5

E— T,y

®s(n)

deall 1
—wall__ cr, T
dt R( out hall)

3 aQ_ C AT hall
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Unit Neural Network Model Structure A DEN LEER

g b,
Mixing Damper aum
Temperature
Neural

Outside
Temperatur

LT = = = Outside Flowrate Network
||l T 700x1130 525%1130 700x1130
g }?
= ol | I
i \/; " . Mixing Flowrate Plate Heat Bypass Return
|1 Exchanger Flowrate Flowrate
M PN Neural
{g 24 700x1060 £25x1080
s v Supply
il > T3 T5 Flowrate e
S Ll Py Evaporator Return Supply
el Neural Exhaust T Supply T Damper Temipieraturs
Network j€—— Neural
HE Return HE Supp y Network Neural Network
Feedforward Curve Fitting Network Heat Pump Heat Pump Air Heater
Control Signal Control Signal Control Signal

y(t) =f(x(t))

T4 @ O N\
T2 (Return) O O Q HE_Supply T
FROAD

HE_Exhaust T

Hidden Layers: 1 3

Activation Function: Sigmoid OutSide T

Training Algorithm: Levenberg—Marquardt (LM) T4

i HE_ Ret Fl
Outside_Flow _ Return Flow

HE_Supply FIow@ | :O /

Plate Heat Exchanger Model

0.Q OO
ofohe
O

Mixing_Flow

T4 Temperature Model

~q
yr 4CeL
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= Gebaudesteuerung

Building Control ( Supervisory Level)

Control System

Dashboard

= WP12 Steuerung

Umluft
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Gesamtkosten Strom und Gas
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HANSA

100% HOCHSCHULE
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Ergebnisse
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Summary and Outlook nocuscuui (CREDN

Optimization of conventional controller based on detailed (human) data analysis shows in total
14% reduction of energy cost of the unit

Two layer model based predictive controller based on neural network and physics based model
implemented with in total 25/29% cost saving

Black box model shows even in ,,Corona Mode” without recirculation air up to 10% energy
saving due to better transition of control values.

Longer observation in normal mode due to Corona not possible.
Outlook:

Making the Building model optional by replacing it with Pl controller or re-using same building
model for other buildings with different tuning parameters

Implementing model based predictive controller for second unit and ,,units controller” within
the founded DBU project ,, Smart-RLT-net”

22.01.2021



