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AGENDA

Agenda

Short introduction and update (Jakob, DTI)

Presentation of results and perspectives on
lifetime extension (Arvydas, DTI)

Business perspective - (Matteo, Metro Therm)

Discussion and questions - (all)
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TIMELINE

2023 2024 § 2025

2026

Time

.
[ Task 1: Definitions ]

[ Task 2: State of the art ]

[ Task 3: Applications

Task 4: Guideline
development

[ Task 5: Dissemination
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TASK 1 - DEFINITIONS AND DELIMITATION

The task aims to explore frameworks for circular economy and material efficiency and definitions will
be established. This is expected to be based on:

«| Case study descriptions of previous common measures in heat pump design for domestic
applications to lower the impact of materials. (literature study+interviews)
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pumps in a
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Presentation from Arvydas
Latvenas (DTI) and Matteo
Caramaschi (Metro Therm)
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MSc Thesis - Arvydas Latvenas

Fault detection of PVT-heat

pump system using machine
learning methods
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6. juli 2023

Introduction

Objectives:

Fault detection and diagnosis model development
Increase the lifetime of a product

Reduced maintenance costs

Improve heating system performance

Sensors’ data analysis from a residential building HP

system

DTU Construct

Fault detection of PVT-heat pump system using machine learning methods
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Fault selection

* Early refrigerant leakage detection:
Increase the safety of the system
Reduce environmental impact

Prevents loss of efficiency & heating capacity

* Early clogged filter detection:
Reduce wear of the components

Reduce circulation pump energy consumption

6. juli 2023 DTU Construct Fault detection of PVT-heat pump system using machine learning methods
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PVT heat pump system

Metro DELTA [1] heat pump diagram
73 DHW Tank

HP module S N
: ; s T4
w3 PV panel K m brine = . <
%) P —Cr =
F 4 XX \ \ \\
AR Fiter | Gpy \ 7 \ \|
/ : ' T . \ \
: \ \ AUX
\ /'/ / e N
N \ / ;’ < 7
i T7
: \ . 1h water
< % < @ Floor heating
%_‘
Evaporator Condenser GP2 Passive HX
* Capacity 4.7 kW * Rotary compressor  PVT panels
e COP4.7 * TXVvalve e dTsource 3K
* R290 e dTsink5K
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PVT-heat pump system

» Cottage house Cottage house in Netherlands
* 30 apartments

* 30 heat pumps

* Each heat pump o i, P e g o

\.\\—-.|--'--- a

connected to 4 PVT

panels
Front projection of the cottage house with the apartments’ number layout

3rdfloor | 90 | 91 | 92 | 93
2ndfloor | 80 | 81 | 82 | 83 | 84 | 85 | 86 | 87 | 88 | 89
istfloor | 70 | 71 | 72 | 73 | 74 | 75 | 76 | 77 | 78 | 79
Ground floor | 63 - - 64 - 65 | 66 | 67 | 68 | 69
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Methodology

Fault detection of PVT-heat pump system using machine learning methods
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Methodology

* Laboratory tests performed to gather training data for Machine Learning algorithms
* Two fault detection algorithms selected: Logistic regression & CUSUM

* Reduced brine flow rate fault detection model validated on the residential building

dataset.

» Refrigerant leakage fault detection verified on the laboratory data set.

6. juli 2023 DTU Construct Fault detection of PVT-heat pump system using machine learning methods
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Logistic regression algorithm

Logistic regression sigmoid function [2]

» Supervised learning classification algorithm

* Needs faulty labeled data for training

* Input: sensors measurements

e Qutput: faulty operation probability

e Sigmoid function parameters w and b

To _9 - * Sigmoid function:

1

y = P(y = 1|7; wb) = sigmoid(wi - T + b) [+ @50

6. juli 2023 DTU Construct Fault detection of PVT-heat pump system using machine learning methods
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CUSUM algorithm

Anomaly
CUSUM anomaly detection [3]

Upper cusum

» Statistical process control 5 5
* Does not need faulty labeled data for
.

training 2 0 —

* Accumulated residuals function: \\/
-5 5 -5
(.‘f = max|0, ('i+-l +x; — g — K] 0 10 20 30
Subgroup number
CT =minl[0,C_, + xi — pg + K] Reference

* Reference value p,:
| + + + —
RSl o
n =1

n
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Laboratory testing

Fault detection of PVT-heat pump system using machine learning methods
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Refrigerant leakage laboratory test

. HP module
Evap. inlet . : - Cond. inlet
temp. control T1 Evaporator T6 Condenser T4 temp. control
ﬁ\ m brine o B
i > > — i »IEQ—
| ' \\ —— ' \\ I
\\ \\\ VAN
/ ‘\ / PWM
~—PID| |PWM \ ] PID
El Ny \\‘ /
heater a2 - \ T7 o ’ T5 RPN
\ T i water
< < % < < @ < <
GP2
4 tests with different refrigerant charge levels: Largest effect: temperature in condenser

subcooling zone

RLOO — normal charge

RL10 — 10% reduced charge

RL20 — 20% reduced charge

RL40 — 40% reduced charge
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Refrigerant leakage laboratory test

T-h diagram of fault-free and refrigerant undercharge cycles [4]

Cycle with : 2
subcooling !
9 : % * _______________ / ATc,sat
o 9 : 3 / T
L | SroraiaWspanatvrergivorn- E i
= A
© 1. | Cycle without »
o | 'S |5 subcooling
Q- / 16 |o b
E i o 1 I
o 14 14
;e =
T Fe >t
Aq’ q / - Wooaw

i

Enthalpy [kJ/kg]
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Reduced brine flow laboratory test

HP module
PVT panel l mo Evaporator T6 Condenser T4
m brine
—pk- (S SR\
; \ <=7 . \
flow red.| /GP1
valve |, \ \ :
|/ \\ Heat sink HX
\
e \ ; ‘."

2 \ 7

\ T m water /
£
/

Q0

N
N
N

/N

Cond. inlet
temp.
control

e  40% reduced brine flow test

» Largest effect: dT evaporator temperature (;),.; :.l,;,,.,,,,,.,.,.(',,('/‘1 — '1'2)1
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FDD model development
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Fault detection of PVT-heat pump system using machine learning methods
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Logistic regression algorithm training

Reduced brine flow relevant features and weight coefficients: F1 score (blue) for feature elimination
Rank Feature w, [-]

2 N 6.18 e ‘

‘ 2 T2 Source Outlet -1.73

) 3 GP2 Pump sink PWM -0.94 ® 098 ] 3 feat.
4 76 Compressor discharge  0.83 !
5 GP1 Pump source PWM 0.82 o
6 dIrT7-75 -0.77 5 097 ;
7 AT g1 T4 —T5 -0.43 =
8 T5 Sink return 0.34 |
9 T4 Sink supply 0.32 e
10  T'7 Sink inlet 0.31
11 T'1 Source Inlet -0.24 ; : . . . . : : : . T

1 2 3 4 5 6 7 8 9 10 11
Number of features selected
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CUSUM algorithm feature selection

RL10 faulty-free (blue) and faulty (orange) dT T7-T5
measurements

Normal p =0.3, Faulty p =1.2

Normal
09K Faulty
D e — Bell curve
Bell curve
\.
10 15 20 25 30

DT T7-T5[°C]
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FDD results

Fault detection of PVT-heat pump system using machine learning methods
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FDD results for the building

« Filter clogging in residential building, 90 | 91|92 | 93
80 | 81|82 | 83 | 84| 85| 8 | 87 | 88| 89
apartment 67 70 | 71|72 |73 [74]| 75|76 |77 | 78] 79
63| - | - | 64| - |65 |66 |67 |68 69

Sensor measurements of dT T1-T2 (orange),

reference value p, (blue), threshold K (grey) CUSUM residual sum of dT T1-T2 (blue)
BNR67 (2022-04-18 01:30:00 - 2022-04-24 21:50:00) BNR67 (2022-04-18 01:30:00 - 2022-04-24 21:50:00)
9 200
f — i — CUSUMC*
- / ~—— BNR67 vz | S S e
' r - === Ha +K 1504 |~ UCL
'aj 77 ﬂ | il] |‘ After — Mo-K — Aft
s, | ! er
'3 i, < 100 cleaning
E's z
3 | & Wy
E 4 4 50
3 - 25 1
2 T T T T T T T | T o . ——  — =
0 50 100 150 200 250 300 350 0 50 100 150 200 250 300 350
Samples Samples
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FDD results

RBF validation on apartment 67 RL verification on laboratory data set
F1 score
F1 score
1,2
1,2 1 0,999
1 1
v 0,8 v 0,8
S 06 3 06
— —
0,4 - 04
0,2
0,2
0
0 LogReg CUSUM
LogReg CUSUM Algorithm
Algorithm
RBF best F1 score: RL best F1 score:
* RBF validation: CUSUM 0.99 * RLtraining: LogReg 1.0

Fault detection of PVT-heat pump system using machine learning methods
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Reduced brine flow detection results for the
building

Cottage house in Netherlands

* RBF in residential building
* Apartments 67, 69, 83
Table 4.14: RBF Fault detection

R. Week BNR Sample Sample Fault
[(] no.[-] [[] total[] faulty[] [%]

1 14 67 399 399 100
2 15 67 182 182 100
3 16 67 344 344 100
4 13 67 436 433 99.3
5 15 69 580 563 97.1
G 8 es o6 wicd MO « RBF fault detected apartments
7 13 83 756 606 80.2
1 90 | 91 | 92 | 93

80 | 81 | 82 | 83 | 84 | 8 | 86 | 8 | 88 | 89
0|7 | 72|73 |74 |75 |76 | 77| 78 | 79
63 | - - 64 | - 65 | 66 | 67 | 68 | 69

6. juli 2023 DTU Construct Fault detection of PVT-heat pump system using machine learning methods
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Refrigerant leakage results for the building

* RL in residential building, Cottage house in Netherlands
* Apartment 80

R. Week BNR Sample Sample Fault
[[1 no[] [  total[] faulty, [] [%]

1 21 80 74 31 41.9 e —

4
t '\\ e 05 s Sl o

* RL fault detected apartments

90 | 91 | 92 | 93

80 | 81 | 82 | 83 |84 | 8 | 8 | 8 | 88 | 89

70|71 72|73 |74 | 75|76 |77 | 78 |79

63 | - - 64 | - 65 | 66 | 67 | 68 | 69
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FDD results

Algorithms’ comparison

LogReg CUSUM

Pros: Pros:
v Fast training v Sensitive to small
changes
v' Automatic feature v Does not need faulty
selection dataset
Cons: Cons:
* |naccurate outside = Manual training

training dataset range

= Needs faulty dataset = Needs reference value
calculation

6. juli 2023 DTU Construct Fault detection of PVT-heat pump system using machine learning methods
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6. juli 2023

Conclusion

DTU Construct

Novel CUSUM algorithm application for the FDD
Validated on residential building operational data set
High performance score for both LogReg and CUSUM
Easy scalable

Increase lifetime of the system components

Early fault detection and diagnosis

Lower maintenance costs

Better HP performance

Models work for Metro DELTA HPs

Fault detection of PVT-heat pump system using machine learning methods
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LEARNINGS

Product

v" Unit behaviour under reduced flow

v Performance vs charge characterization

|

10 % leak &> COP variation <5 %

v Performance robustness

|

METRO THERM
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LEARNINGS

Methods

v Exploring Machine Learning

v" Alternative fault-finding techniques

N

o

v" Detection (new) most sensitive parameters

v" New fault detection algorithms (simplified)

~

J
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POSSIBLE IMPLEMENTATION

[ Monitoring, predictive mantainance & optimization J

Remote - Cloud-based

ur

PRO

myUplink Pro Web \

LS Control - SCC

-

Installer

Distributor

\

\Manufacturerj

Remote & advanced

N\

Local - Microcontroller-based

J

NIBE GROUP MEMBER

Local, simple & fast ]

METRO THERM


https://pro.myuplink.com/login
https://lscontrol.dk/en/kompetencer/iot-fleet-management/
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METRO Delta

v Wall-mounted liquid-water heat pump.

v Natural refrigerant Propane 150 g.

v" Possible sources: PVT panels,
geothermal heat and Thermonet.

v Ideal for smaller households with strict
outdoor sound requirements.
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CURRENT LIST OF DEEP DIVES

Completed topics
o Lifecycle data collection to streamline data collection

e Presentatiop of LCAfanaIysis of heat solutions (learnings from
IEA SHC by Fraunhofer ISE)

e Lifecycle assessment and refrigerants: a case study for the
Ger(r'%an building stocﬁ 5 4

e Machine learning algorithms for fault-detection algoritms (DT!
& Metro Therm)g

Expected upcoming topics

« November 27t presentation from researches from Sheffield
University

« 'Heat pump supply chain environmental impact reduction to improve

the UK energy sustainability, resiliency and security"

e Presentation by Viessmann about their sustainability work
(Viessmann)

()

-

g

Next session November 27th

Hopefully there will be one
during December or early

January

J
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LIST OF POTENTIAL DEEP DIVES

Proposal topics

Horizontal products standards and their implications for heat
DUMPS

If available case descriptions of common measures to lower
Impact of materials

Take-back systems for heating solutions

|[dentification of priority parts for heat pumps in a lifetime
perspective

New business models in relation to circularity aspects of heat
pumps

Rpmg of end-of-life handlln% and TRL levels for various
tec logies (Danish group proposal)

What do to with used spare parts (Danish group proposal)
Impact of limitation on PFAS substances on circularity.

/Questions \

 Any other topics that would
be interesting?

» Does anybody have any input
to share for a topic?

 Any topics that should have
increased focus?

\_ /
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IEA HPT ANNEX 65 WEBSITE

Annex 65

The website for the annex can be found here: Link
Heat Pumps in a Circular Economy

Background

Public presentation including deep dive presentations
are uploaded under ‘Task 5 - Dissemination’. | will also
include articles if you let me know.

Task 5 — Dissemination :

Tatk S sumymarnizes the varicos dissermination activities related (o Annex &5 aboat bet puimps 1 a croular economy

News post is posted when | find relevant topics - You
are also welcome to send relevant topics if you would
like me to make a post. The news post are referenced

e newserer
\ energy research program

...........

Deep dives

* Likecyche anabysis - 7704 2128
o Duap thies 91 pre

© Tomplare Toe Wlocpcle 810 cobbartinn shewt ”SH
Resource efficiency now included in German A e Fll I{!S}.SGICAL
energy research program



https://heatpumpingtechnologies.org/annex65/

THANK YOU FOR
PARTICIPATING

JAKOB THOMSEN, BUSINESS MANAGER,
+45 72 20 15 63
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