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Optimizing the operation of building energy systems holds great potential to reduce energy consump-
tion in buildings. However, this requires detailed system information, such as the relationship of
sensor data. Automatic detection of this information requires monitoring data from buildings, which
is rarely available in the needed quality for automatic assignment. This study bases on 200 weeks
of data collected from eight temperature sensors of a heat pump and a heat exchanger in 5-minute
samples. We use this data to auto-generate grey-box models to extend the data set with 500 weeks
of simulated data. We train six supervised deep learning algorithms with all the data to test whether

detecting connections is possible. The maximum F1 score of 94.9 % compared to real-based results
with a maximum of 34.2 %, which is over 60 % better. The advantage of the proposed approach is its
independence from the low availability of real data.

1. Introduction

Climate change is the greatest economic challenge of the
present and future [1]. Including indirect emissions, build-
ings represent 36 % of European CO, emissions [2]. In exist-
ing buildings, there is an increased need for CO, reduction,
which cannot be met by a current renovation rate of 1 % [3],
as 3 % would be required [2]. Therefore, it is necessary to
implement automated measures to reduce emissions of the
building stock.

Especially, non-residential buildings are equipped with
complex building automation systems (BAS). Improved con-
trol can reduce the total energy consumption in non-residential
buildings equipped with BAS by approximately 20-30 % [4].
Advanced control systems can include reinforcement learn-
ing [5], model predictive control [6, 7] or occupant-centric
control systems [8, 9]. Machine learning can be applied in
every stage of building energy system’s life cycle [10, 11].

Although most building is unique, modern control and
analysis methods can be developed in a scalable manner.
For example, the components of a building energy system
(BES) (e.g., air handling units or chillers) reoccur in build-
ings, and their operation is similar despite different manu-
facturers. The components are connected to each other in a
similar way by means of ducts or pipes. However, novel con-
trol approaches require detailed information about the BES
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to be controlled.

Graph-based models based on ontologies can represent
this information. However, since no current building ontol-
ogy represents building operation well [12], the Brick Schema
[13] has been developed and is suitable to address this issue.
Information includes the types of data streams in the build-
ing, the contained technical building equipment (TBE) and
the interconnections of the TBE. In the following, we refer
to the interconnection of TBEs as fopology.

Topology mapping can be used to study the proper use
of energy flows in buildings, to find the source of error for
faulty operation or as input of BES modelling. Especially,
when an accurate model of the building is required, as with
model predictive control [6, 14], the exact mapping of data
streams and the topology is essential. This mapping is often
not available in a directly analyzable form.

Data streams in BAS often have labeling guidelines that
differ depending on the building and operator [12, 15]. The
information from these labels is usually very labor-intensive
to extract [15]. Labels often only contain information about
the type of data stream (e.g. temperature measurement) and
possibly the TBE (e.g. air handling unit). Information about
the interconnection of TBE and therefore topology of BES
is mostly missing. A correlation of labeled sensors with
piping and instrumentation diagrams is difficult due to the
lack of standardized sensor and actuator labeling in BES
diagrams[16]. Building information models (BIM) could
also provide this information [17]. However, their applica-
tion in existing buildings is not yet widespread, and infor-
mation on BES operation is scarce [18]. However, deriving
the topology from available time series data is a promising
scalable approach.

Time series data of BAS provide a valid source if TBE
are connected. When a component of TBE starts up or is
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switched on, a neighboring TBE component in downstream
direction reacts to this switching operation. For example, the
value of a temperature sensor located at a boiler’s output will
increase if the boiler is switched on. This phenomenon can
be used for the topology detection (TD) of BES.

In previous approaches, mainly unsupervised learning
was used to identify the topology. Since the number of types
of TBE in energy systems is limited, supervised learning can
also be used for TD.

A major problem for the implementation of supervised
learning for TD is the lack of good publicly available data
sets [19, 20]. In particular, rare connection types are ei-
ther not included in public data sets, or are included too in-
frequently. This is also related to the number of types of
systems in buildings. For example, an air handling unit or
variable air volume box is more often present in a specific
building than a boiler, a heat pump or a combined heat and
power device. However, the availability of building simula-
tion models has increased [17]. In [19], a toolchain has been
introduced to generate building simulation models based on
labels of data streams in buildings. These models can gener-
ate data streams of sensors and actors containing combina-
tions of TBE and the signature that occurs when a change of
state occurs.

The approach presented in this work aims to learn the re-
lation inference (topology) of a multi-functional office build-
ing. The available monitored data comprises the historic
data for four water temperature data streams from a heat
pump and four from a heat exchanger, collected over 200
weeks in 5 minutes samples. For this purpose, this study
mainly investigates two aspects:

1. how to use this information from the data streams to
generate generic simulation models and thus extend
the data set,

2. how to apply current methods of supervised learning
to detect the connection between the data streams

The structure of the paper is as follows: The follow-
ing section introduces the background, related work, and are
discusses potential methods . In the method, we first de-
scribe the toolchain to create of building energy system mod-
els. Here, the generation of generalized time series using
the models is explained. Second, the developed use cases
for the supervised detection of building energy systems are
presented. Afterward, we introduce the toolchain to apply
six used deep learning multivariate time series classification
algorithms. We investigate the toolchain’s performance in
three different use cases. The results are classified and dis-
cussed and it is explained how to develop and use the pre-
sented toolchain in future work.

2. Related work

This term is adopted here since topology detection in
electrical grids is the most researched. Moreover, events
are prevalent in electrical networks compared to thermal net-
works. Thus, Huchtkoetter and Reinhardt [21] recommend a
resolution of about 1 kHz for event detection in power grids.

In buildings, a temporal resolution of at least 0.03 Hz is joint.
More approaches exist in the literature for topology detection
in power grids due to the higher number of measurements in
electrical systems. Topology detection also has the name
relation inference in building energy systems. In electrical
grids, the term "topology detection" is more common.

We use the following definition for the term data stream:
a data stream is an information carrier that continuously pro-
vides information about a state [19]. Supervised learning
supports the automatic determination of data stream types
in building automation systems. Three different types of in-
puts must be distinguished: time series of data streams, their
features like physical unit, and their labels. Furthermore, hy-
brid versions of the inputs exist [15].

Wang et al. [15] gives an overview of different methods
for automatic data stream mapping in building automation
systems. However, one problem in comparing different ap-
proaches to topology detection and metadata extraction is
the comparability between the approaches. Different con-
nection types (topology detection) or different data stream
types (metadata extraction) are used. The use of standard-
ized data sets or the publication of the test and training data
supports the development of an algorithm and its compar-
ison. We analyzed various publicly available data sets of
building automation systems to see if they had suitable time
series for our approach. However, none of the 120 found pa-
pers and data sets contained appropriate time series data for
our use cases. Most data sets were only at the aggregation
level or contained only electrical data. However, this is not
the focus of our approach.

Kazmi et al. [22] has analyzed different energy data sets
for their frequency and containing data. None of the ana-
lyzed data sets contained data on the topology of the BES.
If thermal usage data was present, it was only at the aggre-
gation level and included mainly heat flows.

The Mortar data set [23] is the most promising data set
with time series data from 107 buildings. Nevertheless, it
also hardly contains any data on the waterside of energy pro-

duction and its direct distribution. For example, the tag "boiler"

appears in only one building. This amount of data is usu-
ally not sufficient for deep learning processes. However, it
is a good database for topology detection of air handling unit
based systems.

We also analyzed whether the papers cited in the follow-
ing have suitable time series for our use case or data sets pub-
licly available. Unfortunately, none of the papers on topol-
ogy detection provided the data sets to be directly usable for
the use cases used here. Either parts of the data set are miss-
ing, as can be assumed from the source codes, the time series
data itself was not included, or the used connection types did
not correspond to the connection types used here.

Current and past research focuses mainly on detecting
data stream types based on the associated time series and
labels. Detecting connections between two or more com-
ponents in building energy systems are rarely the subject of
research. In the following, we show the related research ap-
proaches known by the authors.
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Zhou [24] uses an expert-based approach to identify typ-
ical patterns of temperature responses to a switching signal.
These include linear, exponential, step-based, and peak pat-
terns. Patterns that do not correspond to these cases are chal-
lenging to detect.

Active control offers an alternative. Pritoni etal. [25] and
Koh et al. [26] use active control of the TBE to detect further
connected TBE. Active control is not applicable in buildings
during normal operating hours. Otherwise, the comfort in
rooms is compromised. Fiirst et al. [27] identify relation-
ships based on a human-in-the-loop approach, where users
either perform actions
(switch on/off) or read information (temperature display in
the room). If every room with its relationships has to be
identified manually by a user, this can cause a lot of manual
work and related costs.

Hong [28] has closed the research gap from the detection
of data stream types to the detection of the topology of an en-
ergy system. The topology detection uses an unsupervised
procedure that first generates a Markov event model. This
model identifies transitions and assigns them to the associ-
ated events based on this model. These events are filtered
so that only those events remain that are unique between the
systems. However, only air handling units (AHU) connected
to variable air volume systems (VAV) were detected. This
approach corresponds only to the airside of the connections
within the building and disregards the waterside supply.

The same connection types have been considered by an
approach of Li et al. [29] using supervised learning based
on Short-Time Fourier Transformation with Triplet Network
(STN). Its advantage is that it can extract highly nonlinear
features. However, the approach only deals with the supply
of air and thus does not address the waterside of the building.

To the best of the author’s knowledge, no supervised
learning approach exists for the water-based heating and cool-
ing system of building energy systems other than an approach
of Stinner et al. [30], which only achieves a maximum accu-
racy of 52.1 %.

According to Wang et al. [15], supervised learning is an
established approach for the identification of types of data
streams in buildings. The labels, metadata, and data streams
themselves provide input here. Therefore, supervised learn-
ing is a suitable method for the classification of data streams
types, achieving over 90 % accuracy [15]. In a typical build-
ing, there are only a limited number of connection types be-
tween different technical systems. For example, in thermal
systems, the temperature is a signal that reacts strongly to
changes in the previous system and, therefore, its tempera-
ture signal. This reaction corresponds to multivariate time
series.

This work shows that supervised learning can detect in-
dividual connections in BES can be detected by supervised
learning based on multivariate temperature signals. For su-
pervised learning of multivariate sensor data, we use six clas-
sifiers for multivariate time series classification [31, 32, 33,
34]. We use convolutional neural networks (CNN), which
performed in the top group in time series classification on

the UCR time series archive [35]. For correct classification,
CNN requires more time series than classical methods (e.g.,
random forest). However, they offer the potential that they
can classify in a generalized manner [35].

A problem with the application of CNN-based super-
vised learning in BES is the lack of historical time series
data of data streams from BES and the lack of documen-
tation of the BES. However, this is crucial for the usage
of data in topology detection. Physical simulation models
can be used to generate time series from BES data streams.
The evaluation of BES in connection with their usage is the
primary usage of synthetic data based on grey-box models
[36, 37]. Nevertheless, the use of simulation data to feed
machine learning algorithms is an option used especially in
fault detection [38].

Stinner et al. [19] developed a toolchain for generating
generic data streams based on Modelica models for detect-
ing data stream types. However, the approach is limited to
only a single heat pump. Here, we further developed this
toolchain and extended it for scalable use. We take labels
named using the BUDO Schema and export them to an on-
tology model using the Brick Schema. The Brick schema is
able to represent the connections of technical systems (e.g.
using pipes). We use a Design of Experiment approach to
generate generalized data, which identifies and validates pa-
rameters in simulation models. Generalized data have the
advantage that not only the connection of a specific techni-
cal system can be detected, but a more comprehensive range
of systems as well.

3. Methodology

The implemented toolchain consists of two parts: in sub-
section 3.1, we describe the process of generating the generic
time series data using grey-box simulation models. The sec-
ond part consists of the preprocessing of the time series and
the used supervised machine learning algorithms, which is
introduced in subsection 3.4. We illustrate the entire pro-
cess chain in Figure 1 with the required inputs. The pro-
gram code (classifier and toolchain) and the used data sets
are stored separately in the repository [39] and are published
under the MIT license (link: https://github.com/RWTH-EBC/
Deep-learning-supervised-topology-detection).

3.1. Toolchain for generating generic data sets for
Machine Learning applications

While generating data sets for machine learning tasks,
we have developed a tool that permits us to take the infor-
mation contained in BUDO schema (a standard to label data
streams in buildings [40]) and transforms it to Brick schema.
Therefore, we obtain a model in Modelica of the real system
[41] that can be simulated for obtaining time series, for in-
stance, for machine learning applications.

Following the schema in Figure 2, the tool performs the
following components:

1. BouGen: Downloads time series data from real sen-
sors in *mat file format.

F Stinner et al.: Preprint submitted to Elsevier
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Figure 1: Process overview of the toolchain for supervised learning algorithms of topology
detection.
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Figure 2: Process overview of the toolchain for generating generic data sets.

2. Budo2Brick: In this step, we use JSON-LD data, a

mechanism of encoding linked data using JSON. It
is advantageous to utilize if we use terminology from
different ontologies and schemes. Thus, Budo2Brick,
takes the information from the BUDO keys in JSON-
LD file and transforms it into Brick, using the turtle
format for the model. Besides, it adds the data prop-
erties and boundary conditions of the system.

. Brick2Modelica: In this step, we extract data from

the Brick model, and generate the Modelica model.
This process is done using the SPARQL Protocol, and
RDF Query Language [42].

. Automated simulation tool: After the generation of

the model in Modelica, our tool automatically sim-
ulates the model using the Dymola-Python interface
[43]. The tool takes parameters from a matrix to mod-
ify each simulation and obtains the desired time series.
A Design of Experiments approach provides the ap-
propriate matrix of different parameters that vary in

the simulations. Thus, with this tool, all the simula-
tions can be generated automatically with the model
in Modelica, and the data sets can be computed for
machine learning purposes.

3.1.1. JSON-LD and BudoOnt Ontology

It is important to emphasize that we describe the initial
information of the system in JSON-LD format. As JSON-
LD uses terms linked by ontologies, the information in BUDO
schema must be represented by ontologies. In addition, we
need further terms relating to HVAC systems that Brick schema su
does not contain but that we require to create the Modelica
model of an energy system. For these reasons, we developed
the BudoOnt ontology, previously initiated by Stinner et al.
[19] and extended it in this work.

Figure 3 shows some of the classes added to the BudoOnt
ontology, where the hierarchical structure of the BUDO schema 17
(e.g., system, subsystem) and other terms for detecting the
connections of the data streams are defined. In figure 3 there
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Figure 3: Subset to illustrate BudoOnt ontology in Protégé

is also a subset of the data properties of the BudoOnt ontol-
ogy. In this case, we add some properties to facilitate the
transformation from the initial input to Modelica. For in-
stance, terms for the conversion of units of measurements,
concepts to know the nature of the connection, or specific
properties of a port.

The implementation of the JSON-LD input file in Python
is done through the package pyld [44]. The syntax of JSON-
LD requires a context and the document. A context is used
to map terms to IRIs (Internationalized Resource Identifier).
Following the example of the context depicted in figure 4,
first, the ontologies to be used and their IRIs are defined,
and then each of the terms that are going to be used in the
document and to which ontology previously defined they be-
long. For instance, the term TimeEnd belongs to the ontol-
ogy Schema, so when it is used in the document, it means
that it has to follow the definition given by this ontology. In
the case of HVAC terms, this file has terms from Brick like
Zone and terms from BudoOnt like BUDOBuildingAssign-
ment. Thus, the framework of this file is fully characterized.

context = {
"schema": "http://www.w3.0rg/2001/XMLSchema#",
"brick": "http://brickschema.org/schema/1.0.3/Brick#",
"BUDO-M": "https://git.r[...]",
"Zone": {"@id": "brick: HVAC Zone"},
"TimeStart": {"@id": “"schema: StartDate"},
"TimeEnd": {"@id": "schema: EndDate"},
"BUDOBuildingAssignment": {"@id": "BUDO-M: BUDOBuildingAssignment"}}

"@context": context,

"Zone":"K12",

"TimeStart": "2016-07-09 ©0:00:00",
"TimeEnd": "2016-07-16 00:00:00",
"BUDOBuildingAssignment": "BL-4120" }

Figure 4: Context of a JSON-LD input file

The rest of the document is intuitive since it follows a
syntax practically identical to the JSON data structure. JSON
is organized in key-value pairs, being the keys the names of
the terms previously defined in the context.

3.2. Study Area

We apply the developed methodology to the main build-
ing of the E.ON Energy Research Center located in Aachen,
Germany [45]. Its energy system consists of a ground source

heat pump, two condensing boilers, and a gas-fired CHP. A
chiller completes the energy conversion as a cold producer.
The energy system supplies different offices and laboratories
with distribution systems such as concrete core activation or
facade ventilation. The distribution systems have three dif-
ferent temperature levels: a low temperature (35 °C), a high
temperature (87 °C) and a cold temperature (10 °C).

Figure 5 shows the investigated part of the energy sys-
tem, consisting essentially of the heat pump (HP) and a heat

exchanger (HX) between the high and low-temperature loops.

The heat pump transfers energy between two sources: the
cold side, which is connected to a cold storage tank at about
10 °C (T,) and returning to the same tank (7). The hot side
comes from a heat storage tank at 35 °C (7)), and the outlet
of this loop returns to it (73). At the same time, if required,
heat can be produced utilizing a Combined Heat and Power
(CHP) system and two condensing boilers at a temperature
of 87 °C. The boilers and CHP are connected with the dis-
tribution network by a hydraulic separator.

As these systems cause the water to be heated up to about
87 °C, this is used to heat the water coming from the hot
tank if required. This is regulated by the cold side of the
heat exchanger through a three-way valve, which depending
on the temperature coming from the hot tank, the tempera-
ture required in the distribution systems, and the tempera-
ture generated by the high-temperature systems, opens and
passes through the heat exchanger or goes directly to the dis-
tribution systems. This is shown in figure 5, where 7} and
T, in the heat exchanger represent the high-temperature side
coming from these heating systems, and 73 and T} the low-
temperature side coming from the heat pump, with the en-
trance to the heat exchanger regulated.

More systems related to these take part in them, but they
will be isolated from the rest, and the cases in this work will
focus on the heat pump and the heat exchanger.

3.3. Obtaining the simulated time series from the
model

The toolchain described above is used to obtain the mod-
els in Modelica of the heat pump and the heat exchanger. The
models originate from the AixLib library [46]. In the case of
the heat pump, the model uses a temperature-dependent co-
efficient of performance (COP); the heat exchanger model
adopted from this library uses constant efficiency.

These models offer more data streams, such as tempera-
tures and volume flow rates, than measured in the real sys-
tem. Thus, augmenting the data sets with a Design of Exper-
iments (DoE) methodology is possible. We choose Taguchi
orthogonal arrays for DoE [47]. This approach is preferred
over other traditional DoE, such as full factorial design or
central composite design. When having several levels for
each factor, a full factorial design has a too high cost (com-
putational time) since with 5 factors and 3 levels, 243 sim-
ulations would be needed. It would be possible to decrease
the number of levels, but then the variability and similarity
to the real time series would decrease. For these reasons,
Taguchi proves to be more efficient than other DoE method-
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Figure 5: Energy systems of the use case.
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Figure 6: Factors that vary in the heat pump model simula-
tions.

ologies. It minimizes the number of simulations to perform
without decreasing the accuracy substantially.

3.3.1. Heat Pump

To design the orthogonal array, we first settle which fac-
tors to modify in each of the simulations and in which levels
they vary. In the case of the heat pump model, we decide
these factors (see figure 6): first, the simultaneous measure-
ments of the control signal of the compressor, the mass flow
rate of the high-temperature side (m1_HP), and the mass
flow rate of the low-temperature side (m2_HP). The second
is the hot side’s inlet temperature (T1_HP), and the third is
the cold side’s inlet temperature (T2_HP).

Figure 7 shows an example of the procedure that we fol-
low. With the factors mentioned above, we consider two
different levels consisting of the actual measurements of the

[ FacTORS || LEVELS ]
1 2|3 Level Week Start End
Control Signal v Name Date Date
my T | Ty 1 A 2017-11-01 | 2017-11-08
My 2 B 2017-10-23 | 2017-10-30

Y

DOE METHODOLOGY:
TAGUCHI ORTHOGONAL ARRAY

Factors
Run 17273
1 111
2 1122
3 2112
4 2121
\4
INPUT MATRIX FOR SIMULATIONS ]
Run Factors
Control Signal
g T
g
1 A AlA
2 A B | B
3 B A|B
4 B B| A

Figure 7: Example with the procedure followed to obtain the
time series with the heat pump model.

sensor of the monitoring system that corresponds to that fac-
tor. In this case, we take weeks A and B as different levels
of each factor. Following Taguchi’s orthogonal array design,
the matrix is designed with four simulations to be obtained
from the model.

Within this work, we have made a set of simulations with
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these same 3 factors and with 10 different levels (10 weeks of
measurements), resulting in 100 simulations, corresponding
to 100 time series of duration one week each.

3.3.2. Heat Exchanger

Following the procedure described with the heat pump
model, the methodology to obtain the time series from the
heat exchanger model is similar to this one. In this case,
it consists in maintaining as one factor in each simulation
real values of simultaneous measurements of the 4 bound-
ary conditions (inlet temperature and mass flow rate of both
sides: m1_HX, m3_HX, T1_HX, T3_HX). The other factor
in changing in each of the simulations is the efficiency (#) of
the heat exchanger (see figure 8).

l m3_HX *—73-""(

.

Po. 4

]
e L

Figure 8: Factors that vary in the Heat Exchanger model
simulations.

A Taguchi design is also used with 2 factors and 10 levels
for these simulations, resulting in 100 simulations. The heat
exchanger efficiency is assumed to have values between 0.5
and 0.95 with intervals of 0.05.

3.3.3. Heat pump connected to the heat exchanger

Apart from the cases of the isolated systems of the heat
pump and the heat exchanger, a simulated case connecting
the two isolated systems mentioned above is studied. For
this purpose, we make several simplifications concerning the
actual case.

The primary assumption is that the circuit outlet that ex-
changes heat with the heat pump’s condenser is directly con-
nected with the heat exchanger. Therefore, T3_HP and T3_HX
are equal (and thus in figure 9 called directly T3_HP), as well
as m1_HP and m3_HX (in scheme, m1_HP). In this sim-
plification, the heat storage is omitted (as seen in figure 5).
Furthermore, the water leaving the tank does not always en-
ter the heat exchanger before going to the distribution system
but depends on the regulation of the three-way valve. There-
fore, in these simulations, the heat storage tank and the three-
way valve are ignored, which play an important role in how
these two systems are connected.

In this model, we have taken the data set of the simu-
lated time series with the heat pump, and we have used them
as input of the heat exchanger. Specifically, the simulated
results of T3_HP and m1_HP have been used as substitutes
for T3_HX and m3_HX in the heat exchanger. Thus, the

Control
D Signal

m1_Hp [~ T3_HP

Figure 9: Factors changed in the case with the heat pump
connected to the heat exchanger.

heat exchanger model has been simulated separately with
these variables as input, taking for T1_HX and m1_HX the
real simultaneous measurements of the previously consid-
ered weeks.

3.4. Toolchain for Machine learning

After generating generic data sets, we develop a toolchain
for topology detection with supervised learning algorithms.
Thus, following figure 10, we use the simulated and real time
series and preprocess them. After that, we have three use
cases in which we assign the corresponding classes for ap-
plying the algorithms. We can then use the supervised learn-
ing algorithms and compare the results in the considered use
cases.

3.4.1. Class assignation to the data sets for
classification with Supervised Learning

We establish three different cases with a focus on detect-
ing the topology and potential connections between energy
systems. The classification tasks have been carried out with
real data streams and simulated data streams in all of them.
This work also explores the case of training the algorithm
with simulated time series, which we then validate with real
time series.

It is possible to see the data streams that are considered
connected and not connected in each case. In the case of
the connected ones, we distinguish into directly connected
if both data streams belong to the same hydraulic circuit or
indirectly connected if they are from different loops but in
the same system).

In particular, the studied cases are the following:

e Case 1 - Connections in the HP and no connection
between the isolated HP and HX: Direct connec-
tion of two temperature sensors on the same side of
the heat pump (T1_HP and T3_HP), indirect connec-
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N Time Series
Data
mat file

-Time series for
Machine Learning
approaches

Machine learning

algorithm
- MALSTM-FCN

- MLSTM-FCN
-FCN
- Inception
- MLP
- ResNet

Test-training-data 5
numpy file )
- — s

Results
- Comparison of
predicted categories to

real categories
(F1 score, accuracy,
precision, recall)

Real data
- Time series of real

HVAC components

Data set
- train-test real
- train sim- test real
- train-test sim

Use case
- Use case 1:
connection HP
- Use case 2:
connection HX
- Use case 3:
connection HP-HX

Figure 10: Process overview of the toolchain for supervised learning algorithms of topology

detection.

tion of temperature sensors on different sides (high
and low temperature) of the heat pump (T3_HP and
T4_HP) and no connection between a sensor of the
heat pump and a sensor of the heat exchanger (T3_HP
and T2_HX). This is illustrated in figure 11.

e Case 2 - Connection in the HX and no connection
between the isolated HP and HX: Connection of two
temperature sensors of the heat exchanger (T2_HX and
T4_HX) and no connection between a sensor of the
heat pump and a sensor of the heat exchanger (T4_HX
and T4_HP), as seen in figure 12.

e Case 3 - Connection in the HP connected to the
HX and no connection between the isolated HP and
HX: Connection of a temperature sensor of the heat
pump and another of the heat exchanger when we have
simulated them following the subsection 3.3.3 (T4_HP
and T2_HX_CON) and no connection between a sen-
sor of the heat pump and a sensor of the heat exchanger
isolated one from each other (T4_HP and T2_HX).
This is illustrated in figure 13.

3.4.2. Data preprocessing

The described models and the approaches used for get-
ting the data sets are all simulated with the automated simu-
lation tool. As explained above, this tool uses as inputs the
model in Modelica and an input matrix with the values to be
changed in each simulation.

This procedure allows parameters and start values to be
set before the simulation and the final values obtained at the
end of the simulation. We have used the following settings
in all simulations:

e Start time: 0 s, Stop time: 604800 s.

e Interval length: 300 s.

——
r Y

Direct connection |= =

Indirect connection

No connection

Figure 11: Case 1: Classification of data streams connected
(direct and indirect) and not connected with a heat pump and
a heat exchanger (isolated one from the other).

e Solver: Dassl. It is an implicit, higher order, multi-
step solver with a step-size control. In particular, it is
the default integration algorithm of Dymola [43].

In order to use the available data sets and implement the
classification cases described above in the algorithm, pre-
processing of the time series is required.

The real time series of data streams are downloaded from
the database and divided into time series of one-week dura-
tions to have them in the same format as the simulated time
series. Subsequently, those weeks that do not provide suf-
ficient information in the classification tasks are eliminated,
either because of errors or constant values in the measure-
ments. The criterion adopted for deleting weekly time series
is based on the dynamic standard deviation. Thus, in the case
of the heat exchanger, we delete the weeks that have in any of
the four temperature sensors a standard deviation less than
0.3 °C to ensure dynamics. With the heat pump, we adopt
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Connected |= =

Not
connected

.

?

Figure 12: Case 2: Classification of data streams connected
and not connected with a heat pump and a heat exchanger
isolated one from each other.

Connected |~ =

Not
connected

A ¥
) A L)o(
- ]
- et

Figure 13: Case 3: Classification of data streams connected
and not connected with a heat pump connected to a heat
exchanger and an isolated heat exchanger.

a less restrictive criterion, where the standard deviation is
limited to 0.5 °C.

Afterward, we process both real and simulated time se-
ries of data streams in the same way. First, subsets of the
weeks are broken down to days, and then the measurements
are resampled in steps of 5 min, resulting in time series of
length 288. We do the resampling by applying the mean
or backward or forward interpolation since the appropriate
method is different depending on each time series.

After resampling the time series, we apply a Hampel fil-
ter to remove outliers [48]. It uses a sliding window of con-
figurable width to go over the data. In this case, it is applied
with a window size of 7 and a threshold of 3.

After these steps, the time series are packed in NumPy

arrays [49]. Depending on the case to study, they are divided
differently for training and testing. In the case in which the
classification is made with simulated data, these belong to
different simulation tests, so after assigning a label to each
class, they are divided into 70 % for training and 30 % for
testing and then we shuffle them. We do this with the help of
the Scikit Learn library [50]. We proceed in the same way
for the cases in which we use real measurements. Finally,
in the cases in which time series from simulation and real
measurements are mixed, only the simulated ones are used
to train and the real ones to validate, being able to check
in these cases if training the algorithm with simulated time
series improves classification of the real measurements.

3.4.3. Deep learning algorithms

The toolchain implements six different algorithms based
on Convolutional Neural Networks (CNN) for classification.

We use the implementation of Multivariate Long-Short-
Term-Memory with Fully Convolutional Network Layer
(MLSTM-FCN) provided by Karim et al. [31]. In a com-
parison of different deep learning approaches on the UCR
data set (on univariate [32], and multivariate [31] time se-
ries classification), this implementation outperforms the ap-
proaches developed until 2018 the most. In addition, we use
the algorithm with attention mechanism (MALSTM-FCN),
which is supposed to enhance the performance, since in the-
ory, it focuses on the essential parts of the time series [31].
The available adjustments of the algorithm are the number of
epochs and the batch size. An epoch refers to all the training
samples passing through the entire network each time. It is
adjusted in all cases to ten since the time series sizes are not
large, and a more significant number of time series instances
is not needed to improve the results. The batch size refers to
the number of samples needed to run before adjusting the
neural network weights. The batch size is set to 128 for all
cases, as it is the number recommended by the authors.

Furthermore, we selected four implementations of algo-
rithms from a comparison presented by Ismail Fawaz et al.
[34]. A total of nine deep learning algorithms are imple-
mented in the approach Ismail Fawaz et al. [34]. Unfortu-
nately, the other algorithms are not usable because, among
other things, they did not deliver results for such short time
series that we used in each case.

Wang et al. [51] propose deep multilayer perceptrons
(MLP) for the classification of time series. The advantage is
its simplicity. Its disadvantage is the required determination
of the length of the time series. It contains a Fully Connected
Network (FC), which does not consider the temporal depen-
dencies because each timestamp is considered independently
from the others [34]. They compared the MLP with a Resid-
ual Network (ResNet) implementation [51]. ResNet is the
most complex layered approach in our comparison (11 lay-
ers). In this case, many layers mean a high training capac-
ity and abstraction of the trained classes, which needs many
training data.

The third approach used by Wang et al. [51] is a Fully
Convolutional Network (FCN). Here the Fully Convolutional
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Layer is used as a feature extractor. This layer offers the ad-
vantage of extracting individual sections of the time series
as individual features.

Ismail Fawaz et al. [33] developed InceptionTime , which
is inspired by the Inception-v4 architecture [52] (a ResNet
variant) and should serve as an equivalent to AlexNet [53],
which is a classic deep learning model for image classifica-
tion. Its advantages are low dependence on training data and
fast execution with consistent or better results. We call this
algorithm in the next Inception.

4. Results

4.1. Comparison of the generated data-sets from
the models developed with the toolchain

We compare the results of the simulated models with the
actual measurements of these systems on the same dates and
under the same conditions. To analyze the model’s perfor-
mance relative to reality, we use the Root Mean Square Er-
ror (RMSE) of one simulation week. Figure 14 presents an
example of the results of the heat pump model with the out-
let temperatures from both external loops of the heat pump
(T3_HP and T4_HP). In this instance, the simulation results
and the actual measurements are very similar (RMSE = 2.82
K for T4_HP and RMSE = 1.65 K for T3_HP), and we can
see that the time series present the same tendency and be-
havior.

Real and simulated time series from the HP

—— T3_HPreal
3207 — T3 HP simulated
—— T4_HP real
T4_HP simulated
310
< 300
~
290
280
270]L 2 3 4 5 6 7 8
Date [day]

Figure 14: Comparison of the simulation results of the heat
pump model and the real measurements of one week (T3_HP
and T4_HP).

Regarding the heat exchanger model, figure 15 illustrates
the results of the output temperatures of the high and low-
temperature sides, comparing real and simulated time series.
We execute these simulations according to the methodology
explained in 3.3.2 with a heat exchanger efficiency of 0.8.
It is shown that for T2 _HX, the simulated model and the

real measurements are in agreement, as the RMSE for a one-
week simulation is 3.08 K. However, T4_HX differs signif-
icantly from the real case to the simulated one (RMSE =
13.48 K), seeming to indicate that the heat exchanger model
with constant efficiency is not adequate in this case. Despite
this, the behavior and trends of both time series are com-
parable (real and simulated) as the changes in dynamics are
corrected, resulting in a convenient model to get the simu-
lated time series for subsequently training the algorithms.

Real and simulated time series from the HX

320

—— T2_HXreal
—— T2_HX simulated

330

—— T4_HXreal
325 —— T4_HX simulated

320
315
310

305

300

295

4 5
Date [day]

Figure 15: Comparison of the simulation results of the heat
exchanger model and the real measurements of one week
(T2_HX and T4_HX).

Figure 16 shows two further examples of simulations
with the heat exchanger model, with results of T2_HX and
T4_HX. With the time series in this figure, we evidence how
different samples are obtained with the same model and how
they are consistent with reality. Hence, this tool allows scal-
ability when getting new data for succeeding applications.

Regarding the model with the heat pump connected to
the heat exchanger, we show one week of the time series as
an example in figure 17. It shows T4_HP and T2_HX, com-
paring the actual measurements with the simulated ones us-
ing the connected case of the same weeks as boundary con-
ditions. We observe that the simulated temperatures are very
similar to the real ones in both cases (T4_HP has RMSE =
2.78 K, T2_HX has RMSE = 4.54 K) and that the approach
of connecting these systems ignoring certain real constraints
that occur is valid. The difference between the modeled sys-
tem and the real existing system is that the T3_HP (the output
of the high-temperature side of the heat pump) goes directly
to the heat exchanger (T3_HX). In the real system, there is a
storage tank and valves that regulate its input. Nevertheless,
figure 18 shows the real measurements of T3 in both systems.
This example indicates how this temperature is practically
the same in both systems. Thus, the assumption of directly
using the heat pump’s outlet to pass through the input of the
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Simulation results from the HX

360 (2 simulations sample)

350
340
g 330
320
310
300
—— T4 HX of samplel —— T4_HX of sample 2
290
360
350 —— T2_HX of sample 1 —— T2_HX of sample 2
340
330
= 320
3107
300
290
2 3 4 5 6 7 8
Date [day]

Figure 16: Simulated data streams of two samples of the heat
exchanger (T2_HX and T4_HX).

320 Real and simulated time series from the HX and the HP

310

300

T K]

290

280

—— T2_HXreal —— T2_HX simulated
—— T4_HP real —— T4_HP simulated
2 7O]L 2 3 4 5 6 7 8
Date [day]

Figure 17: Comparison of the simulation results of the heat
pump connected to the heat exchanger model and the real
measurements of one week (T2_HX and T4_HP).

heat exchanger is justified.

4.2. Classification results

As described, the classification results are divided into
three use cases. Each of the use cases represents a differ-
ent building energy system. In each use case, a distinction
was made between training and testing with real data (clas-
sic method), training with simulation data and testing with
real data (our new method), and training and testing with
simulation data (maximum achievable results).

Real data points from the HX and the HP
—— T3_HXreal

308

—— T3_HP real

306

304

TIK]

302

300

2981 2 3 4 5 6

Date [day]

Figure 18: Real data streams of T3 in the heat pump and T3
in the heat exchanger.

4.2.1. Case 1: Connections in the HP and no
connection between the isolated HP and HX

In case 1, the heat pump and the heat exchanger are iso-
lated. It is apparent from the results (see table 1) that the F1
score increases to a value between 97.1 % and 97.9 % (In-
ception) in the cases with simulated data (maximum achiev-
able results). However, testing and training with real data
(classical method) show that the algorithm cannot detect the
topology. F1 score is between 16.9 % and 18.8 % (FCN) and
accuracy is between 33.9 % and 35.4 % (FCN) and only one
class is identified.

Table 1

F1 score of all used algorithms in case 1 ("real" means
that training and testing were done with real data, "sim"
means that the input for training and testing were simu-
lation data, "sim real" means that the input for training
were simulation data and the input for testing were real
data)

=
O =
T 9
B =R S .
9§ g o 2
3 2 = 4 3 8 I 3
O T = = hrd £ = 04
1 real 17.1 171 18.8 169 169 16.9
1 simreal 69.6 66 619 70.5 244 679
1 sim 97.6 97.1 974 97.9 626 97.7

By training and testing the algorithm with the simula-
tion data set, the algorithms reached an F1 score above 97 %
except for MLP. Nevertheless, training with simulation data
set and testing with real data makes it possible to catego-
rize the real data streams. As a result, the F1 score reaches
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a maximum value of 70.5 % (Inception) by testing with real
data streams. In this case, the accuracy is 72.3 %. These
results demonstrates the improved results from our chosen
approach.

If we take a closer look at the results in the categories
within the algorithms, we find that the results shown on the
left side of figure 19 are typical for all used algorithms ex-
cept MLP. For example, the algorithm identify both direct
and indirect heat pump connections. However, by analyzing
the confusion matrices, the non-connections (i.e. the heat
pump data streams and the ones of the heat exchanger, both
isolated from each other) are, in the best of cases, identified
only 33.8 % of the time (Inception).

MLP does not achieve satisfactory results in any of the
data sets. On the contrary, except for testing and training
with real data, where it scores as poorly as the other algo-
rithms, it shows strongly deviating results (differences in the
F1 score of up to 46 %).

Train - Simulated, Test - Real Train - Simulated, Test - Simulated

& EL 9% 8.1% & 99.5% 0.0%
3 & ] &
2 (\(\ Eel QQ
K] 9 ) 9
= @" Q> 86% 0.2% = \\Q’ S 0.0% NG 0.0%
2 & & 2 & &
2 ¥ & 2 ¥ &
& o o o Y o o
N @b [SRO7N 1.2% | 33.8% S @b 59% 0.0%
& & & &
N \000 g g 3 € ,\00Q 3 3 3
® 8 2 8 ® 8 8 8
c c c c c c
c c c c c c
Q Q o o o Q
o o o o o o
z z 3B z 2z 3
%) o < 53 5] c
e L 2 2
° k=] © =]
£ £
Predicted label Predicted label

Figure 19: Accuracy of predicted classes of test data with the
Inception algorithm in case 1 (left: trained with simulated and
tested with real data, right: trained and tested with simulated
data).

4.2.2. Case 2: Connection in the HX and no
connection between the isolated HP and HX

The example of this case proposes recognizing the differ-
ent topology of the connection inside a heat exchanger un-
like two isolated systems (heat exchanger and heat pump).
Therefore, there are two labels in this instance, and the same
simulation tests as in case 1 are used.

Table 2 shows that the detection of each of these two
classes occurs with an F1 score of 100 % with simulated data
(FCN, Inception, ResNet). With the real time series of data
streams, as with the rest of the cases, the classification does
not work correctly because the algorithm correctly classified
only one of the two labels. However, when training the algo-
rithm with the simulated data, the real data is validated with a
94.9 % F1 score (with FCN). Thus, this algorithm produces
a remarkable improvement with our method as almost the
same results as training and testing only with simulated data
are accomplished (maximum achievable results). Remark-
ably, the F1 score for the MALSTM-FCN when training with
simulated data and testing with real data is 13.1 % lower than
the comparable MLSTM-FCN (80.9 % vs. 94.0 %), which
differs only in the attention mechanism. Figure 20 shows

Table 2

F1 score of all used algorithms in case 2 ("real" means
that the input for training and testing were real data,
"sim" means that the input for training and testing were
simulation data, "sim real" means that the input for
training was simulation data and the input for testing
was with real data)

=2
9] =
5P
E |
5 = S "
: 2 & 2 o 2
3 2 = i 5 g %
O © = = I £ = x
2 real 34.2 342 337 337 337 337
2 simreal 809 94 949 0922 672 926
2 sim 99.8 99.8 100 100 87.4 100

the resulting confusion matrices with the best tests of this
case. The actual connections were identified in the best re-
sult to a 100 % true positive rate. The algorithm identified
non-existing compounds as connected to a 10.2 % false neg-
ative rate. The different results of the other algorithms (ex-
cept MLP and MALSTM-FCN) are only due to the different
results for the non-connections. Each of them has detected
the connections to a 100 % true positive rate.

Train - Simulated, Test - Real Train - Simulated, Test - Simulated

Actual label
Actual label

o °
2 2
3] 3]
@ @
c c
c c
S 9]
o o

not connected

el
o
Q
Q
c
c
<]
(&)
<]
c

Predicted label

Predicted label
Figure 20: Accuracy of predicted classes of test data with
the FCN algorithm in case 2 (left: trained with simulated and
tested with real data, right: trained and tested with simulated
data).

In this case (a heat exchanger), it is essential to con-
sider which temperatures are connected and which are not
because not all temperature sensors appear connected inside
the heat exchanger equipment. Thus, observing the scheme
of the systems (figure 5), it could be said that T1_HX and
T2_HX are connected. However, this cannot be considered
a connection in the classification tasks made in this work
since T1_HX comes from the high-temperature systems and
T2_HX reaches the temperature established in the heat bal-
ance, always being a few degrees higher than T4_HX. There-
fore, we have considered that T2_HX, T3_HX, and T4_HX
are connected, but T1_HX is not. Thus, the results of this
case, with T2_HX and T4_HX as a class of connected time
series, are 94.9 % accurate when training with the simulated
data sets and validating with the real measurements. The
results are the best obtained.
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Data streams could be connected but are not connected
in the classification based on piping and instrumentation dia-
grams. If experienced technicians manually check these, no
connection can be detected either. Because of this fact, they
are not connected in the classification tasks.

4.2.3. Case 3: Connection in the HP connected to the
HX and no connection between the isolated HP
and HX

The last case to analyze is where the heat pump con-
nected to the heat exchanger is used to find the connection
between these two different systems, comparing it with the
detection of the non-connection of the heat pump and the
heat exchanger separated. Accordingly, there are two labels
in this case, namely for the connection and no connection
classes.

Table 3

F1 score of all used algorithms in case 3 ("real" means
that the input for training and testing were real data,
"sim" means that the input for training and testing were
simulation data, "sim real" means that the input for
training was simulation data and the input for testing
was done with real data)

=2
@] =2
T Y
3 = 3 -
7] wn — + (]
v ®© <—(' n = 5 o %
8 & = ) © = 9
O T = = s £ = [
3 real 34.2 34.2 337 337 337 337
3 simreal 557 520 363 56.1 344 505
3 sim 63.3 767 762 71.1 536 89.7

As indicated with the results in table 3, the F1 score

achieved with simulated data streams is 89.7 % (with ResNet).

Concerning the real data streams, the results agree with the
previous cases in which the classification was not success-
ful, and the algorithms classified only one of the classes cor-
rectly. Unlike in the previous cases, the improvement is not
very big regarding the real data streams trained with the sim-
ulation data sets. In the best case (with Inception), it goes
from an F1 score of 50.8 % training with real time series
to 57.5 % training with the simulated data. FCN and MLP
have similar values as when training with real data (7 33-
36 % F1 score) and therefore do not generate usable infor-
mation. Confusion matrices from these tests are shown in
figure 21. In contrast to the other cases, the other algorithms
differ significantly from the best algorithm in classifying the
simulated data. These were recognized with an F1 score of
63.3 % t0 76.7 %.

These results suggest that simulated time series may not
be as similar to the real ones in this model compared to the
other cases. The reason for this is that the data from the sim-
ulated heat exchanger takes two boundary conditions from
the simulation results of a heat pump test and the other two
boundary conditions as real measures of this system. How-
ever, the real measurements used as boundary conditions of

the heat pump were not of the exact dates as those used in
the heat exchanger simulations. Although the validation of
the model is successful, there are certain discrepancies. De-
veloping a model that connects both systems and considers a
test with the conditions of both taken simultaneously could
solve this.
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Figure 21: Accuracy of predicted classes of case 3 with the
Inception algorithm (training - simulated data, testing - real
data) and ResNet (training, testing - simulated).

4.2.4. Overall results

Table 4 sums up the results (average F1 score and rank)
of our algorithm comparison. The results are overall mixed.
Due to the small number of data sets, the explanatory power
of mean rank is difficult to determine. If we consider only
the mean rank, the results of the
M(A)LSTM-FCN algorithms are generally better. However,
they achieved good ranks mainly in training and testing with
real data. They achieved higher F1 scores and accuracy than
the other algorithms but marginally better and did not pro-
duce valuable results. ResNet achieved the highest average
F1 score over all cases and data sets.

None of the algorithms show usable results when tested
and trained with real data. Sometimes they are worse than
a randomized selection of categories (<50 % F1 score for
two categories). The simulated data provided the best results
across all algorithms and data sets. Here, values of up to
100 % are achieved depending on the use case. Only use
case 3 achieved a maximum F1 score of 89.7 %.

This approach aims to train with simulation data and test-
ing with real data. Here the results are to be judged differ-
ently. In use case 2, the F1 score reached a value of 94.9 %.
In contrast, use case 3 is only marginally above the random
selection (F1 score 56.1 %). Use case 1 is not recognized
with an F1 score that is useful for direct use (maximum
70.5 %), which, however, is significantly better than in use
case 3.

MLP does not achieve usable results as an algorithm.
Here, the missing convolutional layer and the lack of con-
sideration of continuous time series becomes visible.

5. Discussion

5.1. Generating generic data sets
The difference between an algorithm trained with real
data and an algorithm trained with data from simulation mod-
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Table 4
Mean F1 score and rank of all used algorithms and all
used data sets (real and simulated)

=

O
[T

MALSTM-FCN
MLSTM-FCN
Inception

MLP

ResNet

all data sets from all cases:

mean rank 3.2 3.1 338 3.6 6.0 3.8
mean F1 614 635 614 63.6 46.0 64.7

only trained with sim and tested with real (sim real):

mean rank 3.0 3.0 3.7 2.0 6.0 3.3
mean F1  68.7 70.7 643 73.0 420 703

els is significant (22 to 60 %), depending on the use case.
Nevertheless, the results show that the idea of the generation
of time series data using simulation models works. Further-
more, algorithms trained with simulated data achieved bet-
ter results than those trained with real data in all considered
cases and algorithms.

Especially use case 2, with an F1 score of 94.9 % and an
accuracy of 94 %, shows the potential of our time series gen-
eration method. Not every use case reached these promising
results, but training with simulated time series achieved bet-
ter results in all of them. Since we considered only three use
cases, a general assertion is difficult to derive.

Remarkably, the real data has successfully trained and
validated the algorithm in none of the cases. Some of the
reasons that may explain this outcome are errors in the real
measurements and constant measurements on many occa-
sions, which do not provide information to the algorithm.
Another possible factor is that in most cases, the number of
samples used in tests with real data has been lower than in
cases with simulated data (about 20 % more samples with
simulated than with real data).

The generation of results strongly depends on the qual-
ity of the simulation models as the models must represent
the correct dynamics. This circumstance limits the general
applicability of the approach. However, we can see from the
exemplary simulation results that even unvalidated simula-
tion models generate time series similar to those found in
existing systems. For the training of algorithms, the simu-
lated time series have the advantage that they can represent
several energy systems with different scalings (e.g., the dif-
ferent heating power of a boiler or a heat pump). In theory,
this enables the algorithm to learn and abstract the typical
physical behavior of different energy systems. The differ-
ence between training with simulated data and real data may
indicate that this theoretical goal is partially achievable.

In this approach, we have considered three different con-
nections of only two different systems of technical building
equipment. This circumstance limits the statement about the
general application of our approach.

5.2. Algorithms

The results of the multivariate time series classification
algorithms provide no general statement. However, the In-
ception algorithm was the best in two of the three use cases
for training with simulated data and testing with real data.
It achieved only slightly different results in the third case.
Therefore it can be recommended here. However, it has to
be checked with other topology connections in the building
if good results are achievable here.

When training and testing with real data, all algorithms
fail. Thus, using real data cannot be recommended. Here,
it is also questionable whether changes in pre-processing,
other technical connections, or other algorithms can achieve
an improvement. The characteristics of the simulated time
series, such as a permanent deviation of the temperature or
no disturbances, suggest that classical classification methods
like random forest do not obtain the necessary information
for classification.

The poor results of MLP show that for topology detec-
tion in building energy systems, due to the high dead times
(flow through the building and heat transfer), the time de-
pendencies must be considered. However, the other algo-
rithms generally achieve this with significantly better overall
results.

5.3. Overall process

Use case 2 with an F1 score of 94.9 % when training with
simulated data and testing with simulated data shows that
our approach of supervised topology detection with gener-
alized generated data works. However, the other use cases
also show the limitations of the current methodology. For
example, comparing different algorithms is challenging due
to the lack of supervised algorithms and data sets for topol-
ogy detection in building energy systems.

With unsupervised methods of topology detection, accu-
racies of >90 % have already been achieved [54]. Since the
systems are very different (hydraulic system versus air han-
dling unit), a comparison of the results is questionable. The
results in [30] with a maximal accuracy of 52.1 %, which
used the same energy system in the same building, but with-
out the same focus on technical equipment, are the most
comparable results. Especially the lack of reaching steady
states was a problem in detecting connections. In our super-
vised algorithm, this is not a requirement. The comparable
results show that our approach delivers equivalent or better
results.

6. Conclusion

The results show that it is possible to detect connections
in building energy systems (BES) based on supervised learn-
ing trained using generalized time series from grey-box sim-
ulation models. Nevertheless, some research still needs to be
done to apply this approach in a scalable way. Furthermore,
a comparison of this approach against other connection cases
between technical building equipment types is needed.

The used algorithms based on CNN showed especially
in use case 2 results that were above 90 % F1 score. The
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inception algorithm was the best algorithm on average with
our method. It is questionable whether classical machine
learning algorithms also benefit from the approach devel-
oped here.

The comparison of training using simulated and real data
shows that simulated data can be an alternative to real data in
identifying connections in energy systems when not enough
data is available. Nevertheless, publicly available building
energy system data containing the topology data is rare. So,
the generation of generalized data covering a more compre-
hensive range of technologies than available real data sets is
required. For this case, the presented method has high po-
tential.

The physical simulation models reflect the energy sys-
tems without disturbances which usually occur in existing
systems. However, this can be a disadvantage, especially for
the application in machine learning algorithms. These al-
gorithms are then not necessarily robust. Here, integrating
disturbances into the physical model could help represent the
actual operation more robustly.

We could transfer our results to thermal systems with
higher thermal inertia, such as underfloor heating or concrete
core activation. Here, other algorithms may be required, es-
pecially to cope with the high dead time.

Whether the supervised topology detection would also
work with different systems still needs to be researched. The
results indicate that a generalized application of connection
detection is complex. If the connections can be clearly de-
fined and no neighboring systems produce disturbances, the
approach shown here can provide suitable results.
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