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Abstract. Technical monitoring applications support the operator in identifying potential 
improvements in plant operation and deriving recommendations for action. Today, the 
integration of building automation network data points into technical monitoring applications 
is complex and costly. The current state of the art is to manually integrate data points into 
dashboard applications. The decision which data point describes which HVAC component is 
made by engineers. The basis for the decision is usually identifiers or data point descriptions. 
An automated recognition of the structural information of the HVAC systems would help to 
automate the process and make the implementation of a technical monitoring in existing 
buildings and new buildings easier. One way to determine structural information from data 
points is to look at the behaviour of an HVAC system type. 
Common HVAC systems follow known regularities in their construction and behaviour. By 
analysing the system behaviour, conclusions can be drawn about the heating circuit type (flow 
temperature controlled, outdoor temperature controlled, etc.). For example, an outdoor 
temperature-controlled heating circuit will behave differently than a flow temperature 
controlled heating circuit. Likewise, by analysing the system behaviour, it is possible to predict 
which data point is assigned to which system component. If two data points increase by a 
similar value with a short time offset, it is highly probable that they represent the supply and 
return temperature of a heating circuit. If the flow and return are heated up, it is likely that a 
pump has started up beforehand, which was represented by a binary switching command. 
This paper describes an automated method to classify heating circuit data based on system 
behaviour. BACnet trend objects of heating circuits from different buildings, that are maintained 
by the building management of the city of Cologne, serve as data sets. This ensures that the 
developed method can be applied to a wide variety of heating circuit types. The automated 
classification of a heating circuit is intended to reduce the effort of manually assigning data 
points to specially created dashboards. Building operators can thus be supported in the creation 
and implementation of technical monitoring. 
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1. Introduction
In buildings, technical monitoring (TMon) can serve 
as a central information platform for the operation 
of building services equipment. With the help of a 
TMon, the personnel responsible for building 
services engineering can identify potential for 
improvement in system operation and derive 
recommendations for action [1].  

Operating information visualized in TMon 
applications originates from the automation level of 
the building. In this level the information is mapped 
to the data points of the communication protocols. 

Typical in the field of building automation are for 
example the communication protocols Building 
Automation and Control Networks (BACnet), 
Konnex-Bus (KNX) or Local Operating Network 
(LON). In these common communication protocols, 
it is not possible to store information about the 
system structure for individual data points. This 
means that a data point describing a temperature 
has no information about the fact that it is 
describing a temperature and whether the 
temperature is measured e.g. in a heating circuit or 
in a water boiler. State of the art is that information 
about the measured value, the system type or the 
measurement location is stored within the data 
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point in the form of textual descriptions that can be 
understood by humans  [2].  

Fig. 1 - Exemplary datapoint which stands for the hot 
water temperature in a boiler. Structural information is 
only stored as text in the description. 

For the creation of a TMon in existing buildings, it is 
necessary under today's conditions to consider 
these textual descriptions of the data points 
individually and to assign the data points manually 
to the corresponding applications and icons. Since 
such a manual assignment is associated with high 
effort and costs, TMon applications are not 
widespread in building technology, although they 
are indispensable for the energy- and cost-efficient 
operation of buildings [3]. 

Fig.  2 - Manual assignment of a data point to a 
technical monitoring application. 

By linking data points with corresponding structural 
information, the information content of a data point 
can be increased. This increased information 
content can be used to increase the degree of 
automation in the creation of TMon applications.  

Since there are no mandatory attributes for meta-
information, structural information, or textual 
descriptions in current HVAC communication 
protocols, there may not be enough information to 
derive structural information from. 

Fig.  3 - Example of data points that do not have 
information about physical units, descriptions, or 
meaningful labels. 

This paper describes how behavioral rules can be 
derived from real, non-processed, building services 
engineering data. These behavioral rules are 
derived from the generally known laws of building 
services engineering. The goal is to be able to make 
predictions on the basis of the behavioral rules as to 
whether an individual data point is a setpoint, a 
measured temperature or a valve position, for 
example. In addition, it should be possible to 
recognize with the help of the behavior rules 
whether several data points can be assigned to a 
system component (e.g. a heating circuit). 

Fig.  4 - By the behaviour of a data point, conclusions 
should be made about structural information. 

2. State of the art
Today, there are already different approaches how 
structural information of HVAC data points can be 
determined or provided:  

[4] describes how textual descriptions of HVAC data
points can be analyzed using Natural Language
Processing (a subfield of artificial intelligence).

[5] extends and improves the previously described 
approach by considering meta-information such as 
physical units. Through this analysis, information 
about the component and/or the installation
location can be derived.
Project Haystack is an open-source project that aims 
to develop a semantic data model for the
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operational data in buildings. This semantic data 
model is primarily developed independently of a 
technology [6]. In the next steps, these semantic 
data models are to be mapped to the established 
communication technologies of building services 
engineering. The Haystack data model is to be 
implemented in BACnet, for example, by extending 
BACnet data points with tags in which additional 
structural information is stored [7]. Project 
Haystack thus offers a technological possibility to 
provide structure information about data points of 
the HVAC-Systems in the automation level. 
However, an automated generation and assignment 
of structure information to data points is not part of 
Project Haystack. In existing automation 
environments, these tags would also have to be 
linked manually.   
[8] describes a process how data points from HVAC

can be automatically mapped to standards like 
Project Haystack or Brick Schema. In this process, 
trend curves and labels of data points are evaluated 
and classified accordingly with the help of different
machine learning algorithms. In the present paper a
procedure is described which is similar in principle
[8]. However, in this paper only the trend length
(value over time) of single data points are
considered for the analysis. [8] additionally includes
textual descriptions in the analysis.

3. Procedure
In order to be able to make predictions about the 
structural information behind a data point, existing 
historical data (referred to as training data in the 
following) of different buildings were analyzed with 
a Java script. From this training data, commonalities 
and behavior rules for certain structural 
components (temperature sensor, valve, pump) 
were derived. For validation purposes, the 
commonalities and behavioral rules were tested 
against a further plant in a final step. 

Fig.  5 – Procedure for deriving commonalities and 
behavior rules 

3.1 Data basis 

The rules were provided from existing and 
historicized data of buildings of the city of Cologne.  
The building management of the city of Cologne has 
connected a large number of buildings to the 
automation system and histories various building 

services systems in order to find potential for 
improvement or to document alarms.  

The building management of the city of Cologne 
uses BACnet for communication and historization of 
HVAC data points. With BACnet, trend objects can 
be created for individual data points, which record 
the corresponding history of a data point [9]. The 
historization can be implemented with BACnet in 
two different ways. The values can either be 
recorded with the polling method and thus sampled 
at fixed intervals, or with the change-of-value (COV) 
method, in which a threshold value is defined that 
determines at which change of the value a recording 
of the data point should take place. Since COV leads 
to a smaller amount of data, the city of Cologne 
historizes the trend data with the COV method for 
reasons of efficiency.  

The historized trend data can be exported by the 
building management the city of Cologne and made 
available as a CSV file.   

Historic data from ten heating circuits from 
different buildings were used to derive the behavior 
rules. The heating circuits have different data points 
(some have recorded the supply temperature and 
others the return temperature) and different 
control strategies (supply temperature controlled, 
weather temperature controlled). The historized 
data points are from both summer and winter 
months. In total, over 700,000 recorded value pairs 
were considered. 

Fig.  6 - Exemplary trend curves of a heating circuit 
over a period of 24 hours. 

Before the script examines the historized data 
points for commonalities and dependencies, the 
available data still had to be edited. During the 
historization of the data points, status messages are 
sometimes recorded instead of the value due to the 
system. These individual logs had to be removed 
from the historized data. This could be done with a 
simple function that deletes all logs that do not 
contain pure numerical values.  

2.2 Analysis of training data and derivation of 
decision rules 

The script examines each data point for certain 
aspects that help to assign structural information to 
the data point.  

When looking at the data points, it is noticeable that 
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in individual cases incorrect and thus illogical 
values occur during the historization. In line 5338 of 
figure 7 such an illogical recording occurs when the 
value for the currently measured outdoor 
temperature for a short period of time is given as 
151.5 °C. 

Fig.  7 - System-related incorrect recording of a data 
point representing the outdoor temperature. 

Due to such few erroneous recordings of the data 
points, the following rules are determined as 
percentages.  

In the following, three exemplary functions are 
described which examine the logged values of a data 
point and classify this data point in a list on the 
basis of the trend. 

Binary or analog: 

The script finds out whether a data point describes 
a binary or analog value by checking whether a data 
point has assumed 0, 1 or another value over the 
entire period under consideration. If the value is 
exclusively 0 or 1 over 99% of the entire period, it is 
a binary data point. If the data point also takes other 
values, it is an analog data point. Based on this rule, 
the data points are placed in the corresponding list 
for binary or analog data points. 

Fig.  8 - Binary or analog data point classification. 

Based on this information, data points can be 
presorted in order to establish initial correlations in 
the further course.  Binary data points rather 
represent operating messages such as pump 
switching commands to which analog values such as 
temperatures or positioning commands can react. 

(The data used was provided with the help of the 
BACnet communication protocol. In BACnet, it is 
mandatory to specify whether a data point 

describes an analog or binary state. Therefore, it 
would not be necessary to determine this 
information with the help of a script. However, the 
approach taken in this paper is to consider data 
points independently of technology and to work 
only with the values provided and the associated 
timestamps). 

Values over/under 100: 

When checking whether a data point takes analog 
values above or below the value 100, the 
information taken before can already be used as 
support. For this information only, data points need 
to be considered which were sorted into the list for 
analog data points by the function ‘Binary or analog’ 
described before.  

Fig.  9 - Data points with values that are only between 
0-100 classification.

This information helps in the further course to give 
prognoses whether it is a data point which 
describes a valve position (0-100%). If the data 
point has values above 100 or below 0, it is most 
likely not a valve position. 

Set points: 

A measured value behaves differently from than an 
associated setpoint. A setpoint changes suddenly 
and abruptly in contrast to a measured temperature 
value. 

Fig.  10 - Qualitative representation of a setpoint and 
an associated measured value. 

The data points were examined in terms of how 
often a data point executes a jump. A jump was 
declared as a 20% change of the value in a time 
window of less than one minute. As a percentage 
threshold value, it was found that every data point 
that makes these jumps (i.e. > 0%) can be declared 
as a control signal. Thus 18 of 22 setpoints were 
correctly recognized with two incorrect 
assignments. Thus, the data points were divided 
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into "jumping" and "not jumping" data points. 

Room temperature: 

To check whether a data point could be a room 
temperature, only data points that have already 
been classified as analog data points are considered. 
Then, for each data point, the percentage of all 
recorded values that are within a typical 
temperature range for room temperatures is 
checked. This temperature range was set to the 
range 17 - 27. Applying this rule to the training data, 
it was found that if 50% or more of the recorded 
values are within this range, all existing room 
temperatures are correctly assigned.  

Fig.  11 - Evaluation for the classification of a room 
temperature. 

In Fig.  11 it is to be seen that many data points (red 
bars which go beyond the boundary line of 50%) 
which do not represent room temperatures also 
fulfill the rule and thus would be classified as room 
temperature. Therefore, it is necessary to clean up 
the lists after the first classification with logical 
regularities. For example, if a data point was 
declared as a potential room temperature and as a 
potential outdoor temperature, the outdoor 
temperature can be removed from the list of 
potential room temperatures afterwards. For 
example, an outdoor temperature could be 
recognized more precisely by the typical day & night 
cycle, which is more pronounced than for a room 
temperature, and thus be removed from the list of 
room temperatures. 

Heating temperature: 

Another list in which data points can be sorted is a 
list containing all data points representing heating 
temperatures. For the time being, no distinction is 
made between setpoints / measured values or 
flow/return temperatures. The decisive criterion 
here is again a range of values which in this case 
was set to 25 to 65. As a percentage threshold value, 
whether a data point represents a heating 
temperature or not, 55% was chosen.  

Fig.  12 - Evaluation for the classification of a heating 
temperature. 

For the training data, this threshold detected all 
heating temperatures and assigned them to the list. 

Outside temperature: 

To detect outdoor temperatures, the percentage value 
was determined of how often the value of a data 
point corresponded to the historical monthly mean 
values (± 5 Kelvin) for the corresponding region 
(Greater Cologne-Germany). For the training data, a 
limit value of 40% resulted here.  

Fig.  13 - Evaluation for the classification of an outdoor 
temperature. 

In this function, unlike the three rules presented 
previously, no incorrect data points were added to 
the list. 

2.2 Finding relationships between data points 

Data points in building technology often interact 
with each other in a generally known way. For 
example, if a valve position changes or the status of 
a pump changes from "off" to "on", this is often 
accompanied by a time-delayed change in 
temperature. Fig.  14 shows such a relationship 
between flow temperature, valve position and pump 
status.
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Fig.  14 - Relationship between flow temperature, 
valve position and pump status. 

The data points were divided into individual lists 
using the rules applied in the previously described. 
These lists are used in the next steps to derive 
relationships between the individual data points, as 
explained in the previous section. 

Temperature-pump dependencies: 

To find out which of the temperatures is related to 
which pump switching command, the data points 
from the list for binary data points were first 
searched for state changes. If a state change was 
found in one of the data points, the timestamp of the 
state change was selected as a new search criterion. 
With this timestamp, each data point in the list 
'Heating temperatures' was checked to see if there 
were values for this point in time that had changed 
significantly, but with a time delay. As a criterion 
how much a value must change, 10 Kelvin was 
defined. The time delay was chosen with 0-10 
minutes. 

The following graphic shows an exemplary result 
for a selected binary data point. By applying the rule 
described above, the correct data point (green bar) 
could be found. Compared to the other data points, 
it is by far the one that most frequently fulfills the 
search criterion. 

Fig.  15 - Evaluation for the relationship between a 
heating temperature and a pump status. 

In 19% of the cases, this supply temperature met 
the condition of a change of 10 Kelvin within 0-10 
minutes after a change of state of the binary data 
point. The low percentage value results from 
inconsistent training data. The historicized trend 
data for heating circuits do not have the same time 
records for all data points. In the training data it 
happens that binary pump switching commands are 
available for a period for which the corresponding 
temperatures of the heating circuit have not been 
historized. For this reason, it was decided not to 
declare a percentage as the limit for this rule, but to 
take the data point with the highest percentage as 
the decision criterion.  
Further dependencies that are examined between 
the data points are, for example:  

 How often a data point declared as 
temperature follows a data point declared as
valve position.

 How often a data point declared as 
temperature or valve position follows a
setpoint.

4. Validation
In order to validate the previously derived rules, the 
rules were applied to historized data from another 
building technology system. The data points of this 
system relate to a ventilation system with supply 
and exhaust air fans, heat recovery and a heater 
including the associated heating circuit. The data 
points were historicized over a period of one week 
in November. 

Table 1 - Validation of the established rules based on data points of an air conditioning system. Cells with a green 
background mean that the respective data point has met the conditions of the respective rule. 
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 Binary or analog:
The rules that are supposed to distinguish
whether a data point is a binary or analog data
point work without error for this example. All 
three binary operating messages have been 
classified as such. A data point that has been 
classified as binary is no longer checked with 
the other rules.

 Values over/under 100:
The rules 'values over 100' and 'values under 
100' should be used to distinguish data points
that can take high/low numerical values (e.g.
counters or high electrical power 
consumption) from data points that operate
between 0-100 (e.g. system temperatures or 
valve positions). According to this rule, the
historized data points of the ventilation system
showed that each analog data point can be e.g.
a system temperature or valve position and no 
data point could be excluded for the
examination of the further rules.

 Room temperature:
The rule that checks a data point for a potential 
room temperature has detected three data
points. The three detected data points are all 
related to the room temperature, but are not
explicitly declared as such. Particularly From 
this example, potential for improvement of this
rule can be derived. The data point "Setpoint
room temperature" was declared 100% as
potential room temperature, because it did not
change over the entire period and was
constantly in the defined number range. An 
addition to the rule stating that the data point
must change by a defined value within a
certain time period could act as an exclusion 
criterion here.

 Heating temperature:
The rule for detecting heating temperatures
found the correct data point during validation. 
In this plant there was only one return 
temperature.

 Set points:
The recognition of the control signals also
worked without errors. All four control signals
were declared as such.

 Outside temperature:
The declaration of the outdoor temperature
also worked well. Even though three data
points were declared as potential outdoor
temperature, the correct outdoor temperature 
has the highest percentage. This can also be
improved by defining the rule in such a way
that only the data point with the highest
percentage is recognized as outdoor
temperature. 

Table 2 - Relationship between binary datapoints and 
heating temperatures. 

 Temperature-pump dependencies:
Table 2 shows the percentage values of the
rule that is to find out which temperature
follows which binary switching command. 
The only detected heating temperature could
not be assigned to any of the three binary 
switching commands. The rule searches for a
changing temperature after there has been a
change of state of a binary signal. Figure 16 
shows the recorded course of the heating 
temperature, the corresponding valve position 
and the operating message of the pump over a
period of 24 hours. As can be seen, the control 
of the system is selected in such a way that the
return temperature is controlled only by the
valve position. The binary switching command 
of the pump is constant 1, so a dependence of 
the temperature to the pump cannot be found.

Fig.  16 - Relationship between return temperature, 
control signal valve position and pump status 

But knowing that there is a heating temperature 
that follows a valve position and no associated 
pump switching command, predictions can be made 
about system behavior. 

5. Problems and approaches
In the presented methodology, different problems 
due to inconsistent and incomplete data were 
identified. The goal must be to historize all data 
points of a building services system for a certain 
period of time. When recording a building's 
behavior, it is then important that the building's 
systems also operate accordingly. If valves do not 
move (e.g. because it is summer and no heating load 
is required), it is difficult to identify dependencies 
between data points. 
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6. Outlook and summary
This paper describes a first attempt to draw 
conclusions about the structural information of a 
data point from historized HVAC data points based 
only on the value and the corresponding timestamp.  

Of course, HVAC-systems consists of larger and 
more complex systems than the systems taken as a 
basis in this paper. Nevertheless, with such simple 
rules, and knowledge of the known regularities of 
HVAC-systems, there is the possibility to generate 
information about the structure of a system.  

The next steps in extending this method will be to 
further specify the rules for heating circuits and to 
define rules for other trades and components. The 
historization of the data can be done by a 
microcontroller which searches for the common 
communication protocols in a building automation 
network and historizes all data points in fixed 
intervals. These data can be used again as 
validation. 

The rules described in chapter 3 can serve as a basis 
for one of the most widely used AI algorithms 
'Decision Trees'. In 'Decision Trees', simple if-else 
relationships for data are also established and then 
interrelated using stochastic distribution in such a 
way that predictions can be made for data sets [10]. 
Whether the methodology presented in this paper 
can be used to automatically link HVAC data points 
with TMon applications could not be finally 
answered. In chapter 2 different methods were 
already presented which deal with similar 
questions. It will be interesting to investigate how 
far the methods can complement and support each 
other. 
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