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Abstract
High return temperatures are a frequent issue leading to inefficiencies in district heating networks. The
causes for high return temperatures usually lie on the
secondary side, within the building heating system.
However, the district heating operator will in most
cases only have access to primary side data through
the heat meter. This makes it difficult for the operator to identify and remedy these causes. This contribution uses coupled building and system simulations
to investigate issues leading to high return temperatures. The resulting synthetic data replace inaccessible secondary side data for the training of supervised
classification algorithms allowing these issues to be
diagnosed based on temperature and flow measurements in district heating substations.
These classification algorithms are tested with three
cases differing in the assumed availability of secondary side data. Fault detection and diagnosis can
be performed with primary data only, with a modest degree of accuracy. Temperature measurements
on the secondary side of the substation are shown to
considerably improve the quality of predictions, from
78% to 96% classification accuracy.

Introduction
High return temperatures are a frequent issue leading
to inefficiencies in district heating networks (Gadd,
2014; Zinko et al., 2005). The causes for high return temperatures usually lie on the secondary (customer) side. Traditionally, district heating operators
only have access to hardware and data on the primary
side and not on the secondary side. This makes the
causes for high return temperatures difficult for operators to identify and remedy. This paper presents the
simulations developed to investigate four possible issues potentially leading to high return temperatures.
The aim is to use the results of a large number of
simulations to discover the “signature” of respective
faults in time series of measurable physical values.
Despite high return temperatures being a specific district heating issue, related work can be found in fault
detection and diagnosis (FDD) for building systems.

This paper investigates the hypothesis that building
performance simulation has the potential to assess a
variety of issues in terms of their impact on return
temperatures and, further, to generate data for the
training of FDD algorithms. After a review of related
work in these domains, a simulation-based method for
the investigation of high district heating return temperatures is presented. The method is then applied to
a case study, followed by a discussion of the results.

Related work
District heating return temperatures
District heating (DH) systems supply heat generated
in centralized locations to consumers located in multiple buildings, connecting these sources and consumers
through a pipe network (Frederiksen and Werner,
2013). Benefits of this centralized heat supply include its flexibility, the lower costs and higher efficiency of heat generation in larger units, as well as
the possibility to utilize excess heat and other forms
of renewable heat sources (Zinko et al., 2005). Renewable heat sources are often at a lower temperature than used in traditional DH systems, which is
why a transition towards lower temperature levels
makes an increasing share of renewable energy in DH
possible (Lund et al., 2014; Brand, 2014). In practice, return temperatures higher than planned have
been recognized to be a frequent issue hampering efficient and cost-effective operation of district heating
(Zinko et al., 2005). While primary supply temperatures are under the control of district heating operators, return temperatures depend on the cooling
taking place on the secondary side, which may be insufficient for a variety of reasons. Causes for high
return temperatures may differ in their origin, temporal behaviour, location in the system, and impact.
The issue may lie in the substation heat exchanger,
or in the customer heating system and its controls,
or even in occupant behavior (Geyer and Schmidt,
2017). The issue of return temperatures in district
heating systems has already been tackled in an IEA
project, where the concepts of excess flow and target return temperatures were used to detect malfunctioning substations (Zinko et al., 2005). Diagnosis
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was limited to reasoning on the time of year in which
malfunctions arised, and concluding whether the issue
was related to space heating or domestic hot water.
Whereas in the past meter readings in DH substation
were usually performed manually for billing purposes,
they are starting to be available at a hourly resolution, which offers the possibility to detect inefficient
behavior in a proactive and affordable way (Gadd,
2014). Gadd and Werner (2015) used measurements
in 135 Swedish district heating substations to identify
three main types of faults. They found faults in more
than two thirds of the substations. The analysis was
done manually, but the possibility of automating it
was highlighted.
Fault detection and diagnosis in building systems
Automated fault detection and diagnosis for heating,
ventilation and air-conditioning (HVAC) systems is
an active area of research, with a wide array of methods. In an extensive review of such methods, Kim
and Katipamula (2018) categorized them according to
whether they are based on process history, qualitative
models or quantitative models. The main obstacle to
the use of model-based methods is the expense of creating the models and validating them with empirical
data. Generally, FDD research has often been focused
on particular components, with a considerable body
of research on FDD for chillers and air-handling units,
but approaches looking at the whole building have
also been proposed (Kim and Katipamula, 2018). For
such cases, it can be argued that building performance simulation is the soundest way to quantify the
impact of faults taking into account interrelations at
various levels (Zhang and Hong, 2017).
Building and HVAC simulation
To model the impact of faults resulting in higher district heating return temperatures, one ought to consider temperatures supplied by district heating networks, substations, customer heating systems and the
buildings they serve. Existing simulation tools allow models accounting for the interplay between these
systems to be executed and provide quantitative information on the resulting behavior.
Whole building thermal simulation may vary in the
nature of the link between inputs and outputs (blackbox versus white-box models), in the treatment of the
temporal dimension (stationary versus transient models) and in the level of detail in which different aspects
are modelled (de Wilde, 2018). In terms of model
structure, approaches for the simulation of HVAC systems range from conceptual models in which system
behavior is completely idealized to component-based
and equation-based models (Trčka and Hensen, 2010).
In the present research, component-based modeling
of heating systems is assumed to be a suitable level
of detail. Faults affecting specific components are
best modelled if the corresponding components are
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Figure 1: Proposed method.
explicitly modelled. On the other hand, more detailed equation-based modeling may provide more accurate results and make it possible to simulate additional issues, such as hydraulic imbalance. However,
the additional computing effort may be problematic
considering the high number of simulation runs, and
parameter setting would be more challenging.

Method
Overview
The objective of the proposed method is to model
issues affecting district heating substations and customer heating systems, so as to discover “signatures”
allowing to detect and diagnose these issues in measurable time series. For the corresponding fault detection and diagnosis to be robust, the simulation
models used to generate data need to account for the
variability of conditions and parameters which may
affect substation behavior.
An overview of the proposed method is illustrated in
Figure 1. The method is applied to specific scenarios, each of which corresponds to a certain type of
building and system, with similar climate and construction quality. For each scenario, a model structure is defined, as well as variable parameters with
specific ranges, and faults, which may also be defined
parametrically.
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Simulation experiments are then carried out by sampling sets of values for the variable parameters. These
sets of values correspond to cases with faults, but
also (mostly) without faults. A simulation model is
then created and run for each set of value. The corresponding results represent the data used to train
fault detection and diagnosis algorithms.
Modeling approach
For each scenario, a base simulation model is prepared, as well as a list of variable parameters and
their ranges. The simulation model should be detailed and flexible enough to evaluate normal operation and faults. For the implementation of the
method presented here, coupled simulation is carried
out with EnergyPlus and TRNSYS (Crawley et al.,
2001; Klein, 1988). TRNSYS is used to model the
heating systems, and EnergyPlus for the building behavior. These two tools are used so as to take advantage of the superior flexibility and level of detail of
each tool for the respective domain. Run-time coupling is implemented with the functional Mock-up interface (FMI) (Nouidui et al., 2014). The componentbased TRNSYS system model, illustrated in Figure
3, includes delivery components for each zone, distribution components (pumps, pipes and valves) and
substation heat exchangers, as well as a heat source
representing the district heating network itself, with a
supply temperature varying as a function of outdoor
temperature. It takes zone temperatures as inputs
and returns delivered heat rates as outputs. The EnergyPlus building model, for which inputs and outputs are reversed, has a given base geometry for each
scenario, but is subject to variations in window-towall ratio construction properties, internal loads, infiltration and weather.
Simulation model preparation
As the method relies upon a large number of simulations, a high degree of automation in preparing and
running the models is essential to its applicability. A
key task is the sizing of system components, which
should be realistic and at the same time account
for a certain sizing variability, including also possible
faults. This sizing is carried out programmatically
with the successive application of procedures dealing
with subsystems from the demand to the supply side,
as in Bres (2018). This starts with the calculation of
design heat loads from building model and construction properties. Using design temperatures as variable inputs, delivery components are then determined
and sized for each zone, followed by an approximation
of the secondary distribution subsystems and by the
substation and its heat exchanger. Sizing variability
is introduced with sizing factors applied at different
steps (parameters 14 and 20 in Table 1).
Different types of faults are introduced in the model
in various ways. Design faults are modelled with the
use of faulty sizing values (e.g. fault 4 in Table 2) in

the procedures mentioned above. Models of normallyfunctioning systems obtained from the previous procedures are partially modified to account for operation faults (e.g. fault 3 in Table 2). Control faults
(e.g. faults 1 and 2 in Table 2) can be introduced by
modifying control parameters.
Sampling approach
In order to use simulation data to train robust fault
detection and diagnosis algorithms, it should reflect
the variability of properties and conditions affecting
system behavior. This should be ensured by an appropriate design of experiments, allowing the parameter space to be explored in an efficient way. To this
aim, a Latin hypercube design is used for sampling
input variables (Levy and Steinberg, 2010). Also, in
order to account for the variability of occupant behavior, a stochastic approach is used to generate different
occupancy and tap water draw profiles for each simulation run, following Page et al. (2008) and Fischer
et al. (2016).
After sampling n points with values from the regular ranges, faults are introduced by modifying certain
values in some of these points.
Analysis and algorithm training
The results of simulations prepared and run for each
of the previously defined n points are finally analysed and used for fault detection and diagnosis. This
includes the calculation of indicators for each simulation, the analysis of input-output relationships based
on these indicators, and eventually the training and
validation of automated FDD algorithms.
Simulation results and substation performance are assessed with a variety of indicators, a selection of which
is summarized in Table 3. Volume-weighted average
primary return temperature can be considered to best
represent the impact of substation return temperatures for the network (Crane, 2016).
Excluding cases of substations with more than one
fault, fault detection and diagnosis can be formulated
as a classification problem with classes corresponding to different faults and to the fault-free case. The
aim is to predict the right class based on measurable
quantities. In this stage, it was decided to transform the time series by calculating statistics over the
full simulation period and to use these as features
for the classification algorithms. More specifically,
(j)
let (xi )16i6t,16i6m be the values of m measurable
quantities for t time steps. These measurable quantities correspond to temperatures and flow rates. For
each pair (j1 , j2 ) of these measurable quantities, we
calculate the following statistics: correlation coeffi(j )
cient ρx(j1 ) ,x(j2 ) and quotient of average values x(j1 ) .
x 2
The corresponding values are then used for the training of classification algorithms, starting with binary
decision trees.
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Figure 2: Layout of the substation for the case study.
1: heat exchanger for space heating. 2: space heating
consumers (radiator heating). 3: heat exchanger for
domestic hot water. 4: domestic hot water consumer.
5: domestic hot water recirculation.

Figure 4: Scatter plot of averaged secondary and primary return temperatures for 200 simulations.

Figure 3: TRNSYS model components of the substation and heating system. For clarity, only physical
components are shown, while control and data flow
units are hidden.

Case study
Scenario
The method proposed in this paper is illustrated with
a case study corresponding to a single scenario. The
scenario corresponds to single-family houses built in
the 1980’s and 1990’s in Northern Germany. The
houses are supplied with district heating for space
heating and domestic hot water, using an indirect
parallel connection as illustrated in Figure 2. Variable
simulation input parameters with the value ranges
corresponding to this scenario are summarized in Table 1. Four types of faults are selected for simulation,
as summarized in Table 2.
Simulation results
The previously described method is applied to this
scenario generating n = 1000 simulations, for a sixmonth simulation period. A time step of 10 minutes is
chosen, for reasons of simulation stability and because
it corresponds to the short end of monitoring intervals used in practice. Each of the four fault types is
introduced in 10% of the simulations, yielding a total

of 40% simulation runs with faults and 60% fault-free
simulation runs.
The simulation data is reduced to a smaller set of
significant numbers by calculating summary indicators for each simulation run. Figure 4 shows average
primary and secondary space heating return temperatures for each simulation run. A trend for higher
return temperatures in the case of faults can be distinguished, but it is not sufficient for accurate fault
detection. Primary return temperatures are also dependent on primary supply temperature, which represents a confounding variable not related to substation
and secondary systems.
The impact of the simulation parameter settings on
the indicators summarized in Table 3 are reviewed by
multiple linear regression. Figure 5 shows resulting
coefficients for a selection of independent (simulation
input parameters) and dependent (simulation output
indicators) variables. This allows the various impacts
of variable parameters - whether related to faults or
not - to be visualized and compared. A key indicator
for the present work is mean primary return temperature (mprt). Particularly noticeable for this indicator
are the strong impacts of the heat curve parameter
(19) and the leakage rate parameter (13), which are
related to two faults, but also that of the design secondary supply temperature (15), which we consider to
vary in a certain range (55 to 65 ◦ C) independently of
faults. Conversely, a parameter like the temperature
set point chosen by occupants (4) has a high impact
on energy consumption but not on return temperatures.
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Table 1: Variable simulation input parameters with their value ranges in the normal case and, where applicable,
in fault cases.
Parameter
1 - window U-value
2 - wall U-value
3 - window g-value
4 - occupant-defined heating set point
5 - heat gain from electric equipment
6 - area per person
7 - ventilation per area
8 - infiltration rate
9 - infiltration coefficient a
10 - infiltration coefficient b
11 - weather constant temperature shift
12 - window-to-wall ratio
13 - space heating heat exchanger valve leakage rate
14 - design ∆θ primary - secondary return
15 - design temperature from generation subsystem
16 - secondary heating curve: x1
17 - secondary heating curve: x2
18 - secondary heating curve: averaging time
19 - secondary heating curve: y2
20 - delivery sizing factor
21 - delivery PID control: constant term
22 - delivery PID control: integral term
23 - primary supply temperature curve: x1
24 - primary supply temperature curve: x2
25 - primary supply temperature curve: y1
26 - primary supply temperature curve: y2
27 - space heating heat exchanger PID controller: Kp
28 - space heating heat exchanger PID controller: Ti
29 - pipe insulation factor
30 - recirculation control temperature difference

Min
1.0
0.4
0.5
19
5
15
1.0
0.1
0.5
0.02
-2
0.15
0.001
1.0
55
-15
10
0
40
1.0
0.05
0.5
-25
8
90
65
0.002
0.05
0.3
4.5

Max
2.0
0.8
0.7
23
11
45
2.0
0.2
0.8
0.04
2
0.35
0.003
1.5
65
-5
16
4
50
1.2
0.15
1.5
-15
12
110
85
0.004
0.15
0.5
5.5

Unit
W/(m2 K)
W/(m2 K)

Fault values

◦

C
W/m2
m2 /person
m3 /(h m2)
h−1
K−1
◦
C

K
◦
C
◦
C
◦
C
h
◦
C

0.2 to 0.3
4.0 to 6.0

= parameter 15

◦

C
C
◦
C
◦
C
◦

h
2 to 3

Table 2: Modelled faults and corresponding parameter
IDs (as in Table 1).
Fault
1 - excessive hot water recirculation
flow
2 - lacking space heating secondary
temperature reset
3 - leaking space heating heat exchanger valve
4 - undersized space heating heat exchanger

Parameter
30
19
13
14

Fault detection and diagnosis

Figure 5: Regression coefficients for selected input
variables (as in Table 1, 7 of 30 independent variables) and indicators (dependent variables) as in Table 3: red for positive coefficients, blue for negative
coefficients. Only values of relevant coefficients (pvalue under 0.05) are written.

The next step is to transform simulation results into
features for classification. We distinguish three cases
for the selection of m measurable quantities among
simulation results, corresponding to measurements
which are assumed to be available:
• A: only primary supply and return temperatures,
primary flow rate and ambient temperature are
available (m = 4).
• B: in addition to A, temperature measurements
on the secondary side are available (m = 8).
• C: in addition to B, flow rates on the secondary
side are available (m = 10).
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Table 3: Simulation output indicators.
ID
mprt
mpvf
vwprt
ec
msrt
mdrt

Indicator
mean primary return temperature
mean primary volume flow
volume-weighted
primary
return temperature
energy consumption
mean secondary return temperature
mean DHW return temperature

Unit
◦
C
m3 /h
◦
C
MWh
◦
C
◦

C

Using pairwise correlation coefficients and quotients
of means as indicated above, the resulting number of
features is equal to m(m − 1): 12 for case A, 56 for
case B and 90 for case C. The results shown in the
following are obtained by calculating features directly
from the raw simulation results (time steps of 10 minutes). Averaging simulation results to hourly values
before feature calculation was found to yield similar
results, not shown in this paper.
As a classification method, we use binary decision
trees (Kotsiantis et al., 2007; Reddy, 2011) obtained
with the classification and regression tree (CART) algorithm (Breiman et al., 1984; Steinberg and Colla,
2009) as implemented in MATLAB. The choice of decision trees was mainly motivated by their ease of
interpretation and low number of hyperparameters.
The resulting classification performance is evaluated
with five-fold cross-validation.
Results of classification for the three cases are summarized in Figure 6. Calculating the overall accuracy
as the number of correct predictions divided by the
total number of predictions, the values obtained for
cases A, B and C are 78%, 96% and 96%, respectively.
Thus, very good results are obtained in cases B and
C. Weaker performance is noticeable for fault 4 (undersized heat exchanger), with 30% of false negatives
and 20% of false positives, while the other three faults
are diagnosed with 95 to 100% accuracy.
The results obtained with primary measurements
only, displayed in Figure 6a, are significantly inferior.
While predictions for fault 3 are still accurate, the
number of false negatives and false positives for the
other faults is high.

(a) Case A.

(b) Case B.

Discussion
The presented case study shows that the modelled
faults indeed exhibit signatures: given the right measurements, it is possible to detect and diagnose them
with good accuracy when measurements on both primary and secondary sides are available. As could
be expected, 100% accuracy is not achieved, but this
should not prevent the method from being helpful in
directing attention to possible reasons for high return
temperatures.

(c) Case C.

Figure 6: Confusion matrices showing the number of
true predictions in green and false predictions in red
for classification in the three cases of measurement
availability.
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The analysis of simulation results shows that the
boundary between faults and normal variations is
often blurry. For instance, it was assumed for the
present case study that the design supply temperature varies in a certain range, without considering it
a fault. It can be seen in the results that these variations have a significant impact, such that one may
also consider it a fault (“excessively high design temperature”).
Validation of the proposed method and the simulations underlying it deserves further discussion. A possible starting point is to distinguish between different
sources of uncertainty (Macdonald, 2002):
• model inadequacy should be kept low. Component models are validated to a large extent, but
the adequacy of their combination in a whole
model can be questioned.
• parameter uncertainty should have limited impact, as we use parameter ranges and look at correlations and differences between outputs rather
than at absolute values. However, parameter
ranges for each scenario should also be validated,
and may need to be refined.
• residual variability (including stochastic processes) is partially represented in the model and
covered by parameter variations.
• code uncertainty is assumed to be reasonably
low, as the simulation tools we use have been
subject to validation.
Several efforts have been used for quality control of
the simulations:
• Results of single simulation runs have been
checked for plausibility, using a variety of plots
making a qualitative comparison with measured
cases possible.
• Condensing the results of simulations in indicators allows abnormal behavior to be detected
quickly for simulation batches. For instance,
it is checked whether excessive oscillations are
present in simulation results.
• Trained classification trees are checked for plausibility by looking at the features used for diagnosing each fault.
The next step will be empirical validation of the simulation data with real-life operational data. Ultimately, validating the proposed method would require the use of the trained classification algorithms
on real data. The resulting predictions should be
compared with the outcome of detailed system audits which would allow the corresponding faults to be
identified.
The results of the case study show the accuracy of
predictions to be dependent on the availability of
measurements on the secondary side. Compared with
case A in which only primary measurements are available, temperature measurements on the secondary

side (case B) make considerable accuracy improvements possible. By comparison, the added value of
additional flow rate measurements on the secondary
side (case C) appears to be very low. Given the cost
of such flow rate measurements, case C does not appear to be practically motivated.

Conclusion
The present work addressed the issue of higher-thanplanned return temperatures in district heating networks, with focus on the customer side. These may
be caused by a number of reasons, which we can refer
to as "faults". Coupled building and system simulation can be used to model the dynamic behavior of
buildings and heating systems served by district heating, and the way it is affected by faults. By running
a sufficient number of such simulations, training data
can be produced for fault detection and diagnosis algorithms.
The application of classification algorithms to simulation data gives promising results. A distinctive contribution of this paper is that it quantifies the value
of using temperature measurements on the secondary
side. It shows that these measurements make it possible to go beyond fault identification and perform
fault diagnosis with good accuracy. Conversely, additional flow rate measurements on the secondary side
are shown to be superfluous. The results also show
that certain faults are easier to diagnose than others.
The application of the method may contribute to
the optimization of district heating systems and
their transformation towards fourth generation district heating systems with a higher share of renewable
energies. Future work in this direction should include
the modeling of additional types of faults and validation work with real systems. Fault diagnosis accuracy
can be expected to decrease with a higher number of
fault types. On the other hand, classification results
may be improved by using other features and other
algorithms than classification trees. Results are also
expected to depend on the length and resolution of
time series, which should also be investigated. Calculating statistics in a sliding window fashion rather
than for the whole simulation period may allow the
method to be applied for continuous delivery.
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