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Abstract:
One of the requirements for the transition from conventional district heating (DH) systems to 4th generation
DH (4GDH) systems is the knowledge of system dynamics. Forecast of thermal request profiles of buildings is
crucial to optimize the operating conditions. In fact, when this is available, the thermal load evolution at the
plants can be estimated and proper energy saving actions can be implemented. In this paper, a smart and fast
approach for estimating the daily thermal request of buildings in large networks is presented. The methodology
uses only data available from the smart meters installed in the building substations (mass flow and temperature
data). For the users where smart meter data are not available an alternative approach is proposed. The
methodology is shown to be suitable for applications involving a) a very large number of buildings b) necessity
of forecast of an area c) measured data, which might be affected by gaps d) low computational time
requirements. Experimental data show that, despite the simplicity, the method predicts the thermal request
very accurately. Furthermore, the forecasted thermal request are here effectively used with the aim of reducing
the peak load in one of the largest DH systems in Europe.
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1. Introduction
District heating (DH) is a smart technology for house heating [1, 2,3], because it enables the possibility of
using heat produced in high efficiency plants, cogeneration plants [4,5], renewable energy sources [6-8] and
waste heat [9-11] for house heating. DH is one of the main options [12, 13] for increasing the exploitation of
renewable sources and efficient technologies for house heating and domestic hot water production in densely
populated areas. Optimal control and management [18-20] is a crucial point for reaching the goals of 4th
generation DH [37]: reduced primary energy consumption and pollutant production and increased economic
benefit from selling heat and electricity (in the case of cogeneration).
Optimal operation of DH systems usually relies on the forecast of thermal load profiles of the buildings
connected to the network. Knowledge of the total request of all the buildings connected to the network is
sufficient in various applications. In the literature, many works can be found with this aim [21-23].
Nevertheless, this information is limited because: a) in extended networks the dynamics is not negligible and
therefore the sum of the request of all the buildings is different from the load at the thermal plants b) various
applications require knowledge of the heat requested in each area of the network or in the single buildings.
Rescheduling of the buildings request (virtual storage) and installation of sensible [14, 15] or latent energy
[16,17] storage systems are among these applications. Virtual storage in DH systems consists in the variation
of building settings, such as the time the heating systems are switched on and off or the set point temperature.
This is done to modify the thermal request evolution [24-26]. The innovation of virtual storages stands in
enabling for the first time management of the demand side. Therefore the use of thermal storage and virtual
storage leads to various advantages:
a) Reducing primary energy consumption, through better exploitation of the high efficiency plants,
renewable energy sources or waste heat. In fact, it is possible to increase the heat supplied to
buildings when there is availability from these kinds of plants.
b) Reducing pollutant emissions because of the possibility of optimally exploit smart grid potentials
and renewable energy sources.
c) Shifting the thermal profile to increase the revenues for the electricity selling.
Analysis on the effect of thermal storage and virtual storage requires a prediction of the request profile within
the day for all the buildings (or each area distribution network). Two type of models can be applied [27]:
physical models and black box models. The first kind of approach includes advanced models that use physical
principles to calculate thermal dynamics and energy behaviour of the building (such as Energy Plus or DOE2) [28-30]. This approach provides detailed information but requires high computational resources and
therefore it is suitable for simulation of a limited number of buildings. Furthermore, a complete description of
the structure and several data of the buildings shall be available. Black box (such as neural networks) models
[31-33] are simpler because they do not simulate the physic behavior of the building and require low
computational costs but the information they provide is less detailed. Data for calibration are necessary.
However, there are some criticism in using conventional forecast methods for thermal storage and virtual
storage applications:
a) When extended DH network are considered, very few data are often available. These data are the
ones collected by the smart meters installed in the substations (temperature, mass flow rates, and
energy consumption), the number of operating hours and the building volumes. For this purpose, a
model should use only these data.
b) The evolution of the quantities collected by the smart meters are often affected by problems, such
as lack of data for difficulties in data measurement or transmission, or the presence of incorrect or
missing values. Robust models, able to predict the thermal demand despite the small amount of
data are necessary.
c) The prediction method strongly depends on the usage of the evolution forecast. For instance, the
optimal re-scheduling of the users connected to the DH system (virtual storage) requires:
a. accurate short-term forecasts of the users demand evolution;
b. accurate prediction of the peak time;

c. prediction of both the thermal request and the water mass flow rate, in order to evaluate
network dynamics.
Based on these necessities, a fast and robust approach for the thermal request profile forecast is presented in
this work. The approach has been included in a software that automatically predicts the evolution of the thermal
request of the various distribution networks.. The new idea of the proposed methodology is to define the main
characteristics of the thermal profiles and to predict these quantities. These are: i) the peak height ii) the peak
amplitude and iii) the request during steady state conditions. Various factors influencing the thermal profile
evolution are considered and a correlation analysis show which are the ones that must be kept as model inputs.
The model used for the thermal load prediction is linear and it is based on a black box approach. The
methodology also includes a simplified approach for the prediction of thermal profiles of buildings that do not
have available smart meter data.
The software has been tested on six distribution networks of the Turin DH system, which is one of the largest
in Europe, in order to show its potential for virtual storage usage. The outcomes prove that the software is able
to well predict the thermal request also when criticisms occur. The building load evolution is here applied to a
virtual storage optimizer with the main aim of rescheduling the building heating systems to shave the total
peak load.
The paper is organized as follows:
 Section 2 describes the methodology adopted for the profile forecast (for both the buildings where
smart meter data are or are not available), including the description of the main characteristics of the
thermal profiles and the pre-processing analysis of the model inputs.
 Section 3 outlines the software that has been created to automatically perform the methodology
described in section 2.
 Section 4 reports the DH network where the software has been applied to and describes the model for
virtual storage analysis.
 Section 5 includes all the outcomes of the methodology validation.

2. Methodology for thermal profile forecast
2.1 Main characteristics of the thermal load profile
Concerning the prediction model, a new approach has been selected in this paper. The approach is based in the
idea of identifying the main points of the curve and predict the position of these points. The main curve
characteristics are used to move from the thermal profile to a simplified profile, as depicted in Fig. 1. This
approach has been selected for two reasons:
1. It allows reducing the errors due to data gathering and transmission, such as missing values or wrong
values.
2. It allows to predict the complete thermal evolution, through prediction of a limited number of
quantities. It makes the model reliable and robust.

HISTORICAL THERMAL PROFILES

MAIN CURVE CHARACTERISTICS

SIMPLIFIED THERMAL PROFILE

Fig. 1 Simplification of the thermal profile evolution: output definition
The main characteristics of the thermal request are evaluated as the function of the weather forecast. As
discussed in the introduction section, the aim of predicting the thermal load is the analysis of virtual storage.
Therefore, it is crucial to correctly detect the peak height, the peak amplitude and the steady state request. For

detecting correctly these features, the thermal profile is described through the quantities shown in Fig. 2.
Evaluation of the four quantities has to be performed in an automatic way due to the large historical dataset
(the analysis is performed for building each day for various years):
1. The maximum height of the peak (y1). It occurs in a building each time the heating system is switched
on (item 1 in Fig. 2). This is evaluated as the largest thermal request in each operational period, i.e.
between the time the heating system is switched on and off.
2. The steady-state heat request (y2), which occurs after the end of the peak (item 2 in Fig. 2). This is
calculated as the mean value of the heat request between the end point of the peak and the time the
heating system is switched off.
3. The time the system needs for reaching the maximum point of the peak, after the heating system is
switched on, y3 (item 3 in Fig. 2). This is evaluated as the time frame between the two events.
4. The time the system needs for reaching the end point of the peak from the maximum point of the peak
y4 (item 4 in Fig. 2). This is evaluated as the time frame between the two events.

Fig. 2 Quantities detected for the thermal profile description
The evaluation of the final point of the peak requires a careful analysis, because it cannot be obtained by basic
mathematical calculations. This is performed through a suitable algorithm. A routine that takes into account
all the times after the ones when the maximum peak value occurs is used. The time that is selected as the end
of the peak, is the first one complaining with one of the following options:
 The value of the curve in the point is lower than the steady state value.
 The slope of the curve has a value which is, in absolute value, lower than a threshold value.
Some of the heating systems are switched-on and off just once a day. In other cases, there are more than one
operating periods (time periods between two starts) each day. In the DH network selected as the test case the
operating periods are from one to three per days, as reported in section 4. Each start usually leads to the creation
of a peak which is then followed by an almost stationary condition. The software can automatically evaluates
the four quantities indicated in Fig. 1 (maximum peak value, the steady state and the two time periods) for
each operational periods. Indeed, when a building that presents more than a start per the day, the same approach
is used various times.

2.2 Input definition
A two-stage approach is adopted for the identification of the model input. At first, a series of variables affecting
the building thermal request are considered. These variables are selected on the basis of a literature review
[27] and considering that simulations are performed the day before. Tab. 1 reports the full list of variables at
step 1. The temperatures referred to the previous day affect the right behaviour of the building and therefore
the thermal demand when the heating system is switched on in the morning.

Description
variable
Tm,d-1
Mean temperature of the previous day
Tmin,d.1
Minimum temperature of the previous day
Tmax,d-1
Maximum temperature of the previous day
Tm,d
Mean temperature of the day to predict
I
Solar radiation in the day to predict
φ
Air humidity in the day to predict
v
A wind intensity in the day to predict
Table 1 Main initial input variables

unit
K
K
K
K
W/m
m/s

As a second step, a sensitivity analysis is conducted to evaluate how much these quantities influence the main
curve characteristics (depicted in Fig. 1). This is conducted using a correlation analysis. Variables that do not
significantly influence the main curve characteristics are removed in order to achieve a) a greater model
simplicity b) an easier collection of the input data. Table 2 shows the influence of the various variables on the
thermal demand at peak and steady state and on the peak amplitude.

Tm,d-1

Tm,d

Tmin,d-1

Tmax,d-1

I

φ

v

Peak height

Medium

Low

Low

Medium

Very low

Very low

Very low

Peak amplitude

High

High

High

High

Low

Very low

Very low

Steady state conditions

High

High

High

High

Low

Very low

Very low

Table 2. Effects of the input parameters on the curve characteristics
The quantities which mostly affect load evolution are the four temperatures. Solar radiation I, humidity φ and
wind intensity v are not taken into account for the model. This assumption is strictly dependent on the site and
on the characteristics of the heating systems. As an example, in Turin the average wind velocity is very small
and for this reason its effect is small. In other sites, this effect might be much larger. The selected input of the
model are:
 the mean temperature in the previous day, Tm,d-1;
 the minimum temperature in the previous day, Tmin,d-1;
 the maximum temperature in the previous day, Tmax,d-1;
 the mean temperature (forecast) in the current day, Tm,d.

2.3 Description of the models
The model described in the first part of this section is called MODEL A while MODEL B deals with buildings
where smart meter data are not available. MODEL B is described in section 2.3.1. In Fig. 3 both models are
summarized together with the approach which has been used to build them.

MODEL B
(one for all the users)

MODEL A
(one for each user)

Model construction

Model description

Model use
Meteorogical
data of the day

Meteorogical
historical data

MODEL A

β

MODEL A

β

+

historical curve
characteristics

Data available for
every substations

Data available for
every substation

MODEL B
Obtained from the
analysis of the users
having historical curve
characteristics available

MODEL B

γ

β

γ

β

Fig. 3 MODEL A and MODEL b description

2.3.1 MODEL A (smart meter data available)
MODEL A is a linear model described by equation 1:
𝒀=𝜷∙𝐓
(1)
where the unknown vector Y for each building includes the main curve characteristics previously described
and has the following form:
𝒀 = [𝑦1 , 𝑦2 , 𝑦3 , 𝑦4 ]
(2)
and the vector of input parameter has the following form:
𝑻 = [1, 𝑇𝑚,𝑑 , 𝑇𝑚𝑖𝑛, 𝑑−1 , 𝑇𝑚𝑎𝑥, 𝑑−1 , 𝑇𝑚, 𝑑−1 ]

(3)

The model is used, as shown in top left of Fig. 3, to evaluate vector Y once the meteorological conditions are
available.
The model A is built for each building, therefore the coefficients β are evaluated in our application for about
6500 buildings. The model coefficients β are obtained using the historical data of the curve characteristics Yhist,
for the temperature conditions 𝐓𝒉𝒊𝒔𝒕 following equation (3), as depicted in top right of Fig.3.
𝒀𝒉𝒊𝒔𝒕 = 𝜷 ∙ 𝐓𝒉𝒊𝒔𝒕

(4)

2.3.2 MODEL B (smart meter data unavailable)
In large DH some of the sensors may fail for long time and some of the buildings might not be equipped with
a smart meter. A second model is proposed to overcome these issues. In these cases, it is possible to exploit
the data available for all the users: the building volume V, the annual energy demand for unit volume E and
the total annual operating hours for unit volume h. A correlation between these three variables and the
coefficients β is first obtained. The data of the buildings equipped with smart meters are used for this purpose.
MODEL B, is described by the following equation:
𝜷=𝜸∙𝐃
(5)
Where the input vector D is defined as follows:
𝑫 = [1, 𝑉, 𝐸, ℎ]
(6)
The buildings where only V, E and h are available are analysed by using eq. (5), as indicated in bottom right
of Fig. 3, to obtain the β coefficients. Indeed, MODEL B allows evaluating the coefficients β only trough
knowledge of V, E, h. The model B is only one for all the users, therefore just a γ is used for all the users. The
coefficient matrix γ is built by using data of the buildings where smart meter data are available, as indicated
in bottom left of Fig. 3.

3. Software infrastructure
The software infrastructure built for the thermal load forecast, including both MODEL A and MODEL B, is
shown in Fig. 4. It consists of two parts:
 The first part, represented in the left part of the graph, includes the automatic evaluation of the
coefficients for the linear model. It includes:
o A system for the automatic loading of the historical data. Historical data includes a file for
each day and for each quantity analysed. For the network analysed about 50 106 historical
files are used.
o An automatic pre-processing of the data to make them suitable for the usage. In this stage all
the data are reorganized in various matrices, one for each quantity analysed and one for each
distribution network. The matrices have as many column as the number of building located in
the distribution network and as many rows as the time considered for the analysis.
o The evaluation of the number of historical data available for each user;
o The automatic estimation of the main curve characteristics for all the historical data (the first
step in Fig. 1). This step needs various precautions because of the measurement errors that
sometime makes data evolution very different to the expected evolution.
o Evaluation of the coefficient of the linear model β (one for each user) as detailed in paragraph
2.2. Coefficients β are evaluated only for the users for which smart meter data are available.
o Evaluation of the coefficient of the linear model γ (one for all the users), by using coefficients
β and V, E and h of the users with smart meter data available. The model is built as detailed
in paragraph 2.3 to tackle absence of smart meter data for some users.
If the buildings request did not change, this part of the software would be run just once, for the creation
of the model coefficients for all the buildings. Actually, there are several reasons because the thermal
requests change, such as the application of retrofitting measures, the change in heating systems
schedule, modification of the occupant habits. This part of the model is thus run periodically (e.g. once
a month) in order to take into account all these occurrences.
 The coefficients β (MODEL A) and γ (MODEL B) are used within the second component of the
software for evaluating the main characteristics of the curve Y (described in Fig. 1). MODEL B is run
only for the users for which no smart meter data are available. Once these values are estimated, these
are used for obtaining the thermal request profiles (second step in Fig. 1)

Model construction

Model use (predicting Φ(t) for the day n)

Hystorical data collected daily in each
substation for each distribution network

Building of a single matrix for all the users
in all the day collected

Consider user by user

YES

There are
sufficient data
for the
prediction?

Considering
user by user

Automatic entry all
the hystorical data for
all the considered
distribution network

NO

Run MODEL B

V,E,h

β
Meteorogical
historical data

Creation coefficients for
MODEL A (one for each user)

Run MODEL A

Meteorogical data
(for the day n)

Characteristics of the thermal profile
β
Creation coefficients
for MODEL B
γ

Thermal evolution
construction
V, E, h
Thermal load evolution

Figure 4. Infrastructure of the tool (Construction of the model and use of the model for the
prediction)

4. Application
4.1 System description
The software is applied for the prediction of the thermal profiles of the buildings connected to the Turin
DH system. Turin DH network is one of the largest in Europe; indeed it includes more than 6.500 substations,
one for each building. The main transport network links the thermal plants to the various distribution networks
(182), which connect the transport network to the single buildings. Various pumping groups, located in
different areas of the network, pump the water along the network. Five plants are used for feeding the networks,
including cogeneration plants, boilers and storage tanks. For further details on the analysed system the reader
can refer to [35].
The extension of the network makes it necessary the use of automatic system for the evaluation of the
thermal profiles. As mentioned before, in cases where DH networks involves a high number of users,
robustness is an important characteristic for the forecast tool. The evaluation of the coefficients β for obtaining
the thermal profiles is performed using data gathered at the user substations, as detailed in paragraph 2. The
DH substations are equipped with a system for controlling and gathering thermodynamic quantities able to
transmit measurements to a centralized unit. The detected quantities are reported in Table 3
Quantity
Location
Symbol
Unit
thermal power
mass flow rate
temperature
Temperature
Temperature
Temperature

substation heat exchanger
ϕ
primary side
G
inlet section of the primary side
T1
outlet section of the primary side
T2
outlet section of the secondary side
T3
inlet section of the secondary side
T4
Table 3. Main data gathered in the substation

kW
kg/s
°C
°C
°C
°C

The evolution of some of the data gathered in a distribution network are depicted in Fig.5. From mass flow
rates (G) and thermal power (ϕ) evolution it is possible to catch the schedule of each building. Most of the
users are switched-off during the night and they are switched on between 5 a.m. and 6 a.m. When the heating
systems are switched-on, the mass flow rates (and consequently the thermal powers) present a peak, due to the
low temperature of the fluid on the secondary side of the heat exchanger. The number of shutdown of the
systems is different in the various buildings (one, two or three times a day). This is a very important point for
the thermal load prediction.

Figure 5. Daily data gathered in the substation

4.2 Forecast application: virtual storage
The thermal profile forecasted by the software are used with the aim of thermal peak shaving by virtual storage.
A peak shaving optimizer has been used. The optimizer allows one finding the best set of schedules of
substations for minimizing the thermal peak without affecting the comfort conditions.
The virtual storage optimizer includes a fluid-dynamic model of the network in order to take into account for
the effects of the long distances involved in the network on temperature distribution. In fact, water exiting the
heat exchangers in the substations mixes with the various streams coming from the users located in the other
areas. These streams are at different temperatures, due to the different effect of the thermal losses that are
affected by the distance of the users and the different effectiveness of the heat exchangers. As a result, the
temperature evolution at the plants is significantly different from that at the users. The overall effect of the
building thermal profile is evaluated trough the thermal fluid-dynamic model because it significantly differs
from the summation of the thermal request profiles of the buildings. The thermal fluid-dynamic model is based
on a one-dimensional approach coupled with graph theory [36]. Each pipe of the network is considered as a
branch starting from a node, the inlet section, and ending in another node, the outlet section. The incidence
matrix A is used to describe the network topology by expressing the connections between nodes and branches.
The thermal fluid-dynamic model considers the mass conservation equations applied to all the nodes (equation
7), the momentum conservation equations applied to all the branches (equation 9) and the energy conservation
equations applied to all the nodes (equation 8). The thermal model is expressed in transient form since thermal
perturbations travel the network at the water velocity, which is the order of few meters per second while the
fluid dynamic model is expressed in steady state form because the perturbation travel the entire network at the
speed of sound.

𝐀 ∙ 𝐆 + 𝐆ext = 0
T

(7)

𝐆=𝐘∙𝐀 ∙𝐏+𝐘∙𝐭

(8)

𝑴∙ 𝑻+𝑲∙ 𝑻=𝒈

(9)

For further details on the model the interested reader can refer to [37, 38]. The models A and B described in
section 2 are used for evaluating both the mass flow rates and the thermal power. The temperature and mass

flow rates at the outlet section of the heat exchanger at the primary side (T2 and G) can be thus provided as
the input to the thermofluid dynamic model. G is predicted by the forecast model and T2 is obtained trough
the relation:
Φ = 𝐺𝑐(𝑇1 − 𝑇2 )
where G and Φ are the outcomes of the forecast model while T1 is obtained simulating the supply network
considering a supply temperature is known.

5. Results
5.1 Evaluation of the main curve characteristics
After the automatic loading and pre-processing of the historical data, the following step is the evaluation of
the main characteristics of the thermal request. This step must be automatic because it includes the analysis of
all the buildings connected to the DH network (about 6500) for all the historical data considered (more than
700 days). The outcome of the automatic detector of the main curve characteristics are reported in Fig. 6 for
some buildings. The buildings and the days used in the analysis are selected among the available data in order
to cover different schedules and weather conditions. The experimental data detected by the smart meter are
reported in black, while the points estimated by the automatic detector are depicted with red circles. Fig. 3
clearly shows that the tool is perfectly able to detect all the quantities desired for the construction of the
simplified thermal profile.

Fig. 6. Results of the tool for the automatic detection of the main curve characteristics

5.2 Thermal profiles forecast
The main curve characteristics of the historical data are used for obtaining the β vectors (one for each user)
and γ (one for all the users). The models are thus used for obtaining the main curve characteristics (and
therefore the simplified thermal profiles). The results are compared with experimental data for some days and
some buildings and they are shown in Fig. 7. Thermal profiles and mass flow profiles are both reported. The
figure depicts these measured evolutions (dashed curves) and the evolutions obtained by the linear model
(continuous curves). The criteria adopted to select the buildings and the days are the same considered in the
previous section. The thermal request and the mass flow are well detected in all the random cases reported in
Fig. 7. For both the quantities, the maximum peak values, the steady state conditions and the peak duration are
predicted with a high level of accuracy (about 10%).

Fig. 7. Predicted thermal request and mass flow profiles predicted (comparison of model results and
measured data)
Taking into account all the buildings and all the days considered in the analysis it is possible to perform a more
complete error analysis. The mean relative error in the prediction is evaluated as the mean error in the
evaluation of the main curve characteristics (comparing predicted and measured values). The percentage
relative error on the maximum peak value is evaluated for each considered case; the mean value is about 10
%. As regards the relative error on the steady state prediction the result obtained is higher (although less than
15%) than the ones performed predicting the maximum peak value. This mainly occurs at the beginning and
in the end of the season, the steady state values are quite low and even the absolute error is low the relative
error is large. These results can be considered satisfying because of:
 the high variability of the thermal request characteristics along the year due to the dependence on
several variables which are difficult to include (user behaviour, cloud coverage, etc.);
 the problems related to the detection of data (for instance the eventuality of the lack of a data during
the peak request)
 the imprecision of the weather forecast and weather historical data;



the simplicity of the model used for the profile forecast which is necessary for fastness and robustness
reasons.

In order to quantify the effects of the errors on the total demand, the total request of some distribution networks,
for a typical winter day, are analysed. The outcome of the analysis are reported in Fig. 8, in terms of thermal
power and mass flow rate. It is evident that the model perfectly predicts the thermal evolution and the mass
flow rates in most of the cases. The errors in the prediction of the overall network request, they are, on average,
lower than the error performed predicting the single building requests. This is because when all the users are
considered the various errors performed on the single buildings offset each other, because of their different
signs.

Fig. 8. Thermal request and mass flow profiles predicted for the whole distribution networks (comparison
model results and measured data)
Performance of the profile predictor depends on the set of input. In order to evaluate the effects of the input
variation in the error performed on the prediction, the model has been tested on a heating season (about 180
days). This is due in order to take into account the high variability of conditions that can occur, such as
particularly hot or cold days, or strong temperature variation between two consecutive days or between night
and day. Results have been reported in Fig.9. It shows the percentage relative error in both peak value and

steady state value predictions. Error is evaluated as the difference between the predicted and the occurred
value, divided by the maximum value occurred during the year. This means that errors are weighted
respectively on the maximum peak value (in case of peak prediction) and the maximum steady state value (in
case of steady state prediction) occurring during the year. This is made to avoid mismatches between the error
referred to cold and warm days (characterized by a low thermal request). A frequency plot has been used in
order to show how frequently the errors are performed. The figure shows that in all the considered cases the
error keeps lower than 5 % for three-quarters of the considered day (except for BCT 420). In two or the
distribution network considered (BCT408 and BCT414), the error never reaches 5%. Both peak and steady
state request of BCT410 and BCT419 are also well predicted and the errors keep lower than 10% in the whole
thermal season. Results obtained for BCT408, BCT410, BCT414 and BCT419 are remarkable. Higher values
are obtained in some days for BCT418 and BCT420. This is mainly due to the low thermal demand (as can be
seen by the Fig. 8 comparing the request for these networks and the others) and the small number of buildings
involved in these distribution networks (respectively 19 and 11). Networks including a low number of
buildings usually include one or few large buildings (such as university or hospital) or multiple buildings
served by the same substation. For instance, BCT418 serves the Politecnico di Torino, demand is about 95%
of the full demand of the network. When an error is made on the large building it automatically affects the
whole network. This does not constitute an issue while applying a reschedule of the time heating systems are
switched on and off. In fact, when a small number of users are involved or a single building absorbs most of
the thermal power of a distribution network, virtual storage is not a good strategy for reducing the peak of the
distribution network.

Fig. 9. Error performed on the thermal request for the prediction of the peak condition (in red) and the
steady state condition (in blue)
Results prove that the model possess all the characteristics for the particular application:
 it is robust since no meaningful results are obtained;
 it is able to correctly predict the building request both in terms of thermal power and mass flow, with
a acceptable error;
 it perfectly detects the overall request of the distribution networks (which is the main aim in this work);
 it takes very small time to provide results, during both the model building and the model use. The
model for the power evolution prediction, by using the β coefficients (“model use” in Fig. 4), takes
one tenth of a second for a distribution network, including about one hundred buildings. The part of
the software performing the evaluation of the β coefficients, which includes the data loading, the data
pre-processing, the automatic evaluation of the main curve characteristics, requires few seconds for a
distribution network, including about one hundred buildings. These results related to the computational
cost is crucial because of the large number of distribution networks included in an extended DH system
(for this case study these are 182).

5. 3 Virtual storage application
The thermal profile forecast is used to produce the input for the virtual storage optimization. In this section the
effects of the virtual storage are analysed in case of perfect prediction of the thermal request and in case of
forecast performed by the software proposed. In particular, the following three cases are compared:
1. Current request.
2. Request obtained with the virtual storage optimizer when the thermal profiles are perfectly
predicted.
3. Request obtained with the virtual storage optimizer when the results obtained with the
predicted profiles are considered.
Comparison between 1) and 2) provides the ideal peak reductions that can be obtained, while comparison of
1) and 3) provides the expected peak reductions. Results show that both the perfect and the actual prediction
produce an evident peak reduction. Six distribution networks have been examined and the outcome of the
analysis are reported in Fig. 10.
Nevertheless, for the aim of this work the important point is that, comparing 2) and 3) small differences are
observed on the thermal peak shaving. It is possible to see that the variation in the peak reduction in case of
perfect and actual prediction are not significant On average, the peak reduction in case of perfect prediction is
1.8 MW, while it is 1.6 MW in case of prediction with the proposed result. This is a significant result, because
it means that the incorrect evolution prediction affects the peak shaving of less than 10%.

The proposed application has two main consequences:
1. It makes the connection of additional buildings to the DH network possible, without the installation of
storage units or new pipelines. In the six distribution networks, about an additional volume of buildings
of 3.5 104 m3 can be connected. Assuming a primary energy cost of about 1.25 for independent heating
about 1% of primary energy reduction can be achieved.
2. It produces a better distribution of the daily thermal load at the thermal plants. This allows an increase
in the exploitation of cogeneration plants, with a consequent reduction of primary energy consumption.
These improvements would not have been pursued without knowledge of the building request profiles.

Fig. 10. Application of the virtual storage: current request (continuous line), optimal request with perfect
prediction (dashed line), optimal request with forecasted prediction (dashed point line)

6. Conclusions
In this paper, a tool for predicting the thermal request evolution of the buildings connected to a DH network is
presented. The methodology developed is goal oriented because it has been conceived for being applied for
thermal peak shaving through virtual storage. Virtual storage consists in the variation of the thermal request
profiles of the buildings connected to a DH system, acting on the scheduling of the heating systems of each
building. The virtual storage model includes a network physical model to take into account the effects of the
different distances of the buildings in the total request of the network.
The prediction model is linear, based on a black box approach built through the data gathered through the
smart meters installed in the substations. The main idea of the prediction methodology proposed, is to identify
of a series of curve characteristics to simplify the thermal profiles. These lead to a simplification of the
prediction model because only the peak height, the peak amplitude and the request during steady state
conditions are used to identify the request. An analysis for evaluating the inputs that mostly affect the output
is performed through a correlation analysis. This allows to minimize the input number.
A simplified model for the buildings where smart meter data are not available, is proposed. Data which are
available for all the buildings are used: the building volume, the annual energy request E and the total annual
operating hours, h.
A software has been built. It includes: a) the data loading and pre-processing stages b) the automatic evaluator
of the curve characteristics c) the model for the forecast d) the simplified model for the buildings without smart

meter data. The software has been applied to some distribution networks of the Turin district heating system,
in order to test the capability of predicting the thermal profiles.
The outcomes of the analysis show that:
1. the automatic evaluation of the main curve characteristics allows one to accurately evaluate the desired
quantities;
2. the linear model allows an acceptable evaluation of the various daily evolutions;
3. the overall request of the distribution network is predicted with a low error (lower than 5%);
4. the computational costs are very low for both the stage of coefficients evaluation and model use.
The predictor is used together with the virtual storage simulator for the minimization of the peak of some
distribution networks in the Turin DH system. The analysis is performed in order to test the capability of the
model to be used for the peak shaving applications. Results prove that the model do not strongly impact the
thermal peak shaving. On the average the deviation with a perfect prediction is of the order of 10%.
As a conclusion it has been shown that the methodology and the software proposed constitute a very compact,
easy to manage and robust tool to forecast the load evolution building of buildings connected to a DH system,
when:
 a very large number of buildings are examined;
 the goal is the evaluation of the thermal load evolution of an area (such as applications for thermal
peak shaving);
 measured data (affected by data gap) are used for the demand prediction;
 low computational costs are required.
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