
Four models are proposed in this thesis to 
enhance the design and operation of 
Combined Heat and Power (CHP) and 
District Heating (DH) systems. Firstly a DH 
heat demand forecasting model based on 
linear regression and times series as well as 
a static DH state estimation model based on 
customer measurements are designed in 
parallel. On top of the aforementioned two 
models, optimization can be processed in 
two directions: a DH multi-plant heat 
production optimization model based on 
genetic algorithm (GA) is developed to 
determine optimal load allocation between 
the plants; a CHP optimization model based 
on sliding time window method is developed 
to achieve the optimal operation between 
CHP system and heat storage. Four models 
can be applied sequentially or independently 
in real life to serve different purposes. 
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Abstract 
Combined heat and power (CHP) and district heating (DH) systems are becoming the main-

stream technology due to its outstanding energy efficiency and environmental friendliness. In 
order to better use CHP and DH, we develop a set of models to manage CHP-DH systems. The 
models can be used sequentially or independently to serve different purposes. 

We first design a model for the DH systems to forecast heat demand based on the historical 
customer consumption and weather information. The model was built based on linear 
regression where outdoor temperature and wind speed predict heat demand. Accuracy of the 
model was significantly improved by adding different weekly rhythms of heat consumption to 
the model. The results indicate that the proposed linear regression model (T168h) using 168-
hour demand pattern with midweek holidays classified as Saturdays or Sundays gives the 
highest accuracy among all the tested models. The forecasting model can be the premise of the 
production planning for DH or CHP systems. In parallel, another model is designed to estimate 
the water flows, temperatures, and heat losses in different parts of the DH network using 
automated hourly meter readings from customers. The model can be applied to arbitrary DH 
networks. According to the uncertainty analysis, the estimation model is robust with respect 
to the measurement uncertainty. Reliable and automatic DH network state estimation is a 
prerequisite for various operational network management and optimization tasks. 

On top of the abovementioned 2 models, optimization is developed in two directions: one 
direction is to optimize the heat production simultaneously at multiple heat plants at different 
locations of a DH network in order to minimize the production and distribution costs. The 
model is based on the static DH system model; it can determine the optimal supply 
temperatures at different heat plants and optimal load allocation between the plants. Because 
the objective function is a non-convex and non-smooth function of the decision variables, the 
genetic algorithm (GA) is applied to solve the problem. Optimization can result in savings in 
fuel and pumping costs. The other direction is to optimize the heat production between a CHP 
system and heat storage in order to minimize the net operating cost based on a sliding time 
window method which considers the uncertainty of the forecasts instead of assuming perfect 
information of heat demand and power sales price for the planning horizon. The model can be 
applied for both optimally operating heat storage and supporting investment planning for a new 
storage. The CHP optimization model based on sliding time window method can achieve 90% 
of the theoretically possible savings. Overall the key value of this thesis is to enhance the design 
and operation of CHP and DH systems. 
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Tiivistelmä 
Yhdistetty lämmön ja sähkön tuotanto (CHP) ja kaukolämmitys (KL) ovat yleistymässä koska 

näiden teknologioiden etuna on erinomainen energiatehokkuus ja ympäristöystävällisyys. 
CHP:n ja KL:n edistämiseksi työssä kehitettiin joukko malleja CHP-KL–pohjaisten 
järjestelmien käytön hallintaan. Malleja voidaan käyttää peräkkäin tai toisistaan riippumatta 
erilaisiin tarkoituksiin. 

Ensimmäiseksi kehitettiin kaukolämmön kulutuksen ennustusmalli pohjautuen 
kulutushistoriaan ja säätietoihin. Ennustusmalli perustui lineaariseen regression, missä 
ulkolämpötila ja tuulen nopeus ennustivat lämmön kulutusta. Mallin tarkkuus parani 
merkittävästi lisäämällä siihen viikottainen kulutusrytmi. Tulosten perusteella regressiomalli 
jossa sovellettiin 168 tunnin rytmiä siten, että arkipyhät luokiteltiin lauantaiksi tai 
sunnuntaiksi, tuotti tarkimmat ennusteet. Ennustusmallia voidaan käyttää pohjana KL- tai 
CHP-järjestelmien tuotannonsuunnittelussa. Rinnakkain ennustusmallin kanssa kehitettiin 
kaukolämpöverkon tilan estimointimalli, jolla voidaan tunnittaisiin kulutusmittauksiin 
perustuen estimoida veden virtaukset, lämpötilat ja lämpöhäviöt KL-verkoston eri osissa. 
Mallia voidaan soveltaa mielivaltaisissa KL-verkostoissa. Epävarmuusanalyysin perusteella 
malli todettiin robustiksi mittausvirheiden suhteen. Luotettava ja automaattinen KL-
verkoston tilan estimointi on tarpeen erilaisissa verkoston hallinnan ja optimoinnin tehtävissä. 

Yllämainittujen kahden mallin päälle toteutettiin kaksi optimiontimallia. Ensimmäinen 
näistä on malli lämmön tuotannon optimoimiseksi usean lämmöntuotantolaitoksen kesken 
tuotanto- ja jakelukustannusten minimoimiseksi. Malli perustuu staattiseen KL-järjestelmän 
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Nomenclature 

Abbreviations 

AMAPE adapted mean absolute percentage error 

CCHP            combined cooling heating and power 

CHP  combined heat and power 
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DH district heating 

HOB heat-only boiler 

LSQ least squares 
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Index sets 

Nbranch  set of nodes where three or more branches meet 

Ncomp  set of computed nodes 

Ncust  set of customer nodes 

Ninter set of intermediate nodes 

Nmea    set of measured nodes 

Nplant    set of plant nodes 

N set of nodes in the DH network N = Nmea  Ncomp 

N set of nodes in the DH network N = Nplant  Ncust  Ninter 

O            set of cycles 

R set of DH pipes <i,j> connecting nodes 

         the set of extreme points of the operating region of CHP plant 
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Variables 

 mass flow rate in supply and return pipes <i,j> (kg/s) (<i,j> R) 

 heat production rate at the plant node i (W) (i  Nplant ) 

   the heat production by heat-only boiler at hour t (MWh) 

     the amount of charged  heat at hour t (MWh) 

     the amount of discharged heat at hour t (MWh) 

       the heat storage content at hour t (MWh) 

  temperature of incoming supply water from node i to branching 
node j (˚C) (j  Nbranch) 

  temperature of incoming return water from node j to branching 
node i (˚C) (i  Nbranch) 

 return water temperature at  node i (˚C) (measured for i  Nmea) 

 supply water temperature at node i (˚C)  (measured for i  Nmea) 

 volume flow rate in supply and return pipes <i,j> (m3/s) 

       to encode the operating region of the CHP plant as a convex com-
bination 

  heat loss for the return pipe <i,j> (W/m) 

 heat loss for the supply pipe <i,j> (W/m) (<i,j> A)  

 
Parameters 

          electricity price for pumping the water (€/kWh) 

  fuel costs at heat plant i ( /MWh) (i  Nplant ) 

   the fuel cost for heat only boiler at hour t (€/MWh) 

       fuel cost at the CHP characteristic point  (€/MWh) 

      the spot price of power at hour t (€/MWh) 

 specific heat capacity of water (J/(kg˚C)) 

 mass flow rate (demand) at customer node (+), plant node (-) or 
intermediate node (0), (kg/s) (i  N) 

 inner diameter of pipe (m) 

 outer diameter of pipe (m) 

 measured demand (supply) of water at the node i (m3/s) 
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 Darcy friction factor for pipe <i,j> (1) 

 heat demand rate at the customer node i (W) (i  Ncust ) 

  heat transmission coefficient for the pipes between nodes i and j, 
in terms of the outer pipe surface  (W/m2˚C) 

 the length of pipe <i,j> (m) 

  power production at the CHP characteristic point  (MWh) 

       heat demand at hour t (MWh) 

       heat production at the CHP characteristic point  (MWh) 

 combined heat loss factor for the pipes between nodes i and j 
(W/m˚C) 

   maximum heat storage charging power (MWh) 

   heat storage capacity (MWh) 

   maximum heat storage discharging power (MWh) 

          ground temperature (˚C) 

        the last time step  

            parameters of heat demand forecasting linear regression models 

        efficiency ratio heat storage per hour 

      efficiency ratio for heat charge-discharge cycle  

 density of water (kg/m3) 
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1. Introduction 

Since 2007, the European Council has targeted the 20-20-20 goals to manage 
several serious climate change and energy related issues. In details: 20% CO2 
emissions reduction comparing to 1990; 20% improvement in energy efficiency; 
20% share of renewable energy sources in the end-use, those goals should be 
achieved by 2020 (Presidency of the council of the European Union, 2007). 
Combined heat and power technology and district heating network are effective 
vehicles to accomplish such targets. 

 

1.1 Combined heat and power system 

Combined heat and power (CHP) simultaneously produces heat and power by 
recovering heat that would otherwise be wasted in conventional condensing 
generation of electric power. CHP has the following advantages: significant per-
formance in fuel demand reduction, greenhouse gas reduction and fossil fuel 
independency (Bianchi and De Pascale, 2012). The liberalization of the power 
market, the rise in fuel prices, the improvements in CHP technology, tax exemp-
tions when CHP is adopted, the introduction of environmental restrictions from 
both municipal and central governments etc. enable CHP to be widely utilized 
in recent years (Torchio, 2015). 

Typically, CHP has a high energy efficiency over 80% by producing both power 
and heat. The efficiency can reach much higher level than conventional separate 
heat and power production when all the thermal energy of a CHP system can be 
utilized (Kelly & Pollitt, 2012). The thermal and electrical efficiency depend on 
the operating point (loading conditions), technology and unit capacity (Milan et 
al., 2015). Since the performance varies when operating in partial load, the eco-
nomic benefits of CHP systems is case-specific under different operation strat-
egies (Wu & Wang, 2006). This allows developing optimization in order to 
achieve optimal operation planning. 

CHP can be considered for the following cases: when designing a new house, 
installing new boiler plant, replacing/refurbishing existing plant, reviewing 
electricity supply, reviewing standby electrical generation capacity or plant, and 
considering energy efficiency in general. From the perspective of the scale, CHP 
can be applied to not only individual sectors such as hospitals, hotels, universi-
ties, but also communities so that aggregate loads are met by centralized plant. 
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It can be connected into community (or district) heating networks, with signifi-
cant extra CHP potential. From the perspective of the energy demand, CHP fits 
well in applications like industries, which have constant thermal demands. CHP 
has also been widely applied to applications which have time-varying demand 
of thermal energy, such as municipal district heating and cooling systems, and 
even small scale applications for residential buildings, office buildings, hospi-
tals, supermarkets, etc. (Bianchi et al., 2014). 

In Finland, CHP plays a significant role in energy production; it generates 
around 34% of the power (Rong et al., 2009). About 80% of the district heating 
is based on cogeneration (Fortum, 2016). Finland is one of the leading countries 
using CHP due to its cold climate and energy-intensive metal and forest indus-
tries. 
 

1.2 District heating network 

The first district heating (DH) network was built in Lockport (New York, USA) 
1877. Afterwards, the DH has been utilized widely in many European countries 
such as Germany, Denmark, Holland, Belgium, Sweden and Finland (Baker & 
Sherif, 1997). The first DH network in Finland was established in Helsinki in 
1940 (Energiateollisuus ry, 2006). By 2011, DH covered nearly 50% of the heat-
ing market. In majority of big cities, the market share has reached 90% (Hel-
singin Energia, 2013).  The total district heat production had reached 34 740 
GWh in Finland by 2014 (District heating in Finland, 2014). Approximately 74% 
of DH is produced in combined heat and power (CHP) plants (Official Statistics 
of Finland, 2012). DH technology has many advantages such as high energy ef-
ficiency, low level of emissions, possibility to use various fuels and utilization of 
heat storages (Verda & Colella, 2011). DH can have a renewable energy supply 
stock and it works well also with other renewable energy technologies (Lund et 
al., 2010), particularly if provided with heat storage (Christidis et al., 2012).  DH 
also allows regulating emissions in centralized plants. Surplus heat from indus-
trial processes can also be utilized in DH systems; then DH enables further en-
hancement of efficient resource use. For the customer, DH is a user-friendly and 
economical heating solution. However, the large investment costs and heat 
losses during transportation of the heat are the drawbacks, which is challenging 
DH companies to improve the network design and operation in order to achieve 
high energy and cost efficiency.  

DH comprises the physical infrastructure for the generation, distribution and 
consumption of heat. This can vary from a small scale to a large one, i.e. it can 
be as small as a central boiler house supplying a single block of buildings or at 
an area or even city wide level. In Finland, the DH heat carrier is heated water. 
The DH system is a dual pipe system where the supply pipes take the hot water 
to customers and the return pipes bring the cooled water back to the heat plant. 
The water is circulated with pumps which are located at the heat plant. The 
pumps can also be located along the DH network for some very large networks. 
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Normally the network’s construction pressure is 1.6 MPa. The heat is trans-
ferred through heat exchangers in buildings to secondary radiator circuits and 
also to heat up domestic water. This means that the customers are connected to 
the network with indirect connections. This thesis assumes that the supply and 
return pipes in the DH distribution system follow the same topology, i.e. along-
side each supply pipe there is a return pipe. This is the standard network topol-
ogy in most countries. The standard network topology allows us to represent the 
DH network in terms of nodes and branches where every branch connects a pair 
of nodes and corresponds to a supply and a return pipe. 

 

1.3 Automated meter reading technology 

The measurements used in this thesis are from automated meters located in 
customer locations. Earlier customers sent their heat meter readings to the en-
ergy company on a yearly basis. This manually reporting would cause several 
problems such as the incompletion and low efficiency of the information. In ad-
dition, the distribution of the consumed heat energy could not be resolved. In 
the past, people could only manually measure the heat loss of the entire DH 
network as the automated meter reading was unavailable. Nowadays, with the 
application of automated meter reading technology, it is possible to automati-
cally collect a large amount of real-time information about the energy consump-
tion, which enables calculating the heat losses more accurately than before.  

Installing automated meter reading is a new trend in DH technology. Auto-
mated meter reading is the technology for automatically collecting consumption 
and status data from water meter and energy metering devices from customers 
then transferring those information to a central database for billing, analyzing 
as well as monitoring and aiding in solving problems. This technology has the 
following advantages: it can save the expense of the utility providers from peri-
odic trips to customers to read a meter; the billing can be based on near real-
time consumption rather than an estimate based on a past or predicted con-
sumption; the real-time information can benefit both energy company and cus-
tomers to better monitor the use and energy production, e.g. to detect and iden-
tify the faults and inefficient use of energy in the system.  

Automated meter reading has been implemented in some parts of the Helsinki 
region since 2005. In the future, the EU legislation will require more advanced 
measurement and management. The remote meter reading is expected to be ap-
plied throughout Helsinki within 10 years to meet this requirement. In the short 
term the remote reading increases the cost, but the cost will be saved in the long 
run. At the moment this technology is used mainly for billing purpose not for 
consecutively monitoring and controlling the system. In this thesis, we take into 
account the automated meter reading measurements to enable computing the 
timely information about the state of the DH network more accurately, e.g. the 
hourly heat loss and water temperatures. 
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1.4 Previous work 

The objective of the review for the previous work is to gain a vision about some 
relevant research for CHP and DH, so that the novelty of this thesis can be better 
understood. Quite many studies regarding CHP and DH system management 
and operation planning have been done. For heat demand forecasting, Rosa et 
al. (2014) predicted the heat demand for residential buildings using variable de-
gree day method. Ma et al. (2014) built a Gaussian mixture model based on the 
energy consumption pattern to predict the heat demand. Seo et al. (2015) fore-
casted the heating and cooling demand using a Lagrangian finite element model 
based on the building envelope design. Asadi et al. (2012) presented a heating 
and cooling demand forecasting model based on transient three-dimensional 
finite element models under different weather conditions in the US. Ediger & 
Akar (2007) applied ARIMA to predict the primary energy demand. Nan et al. 
(2015) modeled the energy demand in a modern domestic dwelling based on the 
weather data, building data, and the information of occupancy and appliances 
using ESP-r (Environmental System Performance Research programme). Mes-
tekemper et al. (2013) compared the periodic autoregressive and dynamic factor 
models in intraday heat demand forecasting. Paudel et al. (2014) presented the 
building heating demand prediction model with occupancy profile and opera-
tional heating power level characteristics in short time horizon (a couple of 
days) using artificial neural network. Abdel-Aal (2008) applied univariate mod-
elling to forecast the monthly energy demand based on time series using abduc-
tive and neural networks. Protić et al. (2015) predicted heat demand based on 
the support vector machine with a discrete wavelet transform. Izadyar et al. 
(2015) applied three methods to forecast the residential heat demand based on 
the monthly natural gas consumption data and monthly average of the ambient 
temperature. The three methods consists of Extreme Learning Machine (ELM), 
artificial neural networks (ANNs) and genetic programming (GP). Werner 
(1984) studied the heat load in district heating systems based on a multiple re-
gression model which considers the steady heat transmission and heating of a 
constant ventilation rate, correction for transient heat transmission, wind influ-
ence on natural ventilation, solar heat gain through windows by direct and dif-
fuse solar irradiance, preparation of hot consumption water, distribution heat 
loss and additional workday load. For state estimation of the DH network, 
Çomaklı et al. (2004) identified the equations of energy and exergy losses to 
evaluate the system efficiency. For optimal design and operation of the DH net-
work, Sakawa et al. (2002) formulated the operational planning problem of dis-
trict heating and cooling units at a single location as a mixed 0-1 linear program-
ming problem that was approximately solved using a genetic algorithm (GA). Li 
& Svendsen (2013) optimized the configuration of a DH network connecting a 
single heat plant to the customers. Wang et al. (2015) evaluated how the capacity 
and location of the peak boiler should be determined. For CHP optimization, 
Fragaki & Andersen (2011) optimized the timing of power sale at the power ex-
change market for a CHP system with heat storage in the UK using energyPRO 
software and Excel spreadsheets. Chesi et al. (2013) optimized the heat storage 
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size using a TRNSYS unsteady model in the context of combined cooling, heat-
ing and power (CCHP) with renewable energy source. Ren et al. (2008) opti-
mized the size of CHP system with a heat storage using mixed integer non-linear 
programming model. Buoro et al. (2014) explored the optimal operation strat-
egy in order to minimize the total annual cost based on a mixed integer linear 
programming (MILP) model for a distributed energy supply system including a 
CHP plant, a DH network, a solar thermal plant and conventional components 
such as boilers and compression chillers. Taljann et al. (2012) optimized the op-
eration of biomass CHP plant and the heat storage subject to maximizing the 
economic index in form of modified internal rate of return (MIRR). Noussan et 
al. (2014) searched the optimal configuration by simulating a biomass-fired 
CHP and heat storage system from economic and energetic point of view. Steen 
at al. (2015) proposed a new Distributed Energy Resources Customer Adoption 
Model (DER-CAM) with thermal energy storage to minimize the energy cost or 
CO2 emissions using mixed integer linear programming (MILP). Barbieri et al. 
(2012) assessed the influence of the thermal energy storage on the energy and 
economic performance of a CHP system consisting of a prime mover, an auxil-
iary boiler and a storage unit. The effect of the size of the thermal energy storage 
is not linear and is heavier by increasing the thermal power of the prime mover. 
Smith et al. (2013) evaluated the performance of a CHP system with and without 
thermal energy storage for eight different commercial building types, the model 
studied which types of commercial buildings may show benefits from integrat-
ing the heat storage to the CHP systems and which types are unlikely to benefit 
from the addition of heat storage. 

To summarize, no studies were done to evaluate the heat demand forecasting 
performance for both the linear regression models and time series models using 
the same sample data. No studies used the newly available automated meter 
reading measurements as inputs to estimate the state information. No research 
has addressed the operational optimization of DH production with multiple 
plants at different locations. No studies have optimized the CHP production by 
considering the uncertainty of the forecasts for heat demand and power sales 
price instead of assuming perfect information for the planning horizon. The pro-
posed models in this thesis aim to address those problems. 
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2. Research questions and objective 

The common goal of all the models proposed in this thesis is to develop a set of 
novel methods to enhance and support CHP and DH system management and 
operation planning, this thesis accomplished the following targets: 

 
1. In [Publ. ], a new, simple and accurate heat demand forecasting model 

for DH system by considering not only the weather file but also the cus-
tomers’ behavior as different weekly demand pattern was developed, the 
regression coefficients are simultaneously and optimally determined, the 
forecasting performance was compared with a time series model.  

2. In [Publ. ], a new and accurate state estimation model for arbitrary DH 

network using automated meter reading measurements at customer level 
was developed. The corresponding uncertainty analysis was carried out in 
[Publ. ]. 

3. In [Publ. ], a new optimization model for simultaneously optimizing the 

production at different parts of DH network was developed based on the 
proposed heat demand forecasting model. 

4. In [Publ. ], a new algorithm of applying the multi-period CHP optimiza-

tion model by considering the forecasting uncertainty of the heat demand 
and power price was developed. 

 
Figure 2.1 illustrates an overview of the relationships and applications of all 

the proposed models. The common goal of all the models is to enhance and sup-
port CHP and DH operation planning. Each model has its own sub goal to serve 
the CHP and DH systems. The DH heat demand forecasting model predicts the 
heat demands based on the historical customer measurements for heat con-
sumption and weather information. The DH state estimation model takes the 
automated meter reading customer measurements as input to output the esti-
mated supply and return temperatures at all the nodes and the water flows and 
heat losses at all the pipes. After developing the abovementioned two models 
independently, the output of the heat demand forecasting model can serve the 
DH optimization model as an input parameter to optimally determine the heat 
load allocation between multiple heat plants at different parts of the DH net-
work, the DH state estimation model can optionally be applied to assist DH op-
timization as well. In parallel, the output of the heat demand forecasting model 
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can also assist the CHP optimization model as an input parameter to achieve the 
optimal operation between a CHP plant and heat storage using sliding time win-
dow method. On one hand four models can sequentially be applied as shown in 
Figure 2.1; on the other hand, they can independently be applied for many cases 
in real life to serve different purposes (e.g. heat demand forecasting for produc-
tion planning; DH state estimation for network monitoring; DH optimization 
for production planning; CHP optimization based on sliding time window 
method for operation and production planning). 

 

 

Figure 2.1. An overview of the relationships and applications of four models. 

 

Four models are illustrated with real life data in section 4. The heat demand 
forecasting model and CHP optimization model based on sliding time window 
method are illustrated with the heat consumption data for the second largest 
Finnish city Espoo. The DH state estimation model is illustrated using a seg-
ment with 51 nodes and 14 customers from a real-life DH network in Helsinki 
region. The DH optimization model is illustrated with the aggregated customer 
water consumption of the aforementioned segments. In principle, all the models 
can be applied in many cases of real life systems, DH state estimation model and 
DH optimization model which demand a topology identification as premise are 
applicable for networks with arbitrary topology. 
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3. Research subject and scope 

The following research subjects corresponding to the four proposed models in 
section 2 are studied in the publications included in this thesis. 

3.1 Heat demand of DH network 

DH is used for heating the residential space and heating the domestic hot water. 
Space heating consists mainly of two parts: heating the radiators and heating 
the incoming ventilation air. The distribution of the yearly heat energy con-
sumed in residential buildings is roughly the following: heating the residential 
space (40 %), heating the ventilation air (35 %), and heating the domestic hot 
water (25 %). Space heating targets to create a comfortable indoor climate when 
outdoor temperatures are lower than the desired indoor temperatures. The 
colder the local climate, the higher the heat demand for space heating. For do-
mestic hot water, the highest demand for domestic hot water occurs in winter, 
in summer it is low since people spend more time outside the buildings (Fred-
eriksen & Werner, 2013).  

This thesis considers three factors that affect heat demand: weather condition, 
social components and past behaviour of the heat demand.  Weather condition 
affects the heat demand most significantly among all the factors. The annual DH 
demand varies strongly following the weather changes of different seasons, par-
ticularly the outdoor temperature changes (Wojdyga, 2008; Kontu et al., 2012). 
Solar radiation contributes to the heat gains for the buildings, but the effect is 
very small in heating season of Finland, we do not consider it in the thesis. Wind 
speed and direction also affects the heat demand, strong wind can increase the 
effect of cold weather in two ways. Firstly, the higher the wind speed, the greater 
the air infiltration, which can result in a temperature drop indoor. Secondly, 
wind speed higher than 3m/s can decrease the resistance of heat convection of 
the outside wall surfaces, as a result it will increase the heat transmission losses. 
The heat losses also depends on the insulation characters of the outside walls 
that are exposed to the wind. The heat losses can reach 20-30% (Kontu et al., 
2012) for the walls with a high heat transfer coefficient. The effect of wind speed 
is building-specific, it doesn’t typically coincide with each other for single cus-
tomers. However, the aggregate wind effect would be evened out for large set of 
customers.  

The social component can cause a weekly and daily rhythm of the DH con-
sumption, it dominates the consumption of domestic hot water. For weekly 
rhythm, the heat consumption behaves a high level for working days, and a low 
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level for weekends and public holidays. For daily rhythm, the morning peak is 
resulted from the use of domestic hot water and the starting of ventilation sys-
tems in office buildings. The evening peak is due to the increased use of domes-
tic hot water. The decrease of the heat consumption is due to the less activity in 
the night. Also, heat consumption depends on building types, the weekly rhythm 
can be more clearly observed for the entire network including various types of 
customers than for single customers, because different customers have different 
consumption behaviours which correlate in the larger scale.  

Past heat consumption behaviours also affect DH demand, autocorrelation of 
heat consumption means the similarity between observed heat consumption as 
a function of the time lag between them, it can find the repeating patterns, such 
as the presence of a periodic signal disturbed by noise, or identifying the missing 
fundamental frequency in a signal implied by its harmonic frequencies (Harvey, 
1981), the current and future heat demand can be modelled by ARMA model 
based on the previous realizations of a given process and the previous values of 
the process errors. However, the time series model demands a considerable 
amount of the historical data as well as the continuity of the data, it is less con-
venient than using linear regression model to forecast the heat demand.  

Accurate and efficient heat demand forecasting is an important premise for 
CHP and DH production planning, cost-efficient operation and production 
planning is highly desirable for energy company to remain competitive. 

 

3.2 Heat loss estimation 

In a DH system, the pipes are usually pre-insulated at a high level in order to 
minimise heat losses. However the heat loss is inevitable, and mainly caused by 
conduction of the heat from the pipes into the ground (Frederiksen & Werner, 
2013). A little amount of heat conducted from the supply pipes into the return 
pipes can slightly reduce the heat transfer capacity of the network but it doesn’t 
cause the heat loss. The heat loss can be as large as 10-20% in small networks 
with an average pipe inner diameter of 50 mm. Larger surface area in compari-
son to transferred heat will result in a larger losses in small networks. For large 
networks with average pipe diameter of 150 mm the heat loss is approximately 
4-10%. It is impractical to manually measure each pipe’s heat loss in a large net-
work. Accurate state (including volume flow, temperature and heat losses) esti-
mation can help DH companies with troubleshooting and better production and 
operation planning. Accurate state estimation can also be considered as a refer-
ence for network design phase based on the simulation of the possible future 
operation of a DH network. Besides, the newly available automated meter read-
ing measurements enable computing the state of the DH network more accu-
rately than before. For the above mentioned reasons, a computational and ac-
curate method can be derived to evaluate the heat losses in different parts of the 
DH network based on customer level information. 
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3.3 Heat load allocation among multiple heating sources 

DH can connect multiple heat demands with various energy sources which often 
comprises a central plant room with boilers, CHP etc. to supply the heat network 
(Holmgren, 2006). CHP is currently the main technology for producing heat in 
many DH systems. Normally, the CHP plant are built to fulfill only the basic 
heat demand while peak demand is satisfied with heat only boilers that have 
cheaper investment cost but more expensive operating cost. A DH system can 
connect with multiple CHP plants and HOBs to distribute heat to the customers. 
For such a DH system connected with multiple heating sources, the production 
planning targets to optimally determine which plants should operate (unit com-
mitment of plants) in any given situation, and how the heat load should be dis-
tributed among them in order to reach a high cost efficiency. This thesis as-
sumes a fixed configuration and predetermined unit commitment of the heat 
plants. The optimization of heat load allocation is implemented on top of the 
heat demand forecasting model. 

 

3.4 Production planning for CHP system with heat storage 

The integration of the heat storage which collects heat for later use can further 
improve the energy efficiency (Streckienė et al., 2009; Majic et al., 2013). On 
one hand, the storage can be charged when the heat demand is low and dis-
charged during high demand; on the other hand the storage allows increasing 
the power production by CHP to the power market when the spot price is high 
and producing less power when the spot price is low. Thus, the heat storage can 
be charged or discharged when either one is beneficial. It also plays a role of 
maximizing the operation of CHP units when heat demand is even smaller or 
larger than operational capacity of the CHP plants. Without storage the opera-
tion of CHP plants mainly depends on the current heat demand and thus deter-
mines the range of power production. Heat storage can relax the constraint of 
hourly producing heat to exactly match the local demand. This allows to satisfy 
the variable heat demand more cheaply by storing heat during low demand and 
discharging heat when demand is high. The variation of the heat demand allows 
developing algorithm to optimally control the coupling between CHP system 
and heat storage in order to acquire the most economical and practical benefits 
(Nuytten et al., 2013).  

Optimization of CHP production can result in a considerable savings in oper-
ation of the CHP system. The target of the optimization is to minimize the net 
operating cost (i.e. minimize the production costs and maximize the revenue 
from selling power) while satisfying customers’ heat demand. The time horizon 
of an optimization model can vary from a few hours up to several years. For the 
system integrated with heat storage, the target is to search an optimal dispatch 
strategy between the CHP and storage. In the thesis, a general CHP system is 
considered with arbitrary technology. Similarly to the heat load allocation for 



 

26 

multiple heat plants in DH network, the proposed accurate heat demand fore-
casting vehicle can be integrated to assist optimally planning the CHP produc-
tion and operation. 
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4. Methods 

This chapter summaries four novel methods based on four journal articles and 
one conference paper. For those results which are too case-specific, the detailed 
analysis can be found in the corresponding publications. 

4.1 Forecasting heat demand for district heating network based 
on customer measurements 

 
The key novelty of this model is that the linear regression model considers not 
only the weather file but also the social component (calendar factor) in terms of 
different weekly rhythms and the midweek holidays are specified to further im-
prove the forecasting accuracy. Besides, the linear regression model is com-
pared with SARIMA combined with weather-dependent linear regression model 
in terms of the forecasting performance based on out-of-sample tests, such com-
parison has not been done by previous study. 

 

4.1.1 Linear regression models 

 
The heat demand has a strong linear dependency of outdoor temperature and 
wind speed. The linear regression models are illustrated using the historical 
heat consumption and weather file including outdoor temperature and wind 
speed for the second largest Finnish city Espoo. Figure 4.1 shows the measured 
heat demand and outdoor temperature for year 2014, it shows that when the 
outdoor temperature decreases, the heat demand increases, the heat demand 
significantly depends on the outdoor temperature. As stressed in section 3.1, the 
dependency of wind is not very significant. However, the heat loss of the build-
ing will slightly increase when the wind speed is over 3m/s (Wojdyga, 2008).  
Thus, the explanatory factors we considered for the linear regression model are 
outdoor temperature and wind speed. 
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Figure 4.1. The actual heat demand and outdoor temperature for 2014. 

 
The linear regression model explains the behaviour of the unknown quantity 

y in terms of known quantities x (vector), parameters and random noise . Lin-
ear regression heat demand forecasting models has the form as: 

 
                                                       ,                                                        (1)                            
 

where  is the predicted value at time ,  is a vector of k 
explanatory variables at time ,  is the vector of coefficients, 
and  is a random error term at time , . For this model, heat de-
mand y linearly depends on outdoor temperature  and wind speed .  

In addition to the weather dependency, the heat demand also depends on the 
social components, i.e. customers’ behaviour which can be explained by the 
weekly rhythm of the heat consumption in the forecasting model in four differ-
ent ways. The weekly rhythm  was added to the regression model as 

 
                                                  ,                                                  (2)                           
 

where  is classified hourly (depending on different models). The different 
models are:  
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T Only the outdoor temperature and wind speed are considered 
 
T168 The outdoor temperature and wind speed together with a 168-

hour weekly rhythm was used.  
 
T72 The outdoor temperature and wind speed together with a 72-hour 

weekly rhythm (working days, Saturdays, Sundays) was used. 
 
T168h Same as the T168 model, but midweek holidays were classified as 

Saturdays or Sundays. 
 
T72h Same as the T72 model, but midweek holidays were classified as 

Saturdays or Sundays. 
 
For the T168h and T72h models, the midweek holidays were applied based on 

Finnish calendar. In year 2014 there were nine midweek holidays which were 
considered as Saturdays or Sundays depending on the nature of the holiday. If 
the shops have been partly open on a midweek holiday, it is specified as Satur-
day. Other midweek holidays are classified as Sundays. For model T72 and 
T72h, there are 72 different values for ; for model T168 and T168h, there 
are 168 different values for . Model (2) can be reformed by combining  
and  as: 

 
                                                            ,                                                    (3)                           
 

where , the index of the latter ‘1’ depends on which day’s 
which hour it is (within a week, ranging from 1-72 or 1-168), and 

 ,  for T168(h) or T72(h) respec-
tively. 

Least square sense (LSQ) is applied to estimate the parameters of the linear 
regression models based on historical heat consumption and weather data for 
the city of Espoo in year 2014. The least square sense (LSQ) seeks the parame-
ters  to minimize the square sum of the error var-
iables: 

 
                                                             ,                                                   (4)                           
 
Forming the first derivative of (4) and setting it to zero gives the least square 

solution as 
 
                                                         ,                                                 (5)                           
 

where ,  ,  and 
, N is the inspected time period.  and  consist of the historical 

data for heat consumption, outdoor temperature and wind speed. 
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All the five models are specified for summer and winter separately, summer 
model is based on the data from mid-May (May, 16th) to mid-September (Sep-
tember, 15th), and winter model is computed based on the rest heat consump-
tion and its corresponding weather data. For winter model, the linear model ap-
proximates the relationship between heat consumption and outdoor tempera-
ture along with wind speed very well. The heat demand as a function of the out-
door temperature for the entire year is non-linear because the heat consumption 
for heating houses in the summer is fairly low and in practice zero at tempera-
tures above 17 oC, which is the Finnish base temperature (Finnish meteorologi-
cal institute, 2016). However, DH is needed also in the summer to supply do-
mestic hot water. Therefore, for summer model we should modify the input tem-
perature as: 

 
                                                  ,                                                    (6)                             
 

where  is the measured temperature at time t,  is the adapted input tem-
perature for summer model.  

Wind speed doesn’t significantly affect the heat demand in summer time, so it 
is omitted for summer. The regression coefficients of temperature for summer 
is much smaller than for winter, which means the effect of outdoor temperature 
on the heat demand is much smaller than in winter. If we consider a uniform 
model for the entire year, the regression coefficient of outdoor temperature will 
be weakened due to the much smaller effect of outdoor temperature in summer. 
This would lead to less accurate forecasting results than using different models 
for winter and summer respectively. 

In the meantime, a SARIMA combined with weather-dependent linear regres-
sion model is carried out as a reference to examine the accuracy of the proposed 
linear regression models. The detailed model specification can be found in [Pa-
per ]. 

 

4.1.2 Evaluation of the forecasting performance 

 
The performance of different linear regression models are tested by out-of-sam-
ple test which means the data used in model fitting are different from those used 
in forecasting evaluation. We tested the last 20 full weeks of the year 2014 re-
spectively for 5 linear regression models, because the estimate of the time series 
model demands considerable amount of the historical data to guarantee the 
goodness-of-fit. The historical data consists of the heat consumption and the 
outdoor temperature and wind speed provided by Finnish meteorological insti-
tute (Finnish meteorological institute, 2016). All the forecasting models are con-
structed based on the period of time before the current week (to be tested). After 
the models were formulated, they were used to forecast heat demand for the 
current week. The process is repeated for week 32 to week 51 of year 2014. Fi-
nally, the averages of the statistics for the 20-week forecasting results are com-
puted to understand the models’ accuracy.   
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Several measurement statistics such as root mean squared error (RMSE), 
mean absolute percentage error (MAPE), and Theil’s inequality coefficient (TIC) 
are used to examine the forecasting accuracy through different models. 

The above-mentioned statistical quantities are defined as: 
 

                                              ,                                       (7)                            

 
                                         ,                                   (8)                        

 

                                          ,                                             (9)                           

 
 

where  is the forecasted value at time ,  is the actual value at time ,  is the 
number of predictions (forecasting horizon). RMSE statistics depend on the 
scale of the variables, smaller RMSE indicate the better forecasting accuracy. 
MAPE and TIC are insensitive to the scale of the variables. Similarly, smaller 
MAPE and TIC indicate a better forecasting performance. TIC yields a number 
of values ranging from 0 to 1, where zero indicates a perfect fit of the forecasted 
values to the actual. 

The main drawback of the MAPE criteria is the adverse effect resulted from 
too small actual values. If the actual value is too small, the MAPE will be very 
large even if the difference between forecasted and actual value is small. To 
avoid such problem, an adapted MAPE (AMAPE) is used: 

 

                                     ,                              (10)                           

 

4.1.3 Computational results 

 
Week 50 was chosen to be visualized by figures from the tested 20 full weeks, as 
in year 2014 it was a typical winter weather in Espoo with temperature ranging 
from -1.2 °C to +5.3 °C and the average temperature of that week was 2.3 °C. 
Figure 4.2 presents the out-of-sample test results of 5 linear regression models 
for week 50 together with the actual heat demand. The figure indicates that the 
regression model T considering only weather factors doesn’t perform well, as it 
underestimates most of the consumption peaks, whilst the model forecasts too 
high values for the demand peaks on Friday and Saturday. All the other models 
with different weekly rhythms give relatively accurate results, and they are very 
similar to each other.  
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Figure 4.2. Forecasted heat demand based on 5 linear regression models 

and actual heat demand for week 50 in 2014. 
 
To investigate the model sufficiency, Table 4.1 summarizes the forecasting ac-

curacy by computing the average of the aforementioned statistics respectively 
based on all the 20 tested weeks. According to R squared value that indicates 
the goodness-of-fit, the T168h model with the highest R squared value 0.9154 
performs the best, which means the T168h model’s regression line is fitted clos-
est to the actual data comparing with other regression models. More specific 
social pattern in the regression model will give better fit. The absolute errors 
(RMSE) for summer are a little smaller than in winter, while the relative errors 
(AMAPE) for summer are bigger than in winter. According to the average of all 
the tested weeks, T168h gives the smallest root mean squared error as well as 
the adapted mean absolute percentage error. The TIC value also indicates that 
the T168h model has the best fitting. The reason is that the T168h model speci-
fies each hour in one week using a constant term to formulate the model; the 
social-effect constant term corresponding to each hour would be assigned to 
compute the forecast when the model identifies which day’s which hour it is 
forecasting. Table 4.1 also indicates that for all the linear regression models with 
different weekly rhythms, the more specific the  is classified, the more ac-
curate the forecast would be. The time series model performs better than the 
linear regression model T only in terms of the absolute error (RMSE), but worse 
in any other categories.  
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Table 4.1. Modelling sufficiency evaluation of all the models (all the statis-
tics are the average based on 20 tested weeks). 

Models R squared   RMSE AMAPE(%)   TIC 
T (No social factor) 0.8649 30.42 9.44 0.0563 

T72 0.9119 21.90 6.96 0.0428 
T72h 0.9120 21.87 6.98 0.0427 
T168 0.9152 20.68 6.87 0.0422 

T168h 0.9154 20.67 6.86 0.0421 
SARIMA combined 

with linear regression  22.85 9.85 0.0617 
 
It is not easy to compare the forecasting accuracy with previous studies for 

those where forecasting is based on DH production data because the forecasting 
methods, network configuration and examination periods vary from case to 
case. However, it shows that the proposed linear regression forecasting models 
which simultaneously optimizes the regression coefficients and weekly rhythm 
constant terms when fitting the model are much more accurate than the earlier 
study (Kontu et al., 2012) which estimated the coefficients of the weather com-
ponent and the parameters of social terms in sequence. It also shows that the 
linear regression model which specifies the weekly demand pattern is very com-
petitive with the advanced time series model. The linear regression models have 
an outstanding advantage over the time series model in the flexibility of the in-
put data, it can handle missing data, while the time series model demands the 
continuity of the historical data.  

A comparison of the linear regression model based on weather files with and 
without wind speed has been carried out for the case where only the weather 
components are considered as regression factors. The results show that the 
AMAPE of the model considering wind speed as an independent regression fac-
tor is 0.3% percentage points smaller than the model without wind speed. The 
difference is not big, this may apply particularly to Nordic countries, because 
the buildings are very well insulated so that on one hand the heat loss through 
the outside wall surface will not increase much as the wind speed goes up, on 
the other hand the wind infiltration is very small even with the strong wind. 
Another way to treat the wind speed properly in the heat demand forecasting 
model would be to use the product of wind speed and outdoor temperature as 
an independent variable in the regression model. Because higher wind speed 
creates higher pressure differences around various cracks in buildings, includ-
ing higher air flows through these cracks. These air flows must be heated to the 
indoor temperature. 
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4.2 State estimation of district heating network 

The key novelty of this model is that the use of newly available automated meter 
reading customer measurements enable computing the heat losses more accu-
rately than before. Besides, the model can be adapted to treat extra measure-
ments to improve robustness. 

The state estimation is implemented in 3 steps:  
 
1) Identification of the topology of the DH network. 
2) Estimation of the water flow based on the network topology and customer 

measurements of water demand.  
3) Estimation of the temperature and heat loss based on the estimated water 

flow and temperature measurements at customer nodes. 
 

4.2.1 Problem statement 

By assuming the sample DH network as a connected graph (Chartrand, 2006), 
Figure 4.3 schematically illustrates a segment of a (supply system of a) real-life 
DH network in suburb Helsinki region, the sample network contains 51 nodes, 
50 pipes, 14 customers, 1 heat plant and 1 cycle. Node 1 represents the heat plant 
(or entry point to the network). Intermediate nodes 20, 22, 23, 25, 26 and 29 
are located along a cycle which is marked with green dotted arrows. The network 
contains 14 customer nodes 4, 12, 15 etc. The water directions are nominally 
shown in Figure 4.3. In fact, the water direction can sometimes be reversed, 
particularly the directions along the cycles. Besides, if the network consists of 
multiple heat plants, the water directions may depend on the water supply and 
demand. 

 

 
Figure 4.3. A real life DH network with 14 customers. 

 
The input data of the model includes the water demand, supply and return 

temperatures of 14 customers as well as the pipe parameters including length, 
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diameter, insulation thickness, thermal conductivity of the insulation and ther-
mal properties of the ground.  

 

4.2.2 Estimation of water flow 

For a tree structured network without loss of water, the water flow rate in the 
supply system is identical to the return system. It is sufficient to only compute 
for the supply system. We assume that the flow direction is from i towards j in 
the supply system and opposite in the return system. For each node in the net-
work, we can write one equation by stating that the incoming water minus the 
outgoing water is equal to the water consumption at that node: 

 
                                         =                             (11)                           
 
At customer nodes, there will be a positive water demand . At intermediate 

(non-customer) nodes, the water consumption is zero. The water supply at the 
power plant is treated as a negative consumption. (11) can be written in matrix 
form as 

                    
                                                               ,                                                           (12)                           
 

where  is the connectivity matrix where each row represents a node of the net-
work and each column represents a branch (with a nominal direction) of the 
network. The matrix contains +1 where the node is the destination of the branch, 
-1 where the node is the origin of the branch and 0 elsewhere. 

When the network is non-cyclic (Chartrand, 2006) with n nodes, system (11) 
consists of n equations and n-1 variables, which means one of the equations is 
redundant, as the water supply at node 1 is the sum of all the demands. Omitting 
any one equation from (11) yields a fully determined linear equation system that 
has a unique solution as 

 
                                                             .                                                        (13)                          
   
If more water flow measurement for the supply node or any intermediate 

nodes are available, (11) is an over-determined system that has more equations 
than variables (Stoer & Bulirsch, 2010). The over-determined system has no ex-
act solution, however it can be solved in the least squares (LSQ) sense (Golub, 
2013): 

 
                                                        .                                       (14)              
 
When the network is cyclic, which means it may contain a small number of 

cycles. The thesis focus on traditional DH networks with cycles. Special ring to-
pology networks are out of the scope, relevant study can be found in (Kuosa et 
al., 2013; Kuosa et al., 2014), The water can take multiple paths between nodes, 
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and the volume flows in the supply and return pipes are not necessarily identi-
cal, this would make the flow system more complicated to solve. In this case 
solving the volume flows requires flow dynamic modelling. A cyclic network can 
be constructed from a tree-like network by adding branches between the nodes 
of the tree-like network. Each cyclic branch added to a tree-like network only 
adds one new variable to the system (11), but does not add new equations. Fi-
nally, the number of excess variables in system (11) equals the number of cycles, 
which means that system (11) becomes under-determined system that has fewer 
independent equations than variables (Stoer & Bulirsch, 2010).  

More constraints are needed to uniquely determine all flows in a cyclic net-
work. Because a cycle is a closed circuit of consecutive braches, we can write a 
pressure balance equation for each cycle . The pressure balance means that 
the sum of the pressure drops and gains in the pipes along the cycle must equal 
to zero (Incropera & Dewitt, 1990): 

 
                                       ,               (15)                         
 

where  is the pressure drop or gain for the branch along the cycle. The sign 
of the pressure drop  is based on the flow direction in the corresponding 
pipe. The pressure drops in the flow direction and increases against the flow. 
The pressure drop in each pipe  is a non-linear function of the volume 

flow rate, the detailed formula about computing  can be found in [Publ. 

]. A general volume flow system with n equations and n-1 variables can be 
formed by combining the pressure balance equations for cycles (15) with the 
linear flow equations (11): 

 

                ,                           (16) 

 
where  is the number of cycles in the network. For the sample network, 

, and the linear under-determined system has 50 equations and 51 variables. 
The pressure in a pipe depends quadratically on the volume flow rate, and lin-

early on the Darcy friction factor  that depends on the volume flow in a com-
plex non-linear manner. This means the flows can be solved iteratively from 
(16). With large values for Reynolds number (turbulent flow) the friction factor 
is nearly constant, which means that the pressure drop is close to quadratic 
function of the flow. 

In a network with cycles, the volume flow in the supply and return networks 
are not necessarily identical due to the  different water temperature in the sup-
ply and return pipes (the difference is about 40oC), which affects the viscosity, 
density, Reynolds number and friction factor. Normally, the flow difference be-
tween the supply and return systems is ignorable, thus it is sufficient to estimate 
the flows only for the supply system and assume the same flow (but opposite in 
direction) in the return system. In order to obtain more accurate results, it is 
possible to solve the flows in the supply and return systems respectively using 
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different temperature data solved by the temperature & heat loss model which 
will be discussed in section 4.2.3. 

The volume flow system (16) is solved by the iterative Newton-Raphson 
method. When , Newton’s method which is the one dimensional special 
case of the Newton-Raphson method is applied. 

The iterative formula is written as 
                                               

                                               ,                                             (17)                            

 
where, P( ) is the single pressure balance equation in (15). The iteration stops 
when the difference in the flow variable between two consecutive iterations is 
smaller than a predetermined value, i.e.  (e.g.  =10-6). 

The single cycle system contains n nodes and n variables, n-1 linear flow equa-
tions and one non-linear pressure balance equation. We choose a flow variable 
corresponding to an arbitrary branch along the cycle as the variable to iterate in 
(16). With a fixed value for this variable, the remaining n-1 variables can be 
solved from the n-1 linear constraints. To start the iteration an arbitrary value 
for  can be selected. E.g.  = 0. The iteration will converge faster with the 
starting value close to the actual value. This can be done by selecting as the iter-
ated branch one where the flow may be close to zero. A narrow pipe far from the 
supply node is possible.  

For multiple-cycle system, the system (16) has multiple pressure balance 
equations P( ). The argument  is a vector of flow variables corresponding to 
the branches of each cycle . Then the Newton-Raphson method (Stoer & Bu-
lirsch, 2010) is applied to solve the volume flows. The iterative Newton-
Raphson formula is 

 
                                          ,                                  (18)                           
 

where  is the Jacobian matrix which includes the partial derivatives of 
the function  and defined as  

 

                                               ,                                     (19)                      

 
where m and n is now the number of equations and variables respectively. As 
mentioned earlier, formula (17) is the one dimension case of formula (18). The 
starting value of  can be chosen in the same way as the one-dimensional case. 
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4.2.3 Estimation of heat loss and temperature 

 
In this study, the thermal model assumes steady-state conditions. During heat 
transmission, the water temperature drops exponentially over time. The tem-
perature will also decrease exponentially as a function of the travelled distance 
since the water travels at constant speed in the pipe, which is shown by the blue 
curve in Figure 4.4 for a supply pipe. We can approximate the average water 
temperature   in the pipe as the average of the temperature at the endpoints 
(red line in Figure 4.4), because the temperature drops very little along a single 
pipe <i,j>. Heat loss of DH pipes is proportional to the temperature difference 
between the water and the surrounding ground in the pipes. The heat loss  
of a pipe can be approximated to be proportional to the length of the pipe and 
also proportional to the difference between the average temperature   and the 
ground temperature . In the following, the temperature and heat loss equa-
tions are formed based on the above approximations. 

 

 
Figure 4.4.  Water temperature as function of travelled distance (blue) and 

linear approximation (red). 
 
Consider a small element in a supply pipe <i, j>, the energy balance for this 

element of length dl is 
 
                                             (   = ,                                      (20)                     

 
where  is the velocity of the flow in the pipe,  is the pipe length,  is the 

travelling time of the small element.  is the cross sectional area of pipe. Rear-
ranging the equation and substituting   yeilds a linear dependency as 

 

                                                       (21)                                          

 
Figure 4.5 illustrates a case of two incoming flows from nodes im and in into 

node j for both the supply and return system.When node j is the destination of 
multiple flows from different branching pipes, each branch brings water at dif-
ferent temperature into the node j. This means that the same variable  in (21) 
should be replaced with pipe-specific end-node temperature variables .  
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Figure 4.5.  Temperature variables around a branching node (a trivial case 

for both supply and return system). 
 
By considering multiple incoming flows towards the same node i, (21) be-

comes 
 

                                                                          (22) 

 
where  , when j is not a target of multiple flows. At nodes where the 

multiple incoming flows meet, the temperature of the mixed water is computed 
as the weighted average of the water temperatures in the incoming branching 
pipes: 

 
                                                                                 (23) 

 
Similarly for return system, the temperature equations are expressed as 
 

                                                                          (24)            

 
where , when node j is not a target of multiple flows. The temperature 

of mixed water in the return system is computed the same way: 
 
                                                                             (25) 

 
Incropera & Dewitt (1990) proposed analytical methods and explicit solutions 

to calculate heat losses in DH pipes. Heat loss from a pair of insulated buried 
DH pipes is computed as 

 

                                           = ,                                                (26) 

 
where the factor 2 accounts for the two pipes.  is the combined heat loss fac-
tor for the pipes between the  and the  node, which takes into account heat 
conductivity of the insulation, the ground and between the supply and return 

pipes.  represents the average water temperature in the two pipes.  is 

the ground temperature ranging from 5  in the southern part to 2  in the 
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northern part of Finland. Splitting (26) for supply and return systems and com-
puting the water temperature in each pipe as the average of the temperature at 
the end nodes give: 

 

                            = ,      ,              (27)                

                            = ,                                       (28) 

 
where  and  must be used to replace  and  when multiple flows 
meet at a branching node. When a node is not a target of multiple flows, 

 and  are applied. The combined heat conduction coefficient  

can be calculated based on the resistance for heat conduction in the pipe insu-
lation, the resistance between the pipes, and in the ground as described by In-
cropera & Dewitt (1990). In the long run (years to decades) the insulation may 
lose its properties, but in the short term the heat conductivity will remain con-
stant. The heat conductivity of the ground is subject to random variations, 
mainly due to changes in ground moisture. 

                                   
By summarizing (22)-(25), (27) and (28) for supply and return pipes respec-

tively, a linear system is obtained:              
                                  

           (29)                    

 
Writing (29) in matrix form as 

  
                                                          .                                                            (30) 
 
The coefficient matrix of the linear system (30) can be written as a partitioned 

matrix which is shown in Figure 4.6. 
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Figure 4.6. Structure of the temperature-heat loss estimation model,  , 
, , , , , right hand side vector and the size of this system are deter-

mined by the measurements. 
  
For a tree-like network (connected and non-cyclic) with all customer nodes 

measured, the return-side of the system is at least determined, and normally 
over-determined if at least one branching node exists. However, the supply-side 
is only determined, because the branching nodes in supply system do not result 
in more equations of the weighted average of the temperatures. Both the supply 
and return systems are over-determined if the supply node or some other inter-
mediate nodes are measured. For a cyclic network which can be formed from a 
tree-like network by adding branches between the nodes of the tree-like net-
work, the model (29) will be over-determined, because each additional cycle 
adds more equations than variables to the model. The sample DH network has 
218 equations and 204 unknown variables (103 equations and 90 unknowns for 
supply system; 115 equations and 114 unknowns for return system). 

As discussed in previous chapters, the over-determined linear system (29) is 
solved in the least square sense: 

 
                                                                                                      (31) 
 
The coefficient matrix and right hand side vector are formed programmati-

cally in Matlab based on the network’s topology and the pipe data. For (29), the 
supply and return systems can be solved independently to pursue a more effi-
cient calculation.  
 

4.2.4 Computational results 

Only the computational results for one customer path including pipes <20,22>, 
<22,24>, <24,27> and <27,31> were chosen to show in Figure 4.7 and 4.8, as it 
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is not possible to show the results for all the 102 pipes and 51 nodes in the sam-
ple real life network. 

Figure 4.7 shows both supply and return temperatures for nodes 20, 22, 24, 
27 and 31 (node 31 is measured). The supply water temperature remains rather 
stable due to the control by the heat plant. The return temperature expresses 
more variation as a contrast, because it depends on the variable heat consump-
tion of the customers. The return temperature curves for nodes 24, 27 and 31 
show a similar pattern because the flow in the supply system doesn’t branch 
after node 22, this can be justified by the topology of the DH network. 

 
Figure 4.7. Estimated supply and return water temperatures for nodes in a 

customer path from a real life DH network. 
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Figure 4.8 shows the estimated heat losses and volume flows for all 4+4 pipes. 
The heat losses are reasonably low, which indicates the network is working 
properly. The heat losses from the return pipes are significantly smaller than 
from the supply pipes, which is consistent with the lower temperature of return 
water. Also, the heat loss for the return pipes varies more than the supply pipes, 
as they depend on customers’ behaviour.  

  

 
Figure 4.8. Estimated heat losses, volume flows for all the pipes in a cus-

tomer path from the sample real life DH network. 
 
The above analysis regarding the computational results are case-specific. In 

general, monitoring the temperature in different parts of the network is im-
portant to guarantee proper functioning. Large inconsistency residue error in 
the flow results could indicate a leakage in the network. A significant variation 
or trend in the heat losses or volume flow may indicate problems either in the 
network or in the measurements. To validate the model, we have simulated a 
segment of the real life network using Grades Heating version 2.57 which can 
calculate temperatures, volume flows, mass flows, heat losses, pressure drops, 
etc. for DH networks. Grades Heating was originally developed by Process Vi-
sion Ltd, which was merged with Enoro in 2012. The results are sufficiently con-
sistent with the proposed model computed.  
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4.3 Uncertainty analysis of the DH state estimation model 

The evaluation of the accuracy of the DH state estimation model is implemented 
in 2 steps: 
 

1) Calculation of the uncertainty of the estimated volume flow based on the 
accuracy of the customer flow measurements. 

2) Calculation of the uncertainty of the estimated temperature and heat 
loss based on the computed uncertainty of the estimated volume flow as 
well as the customer temperature measurements. 

 
The general form of the error propagation formula (Taylor & Kuyatt, 1994) of 

 is as below 
 

                       , ,              (32) 

 
where  is the Jacobian matrix of the output ,   is the uncertainty matrix 
for the input . The uncertainty of input  is propagated to the output  via . 
The Jacobian matrix (sensitivity coefficient matrix) of the function  describes 
the degree to which the variations of the input  affect the output . However, 
in most cases it is difficult to derive the analytical functions of   because of the 
complex structure of . In practice, the Jacobian matrix can be evaluated by nu-
merically computing the partial derivatives of the function  using the defini-
tion of the partial derivatives. 

Consider a small increment vector 
 
                                                ,                                             (33)                   
 

we approximate the partial derivatives of  as: 
 
                                                    ,                                                        (34) 

 
where ;  . 

 

4.3.1 The uncertainties of the estimated water flows 

 
When the DH network is tree-structured (connected and non-cyclic), flow sys-
tem (12) is applied, according to the LSQ solution (14), the connectivity matrix 
F that only contains zeroes and ±1 is determined by the network structure, and 
thus is treated as constant matrix. The uncertainty of the estimated water flow 
is influenced by the uncertain water flow measurements in  as: 
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                                 ,                      (35)                            
 

where the covariance matrix  denotes the known or assumed uncertain-
ties on the elements of  . As the nonzero elements of  are the measured water 
flow rates for customer nodes, we can assume that there’s no dependency be-
tween different elements of . This makes  a diagonal matrix.  

When the DH network is cyclic, flow system (16) is applied. Because (16) can-
not be solved analytically, (32)-(34) should be applied to obtain the uncertainty 
of the estimated water flow  which is influenced by the uncertain water flow 
measurements  : 

 
                                                       ,                                      (36)                            
 

where  is the Jacobian matrix of the estimated water flow  which is consid-
ered as an implicit function of the measured water flow , thus  can be numer-
ically computed based on (16), (32) and (34),  holds the same as afore-
mentioned. 

  

4.3.2 The uncertainties of the estimated temperature and heat loss 

 
When computing the uncertainty of estimated temperature and heat loss (to-
gether denoted by , because system (29) cannot be solved analytically, (32) - 
(34) should also be applied to derive the uncertainty of   which is influenced by 
the uncertainty of both the computed water flow  and the temperature meas-
urements : 
 

                                                  ,                                               (37)                           
 

where  is the Jacobian matrix of the estimated  which is considered as an im-
plicit function of the =[ , ], thus  can be numerically computed based 
on (29), (32) - (34),  The covariance matrix  is formed diagonally block 
by block: . For the block , we as-
sume no dependency between different measurements, which makes   
a diagonal matrix.  is also diagonal. As a result,  is diagonal. In 
practice, it is convenient to form the abovementioned matrices programmati-
cally based on the network structure data. A Matlab programming has been im-
plemented to do that.  
 

4.3.3 Computational results 

To make   and  easier to interpret, we decompose it into a vector 
of standard errors (square roots of the diagonal elements) and a correlation ma-
trix. The standard errors can also be expressed in percentage of the estimated 
values for water flow, temperature and heat loss. A small segment of the sample 
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network shown in Figure 4.3 was tested for uncertainty analysis, we observe that 
the uncertainty percentages for the estimated flows are all around 2%, which 
was the uncertainty of the flow measurements provided by the DH company. 
This indicates that the water flow estimation model is robust with respect to 
uncertainties in measurements. The percentage uncertainties of the computed 
temperatures and heat losses are all around 1%, which was the uncertainty for 
the temperature measurements. This indicates that the temperature-heat loss 
system is also robust with respect to measurement uncertainty. The detailed nu-
merical results regarding the uncertainties of the estimated water flow, temper-
ature and heat loss for specific pipes or nodes can be found in [Publ. ].  

The accuracy of the estimation models is interpreted as the computed uncer-
tainty, which can help detect various faults in the DH system, or inaccuracies in 
measurements, e.g. large excess between the residuals and the accuracy of the 
model would indicate that the real system differs from the model. 

 
 

4.4 Optimization of the heat production in a multi-plant DH net-
work 

 
The key novelty of this model is that it simultaneously optimizes the heat pro-
duction at different heat plants in one DH network based on the forecasted heat 
demand. 

 

4.4.1 Problem statement 

The nodes can be classified as plant nodes where heat plants supply heat to the 
network, customer nodes where customers are located and intermediate nodes 
that are neither plant nor customer nodes. Some of the intermediate nodes may 
be branching nodes where three or more branches meet. We also assume that 
the DH network forms a connected graph. For simplicity, a non-cyclic network 
as a case in this thesis is used to illustrate the optimization model. We consider 
a small DH network with two parallel heat plants as shown in Figure 4.9. Nodes 
1 and 7 represent the heat plants. The optimization model in principle can be 
used also with arbitrary number of plants. Nodes 2, 4, 6 are intermediate nodes. 
The leaf nodes 3, 5, and 8 can be customer nodes, or represent aggregated arbi-
trary sub-networks. In the sample network, we have aggregated a segment with 
51 nodes and 14 customers from a real-life DH network in Helsinki region 
(which was used earlier in section 4.2) into the leaf nodes. Figure 4.9 shows the 
nominal water flow directions in the supply pipes for the network. In fact, the 
water direction can sometimes be reversed, particularly in pipes <2, 4> and <4, 
6>, the flow direction (to be determined) depends on the mass flows at plant 
nodes and demand at customer nodes. Input data consists of the water demand 
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measurements at customer nodes and network data provided by the DH com-
pany contains the length, diameter, insulation thickness, and thermal conduc-
tivity of the insulation for each pipe.  

 
 

 
 

Figure 4.9. A DH network with parallel heat plants. 
 

Optimization of the heat production is based on a DH system model. The DH 
system model demands input parameters as the heat demand of different cus-
tomers and the operational variables of multiple heat plants. When using the 
model for planning, the heat demand is computed for individual customers or 
groups of customers based on weather forecast and social calendar cycle using 
the forecasting model proposed in section 4.1 (e.g. model T168h). Based on the 
input parameters, the system model iteratively computes the state of the DH 
system in terms of flow rates and pressure drops at each pipe segment and tem-
peratures at each node. It is possible to verify that the system runs in a feasible 
state based on the computed state information. The system model also deter-
mines the operating costs consisting of pumping costs and fuel costs. 

The optimization method traverses the plant variables (decision variables) to 
check for feasibility of the system, and seeks for values that minimize the overall 
costs of heat. The plant variables are the temperature of the supply water and 
the water supply rate at different heat plants. Regular gradient-based optimiza-
tion techniques cannot be applied to the problem as the cost function is a non-
convex and non-smooth function of the decision variables. Thus the GA is ap-
plied for optimization. The following first describes the system model (sections 
4.4.2 to 4.4.6) and then optimization (section 4.4.7).  

 

4.4.2 Estimation of mass flows 

Estimation of the mass flow rates in the DH network is based on customer meas-
urements (the water demand) or forecasts for heat demand. The mass flow rates 
for DH water at customer nodes i are obtained as 

 
                                                    ,  i  Ncust ,                                                 (38)                           
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where  is the heat demand rate of the customer which is derived based on pro-
posed forecasting model in section 4.1 e.g.T168h,  is the temperature differ-
ence between supply and return DH water at the customer substation and  is 
the specific heat capacity of water. At each node, similarly to volume flow system 
(11), a mass balance equation for each node is written as: 

 
                                    = .                           (39)                                                     
 

Writing (39) for all the nodes in matrix form gives 
 
                                                                ,                                                      (40)                                                      
 

where  is the connectivity matrix which was stated the same as in section 4.2.2. 
We use the tree-structured network for simplicity. 

   

4.4.3 Estimation of temperatures 

To compute the supply and return temperatures at each node we apply the tem-
perature drop equation sequentially along the branches of the network starting 
from the heat plants. At the customer nodes, we assume that the return temper-
atures will remain constant for all supply temperatures chosen. In real life net-
works, higher supply temperatures will give slightly lower return temperatures 
and vice versa for lower supply temperatures. This real behavior is determined 
by the function of substation heat exchangers. In pipes, the water temperature 
drops exponentially over time. As mentioned in section 4.2.3, the temperature 
also decreases exponentially as a function of the travelled distance because the 
water travels at constant speed in the pipe. The formula for temperature drop 
between nodes i and j (for both supply and return pipes) is shown in (41) (Fred-
eriksen & Werner, 2013) as 

 
                                 ,                      (41)                                                      
 

where  is the mass flow that we have calculated earlier;  is the outer di-
ameter of the pipe;  is the heat transmission coefficient for the pipes between 
nodes i and j in terms of the outer pipe surface;  is the pipe length;  is the 
ground temperature. The temperature drop formula ignores the small temper-
ature increase due to viscous friction.  

Applying the temperature drop formula to pipe <i,j> to calculate the temper-
ature at node j coming from node i , and considering pipe-specific end-node 
temperature variables  for both supply and return pipes for case where mul-
tiple incoming flows at different temperature meet at branching nodes will give 

 

                                  ,               (42)                                                      
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where  , when j is not a target of multiple flows. The previous formulas 
apply both for the supply and return systems. As shown in section 4.2.3, the 
temperature of the mixed water is computed as a weighted average of the water 
temperatures in the incoming pipes. For both supply and return systems we 
have 
 

,          (43)          

 (44)

    
Computation of temperatures is important for the following reasons. Firstly, 

computing the return temperatures at plant nodes is essential to determine the 
temperature difference and thereafter to compute the heat production and fuel 
costs. Secondly, it is necessary to monitor that all customers receive hot enough 
water so that their substations can operate properly. Thirdly, mixture of too hot 
and too cold water is not allowed to avoid pipe wear out.  

The mass flow at the customer nodes depends on the supply temperature, and 
the supply temperature depends on the temperature losses that depends on the 
mass flows, therefore the mass flows and temperatures should be solved itera-
tively. Figure 4.10 visualized the algorithm for iterations. The starting point of 
the iteration is to assume zero heat loss in the system, i.e. to set the supply tem-
perature at customer nodes equal to the maximum supply temperature at the 
heat plants. The return temperature at customer nodes is set to be a constant 
value. To model customer substation behaviour more accurately, it would also 
be possible to compute the return temperature as a function of supply temper-
ature and heat demand. Then the mass flows at customer nodes are computed 
based on (38), and mass flows elsewhere in the network are computed by (40). 
After that, in each iteration the temperatures are updated based on (42) - (44), 
and mass flows are re-computed by (38) and (40). Iteration terminates when 
the norm of the difference between two consecutive iterates is small enough 
(smaller than 10-6).  
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Figure 4.10.  The flow chart of the iterative algorithm. 

 
In each iteration, the temperatures can alternatively be computed based on 

the model (29) by multiplying the volume flow customer measurements with 
the corresponding water density at the temperature for of customer nodes, how-
ever using the temperature drop equations (42) - (44) is more direct and effi-
cient.  

 

4.4.4 Fuel costs 

 
After solving the mass flow system and the return temperatures at each plant, 

we compute the required heat production at each plant as 
 
                                            i  Nplant,                                       (45)                                                     
 

where  is the mass flow rate (negative) at the plant node i,  is the specific heat 
capacity of water. The fuel consumption is an increasing function of the heat 
production. Assume that the fuel cost depends linearly on the heat production, 
the total fuel cost is then derived by summing the fuel costs in both plants: 

 
                                   ,                                  (46)                                                    
 

where  is the fuel cost for plant i. 
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4.4.5 Pumping costs 

Sufficient pressure difference between supply and return pipes should be guar-
anteed for all the customers. The required pressure difference that the pump 
must create in order to circulate the water in DH system is calculated as (Fred-
eriksen & Werner, 2013): 

 
                                       .                                        (47) 
 

where  is the total pressure drop in the supply pipe from the main circulation 
pump to the most peripheral substation (Frederiksen & Werner, 2013). In prac-
tice, we compute the pressure loss from the plant node to each customer node, 
and select the maximum pressure loss as ;  is the total pressure drop in 
the return pipe from the main circulation pump to the most peripheral substa-
tion. Similarly the maximum value of pressure loss should be taken as ; 

 is the minimum allowed pressure difference in customer substations and 
also the heat exchanger of the heat plant. Typical value for  is 0.5 bar (50 
kPa).  can be computed based on the mass flow rates in pipes as:  

 

                                               ,                                                  (48) 

 
where  is the friction coefficient for pipe <i,j>,  is the inner diameter of the 
pipe and   is the density of water at the corresponding temperature, and  is 
the pipe length. For the friction factor , the Moody diagram presents how the 
friction factor depends on the Reynolds number, pipe diameter and roughness 
in both turbulent and laminar flow. In reality, flows in DH pipes are mostly tur-
bulent, the friction factor can be solved from the implicit equation for turbulent 
flow, the detailed formula about computing  can be found in [Publ. ]. 

The electrical power  required to circulate pump is computed as (Freder-
iksen & Werner, 2013) 

 
                                             ,                                         (49) 
 

where  is the total conversion efficiency for the circulation pump, nor-
mally within 60-70%;  is the volume flow rate calculated as mass flow di-
vided by the water density. The electricity cost for pumping is obtained as 

 
                                    .                                    (50)                 

4.4.6 Total cost of heat 

The total cost considered in this model is the sum of fuel and pumping cost: 
 

,          (51)               
 

where  is the operating hours of the heat plants. 
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4.4.7 Optimization 

The optimization should determine at each heat plant the supply temperatures 
and mass flow rates that minimize the total cost of heat subject to feasibility 
conditions. Total cost of heat is computed using the system model described 
above. Feasibility is interpreted as the following: 
 

 Each customer must receive hot enough water so that their substa-
tion works properly. 

 In the supply system, the temperature difference of incoming waters 
from different branches should not be too large in order to prevent 
wear out in the pipe system. (10  is applied as the maximum tem-
perature difference)  

 
In principle the supply temperature of water from heat plants is fixed mostly 

according to the outdoor temperature. The supply temperature can range from 
67   to 115 . The lower bound is set by the requirement to produce hot enough 
tap water at customer substations and the upper bound is the design limit for 
DH systems in Finland. The mass flow rates should satisfy the mass flow balance 
(39). To achieve this, the optimization varies the mass flow rates at all but one 
plant and lets the system model determine the mass flow rate at the left ‘free’ 
plant. 

Since the objective function (total cost) is non-analytical and non-smooth (dis-
crete), the GA is used to solve the problem. GA that solves constrained and un-
constrained optimization problems based on a natural selection process that 
mimics biological evolution can repeatedly modify a population of individual 
solutions. At each iteration, the GA generates a population of points and the best 
ones are selected as parents to produce the next population to approach an op-
timal solution. The population evolves toward an optimal solution over succes-
sive generations (Coello et al., 2002). In general, the GA can at least guarantee 
a near-optimal solutions with high probability. 

We discretize the supply temperatures and mass flow rates in specified inter-
vals by 4% increments to encode the problem for GA. Then we can use as deci-
sion variables integers in the range [0, 25]. For m-plant network, the model will 
contain 2m-1 decision variables. 

  

4.4.8 Computational results 

 
The DH system model and optimization are demonstrated using the network 
with two heat plants (A, B) and three aggregated consumption nodes displayed 
earlier in Figure 4.3. The network data are shown in Table 4.2 below. The min-
imum supply temperature at the customer nodes was set to be 65 oC to guaran-
tee that all customers after the aggregated customer nodes receive hot enough 
water. The maximum temperature difference between water from different sup-
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ply side branching pipes was set as 10  to avoid pipe wear out (low cycle fa-
tigue). The same fuel cost  €/kWh was used for each plant, this is because if 
the fuel costs or efficiency of the plants were significantly different, then the op-
timal solution for load allocation would be trivial allocating as much load as pos-
sible to the cheapest plant(s). It is easier to study the effect of heat loss of the 
entire DH system by setting the same production cost for both heat plants. In 
practice, heat plants using the same fuel would have the same fuel price, but due 
to different efficiency, the production costs for heat may be slightly different. 
The power price for pumping was set as 5 €/kWh. The return temperatures for 
customers 3, 5 and 8 were assumed to be constant 60 oC, 43 oC and 38 oC, which 
are estimated based on real life network. The model has been implemented us-
ing Matlab programming. 

The full 18252 simulations were performed corresponding to all different 
combinations of discretized (with 4 % intervals) supply temperatures at plant A 
and B and mass flows at plant B (the mass flow at plant A is then automatically 
determined). Around 40% of the cases are feasible satisfying the maximum 10 

 temperature difference between water from different supply branching pipes. 
The difference between the supply temperatures of the heat plants can be 
greater than 10 , but the solution is still feasible. This happens in two cases: 
(1) when one plant supplies the exact amount of water consumed by its nearest 
customers, and the other plant supplies for the rest. In this case there will be 
zero flow in the connecting pipe (i.e. <4, 6> or <2, 4>). (2) When the flow from 
the hotter branch is small enough so that water has time to cool down close to 
the temperature of the cooler branch. 

 
Table 4.2. Sample network data. 

Node1 Node2 
  pipe 
length 

(m) 

 thermal-
conductivity 
(W/m2˚C) 

 
  pipe  
  type 

   Inner 
diameter 

(mm) 

outer 
diameter 

(mm) 

1 2 210 0.7516 DN 100 107.1 114.3 
2 3 250 1.1408 DN 50 53.9 60.3 
2 4 600 0.7516 DN 100 107.1 114.3 
4 5 260 0.9257 DN 80 82.5 88.9 
4 6 900 0.7516 DN 100 107.1 114.3 
7 6 210 0.7516 DN 100 107.1 114.3 
6 8 240 0.7516 DN 100 107.1 114.3 

 
Running the GA found the optimal solution for the sample problem to be 

17768 €/h corresponding to supply temperatures TA = 99.64 oC, TB = 70.84 oC 
and mass flow rates  = 10.79 Kg/s (75.93%),   = 9.19 Kg/s (24.07%). This 
global optimum corresponds to the special case where plant A supplies water 
that equals the water demand of customers 3 and 5. This means that the mass 
flow at pipe <2,4> is zero. The corresponding heat loss is zero. The costs consist 
of fuel costs 17735 €/h and pumping costs 33.3 €/h. This can be compared to 
running both plants at same mass flow rate and with conservative supply tem-
perature of 90 oC yielding costs of 17874 €/h or the worst case solution of 19845 
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€/h corresponding to TA = 67 oC, TB = 76.6 oC supply temperature and mass flow 
rates  = 23.96 Kg/s (96%),   = 1.16 Kg/s (4%). The savings are 0.6% from 
the conservative operation mode and 10.5% from the worst case. 

Also, we investigate the fuel cost as a function of the supply temperature at 
plant node, the results indicate that the lower the temperatures, the lower the 
fuel costs. The pumping cost as a function of the supply temperature at plant 
node is calculated. The total water demand depends on the varying supply tem-
peratures. The higher the supply temperature, the lower the mass flow and the 
lower the pressure drop. Thus supply temperatures affect the pumping costs 
significantly, even though the Reynold’s number, water density and friction co-
efficient are very slightly affected by temperature variation within typical oper-
ating temperatures of DH. The results indicate that the higher the supply tem-
peratures, the lower the pumping costs. The variation in the pumping costs is 
roughly in the same order of magnitude as in the fuel costs. In general, pumping 
cost affects the overall cost very little. Finally, how the different variables affect 
the total cost of heat is investigated. The combined cost function is the superpo-
sition of the fuel and pumping costs functions. The results indicate that the total 
costs initially decrease by increasing temperature, but with higher temperatures 
the total cost curves become rather flat and start to curve upwards. This is be-
cause at some supply temperatures, the increase in heat losses starts to exceed 
the decrease in pumping costs. The detailed visualized results regarding the 
above mentioned are found in [Publ. ]. 

The sample network is a small dense network, where the pumping costs dom-
inate the total cost, giving a driving force for higher supply temperatures and 
lower flows. In sparse networks, the heat loss cost dominates the total costs, 
giving a driving force for lower supply temperatures and higher flows. 

The cheapest total costs occur at the cases where the flow in some pipes are 
zero (or near-zero). If such operation is not possible or desirable, the next 
cheapest way to allocate the load is where the cost curve is lowest between the 
extreme values.  

The abovementioned optimization is performed under fixed heat demand. 
How the cost function performs under different heat demand levels is also in-
vestigated. Figure 4.11 shows the behaviour of the optimal cost cure with same 
supply temperatures at both heat plants for 4 different heat demand levels. The 
results show that the cost function is rather steady with small 3.5 MW heat de-
mand, the optimum 17777 €/h occurs at 95.79 ;  with higher demands 7 MW, 
10.5 MW and 14 MW, a more significant monotonically decreasing shape as the 
supply temperature increases is seen. For these cases the optimum occurs at 
supply temperature 115  at both plants yielding the optimum 35349 €/h, 
52977 €/h and 70719 €/h, correspondingly.  
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Figure 4.11 The total cost as a function of the equal supply temperature at 

both plants under different heat demand. 
 
 

 

4.5 Optimization of CHP system based on sliding time window 
method 

The key novelty of this model is that the sliding time window method considers 
the uncertainty of the forecasted heat demand and power price instead of as-
suming perfect information for the planning horizon. The model would realisti-
cally achieve the optimal operation strategy. 

4.5.1 The CHP model 

The CHP planning model is a multi-period linear programming (LP) model con-
sisting of hourly CHP models connected together by storage constraints. The 
hourly characteristic operating region of a CHP plant can be considered as a 
surface in 3-dimensional space, corresponding to different combinations of heat 
and power production  and production cost . This generic representation 
is valid for all CHP technologies. The feasible operating region in the  plane 
is convex, and the production cost is a convex function of p and q by assuming 
the CHP characteristic is convex.  It is reasonable to assume the convexity 
(Lahdelma & Hakonen, 2003; Abdollahi et al., 2014). However, with more com-
plex combi-plant technologies and in part load modes, the characteristic may be 
non-linear and non-convex. Mixed integer encoding of the plant characteristic 
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can be applied when convexity cannot be assumed (Rong & Lahdelma, 2007; 
Makkonen & Lahdelma, 2006). This is out of the scope of this model. 

The multi-period CHP planning model consists of hourly CHP models con-
nected together by storage constraints. The CHP model used in the thesis con-
tains a single back pressure CHP plant, one HOB and one heat storage. How-
ever, the model can be easily extended to include multiple CHP plants, HOBs 
and storages. The objective is to minimize the overall net operating costs subject 
to a forecasted customer heat demand as follows: 

 
                                                               (52)                   

         
                                                                                                                    (53) 

  
                                                                                                                (54) 

 
                                                        (55)                 
                                    

                                             .                                                     (56)             
 

 
 
 

 

 
 

where  is the spot price of power at hour t,  is the heat storage content,  
and  are the amounts of heat charged and discharged,  is the heat pro-
duction by the HOB,  is the heat storage capacity,  is the efficiency ratio 
for discharging heat from the storage,  is the efficiency ratio for storing heat 
for one hour, and  is the last time step.  Different types of heat storages, for 
example a pressurized hot water tank is specified in terms of three parameters 

, , and  . 
The objective function (52) minimizes the overall net operating costs includ-

ing production costs  subtracted by the revenue from selling the produced 
power  at the price  to the power market. The investment/capital costs and 
other non-variable costs are excluded from the objective function, as the optimal 
operation does not depend on any fixed costs. (54) is the power balance. (55) is 
the heat balance which states that the produced heat subtracted by the charged 
heat plus the discharged heat should satisfy the heat demand at each hour. 
This balance is written as an inequality constraint, which means that an excess 
of heat may be produced and can be freely disposed. If excess heat cannot be 
freely disposed, a surplus variable with associated costs can be added to the 
model. 

Table 4.3 summarizes the values of the parameters for the CHP model used 
for the tests. The plant operates using a fixed power-to-heat ratio since we ap-
plied a simple back pressure plant model defined in terms of the maximum heat 
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production capacity in the thesis, power and fuel consumption, and the mini-
mum CHP production rate. The actual CHP plant of Espoo is more complex and 
flexible in its operation. The minimum production rate defines the fraction of 
the maximum production that the CHP plant can produce during an hour. Alt-
hough the CHP plant would not run near zero production continuously, the 
hourly production could be near zero in transient situations where the plant is 
shut down or started up. For this reason zero minimum production rate is ap-
plied in the test runs. The fuel for the HOB is cheaper than for the CHP plant, 
but the profitability of using the CHP plant will benefit from selling the pro-
duced power to the power market. The CHP plant is connected to a district heat-
ing system with the energy carrier as hot water.  

 
Table 4.3. Operating points and parameters. 

                    Heat demand Hourly heat demand of city of 
Espoo, Finland for the year 2014, 

totally 2253 GWh 
Annual Average Power price The average of hourly NordPool 

spot price for the year 2014 
36.02 €/MWh 

Capacity of CHP plant Heat = 800 MW 
Power = 350 MW 
Fuel = 1265 MW 

Conversion efficiency for CHP 90.9 % 
Minimum CHP production rate 0 

HOB capacity 1000 MW 
Fuel price for CHP plant 15 €/MWh 

Fuel price for HOB 10 €/MWh 
Conversion efficiency for HOB 100 % 

Storage capacity 3000 MWh (0 – 10 000 MWh) 
Storage efficiency 0.9995 

Discharge efficiency 0.99 
The width of the sliding time window 5 days (1-8 days) 

 

4.5.2 Sliding time window method 

The sliding time window method features the different implementations of the 
input and planning horizon for the proposed multi-period CHP planning model 
to achieve an realistically optimal production planning by considering the un-
certainty of the forecasted heat demand and power price. The method has been 
implemented using Matlab and the LP2 solver (Lahdelma & Hakonen, 2003) 
for solving the LP problems. 

The method is implemented in two phases. In the first phase, the sliding time 
window method determines the optimal operation of the CHP system including 
heat storage usage for a 5-day (120-hour) time window based on forecasts for 
heat demand and power price. A 5-day time window was chosen because in real 
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life, a moderately accurate heat demand forecast can be formed based on 5-day 
weather forecasts available from the meteorological institute. Later different 
widths of the time window are tested as well. In the second phase, we test how 
well the plan can be implemented, because forecasts are never perfectly accu-
rate, the optimized plan cannot be implemented in reality, but must be adjusted 
according to the actual heat demand and power price. To do this, the CHP pro-
duction planning model is solved for the first day of the time window with stor-
age levels fixed based on the first day of the 5-day model and actual (historical) 
heat demand and power price. This process is called the day plan. Then we 
slide the time window one day forward and repeat the 2-phase process for the 
entire time horizon (1 year in this thesis). When each time proceeding with the 
2-phase process, the 5-day production planning is always based on the updated 
5-day weather and power price forecast after sliding the time window one day 
forward. The 5-day time window sliding process is visualized in Figure 4.12. 
 

 
Figure 4.12. 5-day sliding window method for one week. 

4.5.3 Simulation of forecasts 

Because past forecasts were not available, the inaccurate heat demand forecasts 
have to be simulated. Firstly a simulated weather forecast is formed by disturb-
ing the actual historical weather (temperature) data based on a Wiener process 
(random walk). Then, we form a heat demand forecast based the weather fore-
cast by applying the previously proposed heat demand forecasting model T168h 
in section 4.1. Similarly, to simulate the inaccurate power price forecasts, we 
disturb the actual historical NordPool spot price data (NordPool spot, 2014) by 
another Wiener process. The Winer process represents the integral of a Gauss-
ian white noise process. The mean value of the forecasted error is 0. If the hourly 
standard error for the Wiener process is , then the error after N hours is . 
We have estimated the hourly standard error for the temperature forecast  = 
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0.3414 oC based on the error for a 5-day forecast provided by the Finnish mete-
orological institute.  For power price, a recent study by Voronin et al. (2013) 
proposing accurate forecasting methods based on combined and decomposed 
data for the power market has reported that the hourly standard error for power 
price can be  = 0.2215. The actual power sales price and simulated 5-day fore-
casts starting from the first and second day using exaggerated standard error 
are illustrated in Figure 4.13. 

 
Figure 4.13. Simulation of 5-day forecasts for the power sales price based 

on 2-day actual power price. 

4.5.4 Evaluation and validation of the method 

The sliding time window method is compared with the no-storage case to eval-
uate the efficiency of the solution. The no-storage case is computed by the same 
CHP planning model by setting storage size to be zero. Then the individual 
hourly models can be solved separately or in arbitrary length of chunks due to 
the lack of dynamic dependency between hourly CHP models. Besides, the the-
oretical optimum based on actual historical heat demand and price data (which 
can be treated as perfectly accurate heat demand and price forecasts) is also 
computed for comparison. The storage is emptied at the beginning and the end 
of the time horizon in each model to make the three cases comparable. 

The hourly CHP system model can be validated by comparing the results of 
the abovementioned three cases. The sliding time window algorithm should give 
a better solution than the no-storage case, but not quite as good as the theoret-
ical optimum, which cannot be realized in practice. With storage size 0 the three 
models should produce the same results. Table 4.4 summarizes the input data 
in terms of the different CHP models. 
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Table 4.4. CHP models and input data. 

              
        Model 
 

Input 
  

Sliding time window 
method  

(5-day/dayplan 
model) 

  Theoretical No-storage 

Heat demand forecasts/actual          actual actual 
 Power price forecasts/actual          actual actual 

 Heat storage 
  to be computed/ 
 planned storage 

initial value is 0, the 
rest are to be computed 

0 all the time 

 

4.5.5 Computational results 

The input data contains actual hourly power price from NordPool spot market, 
and the heat demand for the city of Espoo in the entire year 2014 (Figure 4.14a) 
and for week 1 (Figure 4.14b) are shown in Figure 4.14 . Every test run will pro-
duce slightly different results and objective function value for the sliding time 
window method since the forecasts for weather and power price are simulated 
by random processes. We first run the model for one year to eliminate the ran-
domness and to show the availability of the model for arbitrary time horizon. 
The results show that the peaks and valleys of the power and heat curves are to 
some extent coincident, but non-coincident peaks and valleys also exist. The co-
incidence indicates that use of storage would be beneficial. 
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Figure 4.14a&b. Heat demand for Espoo and power price.  

a) Year 2014 b) Week 1, 2014. 
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We input the one-year data to our model to optimize the CHP production and 
storage operation for the year. The optimized heat storage levels for the theoret-
ical case and the sliding time window method are shown in Figure 4.15. We focus 
on week 1 instead of 1 year for better readability, both models produce quite 
similar plans for storage operation. The heat storage is operated aggressively 
between zero and its maximum capacity in order to allow producing CHP power 
when the power price is high, even when the heat demand is low.  

 

 

 
Figure 4.15a&b. Optimized heat storage level for the theoretical case and 

sliding time window method. 
a) Year 2014 b) week 1, 2014. 
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The optimized CHP fuel consumption for the theoretical case, sliding time 
window method and no-storage case are shown in Figure 4.16. While the fuel 
price for the HOB is lower than for the CHP plant, the CHP will benefit from 
selling the produced power. This means that the marginal price for CHP heat 
depends on the variable power price. In some hours it will be more profitable to 
run the CHP, other hours the HOB, and in some hours both are needed to pro-
vide sufficient heat. 

For better readability, we focus on week 1; observe that both the theoretical 
case and time window model perform dramatically different from the no-stor-
age case. The fuel consumption relies on CHP much more than HOB. The stor-
age allows producing a large amount of heat and power during the hours when 
the power price is high, and satisfying the heat demand from the storage when 
power price is low. For the no-storage case the HOB is used significantly more 
and CHP is used only when power price is rather high. Still, there are several 
hours when power price is high enough to make it profitable to operate the CHP 
at maximum power production while discarding excess heat. This means that 
without heat storage, the CHP system is operated on less-than optimal energy 
efficiency in order to minimize production costs. Heat storage makes it possible 
to simultaneously minimize costs and maximize energy efficiency, but not nec-
essarily for the latter one. 

 

 
Figure 4.16a&b. Optimized fuel consumption for the theoretical case, slid-

ing time window method and no-storage case. 
a) Year 2014 b) Week 1, 2014. 
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According to the sample data, for 1-year time horizon, the objective function 
value (net operating costs) for the no storage case was 13.688 M€. The sliding 
time window algorithm produced on average net operating costs of 9.571 M€, 
i.e. a cost saving of 4.117 M€. In comparison, the theoretical model (which can-
not be implemented in practice) yields net operating costs of 9.109 M€, i.e. cost 
saving of 4.579 M€. This means that the sliding time window algorithm can 
achieve 90 % of the theoretically possible savings derived based on perfect fore-
casts, this performance is very ideal.  

4.5.6 The optimal net operating cost as a function of the width of the slid-
ing time window 

The width of the sliding time window is interpreted as the number of the days 
we look ahead each time we slide the time window.  The idea of applying the 
sliding time window algorithm is to gain vision for the short future. Because the 
weather forecast for 5 days is considered relatively accurate, and is commonly 
used by energy companies in their production planning, we have applied the 
method using a 5-day time window. However, even longer forecasts are availa-
ble. To investigate the optimal width of the time window from the techno-eco-
nomic point of view, we run the yearly model with different widths of the time 
window varying from 1 to 8 days. The optimal net operating cost as a function 
of the width of the time window is shown in Figure 4.17. Observe that the opti-
mal net operating cost drops significantly from a 1-day window to a 2-day win-
dow, but is rather flat after that. The 3-day window yields still a little better 
value, but after that the optimum does not improve much. These results apply 
for short-term (small size) storages, such as the 3000 MWh storage which cor-
responds to about 8-hour demand in the winter and 1.5 days in the summer. A 
5-day time window is quite reasonable in a short-term storage planning prob-
lem considering the availability and the accuracy of the weather forecasts. 

 
Figure 4.17.  The optimal net operating costs for 1 year as function of the 

width of the time window. 
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4.5.7 The optimal net operating cost as a function of the storage size   

We run the model with the storage size ranging from 0 up to 10 000 MWh for 
one year. The upper limit corresponds to a storage size of about 1.5-day heat 
demand in the winter or about 4 days in the summer. Figure 4.18 shows the 
optimal net operating costs as a function of the heat storage size both for the 
theoretical case and the sliding time window method. For both cases the optimal 
net operating costs monotonically decreases as the storage size increases, as ex-
pected. However, the marginal benefit of increasing the storage size approaches 
zero. These results validate that the sliding time window method is able to con-
sistently produce storage operation plans that are nearly as good as the theoret-
ical optimum. 

 

 
Figure 4.18. The optimal net operating costs as a function of heat storage 

size. 
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4.5.8 The overall system energy efficiency as a function of the storage 
size 

The overall energy efficiency as a function of storage size varying from 0 to 10 
000 MWh are calculated for theoretical case, 5-day sliding time window method 
and no-storage case respectively for one year. Figure 4.19 shows the efficiency 
curves for these three cases of cost-optimal operation. The energy efficiency first 
increases rapidly from 86% to above 90% for both theoretical case and sliding 
time window method. For the theoretical case the storage size 8000 MWh yields 
highest energy efficiency, while for sliding time window method, 6000 MWh 
storage size yields maximal efficiency. This means that the theoretical case over-
estimates the benefit from heat storage, giving too optimistic estimates for the 
energy efficiency and optimal net operating costs. 

The cost-optimal operation obtained from the proposed optimization model 
does not aim to maximize the energy efficiency. To maximize energy efficiency, 
the objective function (52) should be modified to minimize the fuel consump-
tion instead of net operating costs. 

 

 
Figure 4.19. The overall energy efficiency as a function of heat storage size. 
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5. Conclusion and contribution of the 
thesis and future work 

5.1 Concluding remarks and scientific contribution 

DH technology that features high energy efficiency of the CHP production, low 
level of emissions, customer-friendliness, possibility to use various fuels, and 
utilization of heat storages is becoming a main stream heating option. CHP is 
considered a sustainable and economic technology to tackle the environmental 
and energy related issue due to its significant performance in fuel demand re-
duction, greenhouse gas reduction and fossil fuel independency. Many critical 
research regarding improving the production planning and cost efficiency have 
been done. Enhancing the optimization for CHP and DH systems demands 
more accurate heat demand forecast and state estimation for district heating 
systems.  

Thus the starting point of this dissertation is to design a DH heat demand fore-
casting model based on customer consumption measurements and weather in-
formation. The model uses the historical heat consumption data and outdoor 
temperature along with wind speed as well as weekly rhythm demand pattern 
to estimate the multiple linear regression coefficients based on least squares 
sense. The advantage of this model is that it simultaneously estimates the re-
gression coefficients taking into account both the weather and social compo-
nents. The heat demand forecasting based on weather condition and social com-
ponents guarantees a high accuracy; also the simplification and fast prediction 
are the best features of the model. The results indicate that the simple linear 
regression model is very accurate comparing to the advanced time series model. 
The fitting of the proposed linear regression models can be processed with miss-
ing historical data, which is an advantage over the time series models that de-
mands the continuity of the historical data. The model can be used to develop 
different kinds of consumption profiles. Such profiles can then be aggregated 
into forecasting models for existing and planned neighborhoods. Consumption 
profiles would also allow estimating the consumption of customers with missing 
measurement data. Furthermore, the heat demand forecasting model can be in-
tegrated to CHP and DH optimization model in order to obtain optimal produc-
tion planning.  

In parallel, we develop a new fashioned DH state estimation model using the 
newly available automated remote meter reading measurements. The new 
model can compute the optimal least squares estimate for the state of the DH 
network based on hourly customer consumption measurements. The advantage 
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over the existing DH network calculation software is that the new model can 
utilize the abundance of measurement data to compute an optimal estimate of 
the DH state. The state estimation model outputs the volume flow rate and heat 
loss in each pipe along with the supply and return temperature at each node 
based on the input measurements of volume flow, and supply & return water 
temperatures of the customers. With this model it is possible to monitor the 
network state more accurately in real-time. DH companies can apply state esti-
mation to rapidly aid in identifying and locating various problems in the net-
work or in the measurements. More detailed temporal and spatial network state 
information can also help in optimal production planning for DH systems. The 
model can be used for both cyclic and non-cyclic DH networks. It is demon-
strated using a part of a real-life network of a Finnish municipal DH company 
but the method can in principle be used for arbitrary networks. Another ad-
vantage with the DH state estimation model is that it can treat extra measure-
ments at intermediate nodes, making the model even more over-determined 
and robust with respect to measurement errors. In this thesis, the method for 
estimating the network with multiple independent cycles is illustrated, one di-
rection for future research is to develop methods to handle the network with 
multiple dependent cycles and estimate DH network state based on extra meas-
urements. Small scale network can be solved by Matlab programming effi-
ciently; for large scale network, C++ programming should be involved to man-
age the calculation.  

The uncertainty (accuracy) of the state estimation model is interpreted as the 
covariance of the outputs of the estimation model, it requires the computation 
of the sensitivity coefficient matrix associated with the input temperature meas-
urements and computed water flows along with the covariance of them. The 
sensitivity coefficient matrix was computed numerically in Matlab program-
ming. The results regarding our sample DH network indicate that the model can 
estimate the state accurately. The uncertainty analysis model helps to detect 
various faults in the DH system, or inaccuracies in measurements. If the resid-
uals of the estimation results significantly exceed the accuracy of the model, it 
indicates that the real system differs from the model.  

Reliable and efficient DH network state estimation and the accurate heat de-
mand forecasting are prerequisites for various operational network manage-
ment and optimization. The optimization was proposed in two directions. One 
direction is for DH systems, a model is designed to simultaneously optimize the 
heat production at different heat plants to best satisfy the demand in different 
parts of the DH network at the minimum combined production and distribution 
costs. The optimization can determine the optimal supply temperature at the 
heat plants and the heat load allocation between them. The method can be ap-
plied for detailed production planning based on real-time customer measure-
ments and heat demand forecasts. We use genetic algorithm to solve the prob-
lem as the objective function is a non-convex and non-smooth function of deci-
sion variables. The results indicate that the optimization can result in savings in 
fuel and pumping costs. In the illustrative example, the savings can reach 0.6% 
with reference to the conservative case, 10.6% with reference to the worst case. 
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The model is implemented in Matlab programming using a non-cyclic network 
with aggregated customers. In principle it can be applied for arbitrary networks. 

The other direction for optimization is for CHP systems, a model is designed 
to optimize the operation planning between CHP and heat storage in order to 
minimize the net operating costs based on sliding time window method which 
considers the uncertainty of the forecasts instead of assuming perfect infor-
mation for the planning horizon. The results indicate that the use of storage can 
significantly improve the energy efficiency of a back pressure CHP system due 
to the improvement of the flexibility of the system. The storage allows producing 
CHP power when power price is high and satisfying heat demand using stored 
heat when power price is low. Using a 5-day sliding time window method can 
achieve 90% of the theoretically possible savings that can only be derived based 
on perfect forecasts. However, the savings depend on how non-coincident the 
heat demand and power price curves are and the accuracy of the forecasts. In 
real life, the real forecasts of weather and power sales price should be applied 
instead of the simulated forecasts based on the Winer process. The method was 
implemented using Matlab and the LP2 solver. The model can be used in two 
ways, for operation phase, it can help optimally operate the heat storage and run 
the production by CHP; for design phase, the model can determine if a storage 
is profitable and what optimal size it should be by simulating the possible oper-
ation. 

To sum up, the crucial contribution of the thesis is to propose a set of models 
which can serve different purposes including network management, production 
planning and optimal operation. The proposed models can be used sequentially 
or independently according to the demand. 
 

5.2 Future work 

The future work can be considered according to 4 proposed models in the fol-
lowing ways.  

For the DH heat demand forecasting model, the model considered in this the-
sis can be straightforwardly applied to Nordic countries. For other countries, 
the model should be modified based on different weather conditions and user 
behavior. Furthermore, better long term heat demand forecasting is desired for 
network capacity planning. E.g. it might be better to know whether the heat de-
mand balance of the network is going to change, so that the energy company can 
decide if they have to extend the DH network and how much the extension 
should be. The automated meter reading measurements at customer level allow 
us to develop the heat demand forecast for different types of buildings. This en-
ables the development of different kinds of heat demand profiles. Such profiles 
can then be aggregated into forecasting models for existing and planned neigh-
borhoods. Additionally, to explore more accurate and efficient algorithm for 
heat demand forecasting, artificial neural network can also be considered to pre-
dict the heat demand as another reference to investigate the forecasting perfor-
mance through different methods.  
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For the state estimation model, it can also be applied to district cooling net-
work which is the opposite of the district heating. The model is currently de-
signed for the steady state condition. The delay between the heat production 
and consumption can be handled by dynamic modelling which solves the state 
according to the time varying customer measurements. The static DH state es-
timation model developed in the thesis is a step towards that. Moreover, C++ 
programming can be used to extend the DH state estimation model for much 
larger size DH network in real life. 

For DH optimization model, the real-life networks may result in quite large-
scale computations. The current implementation is in Matlab. With larger net-
works, it may be necessary to implement the calculations in a compiled pro-
gramming language, such as C++ to solve the mass flows, temperatures, and 
pressure drops more efficiently. Also, the optimization of this model was de-
signed as a static (steady state) model which works well if heat load doesn’t 
change rapidly over time. For more detailed calculations, a dynamic optimiza-
tion model can be developed to handle non-stationary heat loads and possible 
heat storages in the system. The model can be extended to address the dynamics 
of the system by integrating heat storage into the system to improve the energy 
efficiency and profitability. 

For CHP optimization model, to make the model more holistic, the CHP opti-
mization model can be extended for combined cooling, heating and power 
(CCHP) by adding cooling decision variables and the constraints for cooling de-
mand as well as correspondingly modifying the objective function. Also, the use 
of the heat hump, heat exchanger, multiple heat plants and storages can be con-
sidered to widen the scope and improve the applicability for more specific case 
in the real world. Besides, larger scale of the transmission network can be con-
sidered, such work can be implemented in C++ programming to improve the 
computing efficiency. 
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Four models are proposed in this thesis to 
enhance the design and operation of 
Combined Heat and Power (CHP) and 
District Heating (DH) systems. Firstly a DH 
heat demand forecasting model based on 
linear regression and times series as well as 
a static DH state estimation model based on 
customer measurements are designed in 
parallel. On top of the aforementioned two 
models, optimization can be processed in 
two directions: a DH multi-plant heat 
production optimization model based on 
genetic algorithm (GA) is developed to 
determine optimal load allocation between 
the plants; a CHP optimization model based 
on sliding time window method is developed 
to achieve the optimal operation between 
CHP system and heat storage. Four models 
can be applied sequentially or independently 
in real life to serve different purposes. 
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