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ABSTRACT 
 
Many machines in these days have sensors to collect information 

from the world they inhabit. The correctness of this information is crucial 
for the correct operation. However, at times sensors are not so reliable 
since they are sometimes affected of some type of noise and thus give 
incorrect information. Another drawback might be lack of information 
due to shortage of existing sensors. Sensor fusion is trying to overcome 
these drawbacks by integrating or combining information from multiple 
sensors. 

 
The heating of a building is a slow and time consuming process, i.e. 

either the flow or energy consumption are object to drastically changes. 
On the other hand, the tap water system, i.e. the heating of tap water can 
be the source to severe changes in both flow and energy consumption. 
This because of that the flow is stochastic in the tap water system, at any 
given time a tap may be opened or closed and therefore drastically 
change the flow.   

 
The purpose of this thesis is to investigate if is it possible to use 

sensor fusion to get accurate continuous flow values from a district 
heating substation. This is done by integrating different sensor fusion 
algorithms in a district heating substation simulator.  
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1 INTRODUCTION 

1.1 Background 
 
Many machines in these days have sensors to collect information from the world 

they inhabit. The correctness of this information is crucial for the correct operation. 
However, at times sensors are not so reliable since they are sometimes affected of 
some type of noise and thus give incorrect information. Another drawback might be 
lack of information due to shortage of existing sensors. Sensor fusion is trying to 
overcome these drawbacks by integrating or combining information from multiple 
sensors. 

 

1.2 Objectives 
 
The overall aim on this thesis is to evaluate if it is possible, with the use of sensor 

fusion, to get accurate continuous readings from a district heating substation and by 
experiment evaluate if it is possible to use sensor fusion to get reliable and frequent 
readings. 

 

1.3 Research Questions 
 
Main question to be answered in this thesis is: Is it possible to use sensor fusion to 

get more accurate continuous flow values? In addition, the following sub question will 
be addressed: Is it possible to use sensor fusion to get more reliable flow values or 
even possible to replace one or more sensors?  

 

1.4 Methodology 
 
An implementation that uses various sensor fusion techniques will be done in 

Matlab and then integrated into a simulator. A literature survey is done and also 
several experiments in the simulator where the different sensor fusion techniques will 
be compared and tested.  

 

1.5 Delimitations 
 
Some of the algorithm used in this thesis can be very computationally demanding 

and complex. Since the integration unit, the unit that calculates flow and heat 
consumption in a district heating substation, has a limited computation and energy 
capacity this may be a problem if implemented in reality.   
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2 SENSOR FUSION 
 

A human being normally uses the five senses (sight, sound, touch, smell and taste) 
and the awareness of the surroundings to create and update a dynamic model of the 
world, i.e. a model of the situation you’re in, how the surroundings looks like and how 
it is changing. This information is used when we interact with the surroundings and 
when we make decisions what to do, both now and in the near feature, the information 
can also be used to compensate for information loss from other senses, e.g. if you ask a 
person a yes or no question and that person nod and says yes. Even thou you don’t 
hear the answer because of background noise; you can almost presume that the answer 
was yes due to the nod. This combination or fusion of senses (sensors) is called sensor 
fusion. This technique can be applied in many areas e.g. robots and automated 
production. 

2.1 Introduction 
 
The definitions of Information and Sensor fusion are taken from [1]: 
 
Information Fusion encompasses theory, techniques and tools conceived and 

employed for exploiting the synergy in the information acquired from multiple sources 
(sensor, databases, information gathered by human, etc.) such that the resulting 
decision or action is in some sense better (qualitatively or quantitatively, in terms of 
accuracy, robustness, etc.) than would be possible if any of these sources were used 
individually without such synergy exploitation. 

 
And sensor fusion is defined as follow: 
  
Sensor Fusion is the combining of sensory data or data derived from sensory data 

such that the resulting information is in some sense better than would be possible 
when these sources were used individually. 

 
McKee proposes different ways to fusion [2]: 
 

• Direct fusion, fusion of data from a set of heterogeneous or homogeneous 
sensors and previous values. 

 
• Indirect fusion, fusion of data from human input and previous knowledge 

about the surroundings. 
 

• Fusion of the output of the two above. 
 
 
The definition of sensor fusion does not say that input from more than one sensor 

is required; it only says that sensor data have to be combined in some sense. I.e. the 
definition also contains systems with a single sensor that takes multiple measurements 
that later on are fused [1]. 
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2.2 Why Use Sensor Fusion? 
 
A non sensor fusion system may have to manage with a lot of different sensor 

types and ambiguous and incomplete data from these. If the input is fused prior it is 
sent to an application, the input interface of the application can be standardized and the 
application doesn’t have to consider which sensor types that are used and by this 
reduce the complexity of the system [1]. Elmenreich [1] list a number of problems that 
physical sensor measurement can suffer from. 

 
• Sensor loss: The loss of a sensor can cause misunderstanding and a faulty 

observation of the object. 
 
• Limited spatial coverage: A sensor covers usually only a restricted area.  

 
• Limited temporal coverage: Limitation in the frequency in the production 

of measurements.  
 

• Imprecision: The sensor may suffer from lack of precision. 
 

• Uncertainty: May arise when the observation is indecent or when the 
sensor fails to measure relevant attributes. 

 
Advantages with sensor fusion: 
 

• Robustness and reliability: Despite partial system failure the system can 
produce information depending on the redundancy in a system with 
multiple sensors. 

  
• Extended spatial and temporal coverage: The combination of data gives 

the system a better overview of the surroundings. 
 

• Increased confidence: Information from more than one sensor covering the 
same object can support each others observations. 

 
• Reduced ambiguity and uncertainty: The fused information decreases the 

ambiguity of the collected values.  
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2.3 Methods of Sensor Fusion 
 
The sensor fusion algorithms can be divided into the following groups [3]:  

• Inference methods. 
• Non-recursive and recursive estimation methods. 
• Classification methods. 
• Soft computing methods. 

 
Inference Methods 

The purpose of these algorithms is to take decisions based on given knowledge, 
also called decision fusion. Bayesian Fusion [4] is an example of inference method. 

 
Estimation Methods 

Estimation methods originate from the control theory and use the probability 
theory to compute the process state vector. There exist two kinds of estimation 
methods, non recursive, such as least squares [5] and weighted least square [5] and 
recursive methods that use different versions of Kalman filter [6, 7]. The recursive 
methods require more knowledge about measurement attributes but they provide more 
precise estimations. 

 
Classification Methods 

Classification methods are used on discrete data in order to fuse them and to 
recognize object types or sequences. If a classification scheme is available before the 
data acquisition, then parametric templates is to recommend, otherwise the cluster 
analysis method is a powerful tool to classify measurements. 

 
 

Soft Computing Methods 
The main advantage of soft computing techniques is that they can be used without 

a detailed mathematical model of the observed process. They cover methods like: 
 

• Neural Networks, idea from the human brain, neurones. 
• Genetic Algorithms, simulates the evolutionary process 
• Fuzzy Logic, the capability to derive new symbolic information by rules 

and representations of relationships. 
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3 DISTRICT HEATING 
 
District heating systems distribute hot water to multiple buildings (Fig. 1). The 

heat can be provided from a variety of sources, including geothermal, cogeneration 
plants, waste heat from industry, and purpose-built heating plants.  The heat from the 
hot water is then transferred trough a heat exchanger (Fig. 2) to the buildings heat 
(radiator system) and hot water system (tap water system). The system contains tree 
characteristic parts: the distribution net, the production plants and the district heating 
substation (Fig. 3) located at the customers.  

 
Fig.1: District heating system. 

 
District heating stands for approximately 12 % of Sweden’s total energy 

consumption 2003 [12, Appendix C] and is the dominating technique for heating in 
apartment blocks and offices in densely populated areas [13]. 2003 was the district 
heat consumed as follow: 52% to apartment blocks, 8% to houses, 10% to industries, 
15% to public areas and 15% to others.  The distribution net in Sweden contains of 14 
200 km [14] pipes and reaches about 1,75 million apartment ,153 000 houses and a 
great number of schools and industries [13].  

 
 
 

                    
Fig.2: Heat exchangers from Alfa Laval        Fig.3: District heating substation. 
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3.1 The radiator System 
 
The radiator system consists of a secluded water system. The heat is transferred 

from the district heating side (DH) to the secluded radiator side (green pipes) through 
the heat exchanger (4). The heat supply is controlled by the regulation equipment (RC) 
whose valve (2) adjusts the amount of district heat water passing through the 
exchanger. The heating of a house is a slow and time consuming process, which leads 
to that no sudden or vigorous changes in flow and valve setup.  

 

3.2 The Tap Water System 
 
The tap water is also heated by a heat exchanger (3) but usually not the same as the 

radiator water. The system can be designed in several different ways depending on the 
size and consumption of the system, a common design is the parallel connection 
(Fig.4). The system contains a hot water circulation pump (5) that causes the water to 
circulate at a low speed, this is done to minimize the bacterial content and to get a 
more rapid supply of hot water. As opposite to the radiator system, the tap water 
system has a dynamic flow valve setup, i.e. that the flow primary depends on social 
factors, at any given time a tap can be opened and strongly increase the flow through 
the system. This dynamic setup makes the flow very hard to estimate.  

 
 

 
 

Fig.4: Parallel connection 
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3.3 Heat Measurements  
 

The energy is measured to calculate the consumed energy and how much to charge 
the customer. The energy that is transferred through the heat exchangers is measured 
by a heat meter, which usually consists of two temperature sensors, a flow meter and a 
computing unit.  

 

3.3.1 Flow meters 
 
There are two main types of flow meters used in district heating, the old and cheap 

mechanical type and the more expensive and modern electronic type [10]. The 
mechanical usually use some kind of turbine to measure the flow, this is done by 
sensing the linear velocity of the fluid passing through the known cross sectional area 
of the flow meters piping. There is one essential flaw with mechanical flow meters, the 
lack of accuracy in low flow situations [9]. To over win the friction in the turbine there 
must be a certain amount of flow to get it spinning.  

 
The electronical ones are more expensive and don’t suffer that much from the low 

flow problem that the mechanical suffers from. There are two types of electronical 
flow meters, ultrasonic and magnetic. The ultrasonic embraces several types using the 
same principle that the speed of sound differs when travelling with or against the 
stream [10]. The flow rate is proportional to the time difference between the waves 
sent up and down streams. The magnetic flow meters use Faraday’s electromagnetic 
law to calculate the flow rate [10]. The Eddy current is measured and is then 
transformed into a pulsed signal, which is proportional to the volume-flow rate of the 
water. The flow meters are adapted or suited for on the customer’s consumption 
pattern. The usual size on the flow meters is 2, 4, 6, 8, 16 l/h.  

 

 
Fig.5: ABB:s electromagnetic  flow meter AquaMaster™, . 
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3.3.2 Heat meters problem 
 
The equation below is used to calculate the energy consumption [10], and as the 

equation state, the consumed energy is highly dependent on the flow rate, iV . Since the 
flow meter is one of the main parameters involved in the calculation of consumed 
energy, it is very important that this data is accurate and reliable. Today this is not the 
case [10], since the flow meter is often only capable of delivering a pulse when a fixed 
volume has past through it. 

∑
=

∆∆=
N

i
iiii tTVkQ

0
     

where Q  is the energy consumed, ik  is the heat coefficient, iV  is the volume flow 
rate in the primary circuit, iT∆ is the temperature difference between return and supply 
temperatures and it∆ is the time difference between 1+it  and it . 

 
The measurement error in heat meters originates from many sources and as 

mentioned is the biggest one originating from the flow meter. Since the flow meter is 
only capable of produce a pulse when a fixed volume has passed through it, we only 
receive a mean flow rate. The majority of the changes that appears between two flow 
pulses are undetected and this leads to measurement errors.  

 

 
 
Fig 6: The figure demonstrates the problem with the integration time using a 

common flow meter. The decrease in flow is proportional to the increase in integration 
time. 

 
 
The heating of a building is a slow and time consuming process, i.e. either the flow 

or energy consumption are object to drastically changes. On the other hand, the tap 
water system, i.e. the heating of tap water can be the source to severe changes in both 
flow and energy consumption. This because of that the flow is stochastic in the tap 
water system, at any given time a tap may be opened or closed and therefore 
drastically change the flow.   
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4 AVAILABLE VARIABLES\SENSORS 
 
There are many available variables (sensors) so the question is how to choose a set 

of the variables to achieve an arbitrary or even optimal result. The variables that are to 
be evaluated and used in the simulation experiments are listed below: 

 
 

• Temperature, supply and return water 
The temperature can be measured at two points, one in the supplying pipe and one in 
the return pipe. 

 
• Control valves 

The control valves controls the amount of water passing through the heat 
exchangers. The valve position and change in position is used to estimate the current 
flow. 

 
• Flow Sensor 

This sensor can’t be read at any given time, it only notifies when a predetermined 
volume of water has past through.  

 
• Previous values 

Previous values are applied in different ways in the different algorithm solutions, but 
are an important input to detect changes in the flow. For more specific information 
on appliance, see the algorithm descriptions.  

 
• Time 

The time can be used to calculate expected flow pulses. 
 

• Pressure gauge values 
These values give a differential pressure over the heat exchanger. There are two 
pressure gauges, one in the supplying pipe and one in the return pipe. These gauges 
are usually installed to momentarily check the pressure and are not made to deliver 
values constantly.  
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5 SENSOR FUSION ALGORITHMS 
 
There exist many sensor fusion algorithms and in this thesis will only a couple of 

these be described. The selection of sensor fusion algorithms was based on how 
commonly used they are and how well they fit this problem. The Kalman filter is one 
of the most common sensor fusion algorithms, but this algorithm was excluded due to 
that it is, in this case comparable in a performance aspect to the RLS (Recursive Least 
Square) filter, if the systems possible state transformations are know. Since the RLS is 
easier to implement, it wasn’t a hard choice. The LMS (Least Minimum Square) 
algorithm was chosen because of that it is simple and easy to implement. The third and 
last algorithm, the combination of ideas, was included to see if an algorithm developed 
to the specific problem was able to compete with the well known estimation 
algorithms.  

 

5.1 RLS (Recursive Least Square) 
 
The RLS (recursive least square) algorithm is an algorithm for determining the 

coefficients of an adaptive filter [16]. In contrast to the LMS (least mean squared) 
algorithm, the RLS algorithm uses information from all past input samples (and not 
only from the filter tap vector) to estimate the autocorrelation matrix of the input 
vector, it also has a faster convergence but require more complex computations. A 
weighting factor is also introduced in the RLS algorithm to decrease the influence of 
input samples from the far past.  

 
The algorithm is initialized by setting: 

0)0( =P , 
Iw 1)0( −= δ  

 
For each instant of time, n = 1,2,3…, compute 
 

)()1()( nunPn −=π , 

)()(
)()(

nnu
nnk H πλ

π
+

= , 

)()1()()( nunwndn H −−=ε , 
)(*)()1()( nnknwnw ε+−= , 

)1()()()1()( 11 −−−= −− nPnunknPnP Hλλ . 
 
The output y is obtained through 

)()( nuwny H= . 
 
Where n  is the current algorithm iteration, u is the input, P the inverse 

correlation matrix, k is the gain vector, w  is the vector of filter-tap estimates, y  is the 
output, ε  is the estimation error, d  is the desired values and λ the exponential 
memory weighting factor 
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If the RLS algorithm is to work properly there has to be a measurement of 

correlation between the different inputs [15]. The correlation is a measurement of the 
degree of linear dependence between two inputs [11]. If the correlation is 0 there is no 
correlation and the variables are independent. The closer to either 1 or -1 the 
correlation is the stronger the relationship. The table below illustrates the different 
correlation between the inputs and the real flow value. 

 
 

Meas. Flow Tap valve Rad. valve Return temp. Sup. Temp 
0,38033 0,83316 0,13402 0,39718 -0,10951 

Table 1: Correlations between the different inputs and the real flow value. 
 
 
The table shows that the tap water valve has a great correlation with the real flow 

and should give good possibilities to get reliable estimations. The radiator valve has a 
very low correlation due to that the radiator system has a little influence on the flow. 
The same applies to the supply temperature which has only small variations and under 
longer periods of time.   
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5.2 LMS (Least Minimum Squares) 
 
The LMS is a simple and easy to implement adaptive algorithm, but despite this it 

is very powerful and frequently used. The LMS algorithm adapts the filter tap weights, 
)(nw , so that error estimation )(ne  is minimized in the mean-square sense. The 

algorithm has some advantages such as, simple to implement, no prior assumptions 
regarding the input signal has to be made, it is efficient in a computationally aspect 
and offers stable and robust performance against different signal conditions. The 
disadvantage is slow convergence and adaptation to sudden changes [16]. 

 

 
Fig 7: Structure of the LMS algorithm. 
 
The input to the LMS is the tap weight vector )(nw , the input vector, )(nx  and 

the desired output )(nd . The output can be summarized to the filter output, )(ny  and 
the tap weight vector update )1( +nw . If there exist some knowledge about the tap-
weight vector )(nw  it can be used to calculate an appropriate initialation value 
for )0(w , if not 0)0( =w . 

 
The error estimation )(ne  is calculated by using: 

)()()( nyndne −=  
And the tap weight vector update is given by: 

)()(2)()1( nxnenwnw µ+=+ . 
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5.3 A Combination of Ideas 
 

This is a combination of ideas to obtain a method to fuse and estimate the 
different variables that area accessible in this specific case. The other methods are 
mathematical and used in wide range of areas. This one is developed to fit the 
existing circumstances. 

 
The greatest margin of error originate when the flow drastically changes, i.e. 

changes in the tap water system. This is especially noticeable when the flow 
decreases due to the increase of time difference between the flow pulses. The 
problem is not to discover and track the increase of flow, this is almost done by 
automatic due to the small time differences, the problem is to discover decreases, 
this because of that the time difference will increase drastic, and it almost seems 
to “disappear”.  

 

 
Fig:8. Illustrating the problem when flow drastically decreases. 
 
This method tries to deal with these problems by estimating when the next 

pulse should arrive if no change in flow has occurred.  
tTT currentestimated ∆+=  

where 
1−−=∆ kk ttt  

If no pulse has been received before estimatedT , we can assume there has been a 
decrease in flow and thereby we lower the estimated flow value. This flow value 
is decreased by a constant C  when t∆  time has past and no new pulse has been 
received. The constant C is object to change depending on the system.    
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6 SIMULATIONS AND RESULTS 
 

6.1 The Simulator 
 

The simulator used in this thesis is a Simulink model of a district heating substation 
developed by Dr. Janusz Wollerstrand and Tech. Lic Bernt Svensson at Lund Institute of 
Technology. The simulator contains two main subsystems, the district heating substation (1) 
and the heat meter (2). The daily temperature alterations are simulated by input from an 
array containing temperatures between -3 and -13. 

 

 
Fig 9: The simulator, showing the two main subsystems. 

 
 

 
Fig 10: The heat meter. 

 
Fig. 10 shows the expanded heat meter, which contains the flow meter and the 

integration unit. The integration unit produces the measured flow, measured return 
temperature and measured heat energy. The output from the heat meter, measured flow 
(4), measured return temperature (5) and measured supply temperature (6) are all 
produced as a sum of the real input values (1,2,3) and random error measurement 
(Gaussian distribution), see fig. 11.  
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Fig.11: The real flow and the measured flow, i.e. real flow with the Gaussian 

noise. 
 

6.2 Limitations and assumptions 
 
No changes have been done to the functionality of the simulator. Fusion- and 

measurement functionality are the only things added, these changes have no affect on 
the simulator and its functionality other than the estimation of flow values. The 
simulator is assumed to produce and deliver arbitrary and reliable values.  

 
Depending on lack of pressure information from the simulator it is excludes from 

the experiment. It is possible to calculate the flow vq [ sm /3 ] using the pressure drop 
over the heat exchanger with the following equation if the flow is laminar and have a 
maximal viscosity loss [8]: 

 
421

8
)(

R
L

pp
qv η

π −
=  

where )( 21 pp −  is the pressure drop over the heat exchanger, ][mR  is the radius 
of the pipe, η  is the viscosity constant ( 210−  for water) and L  is the length of the 
pipe. 
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6.3 Simulation 
 
The experiment was carried out on a simulator and the simulated time was set to 

be one hour and the flow meter was set on two litres. To get arbitrary results, all 
algorithms were tested multiple times. When comparison is done between the different 
algorithms is the RLS and LMS used with the two control valves as input and flow 
sensor as the desired input. This input combination was chosen based on the 
correlations between the inputs and real value. The tap water valve was chosen 
because it had the highest correlation and the radiator water valve because it contains 
information that is not present in the data from the tap water valve. It is presumed that 
these inputs will produce the best estimations. The mean error percentage is measured 
under each simulation and presented under the chapter 6.4 Result. 

 
Under the construction and simulation it was discovered that none of the 

temperature variable, supply and return temperature, was reasonable to use as input. 
This is due to a couple of reasons, the above mentioned reason, that the valves produce 
data that contains enough information. The second reason is the response delay 
between temperature change and flow change. It may take several seconds from that 
the flow has changed to that this change is reflected on the temperature. This time 
period can be so long, that it is much probable that a flow pulse is received before any 
temperature change could be detected. Even if it would be possible, it is very difficult 
to detect if a change in temperature is a result of a flow change or caused by some 
other source of disturbance. But in the supply temperature case it is also the low 
correlation to the real flow that dismisses this input. The RLS and LMS algorithm can 
use the correlation between the different inputs, as seen in Table 1, and hence use the 
return temperature to estimate the flow. But as mentioned before, the RLS and LMS 
algorithm will only be simulated with input that produces the best result. 

 
Fig 12: The flow changes and is stabilized in approximately 10 seconds, the 

temperature needs more than a minute to stabilize. The supply temperature is excluded 
due to the low correlation. 
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6.4 Result 
 
 

With a relatively low flow rate the RLS algorithm gives the best result with a 
proximally 20% improvement against the original flow meter. The remaining 

algorithms are performing surprisingly similar to each other. When the flow through 
the system was increased the error percentage increased, but it increased differently 
between the algorithms. The combination algorithm seemed to handle the increased 

flow in the best way, as the below graph demonstrates. This is because the increase in 
flow will produce wider and more drastically flow alterations. This behavior suits the 

combination algorithm better because of the algorithms steep descends when the 
predicted flow pulse is not received. The LMS algorithm is suffering a great deal from 

slow convergence and slow adaptation to sudden changes. 

 
Fig 13: Mean measurement error (%).
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Fig 14: Improvement relative the original flow meter (All zeros and negative improvement is 

shown as zeros). 
 

The mean error percentage has been measured and calculated at different flow 
rates. The error percentage differed between proximally 4% at low flow rates, to 16% 
at high flow rates. The big error percentage at the high flow rates depends on that the 
error is measured as an absolute value at every simulation step. The real mean 
measurement error is much lower due to that the error can be negative and therefore 
level the mean error when measured and calculated under a longer period of time. This 
effect is demonstrated in the figure below. The different algorithm is plotted under a 
period of time; the RLS algorithm is slowly closing in against zero as time elapse, the 
other algorithms is relatively stabilized or increasing in measurement error. 
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Fig 15: The “real” measurement error 

 
 
 
The RLS is the best all-round algorithm with the combination algorithm on second 

place not far behind. The biggest different was shown when the flow was low, where 
the RLS was out standing.  
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7 CONCLUSION 
 
 
 There was one main question that this thesis was supposed to answer: Is it 

possible to use sensor fusion to get more accurate continuous flow values? The answer 
to this is the decreased measured error percentage when using sensor fusion, the lower 
measurement error percentage, the more accurate estimations. Hence, the possibility to 
get more accurate continuous flow values increases. As the result shows, it is possible 
to use sensor fusion in substations and that the measured error percentage is decreased, 
even thou decreased differently at different flow rates.  

 
The additional question, if it is possible to get more reliable flow values or even 

possible to replace one or more sensor, is pretty much the same answer as the former. 
That a decrease in measured error percentage when estimating the flow is a proof that 
the estimated values a more reliable in the sense that they are more accurate, but they 
are also more reliable in a hardware failure perspective. E.g. if no or inaccurate data is 
received from a sensor the system will handle this in a more proper way than it would 
if sensor fusion wasn’t applied.  

 
Which sensor fusion technique to use is depending on the situation and is subject 

to further evaluation, some variables that can influence the choice is, flow rate, type of 
building and hot water consumption pattern.   

 
One big and distinct conclusion came clear from the results: There is a major 

improvement to earn with the application of sensor fusion in a district heating 
substation. The next question is if it is possible to implement in the real world, that 
subject is outside the scope of this thesis. 

 
Flow meters are not only used in district heating substation to measure water flow, 

it is used in many varying areas and environments. It is not exclusively water that is 
measured; it can be almost any fluid or gas. A lot of these application areas can take 
advantage of the implementation of sensor fusion.   
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8 DISCUSSION 

8.1 Related Work 
 
The ABSINTHE project [15] has the goal to introduce agent technology in district 

heating systems to improve monitoring and control of the systems. A simplified 
method for measuring of energy in district heating substations is described by T. 
Jonasson in [8]. The pressure drop is one technique that is investigated; the differential 
pressure over the heat exchanger is used to calculate the flow. This method considers 
to be insufficient and not accurate enough, this because of that the pressure drop 
measured over the heat exchanger can’t be stated with an accuracy of +/- 1%, the 
accuracy is shown to be +/- 5% today. This problem can be solved by inserting a 
bypass construction in the system. In the bypass construction a small amount of the 
main flow is redirected through a pipe with a much smaller radius than the main pipe. 
This pressure drop can this way be measure more accurate. 

 
 

8.2 Further Work 
 
The implementation and test in real life of sensor fusion in a district heating 

substation. There exist sensor fusion techniques that are more complex and harder to 
implement than those used in this thesis; one example is the neural network. 
Experiments with neural networks are a possible and interesting research area to work 
further with and maybe get even better estimations than achieved in this thesis. One 
research area can be how to choose sensor fusion technique to fit different situations 
and surroundings, e.g. hot water consumption etc.     
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10 APPENDIX 

10.1 Appendix A 
 

 
Graph A1: Real values. 

 

 
Graph A2: The original flow meter. 
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The below graphs are the result from the different algorithms with the real values 
from graph A1.  

 
Graph A3: The combination algoritm. 

 

 
Graph A4: The RLS algorithm. 
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10.2 Appendix B 
 
Example code for implementation of an RLS algorithm in MatLab: 
 
function [Y,w]=rls(x,d,N,lambda); 
  
% [Y,W]=RLS(x,d,N,l); 
%  x is the input, d the desired output, N the filter length and 
%  lambda the forgetting factor.  
  
x=x(:); 
d=d(:); 
size=min(length(x),length(d)); 
  
I=eye(N); 
w=zeros(N,1);                              
P=I*10000;                
K=zeros(N,1); 
Y=zeros(size,1); 
tmpData=zeros(N,1); 
  
for n=N:size,  
  tmpData=x(n:-1:n-N+1); 
  K=(P*tmpData)/(lambda+tmpData'*P*tmpData); 
  P=(I-K*tmpData')*P/lambda; 
  e=d(n)-tmpData'*w; 
  w=w+K*e; 
  Y(n)=w'*tmpData; 
end 
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10.3 Appendix C 
 
 

 
 
Table 2: Final use per energy carrier in Sweden 2003. 


