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Abstract  

The distribution of renewable energy (RE) sources in the electrical grid are continuously 
increasing due to the growing awareness of the impact of climate change and due to targets 
set by the European Union [1]. The use of RE sources will also increase in the future and could 
lead to intermittency problems. These problems could be reduced by managing the variability 
and including prediction of the grid demand [2]. Reducing the impact of these problems can 
be done by implementing demand-side management (DSM) [3]. Load shifting is a DSM 
technique and can be implemented to lower the peak demand in the building [4]. The Battery 
Energy Storage System(BESS) can provide energy during the peaks and during lower grid 
demand the BESS could store some of the Photovoltaic (PV) production [5]. On the weekends 
and late afternoons, the building demand is smaller than during work hours which can lead to 
a grid feed-in. This grid feed-in could be lowered by charging the BESS to increase the self-
consumption. The self-consumption is the amount of PV production that is used in the building 
[4].  
 
When controlling the grid demand of the building, the prediction of the demand and supply 
of the building is needed. This thesis is focused on how these predictions can be combined to 
control and optimize the grid demand of the building.  A case study is done at Kropman Breda, 
a traditional office building that uses a PV system and BESS, which can be used to control the 
grid demand. The first step was analyzing the PV system and design two prediction models 
based on the historical data with a multiple regression analysis. One model that includes the 
calculation of the panel temperature and one that only includes the environmental factors. 
Secondly, these models are compared with the existing model of Icarus® and Solargis® to 
define a good performing model. Thirdly, a model is made to predict the demand for the 
building based on historical data. Finally, all these results are combined in a rule-based control 
for DSM. This is tested in the test case building.  
 
The analysis of the PV system shows that the power output and panel temperature are 
correlated with irradiance, ambient temperature, and wind speed. Two prediction models 
were designed based on these correlations. However, only the model that includes the 
prediction of the power output based on these three environmental factors shows a usable 
prediction model. The prediction of Icarus® is not accurate enough to use in the rule-based 
control and the prediction of  Solargis® is comparable to the model based on environmental 
factors.  
 
The prediction of the demand based on historical data is inaccurate and requires some 
improvements based on seasonal differences. The included prediction of the cooling based on 
ambient temperature also requires some improvements. 
 
Combining both predictions in a rule-based control of the BESS shows a sustainable 
optimization by charging the grid feed-in, which leads to improvement of the self-
consumption. The tests of the rule-based control show also an optimization of the grid. There 
are no peak and valleys when the baseline was defined correctly and the grid demand is 
flattened. However, some improvement can be made on defining the optimal strategy and 
base line.  
 
In conclusion, the demand and supply can be optimized by using demand and supply 
prediction and controlling the demand and supply with the use of a BESS. 
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1 Introduction  

This chapter briefly describes the project title, the background of the project, objectives, and 
the scope of the project.   

 Background 

 Energy transition  

Nowadays, climate change is a very important topic in the Netherlands. To reduce the impact 
of climate change, targets were set by the European Union for a major reduction of emission 
of greenhouse gases by 40 % in 2030 in relation to 1990. The share of Renewable Energy (RE) 
should have an increase of 32 % and at least 32.5 % improvement of energy efficiency is 
needed [1]. In 2015 the climate conference in Paris was a new major milestone in the fight 
against climate change. The targets set by the EU are in line with the targets of the Paris 
agreement. Two years after the agreement the progress is measured, this is shown in Figure 
1.  As can been seen the European Union is on its way to the target of 2020, however, the 
existing targets are not sufficient to achieve the existing goals of 2030 [6].  

Figure 1: Progress towards meeting Europe 2020 and 2030 targets (total EU GHG emissions) [6] 

 
Greenhouse gas emission in the Netherlands has been reduced by 11.8 % in 2016 in 
comparison to 1990 [7]. The ministry of economic affairs of the Netherlands states that the 
actual emission reduction is 80 % of the proposed goals. Figure 2 shows the reduction of CO2 
emission in the past couple of years due to the impact of the current policies to achieve the 
goals of 2030 and 2050. It has been mentioned that it is better to start reduction at this 
moment then wait for 2030. [8] 15 % of the greenhouse gasses is attributable to energy use in 
buildings, including gas and electricity use [9].  
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Figure 3 illustrates that the energy 
consumption of the built environment 
is around one-third of all the energy 
use in the Netherlands. The Dutch 
government can reduce its energy 
consumption and greenhouse gas 
emission by reducing the impact of the 
built environment. [10] The Dutch 
government proposed measures to 
reduce greenhouse gas emission for 
the built environment by making 
buildings more energy efficient [9]. 
The built environment has a huge 
impact on the environment and a focus on decreasing the energy demand of buildings is 
necessary.  
 
Another target of the climate agreement is to increase the share of renewable energy. Figure 
4 shows the increase of renewable sector since 2000. In 2018 the share of renewable energy 
in The Netherlands was 7.3 % [11], which is lower than the targets for 2020 and 2030. 
Increasing the share of renewable energy decreases the share of other energy sources. 
Buildings rely greatly on electricity for multiple purposes.  

 
 
 
 

Figure 2: The share of gross final consumption per sector in 2015, shaded areas are electricity consumption 

(excluding non-energetic consumption) [10] 

Figure 4: Percent gross final consumption RE between 2000 en 2035 [10] 

Figure 3: Development of energetic emissions in the 

Netherlands [8] 
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Figure 5 shows the share of different 
renewable electricity generation methods in 
the Netherlands. [12]. In 2018 the electricity 
generated from renewable resources was 
17 % [11]. Most of the generation of 
renewable energy is due to wind power, PV 
power has a share of 10 %. The share of 
renewable energy will increase in the future 
due to the climate targets. PV energy 
generation was increased by 50% in 2018 
[11].  
 
 
 

 Intermittency renewable energy 

The Integration of Renewable Energy (RE) in the built environment raises intermittency 
problems, which are mostly due to the weather.  Weather can affect the generation capability 
of Photovoltaics by 60 % due to low solar irradiation on cloudy days. [13] Different time scales 
give different impacts on the system. For the timescale in seconds, power quality could have 
an impact on the grid, for the timescale in minutes the regulation reserves are rather 
important, for the timescale from minutes to hours load following is relevant, and for the 
timescale from hours to days load scheduling is necessary. The fluctuation on cloudless days 
is smaller than on the cloudy days, the problems with intermittency will occur less on sunny 
days.  
 
During normal operation, the grid operator uses unit commitment to control the hour to day 
scale. “Unit commitment is an optimization problem used to determine the operation 
schedule of the generating units at every hour interval with varying loads under different 
constraints and environments” [14, p. 223]. The Massachusetts Institute of Technology (MIT) 
described the process of the grid operator. The grid operator decides based on prediction of 
the required electricity for the next day. They decide based on this prediction and unit 
commitment which generator should be used for that day. Due to the changes in PV 
production, a fast responding generator is needed to prevent the outages due to low PV 
production [15]. Sayeef et al. mentioned that the effect on the grid is influenced by the type 
of network and amount of RE, but mostly due to voltage effect and stability effects. [13] The 
voltage rises when the load changes, this is also found when the PV production is feed into the 
grid. However, mechanisms to deal with this problem include adding a local generator and 
changing voltage limits. [13]  
 
Fluctuations are subject to change in seconds (Figure 6), this could lead to a loss of power 
quality. The power quality is defined by voltage, frequency harmonics of voltage and current, 
flicker and power factors [16]. Sayeef et al. state that the frequency will drop when the load 
exceeds the generation. Power system operators detect changes in the system frequency and 
increase or decrease the output of the generators. [13] A normal generator follows the load 
and reacts with respect to the changing demand. The ramping rate of these generators reacts 
to the changes and fluctuations in the system. Operating reserves are needed when the 
fluctuations can not be forecasted, these reserves are expensive. [13] Balancing problems due 
to changing demand have been maintained by the grid operators for the past years.  

Figure 5: Share of sources in renewable electricity 

generation in 2016 for the Netherlands [12] 
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As PV energy is not a very reliable resource and the demand side is also fluctuating very rapidly 
which is affecting the grid. Due to the variable nature of RE, it is difficult to use it for the unit 
commitment. Sayeef et al. describe that the increased electricity in the grid due to higher RE 
production raises the system frequency above 50.2 HZ. Higher frequency leads to switching 
off the photovoltaic (PV) panels and the possible electricity is lost. [13]   
 
Another impact in the grid is the ramp rate, which is “the amount by which the power output 
of a PV array changes within a given time period” [13, p. 77]. When a generator can not react 
on time, a blackout of the grid is possible. A smaller PV system, as used in the building of 
Kropman Breda, will have smaller variation over a smaller time scale than large areas. [13] 
Sovacool states that the more RE in the surrounding area results in a more stable system. 
Intermittency problems are reduced but issues of variability management and prediction are 
increasing. [2] Although this problem will be smaller, it is still unclear how much systems are 
needed to fully reduce the intermittency problem.  
 
It can be concluded that the problems will not be solved in the near future, because of the 
absence of a good prediction model for the PV output. Besides that, it is difficult to know if 
there are enough PV systems in the surrounding area to limit the intermittency problem. Until 
the problems of prediction of the demand and PV systems are not solved, the intermittency 
problem needs to be taken into account.   

 Building demand 

In the Netherlands usage of the Trias Energetica design methodology is very common for 
sustainable and energy efficient design of buildings. The first step of this method focuses on 
the reduction of the energy demand. The second step focuses on applying sustainable energy 
resources. The last step focuses on using fossil fuel energy efficiently. However, this method 
does not include measures for the user of the building and the use of energy exchange and 
storage. In research collaborated between the TU/e and Royal HaskoningDHV (RHDHV) a new 
5-step method [17] was developed as an addition to the Trias Energetica to further decrease 
the energy demand of the buildings (Figure 7).  Two additional steps, the first and fourth step 
were added to further improve the energy efficiency of the buildings including their 
surroundings. The new steps have been implemented in the test case building and have been 
analyzed in earlier research. These steps are described in more detail in section 1.2. PV panels 
have been placed on the roof of the Kropman Breda and a Battery Energy Storage System 
(BESS) is placed in the technical room. A detailed description of these systems can be found in 
section 2.5 

Figure 6: Solar PV data at 10 second time resolution for one day in Arizona [61] 
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The PV- production and building demand combined together shows the energy demand 
needed or supplied to the electrical power grid, the grid demand. This can be seen in Figure 8 
which represents the load and generation profiles that can be used to find out the self-
consumption and self-sufficiency of a building. The figure shows a mismatch of energy when 
electricity is needed from the grid or electricity is exported to the grid.   
 
According to Luthander et al., self-consumption is: “self-consumed part relative to the total 
production” [4, p. 82]. Figure 8 illustrates the normalized values of the energy usage and PV 
production of an office building. If the self-consumed part (B) increases, the self-consumption 
increases and as a consequence, it lowers the electricity demand of the grid. The self-
consumption needs to be related to the self-sufficiency to be able to see the full picture. When 
the load increases, the self-consumption also increases, however, the self-sufficiency 
decreases. Self-sufficiency is “the degree to which the on-site generation is sufficient to fill the 
energy needs of the building” [4, p. 82].  
 

 
 
 
 
 
 
 
 
 
 

 
High self-sufficiency indicates a lower electricity need from the grid. The surplus consumption 
(C) is a mismatch between the consumption (A+B) and generation (B+C) of electricity. Load 
shifting and energy storage can reduce this mismatch, which can be shown on the weekend 
when the demand is lower than the PV-production. [4] Increasing the self-consumption and 
self-sufficiency of a building results in lower the amount of electricity needed from the grid 
[18]. Lower demands amount to a smaller impact on the electrical grid, which will help in 
stabilizing the grid and less amount of generation will be required for balancing.  
 

Figure 7: The five step method [17] 

Figure 8: Load and PV generation profiles and the possible regions delimited by them. [66] 
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 Load control 

Due to the integration of the PV production in a building the profile of the grid changes and 
fluctuates more. This lead to problems as described in section 1.1.2. When the PV power is 
low, higher electricity demand from the grid is needed. Higher electricity demand results in 
higher peaks and more generators will be needed to be operated. [13] 
 
Laws et al. states that a combination of PV and BESS can provide back-up power and prevent 
losses. [19] Weitemeyer et al. state that highly efficient storage devices should be used to 
integrate more RE. [5] A building with a BESS could be a service to provide electricity when 
needed, as backup power. Another service for the grid operator is to reduce the peaks due to 
the building demand using the PV production. These demand peaks are affecting the number 
of electricity generators in the grid during that specific time. The MIT states that the 
predictions for these peaks are important but also difficult due to the integration of variable 
energy [15]. When the building demand has a constant load profile, the grid operator does not 
need to have additional external generators to provide energy for the peaks. Controlling these 
peaks also results in fewer intermittency problems, as described in section 1.1.2. This provides 
the service of energy flexibility and Demand Side Management (DSM).  
 
According to Gelazanskas et al., “The planning, implementation, and monitoring of utility 
activities that are designed to influence customer use of electricity” [3, p. 23]. The main 
objective of using DSM is to match the demand and supply of the buildings. [3] Gelazanskas et 
al. mentioned two strategies to attain this objective, namely consumption reduction and 
efficiency improvement. The consumption reduction can be done with energy flexibility and 
peak shaving [3]. The latter is the process of lowering the peaks of the demand which can be 
seen in Figure 9. “Peak shaving is achieved through the process of charging ESS when demand 
is low (off-peak period) and discharging when demand is high.” [20, p. 3325] Implementing 
peak shaving can be done by a control strategy for the BESS. Energy flexibility consists of 
shifting or shedding energy and power over a certain period, and includes the efficiency loss 
in the building [21].  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 Prediction 

Demand and supply balancing can be done by using BESS in combination with a PV system. 
The required electricity from the grid can be controlled if the demand for the building and the 
PV production is known. As mentioned earlier, prediction and balancing are required to reduce 

Figure 9: Peak load shaving using ESS [20] 
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the impact of intermittency [2]. Prediction of the demand can be done based on historical 
data. Voerman used this in his master thesis by clustering based on historical data of the chiller 
and humidifier [22].  Lim and Kim used a linear regression model to predict the energy use, 
this includes a time-lag [23]. Prediction of the PV system can be done based on historical data 
in combination with a regression model [24] [25]. Some research has been done previously for 
designing a model to predict the PV production. [26] [27] [28] [29] [30] Tamizhmani et al. show 
the prediction of the panel temperature with linear regression. They only validate the model 
with one type of panel but it seems to be operating correctly. [24] This predicted value can be 
combined with the output given by the manufacturer. Soubdhan et al. used the influence of 
cloud cover and temperature on the prediction of PV production. Prediction with these 
variables give a good result, incorporating other variables has also been suggested. [26]  
 
Like these models, some online tools predict the output of your PV system based on your 
location. A prediction method developed by a Dutch grid operator (Alliander) called Icarus® 
[31]. Icarus® predicts the power output of your PV system. They use data points of other PV 
systems. The power output is predicted by a combination of systems and a self-learning 
algorithm. Combining these methods lowered the difference between the prediction and the 
measurements. Each hour Icarus® predicts the next 48 hours; the data can be downloaded 
through an API and can be used for analysis. [31]  
 
A second model for predicting the output of the PV system is done by Solargis® [32], it 
combines different models for different time steps. This model is described by Ruiz-Arias et al. 
Figure 10 illustrates the various models for different time steps. The model uses sub-hourly 
ground-based models. For prediction between 1-3 hours the satellite-based models are used 
and for predicting up to 10 days Numerical Weather Prediction (NWP) models are used. [33] 
The satellite-based model processes satellite images to forecast cloud motion in the near 
future. The NWP model output is combined with short time forecasting and is processed by 
the Solargis® Cloud Motion Vector (CMV) model. The power production is calculated using 
(semi) physical or statistical approaches that use solar irradiance and temperature forecast. 
[32] This data is collected with an API and predicts generation for each hour for the next 48 
hours. The PV system of the test case building contains panels with different inclination angles, 
as a result a new model needs to be defined for each row (with a different angle) in the 
Solargis® tool. To make it less complex, an average angle of 24.5 degrees is used. This results 
in one model instead of five different models.  

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 10: Conceptual plot of forecast skill vis-á-vis forecast lead time for ground-, satellite- and NWP-

based forecast methods [33] 
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Both online tools have not yet been analyzed in research. All previously mentioned prediction 
models use different locations and different PV panels, which is influential to the output of the 
models. In addition, weather prediction shows inaccuracies that need to be taken into account 
for PV prediction models.  

 Standard Test Conditions 

STC [34]is a fixed industry standard for testing the PV panel under different conditions. By 
defining a uniform set of conditions the efficiency of different PV panels can be compared with 
each other. It also gives an indication of the amount of power the PV panel is going to deliver. 
Three types of conditions are defined for STC [34]: 
 
Type 1: Panel Temperature of 25°C.  
Type 2: Irradiance of 1000 W/m2.  
Type 3: Mass of the air – 1.5. 
 
These conditions specify that when a panel of 250 watts is placed under the sunlight with an 
irradiance of 1000w/m2, an air mass ratio of 1.5 and a panel temperature of 25°C it should 
produce 250 watts of electricity. All manufacturers must produce panels that meet or surpass 
their advertised wattage under STC. 
 
Although STC is an industry-wide accepted standard for PV panels often it happens that in the 
process of manufacturing these requirements are not thoroughly checked by the 
manufacturer’s quality control department thoroughly [35]. Due to this, the panels can have 
frequent deviations from the specified cell temperature, lamp spectrum, irradiations, and 
environment temperature. 

 Problem analysis and relevance of research 

Increasing the energy efficiency of the building and using more RE give rise to some challenges. 
Earlier research was done to integrate the renewables in buildings and to improve energy 
efficiency by controlling the demand and supply. Different research was done in the case study 
Kropman Breda by Aduda and others of [22] [36] [37]. Aduda investigated the potential of an 
office building as a demand-side power flexibility (DSF) resource without compromising indoor 
comfort and safety. The result of his experiments can be found in Table 1. He concluded that 
a reduction of 30-60% of the peak power of the air supply fan can be done for 120 minutes 
without compromising the indoor air quality. Aduda also stated that reducing the cooling set 
point with 2 degrees Celsius reduces the maximum peak power up to 25 %. 
 
The second series of field studies show an improvement of time and power characteristics for 
a building with on-site electrical energy storage (EES) and the HVAC system that is used for 
integrating demand flexibility. This second field study shows that the internal load 
characteristics of the building are leveled using the EES during the entire demand flexibility 
activity.  
 
In conclusion, Aduda proposed a coordination network for demand flexibility. He also 
concluded that a building can be used as a demand-side power flexibility resource with the 
multi-agents based coordination network and the right pricing strategy. With the current 
pricing, it is preferable to minimize the electricity export to the grid [36].  
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Table 1: Results of the experiment in the PHD thesis of Aduda [36] 

   Flexibility 
[%} 

Power flexibility 
capacity [kW] 

Response 
time [sec] 

Availability 
period [min] 

First field experiments  HVAC as  power flexibility source  

Reduce PID settings to 60 % of fan 
(FDC) 

30% 3.6  10 120 

Zonal cooling set point temperature 
of 2℃ 

23% 7 300 60 

Fixed cooling duty (FSCD) cycle of ½ 
hour on 1 hour off. 

23% 7 300 60 

Second field experiments: power flexibility activities PV and ESS 

Constant charge  of 12 A at 12:00-
15:00 

- 5 improve 
<10 sec 

<60 (daily) 

Constant discharge  of 21.5 A - 10 improve 
<10 sec 

<180 
(4*daily) 

FDC + 12A charge - >10 improve 
<10 sec 

<180 (daily) 

FCSD + 12A charge - <12 improve 
<10 sec 

<60 (daily) 

FCSD + 12.5 A discharge - <10 improve 
<10 sec 

<180 
(4*daily) 

 
De Bont designed the photovoltaic(PV)-generation and Battery Electrical Storage System 
(BESS) of the case study of Aduda. This PV and BESS system was verified with a model, to test 
demand-side management (DSM) scenarios for a Smart-Grid. He concluded that the PV and 
BESS systems can be used for peak clipping of a summer day peak demand. The scenarios need 
more testing. [37]  
 
A follow-up study was done by Voerman. His focus was on DSM strategies in combination with 
the BESS. He stated that the today pricing schemes are insufficient for the integration of BESS 
in the test case. Voerman tested load shifting with the cooler, in which the temperature did 
not exceed the limits and it can, therefore, be concluded that the load shifting strategies are 
implementable. However, the rebound effect should be taken into account. He designed 
agents to control the BESS and based his prediction of the building demand on historical data. 
Nevertheless, there was still a prediction error that should be taken into account [22]. 
 
Concluded from these previous studies, a building can be used as a demand-side power 
sources by using the BESS and the PV system of the building. De Bont found some mismatch 
between the PV panels, but did not know how the system worked over a complete year. DSF 
was tested for various loads as the electrical steam humidifier, chiller, and ventilation. The 
behavior of the BESS was tested by Voerman and the first DSM tests with the BESS were 
completed during a summer period by Voerman without PV-forecasting. This research was 
carried out to use that missing link for the prediction of the building demand and PV 
generation. 

 Research objective & scope 

This study is a continuation of the research project of Aduda, de Bont and Voerman, and uses 
the same case study: Kropman Breda. The focus of this research will be on balancing the 
demand and supply in an office building when the building is equipped with a PV, BESS system 
and a chiller. The balance will be optimized based on optimization goals. Figure 11 shows all 
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the parts of this study, the red parts are excluded from this study. All the different steps are 
described in more detail in the flow chart in Figure 12. In step four of Figure 11, the predictions 
of the supply and demand side are combined for optimization. These steps are explained later 
in the methodology which describes all the steps in more detail. 
 

 
Figure 11: Steps and focus of the research 

 
The main focus was on the performance of the PV system and how this can be predicted based 
on environmental factors. Predicting the demand and combining it with environmental factors 
optimize the balance in combination with the BESS. Predicting the PV production is important 
to control the need of the building to use the grid. PV production also leads to intermittency 
problems for the electrical grid. [16] This problem will increase in the future because of an 
increase of RE production. It is mentioned that prediction and balancing are important to 
control the intermittency problems [2]. Some existing tools will be analyzed and compared 
with a model based on historical data to find the best PV prediction method.  
 
Previous research did not combine this PV prediction with the prediction of the building 
demand, whereas the combination will be included in this study. The demand is influenced by 
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several factors (moisture, temperature, the presence of people, type of building, etc.) and will 
be predicted. The focus of this prediction is to get a simplified prediction that will be used in 
the control strategy. A more detailed prediction can be made in further research to optimize 
the control strategy. The only parameter used in the prediction is the ambient temperature as 
this parameter influences the chiller demand. The prediction left out the humidifiers because 
these were not performing correctly. When the humidifier is operating, it has a high demand.  
 
The final step is controlling the load by peak shaving. Peak shaving is used to reduce the impact 
of large fluctuating production [3]. The BESS will be used for peak shaving to have additional 
electricity during the peaks of the day. The fast responding BESS can be used to intercept the 
largely fluctuating PV production in seconds which is related to the loss of power quality [16], 
which is a grid management optimization. Aduda mentioned in his PhD thesis that the possible 
exported electricity to the grid needs to be charged [36]. This will be done to optimize the self-
consumption in the control strategy. Besides this optimization, the control strategy is using 
the predictions as mentioned before and optimizing the balance between demand and supply. 
This is done to optimize the sustainability of the building.  

 Research question & sub-questions 

How can the balance between demand and supply be optimized for office buildings 
with PV and BESS based on historical data, building energy demand predictions and PV 
power predictions? 

 
In order to answer the research question, six sub-questions will be used to support the answer 
for the research question, namely: 

• What is the power and energy performance of the PV installation depending on 

external factors like outside temperature, wind speed, and irradiance? 

• How can the PV production be predicted for the short-time based on external 

factors?  

• What is self-consumption and self-sufficiency for office buildings and how can this 

be improved?  

• How can the building demand be predicted based on external temperature and 

historical data?  

• What would be the beneficial effect of adding BESS in an office with PV and chiller?  

• What are the building energy optimization goals and how can these be 

implemented in a control strategy for InsiteView-next®? 

 Report outline 

Chapter 2:  Methodology 
Chapter 3:  Step 1: Analysis of PV system performance 
Chapter 4: Step 2: Analysis of PV prediction methods  
Chapter 5: Step 3: Building energy demand profiles and prediction 
Chapter 6: Step 4: Demand Side Management control strategy experiment 
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2 Methodology 

The four steps of the methodology have been briefly mentioned in the introduction, these 
steps are described in more detail in this chapter. The four steps are described in the following 
four sub chapters (2.1 - 2.4). Chapter 2.5 describes the case study that is used for the analysis 
and implementation of the control strategy. Chapter 2.6 also includes a description of 
InsiteView®, InsiteView-next®, and InsiteReports®. Figure 12 is an illustration of the 
methodology of this study. 
 

 
Figure 12: Flow chart of the methodology   
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 Step 1: Analysis of PV System 

This chapter describes the method for the following sub-question: 
What is the power and energy performance of the PV installation depending on 
external factors like outside temperature, wind speed, and irradiance? 

 
This step was started by doing a literature review to define the influencing environmental 
factors. Relevant factors were selected and were extracted from the historical database from 
the Building Management System (BMS) of the case study building. The data was extracted for 
the period from January 2016 to November 2017. The data was filtered on daylight hours to 
get relevant data of the PV system. Data analysis was done to find correlations between the 
environmental factors, the panel temperature and the power output of the PV panels.  
 
The aim of the first analysis was to find a possible correlation between these selected factors. 
This analysis was done through scattering diagrams in Microsoft Excel and the correlation 
analysis in Statistical Package for the Social Sciences (SPSS). The analysis of the possible 
influence of these factors on the panel temperature and power output was done in the same 
way. However, instead of a correlation analysis, a Multiple Regression analysis was done. The 
Multiple Regression analysis in SPSS was used to find the influence of all the variables 
combined on the panel temperature or power output. The influence of the factors was defined 
in standardized coefficients, which were used to create a formula. This equation can be used 
to predict the panel temperature and power output, which was done in step 2. These 
equations were then validated based on historical data.  

 Step 2: Analysis of PV production methods 

This chapter describes the method for the following sub-question: 
How can the PV production be predicted for the short-time based on external factors? 

 
This step started with a selection of prediction methods for the prediction of the PV system 
power. The prediction was for a short-time to use the PV produced energy to charge the BESS 
in the building. Short-time implies that the prediction is from 1 hour to one day ahead. First, 
the prediction data of the models were divided into categories based on different solar 
profiles. Days can be profiled in four profiles (Figure 13), consisting of sunny days, clouded 
days(profile 1 is not included in the figure) and days with clouds during the morning or 
afternoon. The comparison of each different prediction method is shown in line and bar charts 
of the production at specific solar profile days(Appendix B). These figures show different time 
steps and times. Finally, all the models were compared to these specific solar profiles. This was 
done in a line, and a bar chart and a scatter diagram with predicted values versus measured 
values. This analysis should give a satisfactory method of prediction for the PV production 
which can be used in the control strategy.  
 
For this study four prediction methods were compared, more details can be found in section 
1.1.5: 

1. Icarus®(external data source) used for prediction of the power output 
2. Solargis®( external data source) used for prediction of the power output 
3. PV model based on multiple linear regression includes calculated panel temperature 

and output with the use of predicted environmental factors by Solargis®  
4. PV model based on multiple linear regression includes calculated panel output with 

the use of predicted environmental factors by Solargis®  
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The relevant influences of step 1 (analysis of the PV system) were used to develop the third 
and fourth model. These two models were validated with historical data, to find out if the 
source of uncertainty could be found in the model or in the environmental prediction data of 
Solargis®. The predicted environmental factors of Solargis® were compared with historical 
data, to define the prediction accuracy of these factors. This was done with line diagrams 
comparing prediction at different times and a scatter diagram with predicted values versus 
measured values. All these models produced data for about a month, from 28th of May to 10th 
of July. However, not all days could be used due to missing data. The prediction data of Icarus® 
and Solargis® provides data for two days ahead, where it predicts the following 48 hours for 
each hour.  

 
Figure 13: Solar profiles used for analysis with solar profile 2, 3 and 4 

 Step 3: Analysis and predict building demand  

This chapter describes the method for the two following sub-questions: 
What is self-consumption and self-sufficiency for office buildings and how can this be 
improved? 
How can the building demand be predicted based on external temperature and 
historical data? 
 

This step started with combining the demand of the building with the PV production, to find 
the possibility of increasing the self-consumption and self-sufficiency of the building. This was 
done by analyzing the historical data of the building for the years 2016 and 2017. Combing the 
PV production with the demand gives a new demand profile. This profile shows the required 
electricity from the grid during a specific day. Two charts were made, one shows the actual 
demand with the self-consumption and exported energy, the other shows the new grid 
demand profile. Finally, the self-consumption and self-sufficiency of the building were 
calculated based on available historical data. 
 
In this step, the historical data of the same period was analyzed to find the basic hourly 
demand during working hours, the weekend and other hours. Each building part was analyzed 
separately to define the basic hourly demand of this part. The data of the cooling part showed 
that it changes when the ambient temperature changes. All parts combined can be shown in 
demand profiles with different ambient temperature conditions. Which results in an average 
hourly demand based on temperature. Four profiles for a workday and one for a weekend day 
were made. These profiles were used in defining the control strategy in the next step.  

 Step 4: Define the control strategy  

This chapter describes the method for the following sub-question: 
What would be the beneficial effect of adding BESS in an office with PV and chiller? 
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This final step combines the previous analysis and prediction methods. The BESS will be used 
to control the demand and supply of the building. First, optimization technics were analyzed 
to select the best optimization strategy. Secondly, based on the prediction methods of 
demand and PV, several control strategies were made for the work days. These strategies were 
combined in a flow chart to indicate all the necessary steps for defining the (dis)charge of the 
BESS. First, a demand profile was selected based on the four work days demand profile from 
step 3. Secondly, a solar profile was defined based on the four solar profiles mentioned in step 
2 (Figure 13).  
 
The actual profiles were defined in InsiteReport. InsiteReport produces reports of gathered 
data from different systems as Insite History and Solargis®. Insite History collects all the data 
of the different systems in the building. InsiteReports®combines data and can be used for 
calculations and figures. Both systems were designed by Kropman. 
 
Thirdly, the strategy was defined based on these profiles in InsiteView-next®. InsiteView-next® 
is a program which makes decisions to control different parts of the building. Fourthly, the 
flow chart was completed by integrating the control of (dis)charge of the BESS. Finally, this 
complete flowchart is implemented in InsiteView-next® and tested for five weeks. To test the 
performance of the chiller in the control strategy a Microsoft Excel model was made to study 
this for August 2018.  

 Case study 

The case study was the Kropman Breda office, it was built in 1993 and is a typical Dutch office. 
Figure 14 shows the building and an overview of the connected system in the building. In 2016 
a PV power system with a BESS was installed. Recently, the BESS was replaced with new 
batteries and a new converter.  

 
Figure 14: Kropman Breda building + schematic overview of installed load system and power grid connection [22] 

 Building load  

The technical room of the building contains all the components of the installation. The Heating 
Ventilation Air-conditioning (HVAC) system is mechanical, the ventilation system distributes 
the air through the building. The air can be heated, cooled and humidified, based on the 
outside conditions and other requirements, such as indoor climate conditions. In the summer 
ventilation can be used at night to cool the building with outside air. During working hours the 
cooling system can be used to cool the air before transporting it to the rooms. The cooling is 
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based on outside temperature and a need for cooling demand. The temperature should be 
above 16 degrees Celsius and starts when the indoor temperature exceeds the limits.  

 PV system  

On the roof of the building 65 PV panels have been installed with different angles, Figure 15 
shows the system with different angles. These PV panels were placed under an azimuth of 173 
⁰, which is an almost fully southern position. [38]. The panels were JAP6(SE)-60-260/3BB 
panels with a maximum output of 260 W according to Standard Test Conditions(STC)  as 
explained in section 1.1.6 and an efficiency of 15.9 %.   
 
A temperature sensor was placed on different PV panels. The sensors were placed on one 
average performing panel and one panel that has lower performance than the other panels 
[37]. The power output of each panel is collected and saved. Each PV panel is separately 
optimized with a DC/DC optimizer to find the Maximum Power Point (MPP) [37]. A weather 
station was installed on the roof, which analyzed the data from the PV panels. All the data 
from the PV panels are exported to the InsiteView® server. All the equipment is mentioned in 
Table 2.  
 

 
Figure 15: PV panels with the angles of the panels and the weather station [37] 

 

Table 2: Measurement equipment for PV panel analysis [37] 

Window panel temperature sensors 

A Siemens –QAT22 [°C] 

- Accuracy: ±0.4  K 

- Range of use: -10 – 50 °C 

Weather station on the roof  ( Wittich & Visser) 

A Ambient temperature [°C] 

- Interval: 1 minute  

- With KNMI-license 

B Relative humidity [%] 

- HC2-S / SC2-S3 

- Interval: 8 minutes 

- Accuracy: ± 0.8 % RH, ± 0.1 K 
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C Pyranometer [W/m2] 

- SR-11 (ISO 9060) 

- Interval: 1 minute  

- Calibrated uncertainty of sensitivity: 1.3% 

D Wind speed [m/s] 

- Interval: 1 minute  

- Run rate (start) 0.5 m/s 

- Operating window: 0 - 60 m/s 

E Wind direction [°] 

- Interval: 1 minute  

- Run rate (start) 1.2 - 1.5 m/s 

- Operating window: 0-360° 

F Lux sensor for light intensity 

- On all façade orientations 

- Operating window: 0 -100000 lux 

SolarEdge Web portal 

A Power [W] 

B Optimizer voltage [V] 

C Panel voltage [V] 

D Energy hourly [Wh] 

 BESS Energy Storage System 

As an additional flexibility resource, a BESS was installed in 2017. Recently the batteries were 
replaced to increase the capacity of the storage system. The inverter was also replaced with a 
Socomec inverter to meet the demand of the new BESS. The inverter system transforms DC 
voltage to AC voltage.  Figure 16 shows the installed BESS. Voerman did a detailed analysis on 
the BESS, his report provides more details. Table 3 shows a few specifications of the BESS 
system.  
 

 
 

 

 

 

 

Figure 16: Battery management system with transformer 
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Table 3: BESS system specifications 

Batteries 

A Nilar  Nickel Metal Hydride (NiMH) modular battery 

- Energy density: 59 Wh/kg 

- Power density: 317 W/kg 

- Capacity one 12 V module: 10 Ah 

- Operation temperature: -20 – 45 °C 

- Battery capacity: 48 kWh 

Socomec Power Conversion System incl. transformer 

B Socomec inverter  PCS2-33TR 

- Maximum re/discharge current: 80 A 

o Limited to 35 A DC 

- Maximum efficiency: 97 % 

- European efficiency: 96 % 

- Rated power: 33.3 kW 

- Rated voltage: 400 Vrms 3ph 

- Rated current: 48 Arms 

 Data collecting and processing systems 

The data collection of the PV system, Solargis®, Icarus®, and building loads can be extracted 
from the InsiteReports. This is a tool designed by Kropman Installatie techniek that is able to 
combine data of different sources to make graphs and tables. Furthermore, the data can be 
used for calculations. InsiteReports®is used to extract the data and is also used to define the 
solar and demand profile of a specific day. The data is subsequently exported to InsiteView® 
to define the control strategy and to control the BESS. InsiteView® is a programming tool to 
define a rule-based control for controlling different building components. InsiteView® also 
collects data from InsiteReports®and other BMS components. This tool can also send data to 
the BMS to control the BESS of the building. Some constrains that were used in the control 
strategy can be changed by InsiteView®, which also shows all the data of the BMS components. 
The connections and data exported from the different tools in Figure 17 and in more detail in 
Appendix 0.  

 

Figure 17: Connections with insite software and control strategy 
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3 Step 1: Analysis of PV system performance 

An analysis of a PV system was carried out to understand how the PV system works and to 
determine what are the influences on the output of a PV system? At first, a literature study 
was done to find the influencing environmental factors. These factors were used to find the 
correlation between individual environmental factors. The analysis showed possible relations 
that could influence the correlations on the panel temperature and the power output. 
Secondly, the influence of the environmental factors on the panel temperature was analyzed. 
Finally, the influence of the environmental factors on the power output was analyzed.  
 
The complete analysis was used to formulate a predictive equation for the power output based 
on a SPSS analysis. The data for all the sub-chapters are from January 2016 to November 2017. 
The irradiance, ambient temperature, relative humidity, wind speed, panel temperature and 
power output for each panel was extracted.  These environmental factors were extracted from 
the weather station and described in more detail in chapter 2.5. The panel temperature was 
the measured irradiance on different PV panels and in each row of PV panels. The power 
output for each panel was saved and used in the analysis. Measurements of the power output 
contain some small uncertainties that are described in chapter 2.5. This chapter, answers the 
first sub-question: 
 

• What is the power and energy performance of the PV installation depending on 

external factors as outside temperature, wind speed, and irradiance? 

 Environmental factors 

Environmental factors influence the output of the PV panel. The literature study showed 
ambient temperature, wind speed and irradiance [39] [40] are the main factors that influence 
the PV output. Moisture and dust are also mentioned in literature, but there was less literature 
available regarding these factors. Table 4 shows the factors used in the panel analyses that are 
included in the literature review. The ambient temperature, wind speed, and irradiance were 
used in the current analysis. The dust was left out of the analysis because this cannot be 
quantified easily and therefore was 
not included in the model. However, 
some panels were cleaned to find the 
possible influence for a short time 
period, this is discussed in 0. The 
results of this analysis were used to 
explain the outcome of the results of 
the panel temperature and power 
output. First, the data of the 
mentioned environmental factor was 
extracted from the weather station 
for the analysis. All the factors were 
compared with each other to find the 
possible correlations, this was done 
with scatter diagrams. The data of the 
variables are spread widely, and no 
direct correlation was found between each other. However, the moisture and ambient 

Figure 18: Moisture and ambient temperature relation 
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temperature had a significant relation, which is shown in Figure 18. A linear correlation was 
found where low temperature represents a low moisture level in the air and more moisture 
was found in air with a higher temperature. The figure clusters the Relative Humidity(RH) to 
give a more detailed relation. The clustering showed a clear distribution of the RH. The spread 
of moisture levels was wider when the temperature is higher. The other relevant figures on 
the correlation of environmental factors can be found in Appendix A. The environmental data 
was also implemented in SPSS to find the correlations. A table of correlations can also be found 
in Appendix A.I. It can be concluded that ambient temperature and moisture have a strong 
correlation. The same relation was found in the Mollier diagram [41]. This correlation can be 
used to explain the environmental factor relations between the panel temperature and 
produced PV energy.   
 
Table 4: Literature with the used factors for analysis 

 Panel temperature 

According to the manufacturer sheet, the temperature coefficient influences the power 
output of the PV panels [38]. The temperature coefficient of maximum power can be 
calculated by multiplying the coefficient given by the manufacturer with the temperature 
difference between the panel temperature and the Standard Test Conditions (STC) panel 
temperature. The STC conditions are described in more detail in section 1.1.6.   
 
Literature shows that the panel temperature is influenced by environmental factors [40] [43] 
[35]. Table 5 shows an overview of the literature. Based on this literature study, the panel 
temperature analysis was performed with the parameters ambient temperature, wind speed, 
and irradiance. Literature [40] also shows that the moisture in the air is correlated with the PV 
production, a figure of the correlation can be found in Appendix A.II. However, this figure 
shows no relevant correlation, therefore the correlation has been excluded from the analysis.  
 
The irradiance was measured in the horizontal plane at each m2. At certain outdoor conditions, 
the panels at different angles experienced different amounts of irradiance. This provided 
different panel temperatures and a different PV energy output. To find the actual influence on 
one panel, the total inclined irradiance on the panel was calculated. The calculation of the 
irradiance at a certain angle is based on different models described by C. A. Velds [45] in his 
book and is described in more detail in Appendix A.IV. He provides a summary of all the existing 
models. There is no model that includes the calculation of the diffused and direct components 
which also includes the calculations on an inclined surface. One model was used to calculate 
the amount of diffused and direct irradiance, as a result the irradiance on a certain angle can 
be defined. Velds did not actually validate this model. The selected model from the paper can 

Authors Which factors used 

Touati et al. [25]  Pout., Tpanel, Tamb., RH, irradiance, wind speed, dust 

Skula et al. [39] Tpanel, Tamb.,  irradiance, wind speed, sun height, and meteorological 
conditions 

Rahman et al. [40] Pout., Tpanel, Tamb., RH, efficiency 

Malvoni et al. [42] Performance Ratio (PR),  Degradation Rate (DR),  Pout., efficiency,  Tpanel, 
Tamb., Irradiance 

Elibol et al. [43] PR,   Pout., Tpanel, Tamb., wind speed, efficiency 

Tossa et al. [44] PR, I, V,  Pout., Tpanel, Tamb., RH, irradiance, wind speed, and direction 

Gaglia et al. [35] Pout., Tpanel, Tamb., irradiance, wind speed, efficiency 
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not be validated with measurements because of only the horizontal measurement data of 
irradiance.  
 
Table 5: Literature panel temperature 

 
To understand the influence of the environmental factors on the panel temperature, scatter 
diagrams were made. The panel temperature was measured at different panels with an 
existing temperature sensor as described in chapter 2.5. This temperature data was filtered 
on daylight hours to get relevant correlations between all the environmental factors. During 
the analysis of these figures, it was found that different inclination angles show insignificant 
different correlations between the panels. Therefore, all the data were compared in the 
figures, and also clusters were included to compare different factors. These clusters show that 
there could be an influence of other environmental factors. For example, the panel 
temperature was influenced by irradiance and ambient temperature. The data were clustered 
by ambient temperature for this reason. Some figures used the delta T instead of panel 
temperature; this was done to show more relevant correlations between the different factors. 
Delta T is the difference between the panel and the ambient temperature.   
 
Figure 19 - Figure 21 illustrates the relevant correlations. Figure 19 shows a linear correlation 
between irradiance and panel temperature. However, the figure shows a wide spread which 
implies another influence on the panel temperature and also a high variability. Variability is 
described as a ‘quantitative description of the range or spread of a set of values’ [46, pp. 2-1]. 
The data were clustered based on ambient temperature as shown in the legenda besides the 
figure.  
 
Generally, at higher irradiance, the panel temperature is higher. Each cluster also contains a 
trend line, all the clusters have a similar increment for the panel temperature for this line 
(increment of 0.02 degree Celsius per increase of 1 W/m2). The R2 (0.58 – 0.71) in the legenda 
next to  Figure 19 shows that in each range there is an inaccurate fit of the trend lines. In lower 
irradiance, a high influence of other factors could be the result of the deviation. When the 
irradiance is higher there a higher deviation of temperature from the trend line, which is a 
deviation of around 10 to 15 degrees Celsius from the regression line. It can be concluded that 
low irradiance has a low difference between ambient and panel temperature and high 
irradiance goes together with high panel temperature.  
 
 
 
 
 
 
 

Authors Summary 

Rahman et al. [40] Irradiance influences the temperature and a relation between RH and the 
performance. 

Elibol et al. [43] A relation between Tpanel and Tamb. and irradiance. Strong correlation found 
between the change of irradiation and the PR and Tpanel.   

Gaglia et al. [35] A linear correlation between Tpanel. and Tamb., less influence from the 
irradiance and wind speed.  

C. A. Velds [45] Information of the irradiance and how to calculate the irradiance with 
different models.  
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Figure 19: The relation between the panel temperature and irradiance with ambient temperature clusters and the 

R2  

 
Figure 20 illustrates the correlation shown in Figure 19 more clearly, it shows that the 
correlation between the ambient and panel temperature is also linear. The legenda of the 
clusters in the figure can be found in Table 6.  Figure 20  displays a straight linear correlation 
between ambient and panel temperature in the lower irradiance regions. The clusters in this 
figure are clusters of irradiance as shown in Table 6. When a higher irradiance is measured, 
more spread is seen which implies a higher variability. This variability can also be seen in Table 
6 in the R2 of the different irradiance clusters. A higher R2 value implies a better fit of the data 
in the cluster comparing it with the trend line, a lower R2 means higher variability between the 
data. In the low region, the correlation is more clear than at the higher irradiances region, 
which can also be seen from higher R2 value. In the higher irradiance regions, there might be 
another influencing factor besides the irradiance and ambient temperature that explain this 
variability. This could be the deviating wind speed or dirt. Using these trend lines for predicting 
the panel temperature with irradiance and ambient temperature, could give a good result. 
Although at higher irradiance, the output is more uncertain.  
 
Table 6: Legenda for the scatter diagrams with irradiance clusters and the R2 of the different clusters 
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Legenda  
 Tamb.  R2 

+ < 5 ℃ 0.58 
+ 5-12 ℃ 0.68 
+ 12-20 ℃ 0.65 
+ >20 ℃ 0.71 
o STC  

 Irradiance Figure 20  R2 Figure 21  R2 

+ < 250 W/m2 0.95 <0.01 
+ 250-500 W/m2 0.88 0.01 
+ 500-750 W/m2 0.82 0.05 
+ 750-1000 W/m2 0.81 0.04 
+ > 1000 W/m2 0.75 0.10 
o STC   
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Figure 20: The relation between panel temperature and ambient temperature (legenda at Table 6) 

 
The wind speed is shown in Figure 21, lower wind speed can be seen in lower regions of 
irradiance. The other regions show a widespread and high uncertainty in the lower wind 
speed. This figure illustrates clustering of the irradiance, the delta temperature results in more 
clear clusters in the lower region and was therefore selected over panel temperature. The 
legenda of these clusters can be found in Table 6. All the increments of the trend lines in the 
figure are approximately the same, the panel temperature decreases with higher wind speed. 
The R2 of the lines also show a small correlation between the delta temperature and the wind 
speed (Table 6). It can also be concluded that low wind speed (wind speed below 10 m/s) 
mostly occurs at the test case location, more research is needed to define if the wind speed 
needs to be included in the prediction of the panel temperature and power output. This can 
be found in the next paragraph.  
 

  
Figure 21: The relation delta temperature (Tpan minus Tamb.) and wind speed (legenda at Table 6) 

 Evaluation  

The figures in the previous chapter show that the panel temperature was influenced by 
different environmental factors. Data uncertainty can be defined as ’a lack of knowledge about 
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the factors affecting the exposure’ [46, pp. 2-1]. Ambient temperature and irradiance have a 
clear correlation, whereas wind speed is less clear.  
 
The wind speed was of smaller influence than ambient temperature and irradiance, according 
to the literature [35]. Figure 21 shows no direct correlation. Wind can reduce the temperature 
of the PV panel, however, this relation is only found at high wind speed. Correa-Betanzoa et 
al. also state a stronger correlation at a wind speed above 15 m/s [47].  Gaglia et al. state that 
the wind factor, which is the influence of wind on the PV temperature, should vary between -
1.30 and -1.65; however, quantifying the effect is difficult due to highly varying wind speed 
[35]. To check the statement of Correa- 
Betanzoa et al. [47] Figure 22 were made. 
This probability figure shows small wind 
speeds on the test case building and a small 
proportion of wind speed above 15 m/s. 
These low wind speeds are of small 
influence according to Correa-Betanzoa et 
al. [47]. It can be concluded that the effect 
of wind is small compared to other factors. 
However, the wind speed is essential to 
include when it is high. The data showed a 
small decrease in delta temperature with 
high wind speed, therefore the wind speed 
should be included in the computation of 
the panel temperature.  
 

Due to the wide spread in the figures, it can be concluded that more than one factor is 
involved. The next step is to find a complete correlation that includes all the factors. Barbieri 
et al. gave an overview of the literature for predicting methods and he mentioned some linear 
models next to a few empirical models [48]. Tamizhmani et al. describe a way to analyze the 
data with a linear regression model that can be used to predict the panel temperature. [24] 
Multiple Linear regression was used to find the impact of all the different environmental 
factors on the panel temperature based on the historical data. The panel temperature is the 
dependent variable and the other influencing factors are the independent variables in SPSS. 
The irradiance in the model was the total irradiance on one panel. The regression shows the 
impact of each variable on the panel temperature in relation to each other. All the data of the 
different panels are combined and analyzed together because no significant difference was 
found between the regressions of the different panels.  
 
Table 7 shows the Multiple Linear regression model of all the panels with a temperature 
sensor. Equation 1 can be used to predict the panel temperature of each PV panel on this 
location individually. The unstandardized coefficients show the impact on the panel 
temperature when the factors are increased with one unit. This coefficient can be used to 
calculate and predict the panel temperature based on these environmental factors. These 
values are used to define the equation for the prediction model for the panel temperature 
based on the environmental factors. The unstandardized coefficients show the impact on the 
panel temperature in relation to other factors, it shows which factor is the most influencing 
factor.  
 The last column is the significance value which shows the relation between the 
changes in the predictor’s value and the changes in the responsible value for a regression 
model. It means that a predictor with a low significance value is a meaningful addition for the 

Figure 22: Probability of windspeed during the data 
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model and a large value suggest that the changes in the predictor are not related with the 
changes in the response variable and can be removed from the model. The value of the 
significance should be below 0.05 to have a meaningful effect on the output. 

According to the regression model, all factors have a significant influence on the panel 
temperature because the significance value is smaller than 0.05. The standardized coefficients 
show that the ambient temperature and irradiance are mostly influential on the panel 
temperature. The standard error is also included in the equation to show the deviation of each 
coefficient. It can be seen that the wind speed is deviating around 35 % and the irradiance has 
no standard error. The results of the regression showed an accurate coefficient with three 
digits after the dot; however, the spread in the previous figures show the influences of 
different factors together. This means that the coefficients can be rounded to one number 
after the dot. 
 

Based on the table an equation was made to predict the panel temperature based on historical 
data. The size of the panel was included in this equation, this means that the equation can be 
used if one knows the irradiance on the complete panel. The R2 of this model is 0.93, which 
means that the model was able to predict the results up to a good extent.  
 
The model performs really well in predicting the panel temperature for a substantial part. The 
validation of this model will be done in Appendix B.V.i with historical data. Equation 1 is then 
used in section 3.3.1 in a model which includes Solargis® environmental data and an equation 
for the output based on regression. This equation is used in the output equation to calculate 
the power output based on this equation.  
 
Equation 1:    𝑇𝑝𝑎𝑛𝑒𝑙 =  −2.1(±.06) + 1.2 ∗ 𝑇𝑎𝑚𝑏.(±0.004) + 0.01 ∗ 𝐼𝑠 − 0.2 ∗ 𝑉(±0.006)  

Tpanel  =   Panel temperature      [⁰C] 
Tamb. =   Ambient temperature     [⁰C] 
Is  =   Irradiance on one inclined panel   [W] 
V =   Wind speed      [m/s] 
 
Table 7: SPSS of Panel temperature with environmental factors without moisture 

Model 
 

Unstandardized Coefficients Standardized Coefficients t 
 

Sig. 
 B Std. Error Beta 

1 
 

(Constant) -2.1 0.06  -33.9 0.000 

T ambient 1.2 0.004 0.7 331.7 0.000 

Wind speed -0.2 0.006 -0.07 -34.7 0.000 

Irradiance  0.01 0.0 0.5 257.4 0.000 
 

*Dependent Variable: Panel temperature 

 Power output 

The previous chapter described the influence of the environmental factors on the panel 
temperature and the power output. Literature shows lower performance for different PV 
panels than the STC laboratory measurements [42] [44] [35]. Tossa et al. calculated the 
Performance Ratio (PR) to compare the actual efficiency to the STC efficiency given by the 
manufacturer. The author found an 80-92 % PR that shows that the panel performs lower than 
expected [44]. Gaglia et al. likewise found an 18% lower efficiency than the STC. [35] A small 
overview is given in Table 8.  
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The influence of the environmental factors was analyzed with scatter diagrams. The 
correlation between the panels and the power output does not differ significantly between 
the rows of panels. There is a different output between the rows, this was due to the different 
inclination angle per row which result in different irradiance. Analysis of different panels 
shows no significant difference. Thereby, only one panel was selected to present the scatter 
diagrams, panel number 2.08. This was a panel with the lowest inclination angle and with a 
temperature sensor. No direct correlations are found between the ambient temperature and 
wind speed in relation to the power output, these figures can be found in Appendix A.III. 
However, these factors have an influence on the panel temperature, as described in the 
previous chapter, and influenced the power output indirectly. Each figure has a legenda of the 
used clusters to make the figure clearer. These clusters show other relevant factors that 
influence the power output. The legenda of the figures also show the R2 of the trend line for 
the different clusters. The calculation of the efficiency sometimes results in a value which is 
too high, these errors are filtered out of all the figures.  
 

Table 8: Literature power output 

 

Figure 23 shows a clear increasing correlation between the power output and the irradiance. 
This figure uses a cluster of delta temperature, which is the panel temperature minus the 
ambient temperature. The same color as the data points was used to surround all the data 
points in the cluster. A cluster of delta temperature is chosen above panel temperature 
because the ambient temperature is included. Increasing delta temperature means an 
increase of panel temperature due to ambient temperature and irradiance as mentioned in 
Chapter 3.2. This figure illustrates that the delta temperature increases when both irradiance 
and power output increase. Lower delta temperature regions show a smaller increase of the 
power output and a smaller variability in the cluster. Higher delta temperature clusters show 
a higher variability. The trend lines of the cluster are not included, the increment is two watts 
per increase of 100 W/m2 for each cluster. The fit (Table 9) of the regression lines decrease 
when the delta temperature increases.  This implies that the irradiance was not the only factor 
that influences the power output. The STC value in the figure shows that, for most of the time, 
the power is lower than the 260 Watt, which is the value given by the manufacturer  

Auteurs  Summary 

Malvoni et al. [42] The efficiencies are lower than the datasheet of the manufacturer, lower 
than the STC performance. An increase of 1 ⁰C ambient temperature leads 
to a 7 % loss of energy. 

Tossa et al. [44] Performance lower than STC due to temperature effect. An average 
performance ratio of 84% is found for mono -and polycrystalline modules. 

Gaglia et al. [35] 18.1 % lower efficiency than the STC as explained in section 1.1.6, due to 
different environmental conditions during the year.  
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Figure 23: Figure of the relation between power and the irradiance with delta T clusters 

 

Table 9: Legenda of delta T( panel temperature minus ambient temperature) cluster in the figures 

 
 
 
 
 
 
 

Figure 24  illustrates the irradiance in an efficiency curve. The efficiency is calculated based 
on the measured power output of this specific panel and calculated irradiance on the panel. 
High amounts of efficiency are filtered out of this figure, the efficiencies above 25 % and 
lower than 10 % efficiency are filtered out. There is no clear correlation found between the 
irradiance and the efficiency. At high irradiance levels, the panel temperature is also high. At 
low efficiency, the figure shows lower irradiance and panel temperature. More deviation 
from the STC efficiency is seen at lower delta temperature levels. Comparing each cluster, 
each cluster deviates and no direct correlation can be found. This results in a trend line that 
is hard to illustrate. It can be drawn both as a decreasing and increasing line. The low R2 in  
Table 9 illustrates this as well. The STC efficiency is reached only once during the analysis 
period, the efficiency is much lower than expected most of the times. This means that the 
efficiency of the manufacturer is different in this situation.  
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Figure 24: Figure of the relation between efficiency and the irradiance  

 

The panel temperature is another important factor in combination with power, as shown in 
chapter 3.2. The figure of the correlation between panel temperature and power is shown in 
Appendix A, it shows the same correlation as in Figure 23 and can be left out in this chapter. 
 
Figure 25 is the efficiency graph in relation to the panel temperature. The data is clustered 
with irradiance, however, clustering did not made the figure clear. All the groups coincided 
with each other and no trend line can be drawn. This was also found in Figure 24 and is 
confusing with the manufacturer STC efficiency and related temperature coefficient [38]. It 
can be stated that a line can be drawn in a decreasing way because of the widespread in the 
figure due to this deviating efficiency. The STC efficiency of the manufacturer can be reached 
but the efficiency deviates a lot as explained in section 1.1.6.  
 

   
 Figure 25: Figure of relation efficiency and panel temperature  
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 Evaluation 

Besides the figures in the previous chapter, Multiple Linear Regression was done for all the 
rows to find the correlations between the environmental factors and the power output. This 
regression was done to get an overall influence of the factors on the power output. The data 
of all the panels were combined for the regression because there is no significant difference 
between the panels and more data means more accurate outcomes. The output is high 
because the irradiance is also high, which is the reason for no significant difference. The first 
Multiple Regression model shows the influence of the environmental factors on the power 
output. A second Multiple Regression shows the influence of the panel temperature on the 
power output. 
 
Table 10 shows the results of the first Multiple Regression and shows the influence of different 
environmental factors on the power output. The power output is the dependent variable and 
the other influencing factors are the independent variables in SPSS. The regression shows the 
impact of each variable on the panel temperature in relation to each other. The 
unstandardized coefficients show the impact on the power output when the factors are 
increased with one unit. These coefficients can be used to calculate and predict the power 
output based on these environmental factors. The last column shows the significance of the 
factor, this should be below 5%. When this value in the table shows a value higher than 0.05, 
the variable is not significant.   

According to the regression model, all factors have an influence on the panel 
temperature because the significance is smaller than 0.05. The standardize coefficients show 
that the irradiance is the biggest influencing factor on the power output. The wind speed is 
the smallest influence of all three, it will still be included however. The unstandardized 
coefficient shows a smaller value of irradiance than ambient temperature, however, the 
irradiance can reach a higher value. 
 
The standard error of the values shows that the constant has a high error, the temperature 
can deviate 5%, wind speed 12 % and the irradiance has no error. The R2 is 0.78 for this model 
for predicting the power output based on environmental factors, this shows that this model is 
an average prediction method. The results of the regression showed an accurate coefficient 
with three numbers after the dot; however, the spread in the previous figures showed the 
influences of different factors together. This means that the coefficients can be rounded to 
one number after the dot. Some number have 3 numbers after the dot due to a small number. 
 

Table 10: SPSS of PV power with environmental factors for one panel based on all panels  

Coefficientsa 

Model 

Unstandardized Coefficients 
Standardized 
Coefficients 

t Sig. B Std. Error Beta 

1 (Constant) -0.6 0.6  -1.0 0.313 

T ambient 0.6 0.03 0.06 18.3 0.000 

Wind speed 0.5 0.06 0.03 7.9 0.000 

Irradiance 0.1 0.0 0.86 244.9 0.000 

a. Dependent Variable: Power 
 

The second Multiple Linear regression model was used to check the influence of the panel 
temperature on the output. This panel temperature is analyzed in chapter 3.2. This correlation 
is used to predict the power output in combination with a regression model based on panel 
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temperature in this chapter. All the panels showed a similar relation between the panel 
temperature and the power output. All the data of all the panels with a temperature sensor 
were included. Table 11 shows the output of the regression model. The standard error is 
smaller for this second regression model. The unstandardized coefficient constant shows that 
at low temperature the power could be below zero. The R2 is 0.51 for this model to predict the 
power output on environmental factors. This already shows that predicting with this model is 
more difficult.  
 

Table 11: SPSS of PV power with panel temperature for one panel based on panels with a temperature sensor 

Coefficients* 

Model 
 

Unstandardized Coefficients Standardized 
Coefficients 

t 
 

Sig. 
 

B Std. Error Beta 

1 
 

(Constant) -12.4 0.6  -19.6 0.000 

T panel 3.9 0.03 0.7 148.6 0.000 

a. Dependent Variable: Power 
 

The unstandardized coefficients are used to calculate the power output of a PV panel. The 
equations below show an equation for calculating the power output based on environmental 
factors and a second equation to calculate the power output based on the panel temperature. 
This last equation can be combined with Equation 1 in chapter 3.2 and is combined in Equation 
4. The validation of the models, based on Equation 2 and Equation 4, will be done in Appendix 
B.V.ii with historical data. These equations are then used in two different models that are also 
included in the Solargis® environmental data. Validation is needed to define if there is a need 
to define a new environmental source or that the inaccuracy is due to the model. The 
coefficients are rounded because the influences are related to the other environmental 
factors.  
 
Equation 2:   PVenergy;environmental= -16.4(±0.6)+0.5* Tamb.(±0.03)+ 

                                    0.1*Is-0.05*V (±0.06) 
 

Equation 3:  PVenergy;Tpanel= -12.4(±0.7)+3.9*Tpanel (±0.03) 

 

Equation 4:  PVenergy;Tpanel= -12.4(±0.7)+3.9*(-2.1(±.06)+1.2*Tamb.(±0.004) 

 +0.01*Is-0.2*V(±0.007)) (±0.03) 
 

PVenergy  =   Produced power of one PV panel [W] 

Tamb. =   Ambient temperature    [⸰C] 
Is  =   Irradiance on one inclined panel  [W] 
V =   Wind speed     [m/s] 

Tpanel  =   Panel temperature     [⸰C] 
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4 Step 2: Analysis of PV prediction methods 

The next step in using the PV energy effectively in the building was predicting the power 
production of the system. This can be done in different ways, for this research four models 
were used. The first model was based on the predicted output of Icarus®. The second model 
was based on the predicted output of Solargis®. The third model uses the environmental 
factors predicted by Solargis® based on equations for the panel temperature and the power 
output. These are the equations discussed in chapter 3.2 and 3.3. Finally, using the same 
predicted factors in another model, based on the multiple linear regression of the 
environmental factors and power output. This model uses another equation from chapter 3.3. 
The last two models will also be validated based on historical data. The data is collected from 
the 28th of May to the 7th of July 2018. Solargis® missed some data in this period. This period 
was chosen because there was enough data for all the models on the same day. The analysis 
and validation can be found in Appendix B. This chapter starts with a summary of the analysis 
that can be found in Appendix B. Afterwards, the comparison is done for different solar 
profiles. A line graph and a scatter diagram with predicted versus measured is used. This all 
leads to the best model that is analyzed more in details to get the uncertainty data for the 
different time-steps.  
 
The used models, which are described in more details in section 1.1.5 and appendix B.I: 

1. Icarus® 
2. Solargis® 
3. Model 3 with Tpanel and PV power equation 
4. Model 4 with PV power equation 

 
In this chapter, the following subquestion will be answered: 
 

• How can the PV production be predicted for the short-time based on external 

factors?  

 Summary of the analysis 

Each model is analyzed separately and then compared to get the best model, the analysis of 
separate models can be found in Appendix C. All the days are put in a specific category that 
represents specific weather. The categories are fully clouded days, sunny days, and days with 
low PV production in the morning or in the afternoon and average sunny day with more clouds 
(Figure 13). For a few number of days, the PV production was low in the afternoon. The 
selected days in the analysis (Appendix B) of the models are the extreme days, the analysis 
was done for 31st of May, 14th of June and 19th of June. Some extra days were also included in 
Appendix 0.  
 
The selected times in the analysis were one and three hours ahead, to see if the prediction 
was reacting to the change of demand. 6:00 AM was selected to be analyzed because the 
production started from that time. The analysis showed that this was not the best time, 
however, the models only react on lower PV production in a very short time. This means that 
if at 9  AM the PV production is lower due to the clouds this can only be seen less than an hour 
before this time. The analyzed days shows that most of the days, the lower demand starts at 
9 or 10 AM, and the prediction at 7 or 8 AM is predicting around the same power as 6 AM. This 
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makes it less relevant to implement these times in control strategy, because this made it more 
complex.  
 
Previous analysis of the different models showed that model 3(Appendix B.V) is not accurate 
enough, this model will be left out of the comparison. From the figures of Icarus®(Appendix 
B.II)  it can be concluded that the prediction during fluctuations cannot be easily predicted by 
Icarus®. It follows the standard solar profile and tries to react on lower prediction, however, it 
predicts then incorrect and mostly too low. The morning time was the most difficult to predict 
and showed a high inaccuracy. Solargis®(Appendix B.III)  was not able to predict the generation 
for the morning time very well. Using the 6:00 AM data for this type of day gives high deviation 
at specific times, at these days the more short-time (1 or 3 hours ahead) is more useful. 
However, the prediction reacts on the change of production, Icarus® did not react correctly on 
this change. There was not a lot of difference in predicting one or three hours ahead. From 
model 4(Appendix B.VI)  it can be concluded that the prediction for the morning time was 
more difficult for this model, possibly due to incorrect prediction of irradiance of Solargis®. 
The inaccuracy of this model was similar to Solargis® model. When the generation in the 
morning or the afternoon is lower than expected, it can be balanced at another part of the 
day, which means daily prediction is not deviating a lot. 

 Comparison of the different models 

Different models need to be compared to find the best model to predict the output of the PV 
panels. Most models showed that the difference between the one and three hours ahead does 
not show a significant difference. Therefore, the comparison will be done for the prediction of 
the output at 6:00 AM and on the 1 hour ahead. 6:00 AM will be used in the control strategy 
and is the main focus. This prediction was also relevant to define the control strategy in the 
morning for the rest of the day. The analysis shows that fluctuation and low irradiance was 
difficult to predict.  
 
All the solar profiles will be included except the fully sunny day, profile 2(Figure 13) because 
the fluctuation in this model was similar for each predicted day. Besides the solar profiles of 
the average days are also shown. These days are not fully sunny days and not comparable with 
profile 3 or 4, these days show many fluctuations. Therefore these will be included in the 
comparison. Some other days can be found in Appendix 0. Each specific day shows some 
examples in a line figure and in a figure that shows predicted versus measured output.  
 
Furthermore, three indicators of the days are defined, the coefficient of determination (R2), 
Weighted Absolute Percentage Error (WAPE) and the Coefficient of Variation of Root-Mean-
Square Error (CV-RMSE). The R2 shows the fit of the trend line in the figure, this was done for 
each separate day. This gives a value between 0 and 1, closer to one means better fit. [49] The 
R2 can also be negative, this means that the prediction was not accurate enough and another 
indicator should be used [50]. The calculation was based on Equation 5. The WAPE is the 
measurable absolute error of the prediction methods. The percentage of this best model is 
close to zero. [51] Equation 6 gives the equation to calculate the percentage. The CV-RMSE is 
the overall uncertainty in the prediction. It is the RMSE divided by the sum of the measured 
data for the same period. Equation 7 shows the equation to calculate the uncertainty, this 
value should also be close to zero. [52] These three criteria were used to validate the 
comparison of the models. Table 12 shows the indicators for the different solar profiles and 
the different models. It is an average of the day that is profiled for this type of solar profile. A 
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summary of all the different days can be found in Appendix B.VII and also an overview of the 
days with the solar profile of this day.  
 

Equation 5:  R2 = 
∑ (ŷ𝑖−  𝑦𝑖)2𝑛 

𝑖=1

∑ (ŷ𝑖−ỹ𝑖)2𝑛 
𝑖=1

                                             [49] 

Equation 6:  WAPE= 
∑ |

yi-ŷ𝑖
ŷ𝑖

|n 
i=1 ŷ𝑖

∑ ŷ𝑖
n 
i=1

∗ 100 %                 [51] 

Equation 7:  CV-RMSE= 

√∑ (yi-ŷ𝑖)
2n 

i=1
𝑛

∑ ŷn 
i=1 𝑖

                                    [52]        

 

yi = Predicted value 
ŷi = Measured value 

ỹi = Average of measured values  
n = Total datapoints 
 
Table 12: Indicators of the prediction for the different solar profiles and different models  

1 hour ahead At 6:00 AM 
  

Solar profile 1 Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 
R2 0.36 0.43 -0.14 -0.45 -0.92 -2.37 

WAPE 74% 80% 58% 49% 61% 58% 
CV-RMSE 97% 104% 71% 64% 81% 68% 

Solar profile 2 Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 
R2 0.77 0.82 0.82 0.80 0.78 0.78 

WAPE 87% 84% 85% 81% 92% 85% 
CV-RMSE 114% 106% 111% 104% 115% 112% 

Solar profile 3 Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

R2 -0.01 0.77 0.65 0.69 0.62 0.68 

WAPE 84% 94% 86% 102% 125% 92% 

CV-RMSE 130% 124% 109% 148% 172% 122% 

Solar profile 4 Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

R2 0.45 0.76 0.77 0.53 0.64 0.50 

WAPE 98% 91% 77% 80% 89% 79% 

CV-RMSE 145% 123% 110% 115% 123% 113% 

Average solar days Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

R2 0.36 0.73 0.65 0.59 0.62 0.55 
WAPE 91% 84% 71% 96% 99% 82% 

CV-RMSE 124% 107% 98% 127% 128% 112% 

 Solar profile 1 

Figure 26 shows that the prediction of days with solar profile 1 is higher for all of the models. 
This prediction was done at 6 AM in the morning. The summary in Table 12 shows a negative 
R2 for the solar profile and will be left out for the comparison of different models. Figure 26 
shows that 17th of June has smaller deviations than the other days in the figure. At 6 AM, the 
total daily prediction is around 40 kWh, the model errors are 33 % for Icarus®, 10 % Solargis® 
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and 51 % for model 4. Due to this fact, Solargis® seems to be the best predictor, however, the 
WAPE and CV-RMSE show a higher percentage for Solargis® due to higher deviations in the 
morning, but these deviations are small(1-4 kW). For the same day, the Icarus® model 
predicted accurately.  

The 18th of June shows higher peaks in all the models, however, Icarus® predicts a 
lower output than other models and was more close to the actual production. The error of 
predicting the total power output of this day show an error of 100% for all the models. The 
WAPE and CV-RMSE are similar for the 6 AM prediction and none of the models were predict 
it accurately.   

The 19th of June shows that all models are predicting higher values with errors around 
1-4 kW. The prediction of the total PV power for this day was compared to the 18th of June 
and the error was around 100 %. Icarus® and Solargis® have comparable numbers for the 
indicators for 6 AM prediction, model 4 shows a higher percentage.  
 

  
Figure 26: Solar profile 1 comparison of prediction at 6:00 AM – 17-6-18, 18-6-18, 19-6-18 

 

Figure 27 shows that during days with solar profile 1 all the models have uncertainties, 
especially in the lower power region. This figure shows for 6:00 AM the predictions are too 
high in the lower regions. There was also less difference between the models. The right figure 
shows a more accurate prediction. The average indicators are similar for different models, 
however, model 4 perform better for both indicators. Table 12 shows an average for the tree 
indicator as mentioned in section 4.1. The R2 in the summary of profile 1 shows that all models 
are not accurate to predicts these days. This can be also seen in other indicators, these are 
also too high but mostly smaller for other solar profiles. Solargis® and model 4 are predicting 
more accurately the 6:00 AM generation. The Icarus® model can be used to predict the 
generation for one hour ahead. 
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Figure 27: Predicted versus measured of a solar profile 1 at 6:00 AM (left) and 1 hour ahead (right)  

 Solar profile 3 

This solar profile has only data for one day during the analysis period, after this period Icarus® 
does not generate new prediction data. However, analyzing this data gives also the errors of 
prediction of these types of days. Figure 28 shows this day with a smaller amount of PV 
production in the afternoon. Overall, no model has high errors looking at the indicators. The 
R2, WAPE, and the CV-RMSE are similar for the models for the 6 AM prediction in the morning. 
The total prediction of the total day has an error of 5% for Icarus®, 35% for Solargis® and 30 % 
for model 4. However, Solargis® and model 4 reacts to the change of smaller demand in the 
afternoon, Icarus® predicts another solar profile. Predicting this other solar profile have an 
influence on the control strategy. The WAPE and the CV-RMSE show better fit for model 4.  

 
Figure 28: Low sunny day comparison of prediction at 6:00 – 14-6-18 

 

Figure 29 shows the predicted versus measured values at 6:00 AM and for one hour ahead. 
Both figures show similar spread in the figure. The left figure shows the same conclusion as 
found in Figure 28, Solargis® predicted lower values but Icarus® has a higher error of the 
possible trend line. For the right figure, the models are more comparable. The R2 of Icarus® is 
negative due to the deviations in the figure. The WAPE and the CV-RMSE also have a better fit 
for model 4 for the 1 hour ahead prediction. This type of day is predicted more accurate than 
the other models but only one day is analyzed.  
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Figure 29: Predicted versus measured of solar profile 3 at 6:00 AM (left) and 1 hour ahead (right)  

 Solar profile 4 

Figure 30 shows the solar profile 4 for a number of days, when the morning PV production is 
smaller than expected. Three days are selected that represents a small amount of irradiance 
in the morning.  
 
The 31st of May shows that all the models predicted the peak lower than expected. 
Furthermore, the irradiance is predicted too high in the morning for all the models. At 6:00 
AM the prediction error are 4-7 kW. The R2 of this day is around 0.6 for all the models, this 
means that the prediction is not very accurate. The other indicator showed the same high 
errors. Looking closer into the morning data showed that the r2 is not usable and the WAPE is 
above 200 % but the CV-RMSE is below 100 %. The total prediction of the day by Icarus® and 
Solargis® had an error below 10 %, whereas model 4 predicted values with a 30 % higher error.  

At the 5th of June the prediction was more inaccurate, Solargis® and model 4 started 
showing prediction of the generation closed to the actual values. However, all the models 
predicted the generation in the morning incorrectly. The models predicted a comparable peak 
but sometimes smaller than the real value. Icarus® predicted the total production of this day 
with an error of 58% compared to model 4 with an error of 52%. Solargis® predicted with an 
error of 16 %. The R2 for Solargis® was also better than the other models.  

The prediction results for the 20th of June were the best of the three days. Solargis® 
predicted very close to the actual measurements of the outputs in the morning, the other 
models predicted higher values. The R2 of Solargis® was also the highest at 0.93. All the model 
predicted the peak too low with a deviation of 2-3 kW. The other indicators are similar for all 
the models and do not state the best model for this 6 AM prediction.  
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Figure 30: Solar profile 4 comparison of prediction at 6:00 AM – 31-5-18, 5-6-18, 20-6-18 

 
Figure 31 shows 5 days in comparison with the measured output, these are all days that are 
indicated as profile 4. The 6:00 AM prediction shows a similar regression line and a comparable 
R2 of 0.6, however, Solargis® has the highest R2 (Table 12). All the models have higher 
predictions when the power output is lower in the morning. The WAPE and the CV-RMSE 
showed a comparable error for all the models. The right figure (one hour ahead) shows a 
different accuracy of the models. Solargis® and model 4 had an R2 of around 0.75 and Icarus® 
of 0.45. This show that Icarus® can be used in the total day prediction but predicts worse in 
the short time period. The WAPE and the CV-RMSE are higher for Icarus®. The difference 
between Solargis® and model 4 was small, with a higher CV-RMSE and R2 for Solargis®.  

 
Figure 31: Predicted versus measured of solar profile 4 at 6:00 AM (left) and 1 hour ahead (right)  

 Average days 

Figure 32 shows average sunny days, when the power output has fluctuations during the day 
but have higher output than low solar profiles. Seven days were defined as average days, three 
days are shown in this figure. All the days and all the models are comparable to the actual 
power output. The peaks are predicted lower than the actual values, however, the profiles are 
following the profile of the day.  

At 15th of June, the prediction of the peak was predicted incorrectly by all the models. 
Icarus® predicted the smallest peak with a deviation of 4 kW from the actual production. 
Model 4 shows the best fit with the actual prediction and has the highest R2 ( 0.84) and lowest 
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WAPE and CV-RMSE(Table 12). Furthermore, the total prediction of the PV production was 
better predicted by model 4.  

At the 23th of June, model 4 and Solargis® better predicted the peak, the deviation in 
the morning was not predicted correctly. Icarus® predicted the morning better, however, the 
afternoon and peak were predicted too low. Combing all the factors show that model 4 had 
the best prediction method for this day.  

At the 24th of June, all the models predicted the output too low, the error of Icarus® 
was the smallest. The R2 was the smallest for Icarus® and the R2 of model 4 was the highest. 
This same pattern can be found in the other indicators.  
 

  
Figure 32: Average sunny day comparison of prediction at 6:00 AM –15-6-18, 23-6-18, 24-6 2018 

 
Figure 33 shows the measured and predicted values of all the average solar days. At 6:00 AM 
in the morning all the models have an R2 of around 0.6. Model 4 shows the smallest error for 
the WAPE and CV-RMSE (Table 12). In the 1 hour ahead prediction Icarus® has a higher error 
and the average R2 is smaller (0.36) than the other models.  The WAPE and CV-RMSE have the 
smallest error for model 4. Icarus® does not react correctly on the change of the demand, 
which also could be seen in Figure 32.  
 

 
Figure 33: Predicted versus measured of an average sunny day at 6:00 AM (left) and 1 hour ahead (right)  

 

To conclude, if the actual power prediction follows solar profile 2, which is a sunny day, the 
prediction is accurate. If there are any fluctuations as the average solar days showed, Solargis® 
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and model 4 react very well to that and the production changed. On the other hand, Icarus® 
mostly reacts but predicted lower values than the actual. Profile 1 is difficult to predict with 
high prediction errors, no best model can be selected. The prediction of profile 3 is better than 
solar profile 4. Model 4 is predicting higher but Solargis® predicts lower, however, both are 
better than Icarus®. However, including the errors as discussed in section 4.2 shows no best 
prediction method. Profile 4 is the most difficult to predict, due to the changing demand in the 
morning, the models can not react quickly enough to this change. However, Solargis® in most 
days showed a lower morning PV production than the other models. Solargis® was selected as 
the best model to use in the control strategy because it reacts on the change of demand. 
However, the total production of the day could be lower than model 4. Model 4 could also 
give comparable results to Solargis® for most of the solar profiles but was mostly too high and 
predicted the morning production lower than the actual. 
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5 Step 3: Building energy demand profiles and 

prediction 

The Kropman building uses PV energy to reduce the needed electricity from the grid. However, 
the BESS can be charged or discharged to balance the needed electricity from the grid. The 
focus of this chapter is to define the possibility of improving the self-consumption and self-
sufficiency and on defining simple demand profiles that can be used for the control strategy. 
Firstly, demand and supply figures were made to find the possible improvements for self-
consumption and self-sufficiency. Calculations were made for these days, seasons and years 
(2016-2018). Secondly, based on historical data from January 2016 to December 2017, load 
profiles were made to predict the demand of the building including the cooling. These loading 
profiles can be used in the next chapter to define a control strategy for the BESS. In this chapter 
the following sub-questions will be answered: 
 

• What is self-consumption and self-sufficiency for office buildings and how can this be 

improved? 

• How can the building demand be predicted based on external temperature and 

historical data??  

 Self-consumption and self-sufficiency 

The building uses PV energy to reduce the use of electricity from the grid. Literature shows 
that the electricity net load will be decreased when increasing the self-consumption and self-
sufficiency of a building. [18] In section 1.1, the definitions of self-consumption and self-
sufficiency have been described in more details. Equation 8 and Equation 9 show the equations 
to calculate both. 

 The PV panel on the roof of the test case building possesses enough capacity to 
provide all electricity demand of the building during a workday. Demand is lower on the 
weekends which enables net feed-in. This net feed-in is the surplus electricity that cannot be 
used in the building. De Bont designed the BESS of the test-case building to improve the self-
consumption from 81% to 96% and to fulfill DSM for the chiller and the humidifier. This was 
based on the Pareto strategy, an 80/20 rule [37]. This strategy means that 80 % of the grid 
surplus electricity needs to be charged and the other part may be feed into the electricity grid.  
Charging this extra 20 % of the surplus electricity would mean that the BESS capacity should 
be more than 2.5 time higher [37].   
 

Equation 8:  Self-consumption=          
PV production -exported PV production 

Total Pv production
  [4] 

 

Equation 9:  Self-sufficiency=              
PV production -exported PV production

Total electricity demand building
 [4] 

 

To find an improvement for the self-consumption and self-sufficiency Figure 34 and Figure 35 
were made. The figures show two typical days in June and August of 2017. The building 
demand data is extracted for all the building systems from InsiteReports. The self-
consumption and self-sufficiency are calculated based on the data.  

Figure 34 shows a work day during the summer when almost all the energy is used in 
the building, this comes down to a high level of self-consumption. This figure shows the 
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possibility of increasing the self-consumption by charging the net feed-in. However, the 
possible increase is only a small amount of the total building demand on this specific day. The 
self-consumption of the 14th of June is 98 % and self-sufficiency is 44%. Both can be improved 
a bit, the self-consumption of this day could be 100 % and self-sufficiency could be 45% when 
all the batteries are charged. In the winter there is no net feed-in on a workday due to the 
fewer sun hours. This means that during the winter there is a 100 % self-consumption on work 
days. During this 100 % consumption, the self-sufficiency can not be increased because all the 
PV energy is used. When the self-consumption is not 100 %, increasing the self-consumption 
will lead to an increase in self-sufficiency.  

 
Figure 34: Demand of 14th of June 2017 of a work day (left) and the grid need during that day (right). 

 
On the weekends the demand of the building is lower and more electricity is exported to the 
grid. Figure 35 shows a weekend day in the winter when the demand is lower than the PV-
production. However, there is a loss of electricity due to charge and discharge and the BESS is 
full before sunset on summer weekend days. The left figure shows the surplus, this is the 
demand during daylight hours and is eventually the energy exported to the grid. The right 
figure shows the exported energy, which is the demand below the zero line. The self-
consumption of 28th of February is 46 % and the self-sufficiency is 25%. These can be improved, 
the self-consumption of this day can be improved to 100 % and self-sufficiency will be 55% 
when all the extra PV power is stored in a BESS. However, improving the self-consumption to 
100 % also results in a loss of energy due to conversion losses. Besides that, the BESS should 
react quickly on the demand changes and a minimum will be feed into the grid. This should be 
tested with the control strategy and the maximum improvement of self-consumption and self-
sufficiency can be defined.  
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Figure 35: Demand of 28th of February 2016 of a weekend day (left) and the grid need during that day (right). 

 

During the workday, the improvement is small due to the small amount of feed-in electricity.  
Furthermore, the energy loss due to charging and discharging the BESS could be more than 
the exported energy. For the weekend day, there is a relevant improvement of Self-
consumption and self-sufficiency.  

Table 13 shows the PV production and the feed into the grid electricity of the building from 
February 2016 until December 2018. The percentages in the table are the self-consumption 
and self-sufficiency of the years and the different months. The self-consumption is high in the 
winter, but the self-sufficiency is lower. In the summer and spring, net feed-in is high (30-40 
%) on the weekends and late summer afternoons, Over the three years, 20% of the PV 
production is exported to the grid. Conclude, there is enough feed-in electricity that can be 
charged.  

Charging the BESS could be done on the weekends and late afternoons to improve the 
self-consumption. This also leads to an improvement of self-sufficiency. The charged electricity 
can be used during peak demand the next day. Furthermore, an improvement of the self-
consumption to 100% is not expected but the 96 % improvement is expected according to the 
design constraint of improving of 80% [37].  
 

Table 13: PV production of test case building during 2016-2018 

  Total           

  
Production 
[kWh] 

To grid 
[kWh] 

Self-cons.  Self-suff.  
    

2016 16714 2989 82% 18%     
2017 19606 2722 86% 22%     
2018 19076 3756 80% 23%     

              
  Winter       Spring       

  
Production 
[kWh] 

To grid 
[kWh] 

Self-cons. Self-suff. 
Production 
[kWh] 

To grid 
[kWh] 

Self-cons.  Self-suff.  

2016 3139 324 90% 16% 3702 1189 68% 14% 
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2017 5370 274 95 % 19% 3745 1299 65% 14% 

2018 5539 386 93% 25% 3893 1456 63% 17% 

                  

  Summer    Autumn    

  
Production 
[kWh] 

To grid 
[kWh] 

Self-cons.  Self-suff.  
Production 
[kWh] 

To grid 
[kWh] 

Self-cons. Self-suff. 

2016 3925 1062 73% 17% 5948 414 93% 24% 

2017 4080 959 77% 19% 6411 190 97% 27% 

2018 4051 1518 63% 15% 5593 396 93% 26% 

 Predict building demand 

The figures in the previous chapter show that there is a surplus of electricity, especially in the 
weekends that can be stored and can later be used. It is useful to know the basic demand of 
the building and the changing demands. The basic demand are the systems that always switch 
on during a work day. The changing demands are systems that change with changing 
temperature or other external factors. This knowledge can be used to control the building 
demand and can be used for optimizing the demand in combination with a BESS. The building 
electricity is measured and collected for different systems of the building. The systems are 
ventilation, humidifier, lighting, PV panels, BESS, chiller, and the plug loads. More details about 
the building demand components are described in chapter 2.5. The humidifier was left out of 
the analysis because of the breakdowns of the system. Most of the demand is constant during 
the working hours and changes after working hours, some parts were switched off after 
working hours.  
 
The cooling changes with increasing ambient temperature which results in a higher cooling 
demand. When the air is cooled down the temperature is decreased but the humidity of the 
air stays the same. This air needs to be dried to get a comfortable relative humidity in the 
room. Drying the air result in higher demand. This correlation with relative humidity of the air 
is not included in the prediction of the demand because of a high RH when the temperature is 
high in the summer. Only the ambient temperature was used to get an hourly average demand 
for the cooling.  
 
The hourly average demand was defined for each system based on historical data. Table 14 is 
a summary of the demand of each system this table has been used to create the demand 
profiles. This table shows kWh per hour for the different systems. For most of the systems, the 
energy demand is constant and an average hourly demand can be defined. However, the 
chiller is not constantly operating during these 
working hours. Figure 36 shows a figure made by M. 
Voerman in his master thesis, it shows the operating 
of the chiller and its startings and stoppings during 
this period. The average hourly demand of the chiller 
is fluctuating over temperature, higher temperature 
leads to more starting and stoppings during this 
hour. Looking at the defined average hourly chiller 
demand you will not find these starting and 
stoppings but instead an average demand for the 
chiller demand during this hour is shown. More 
starting and stoppings lead to a higher average 

Figure 36: Active chiller during whole day, no date 

known [23] 
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hourly demand. Clustering was done to find the hourly chiller demand for different 
temperatures. The performance of this prediction method will be evaluated in the control 
strategy. It could also be mentioned that the average demand is based on all seasons, the 
difference in seasons are not included and could influence the demand profiles. 
 

Table 14: Summary of demand for the building based on historical data(2016-2018) 

 Working hours [kWh/h] Night [kWh/h] Other[kWh/h] Comments  

Lighting  7  1.5 0.4 Sunset-sunrise 

Ventilation  5  0.6 or  5 (extra) 0.6  Night ventilation 

Cooling  0 0 0 <16 ° C 

 1 0 0 16-18 ° C 

 1.5 0 0 19-20 ° C 

 3.5 0 0 21-22 ° C 

 4.5 0 0 23-24 ° C 

 5.5 0 0 24-26 ° C 

 6.5 0 0 >26  ° C 

Other  3.5 1.5 1.5  
 

Different demand profiles are shown in the next figures. shows the basic demand of the 
building with the average hourly demand for each system of the building. During the working 
hours (7:00-16:30) the building has a basic demand with lighting, ventilation and plug loads. 
Outside these hours, a basic demand consists of lighting, ventilation (AHU is not in use), 
outdoor lighting and plug loads.  

There are also some changeable demand components, the demand changes during a 
work day. The chiller is only performing at working hours and when one room requires a lower 
blow-in temperature. During warm nights in summer the ventilation changes the demand at 
night.  

The outdoor lighting depends on the sunset and sunrise. The lighting demand is higher 
after sunset.  

 
Figure 37(left) shows the basic demand, this figure includes all the components that are 
included during a work day when the cooling is not used. Figure 37(right) illustrates a day that 
includes a cooling demand for the whole day. The demand for the chiller is based on the 
temperature. In this demand profile, the temperature is increasing. The demand could be 
higher when the temperature is above 26 degrees Celsius all day, which requires the chiller to 
operate all day. When this is the case it results in an average hourly power peak of 22 kW. 

  
Figure 37: Profile1: Basic demand building (left) and profile 2: Cooling demand increasing during the day (right) 
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Figure 38 shows the influences of cooling during the morning and during the afternoon. This 
leads to peak demand during these days. These demand profiles can be used to define a 
control strategy. The figures for the maximum and weekend demand can be found in Appendix 
C. 

  
Figure 38: Profile 3: Cooling demand during the morning (left) and profile 4: Cooling during the afternoon 

(right) 
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6 Step 4: Demand Side Management control strategy 

experiment  

The effect of the environmental factors on the production of the PV panels has been explained 
and predicted in the previous chapters. The building demand has also been predicted. These 
two building elements will be combined in this chapter to create a new grid demand profile of 
the building. To control the demand of the building, Demand Side Management (DSM) will be 
used. According to Gellings DSM is “Planning, implementation, and monitoring of those utility 
activities designed to influence customer use of electricity in ways that will produce desired 
changes in the utility’s load shape” [53, p. 1468]. The BESS can be used to implement DSM. 
First, figures for combined weather and demand profiles will be made to find the best strategy 
for using the BESS. Secondly, these strategies are the inputs to the flow chart that can be used 
to charge and discharge the BESS. Finally, the flow chart will be implemented in the software 
and will be tested in the test building to test if the strategy is useful. The flow chart is 
implemented in InsiteReports® and InsiteView-next®. InsiteReports® collected the data of 
Solargis® and the building, which is used to calculate the profiles. This data is sent to 
InsiteView-next® and will be used to define the strategy and to set a baseline for the charging. 
The amount of energy charged or discharged from the BESS is also based on actual data. This 
process is shown in more detail in Appendix C. In this chapter the following subquestions will 
be answered: 
 

• What would be the beneficial effect of adding BESS in combination with PV to supply 

the chiller?  

• What are the building energy optimization goals and how can these implemented in a 

control strategy for InsiteView-next®? 

 Defining optimization strategy 

The control strategy is based on an optimization goal for the building, an optimization of the 
building demand and supply of the building. There are several goals that can be used, Voerman 
shows four goals based on literature in his thesis. The four goals are the building management, 
sustainable optimization, economic optimization, and grid management optimization. His 
report shows that the use of today’s pricing schemes is insufficient in combination with the 
BESS [22]. Based on this, there will be no focus on economic optimization. However, the 
lifetime of the BESS is necessary to implement in the optimization.  
 
Voerman used the degradation based on the State of Charge (SOC) interval and a number of 
charges. He concluded that a lower (SOC) interval means more cycles of the BESS and the price 
per cycle is lower [22]. Voerman also used some equations to calculate the cost per cycle based 
on the system and different investment cost. Figure 39 (left) shows the cost per cycle based 
on the equation given by Voerman [22]. This figure is based on 1500 cycles, the new size of 
BESS (48kWh) and an average investment cost of 500 €/kWh, which is mentioned by Voerman 
[22].  The figure shows the  SOC interval, which means the amount of percentage the BESS will 
be charged or discharged. An interval can mean a discharge from 100 to 20 %. Charging the 
BESS for 80 % results in a price of 16 euro per cycle. It can be seen that the costs increase with 
a higher charge cycle. Figure 39(right) shows the costs per kWh in cents, charging the BESS for 
80 % leads to a price of 33 cents per kWh.  
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Figure 39: Costs per charge cycle(left) and cost per kWh(right) 

 

Building management optimization is about implementing energy flexibility in the building 
while maintaining indoor comfort. For this building, this is extensively investigated by Aduda 
[36] and Voerman [22], and there will be no focus on this optimization.  

 Sustainable optimization 

Sustainable optimization is about reducing greenhouse emissions and is already defined as a 
useful strategy in chapter 5.1. The control strategy in weekends and in the late afternoon 
should be to charge the BESS when a net feed-in would occur, which results in optimization of 
the self-consumption and self-sufficiency. Figure 40 shows a weekend and workday with 
possibilities to charge your BESS during the possible feed-in moments.  
 

 
Figure 40: Weekend and workday with net feed-in 

 
In 2018 the company paid 10 euro cent for peak hours and 9 euro cent for the outside peak 
hours for each extracted kWh from the grid, this includes the energy tax. The Feed-in tariff of 
the electricity is 4 euro cents for peak hours and 3 euro cent outside peak hours. This means 
that if you charge the energy in the BESS and discharge it later money will be saved. If the 
energy during the weekend day of Figure 40 is charged, the difference between the feed-in 
tariff and the paying tariff is €2.72. When the production is higher more money can be saved. 
For a work day this is smaller and less profitable. However, no loss of energy is included in this 
calculation.  

 Grid optimization 

As mentioned in the background section the optimization of the grid is also a part of this 
research. To define if this is possible some figures are made; these figures can be used for 
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defining the constraints of the strategy. There are four solar profiles (Figure 44) and four 
demand profiles (Table 14) which are combined. The low solar profile is left out because this 
has less influence on the grid, which means no charge or discharge for this specific day.   The 
combining leads to 12 different grid demand profiles, Figure 41 until Figure 43 show several 
profiles.  
 
To optimize the grid demand the peaks and valleys were flattened by load peak shaving and 
valley filling in combination with the BESS. According to Uddin et al. peak shaving “is achieved 
through the process of charging ESS when demand is low (off-peak period) and discharging 
when demand is high” [20, p. 3325]. Peak shaving has potential impacts and benefits for 
different parties, Udden et al. gives an overview of the literature. They stated more benefits 
for the power producers and electricity traders than the consumer. However, the consumer 
can charge the BESS at a lower price and discharge at higher electricity price, when the 
government provides this for these types of buildings. [22] Due to the peak shaving all the 
strategies use a baseline, a line that’s implemented in the control strategy. The baseline is the 
amount of electricity that should be extracted from the grid that specific day during working 
hours. The baseline shows when the building demand minus the PV production is below this 
line the BESS should be charged. When it is above this line the BESS will be discharged. More 
details on calculating the baseline can be found in Appendix D.I. The definition of the baseline 
uses the hourly prediction of the grid demand for a specific day defined at 6 AM. The control 
strategies including the baselines in kW are: 
1. no (dis)charge 
2. Baseline: Maximum hourly grid demand of workday minus hourly discharge capacity  
3. Baseline: Total grid demand of  work day divided by working hours 
4. Baseline: Minimum hourly grid demand of work day plus hourly charge capacity 
 

Figure 41 until- Figure 43 in this chapter show strategy 2, three and four for different grid 
profiles. Figure 41 shows a day when the chiller only operates in the morning. This could be a 
typical Dutch weather day when during a lightning storm in the afternoon the temperature 
decreases and therefore the PV production also decrease in the afternoon. There is a small 
difference between the maximum and minimum grid demand, around 2 kWh. Strategy 2 is 
used, which states that the BESS is only discharged to minimize the fluctuation of the day. 
When the difference is smaller than the 3 kWh, the BESS will not be discharged or charged and 
strategy 1 will be used, minimize the inverter losses.  

 
Figure 41: Morning cooling in combination with a morning sun with strategy 2 
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Figure 42 shows a typical working day with a flat basic demand profile (usually when the 
outdoor temperature is below 16 °C) and a sunny day. At the highest peak of PV production, 
the electricity need from the grid is the lowest. The best strategy is to discharge the BESS in 
the morning, charge at the end of the morning and early afternoon. The baseline is defined 
based on the predicted grid need of the working hours divided by the work hours (9.5). This 
means that the energy demand is equal all day. The strategy of this day is strategy 3. 

 
Figure 42 Basic demand profile in combination with a sunny day with strategy 3 
 
Figure 43 shows a day with cooling in the afternoon and only PV production during the 
morning. During the morning there is a low grid demand and a little electricity is needed from 
the grid. During the afternoon the cooling indicates a higher electricity grid demand, a high 
peak. The difference between the maximum and minimum grid demand is high and it can be 
possible that the BESS does not have enough capacity to maintain the baseline all day. This is 
why strategy 4 is defined. When the sum of the peaks during the day is higher than the 
discharge and charge capacity the baseline is set higher, which is described in Appendix D.I.  
 

   
Figure 43: Afternoon cooling in combination with a morning sun with strategy 4 

 

Peaks and valleys in the previous figures show a possible optimization of the grid. The peaks 
and valleys can be flattened by load peak shaving and valley filling in combination with the 
BESS. It has been mentioned before that the consumer can charge the BESS at a lower price 
and discharge at a higher electricity price [22]. However, the difference between high and low 
electricity price is small for the test case building. During 2018 the company paid 10 euro cent 
for peak hours and a price of 9 euro cent for the outside peak hours. The electricity profit was 
very low. The costs can possibly be lowered when the amount of charge is lowered during all 
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days and results in a lower contracted power connection. However, this is not included in this 
study. Peaks and highly fluctuating demand result in intermittency problems, peak shaving 
reduces the impact. Management and prediction of the electricity are needed to prevent 
intermittency problems [2]. The strategies defined in the chapter aim at managing the demand 
and use the prediction of the PV power and building demand.   

 Flow chart 

The next step is to define a control algorithm based on these strategies. This algorithm can be 
implemented in InsiteView-next® and is based on the flow chart that is made and can be found 
in Appendix D.IV. This flow chart consists of different parts. The first part is defining the 
demand profile and the solar profile. At 6 AM, the demand for the building and PV production 
of the day is predicted. The connections between the different programs can be found in 
Figure 17, more details can be found in Appendix 0.  

 Defining profiles 

The demand profile predicts the demand for each hour based on the temperature, as 
mentioned in section 5.2. Table 15 shows the hourly building demand for each demand profile. 
The predicted power is compared with the four demand profiles. For each hour the fit with 
the model is computed based on Equation 10. Each different demand profile is separately 
computed. Then an average fit is computed for each separate model, this shows the fit of the 
prediction of the separate models. The highest percentage is selected as the best fitting 
demand profile. The highest fit is the best demand profile for that specific day.   
 

Equation 10:  𝑓𝑖𝑡 𝑜𝑓 𝑜𝑛𝑒 ℎ𝑜𝑢𝑟 =  
𝐷𝑚−𝐷𝑝

𝐷𝑚
∗ 100% 

 
The solar profile is defined based on a prediction of the PV production by Solargis®. The best 
model is defined based on the maximum PV production and the percentage of PV production 
in the morning and afternoon. Figure 44 shows profile 2 to 4 including the constraints. The 
solar profiles are defined as follows: 

• Profile 1: Maximum PV production <4 kW 

• Profile 2:  40 %>
Morning PV production

total PV production
>60 % 

• Profile 3:  
Morning PV production

total PV production
>60 % 

• Profile 4:  
Morning PV production

total PV production
<40 % 

 
Figure 44: Solar profile selection based on percentage, profile 2, 3 and 4 
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Table 15: Demand profiles in kWh/h based on historical data(2016-2018) 

 Model 1: no 
cooling/cooling 

Model 2: Increasing 
cooling 

Model 3:  
Afternoon cooling 

Model 4: Morning 
cooling 

7:00-8:00 15.5/22 16.50 16.50 17 
8:00-9:00 15.5/22 16.66 17.24 15.50 

9:00-10:00 15.5/22 17.24 18.39 15.50 
10:00-11:00 15.5/22 17.82 19.55 15.50 
11:00-12:00 15.5/22 18.39 20.71 15.50 
12:00-13:00 15.5/22 18.97 21.00 16.50 
13:00-14:00 15.5/22 19.55 15.50 17.24 
14:00-15:00 15.5/22 20.13 15.50 18.39 
15:00-16:00 15.5/22 20.71 15.50 19.55 
16:00-16:30 15.5/22 11.68 8.93 11.68 

 Constraints 

The control of the BESS is based on the baseline. Next to the baseline, there are some 
constraints that are also important when defining the control strategy (Appendix D.I shows 
the calculation), these are: 

• The BESS SOC should be below 90 % during charging. 
o Above  90 % will result in more energy loss [37].  

• The BESS SOC should be above 30 % during discharge. 
o Charging below 30 % results in a shorter lifecycle.  

• BESS capacity for charging and discharging is 60% due to SOC limits.   
o BESS capacity: 28.8 kWh. 

• BESS system efficiency during charging is 85.5% (chemical and inverter losses). 
o Charge capacity: 24.6 kWh. 

• BESS system efficiency during discharging is 95 % (inverter losses). 
o Discharge capacity: 27.4 kWh. 

• In the control algorithm a fixed inverter efficiency of 85.5 and 95 % is used  
o Inverter efficiency for charge and discharge is shown in Figure 45. 

• The minimum (dis)charge threshold is 1.5 kW. 
o Due to the overall inverter efficiency of around 75-80 %. 

• For strategy 2, 3 and 4 the BESS SOC should be at its maximum in the morning.  
o Charge during the off-peak period. 

• No net feed-in. 
o Extra energy charged in the BESS. 

• In the weekend strategy the BESS SOC should be at its minimum in the morning. 
o Discharge during the late afternoon and night with 5 kW. 
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Figure 45:  Averaged efficiency curve inverter based on measured power in the past. 

 Description flow chart 

All these decisions are combined in the flow chart to show the steps for defining these profile 
and strategies. Several parts are highlighted in this chapter, the complete flow chart can be 
found in Appendix D.IV.  
 
The most complex part of controlling the demand is the control during a workday. The strategy 
will be defined based on solar and demand profiles. Figure 46 shows the flow chart for 
selecting the best strategy. This chart is based on a combination of all the solar and demand 
profiles as mentioned in section 6.2.1. The input of this part of the flow charts needs a solar 
and demand profile. The if-else tests in the figure test if the predicted profile is according to 
the mentioned profiles and move through the flow chart.  
 
The grid demand for each hour is calculated, based on these values a minimum and maximum 
grid demand can be defined. An example is given in Appendix D.III. The baseline will mostly be 
in between these two values. It is possible that the difference between the maximum and 
minimum grid demand is above 3 kW but combining the demand and solar profile gives 
strategy 1. When this happens there seems to be enough energy to charge and strategy 2 is 
selected. To select strategy 3 or four a calculation is made, to find out if there is enough 
capacity during the day. If the total grid need is above 52 kWh(calculation in Appendix D.I) 
then the baseline is set higher. Secondly, the defined strategy is used to calculate the baseline 
that is used to control the grid demand during the workday. Some basic settings are 
implemented in the control strategy, these are set based on the constraints of the BESS. These 
values can be changed after testing the control strategy in InsiteView®, and are shown and 
described in Table 16. 
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Figure 46: Flow chart for defining work day strategy and calculate baseline 

 

Figure 47 shows the BESS control during the workday. The BESS will be charged or discharged 
if it fits the constraints of the SOC and minimum charge. The building data is changing 
constantly and thereby changes more than a prediction for the next hour (Figure 17). Due to 
the difficulty of using the prediction the actual demand is used. The actual data is more 
accurate and is a better fit of the actual demand with the baseline. One constraint in using the 
actual data of the building, an average value for the plug load is used from Table 14(1.5 or 3.5 
kWh/h). An average is used because the plug load is not measured and it is calculated based 
on the other measurements, which could lead to a calculation error.  

 
Figure 47: Flow chart define (dis)charge during the work day 
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Another part of the control strategy is controlling the net feed-in, especially during the 
weekends. During the weekends the PV production minus demand is charged in the BESS. The 
BESS should be empty in the morning. Controlling the net feed-in uses the same constraints 
as Figure 47. Finally, the complete flow chart is implemented in InsiteReports® and InsiteView-
next® and can be found in Appendix D.VI. Another extra step is the use of SOC in the morning 
during workdays and weekend days. An extra rule-based control is implemented in InsiteView-
next®, which controls the SOC before a day starts. This is separately controlled in InsiteView-
next® and can be seen in a different flow chart that can be found in Appendix D.VI.  
 
Table 16: Variables of the control strategy 

Variable Description  Unit  

D Demand in a specific hour kWh 

PV Production of PV power in a specific hour kWh 

DPV Demand minus PV production in a specific hour kWh 

DPVmax Maximum and peak grid need for this day kWh 

DPVmin Minimum grid need for this day kWh 

SOC_min Minimum charge (30 %) % 

SOC_max Maximum charge (90 %) % 

Charge_min Minimum (dis)charge ( 1.5 kW) kW 

Baseline_Control2 Baseline calculated based on the flow chart  for this control 

strategy 

kW 

Dis_Charge The amount of (dis)charge in extra control especially during 

the night. (- = charging, + = discharging) 

A 

Timeschedulestart Time of start (dis)charge Hour 

Timescheduleend Time of end (dis)charge Hour 

Dis_Chargestrategy Charge strategy for manually charging (1 = charging, 2 = 

discharging) 

- 

 Test control strategies  

This chapter consists of two separate steps. The first step is to test the control strategies with 
the model by combining the cooling. In the second step, the same strategies were tested in 
the case building to validate the model and to find out if this control strategy needs any 
improvement. This model was designed in InsiteView-next®. Figure 48 until Figure 55 show 15 
minutes resolutions data. The grey area in the figures is the grid demand when no control is 
applied. The yellow line shows the prediction of the grid demand at 6:00 AM. The blue line is 
the building demand and the red line shows the grid demand after implementing control. The 
green line is the calculated baseline.  

 Numerical test workday strategies 

The flow charts were implemented in a model used in a Microsoft Excel spreadsheet to test 
the control strategy in combination with the cooling in the building. Description of this model 
can be found in Appendix D.III. To find a beneficial effect of the BESS in combination with the 
chiller. First, the strategy and the baseline were defined. This was done with InsiteReports® 
that define the solar and demand profile of that day, an example can be found in Appendix 
D.III. Secondly, the flow chart was implemented in the model and tested in August, because 
this month had a lot of days with the cooling used.  
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Figure 48 until Figure 50 were made to analyze the operating of the model. These figures show 
a 15-minute data of this work day to make the figure more clear. The control in InsiteView-
next® is used on an actual grid, which is refreshed every 6 seconds. In this model, the rule-
based control is based on historical grid demand saved in the BMS, which is one-minute data. 
The control of this model used the previous historical demand of the building which is 
measured one minute earlier. This could lead to more deviation than the control in InsiteView-
next®. The prediction in the figures is the grid need that is predicted by InsiteReports®, which 
is the building demand prediction minus the Solargis® PV prediction. All the strategies were 
analyzed, except for strategy 1 because this strategy had no charging and discharging for the 
work days. During the experimental tests it was evaluated if this strategy predicted correctly 
during the test period.  
 
Strategy 2 
Figure 48 shows the profile of one day where strategy 2 worked as designed, it reduces the 
peaks in the building demand. The load control line surrounds the baseline and reduces the 
peaks of the cooling. This day shows one small charging period during this day, which is not 
intended by this strategy, but It shows that the BESS reacts on different demands as predicted. 
This figure shows that the strategy operates as it should and that it reacts on the chiller 
demand. The grey area does not seem correct, but these values are shown in a resolution of 
15-minute average values. 
 

  
Figure 48: BESS model for 9-8-18 (Demand 2, solar 2 and strategy 2)   

 

Strategy 3 
Figure 49 shows the profile of one day where the BESS was nearly never used during the day. 
The prediction for the first day of August was not very accurate, the demand in the morning 
and also in the afternoon were predicted to be higher than they were. This means that the 
baseline was too high, resulting in a BESS that was completely charged in the morning and 
unable to store any more energy in the afternoon. The lower building energy demand is due 
to the small number of people present in the summer period. This day shows that it is difficult 
to predict the demand correctly with the actual demand prediction. 
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Figure 49: BESS model for 1-8-18 (Demand 2, solar 2 and strategy 3)   

 

Strategy 4 
Figure 50 shows the profile with strategy 4 on a day that the control performs incorrectly. The 
predicted demand is higher than the actual grid demand of the building (gray area in the 
figure), which means that the baseline was set too high based on this prediction. This results 
in no charge or discharge during the day.   

 
Figure 50: BESS model for 31-8-18 Demand 1, solar 4 and strategy 4)   

 Numerical test outside working hours strategy 

Figure 51 shows two weekend days when the possible net feed-in was used to charge the 
batteries. The 19th of August (right) shows that almost all of the batteries were charged during 
that day. Due to the excessive amount of energy from the sunrise the batteries are charged 
before sunset. This can also be seen for 18th of August(Figure 51 left), however, on this day the 
charging occurs earlier. The self-consumption of the 18th of August increased from 17% to 
73%, and for 19th of August the self-consumption is increased from 46 % to 97 %. The self-
sufficiency was increased because all energy could be used in the building. It was found that 
the BESS did not have enough capacity in the summer to self-consume all the energy of a sunny 
weekend day.  
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Figure 51: BESS model with the 18th and 19th of August on weekend day 

 Experimental tests workday strategies 

The flow chart (section 6.2) was implemented in InsiteView-next® and was running from 19th 
of January to 19th of February. However, not all the days were usable due to fault in the 
software and misconnections with the server. Besides that, January and February had clouded 
and rainy days that led to selecting strategy 1. During the days with solar profile 1, the batteries 
were switched off to lower the loss of energy due to the standby mode of the BESS. All the 
days for which strategy 1 was selected had eventually a solar profile 1. This means that using 
the prediction of profile 1 was useful. 
 
During the test period, all the strategies showed different results for different days. The 
control strategy in InsiteView-next® has a loop of 6 seconds. After 6 seconds it refreshes the 
data and defines the new amount of the charge of the batteries, which is sent to the BESS. In 
the show figures is the actual grid need the no load control in the figure. Table 17 shows an 
overview of the strategies that occurred during the test period, it shows how many days each 
strategy occurred. Ten days during this period no strategy was defined due to a malfunctioning 
server or other problems with InsiteView-next®. Some extra days can be found in Appendix 
D.IVD.IV.  
 
Table 17: Overview of the strategies during the test period 

Strategy Amount of days during the test period 

1 6 

2 1 

3 5 

4 4 

Weekend 6 

No strategy 10 

 
Strategy 2 
During the test period strategy 2 (only discharging the BESS) was only used for one day. Figure 
52 shows the 28th of January which is a day for which this strategy is not a perfect fit. At the 
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beginning of the day, the baseline was defined to discharge the BESS based on the predicted 
grid demand, the yellow line in the figure. During the morning the demand was high due to 
low irradiance and the rest of the day the amount of irradiance was low. The baseline was 
defined inaccurately due to higher demand for the building on this specific day than expected, 
which means more energy needed to be extracted from the BESS. When the prediction of the 
building demand was better the baseline was set higher and the BESS was discharging for a 
longer period. At this day, the BESS stopped charging in the early afternoon due to reaching 
its minimum SOC.  
 

 
Figure 52: BESS test on 28-1-19 (Demand 1, solar 3 and strategy 2)   

 

Strategy 3 
During almost all days with strategy 3, the BESS was used accurately. Figure 53 shows a day 
that the prediction of the amount of irradiance was incorrect, the yellow line is far below the 
actual grid demand without load control. At this day it was snowing a lot and the sun was not 
shining. The prediction of 6:00 AM does not include this low irradiance and the control shows 
that only discharging was done. The new grid demand with the load control showed an 
average demand over the day, however, it was a little bit higher. The small peaks due to the 
small amount of PV production are flattened down, however, there was no charge during this 
day. It showed that when the irradiance was lower than expected the control strategy reacted 
to this.  
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Figure 53: 24th of January  (Demand 1, solar 2 and strategy 3)   

 
Figure 54 shows a day when the prediction of the PV production was too low in the afternoon. 
However, the prediction showed a lower PV production in the afternoon but it started too 
early. This low prediction in the afternoon means more charging was required than was 
possible. However, the amount of discharge in the morning was not high enough to extract 
enough energy from the BESS to get a low enough SOC. The SOC had reached 75 % around 9 
AM in and charging starts. When the strategy was defined based on the actual profile without 
load control the strategy should be four and the baseline around 6.5 kW. This should give more 
possibility to discharge and less possibility to charge. However, it is not known at the beginning 
of the day if the PV production will become higher. This means a good PV prediction is needed 
for the control of the BESS.  
 

 
Figure 54:  Workday: 19th of February  (Demand 1, solar 2 and strategy 3)   

 
Strategy 4 
Most of the days with strategy 4 were predicted correctly. Figure 55 shows a day when this 
strategy worked but the actual grid need(grey area) is higher than expected. The grid need 
was around 12 kW instead of 11.1 kW, which is the baseline. However, peak shaving was 
implemented correctly. It can also be seen that the prediction of the demand was higher than 
expected and that a focus on this prediction is also required.  
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Figure 55:  Workday: 12-2-19  with  (Demand 1, solar 3 and strategy 4)   

 Experimental tests with cooling 

In the winter of 2019 the cooling also worked for one day, this was not expected but the 
outside temperature was high enough to start the chiller. This day was outside the testing 
period but was included to validate the Excel model.  Figure 56 shows peaks due to the chiller 
in the afternoon. The 15-minute data (left figure) reacted on the change of demand and 
reduced the peaks of the chiller. However, 1-minute data (Figure 57) shows that the peaks of 
chiller are not completely reduced but the control was reacting on this demand. This extra 
figure is used here to show that based on 1-minute resolution data the control was also 
performing correctly. The baseline was defined correctly, not too low or too high. However, 
actual grid demand was a little higher than it should have been, only in the morning it was 
more close to the baseline. These results show that the control strategy can be used in 
combination with the chiller.  

   
Figure 56 Workday with cooling 26-2-19 (Demand 1, solar 2 and strategy 4) 
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Figure 57: Zoom on the chiller of Figure 55 

 Experimental tests outside working hours strategy 

The analyzed weekend strategy is the same as mentioned in section 6.3.2, it is about improving 
the self-consumption and self-sufficiency. Figure 58 shows two weekend days. This figure 
shows an average demand during the whole day at both days, higher demand in the night is 
seen due to night lighting. During the night the BESS is discharged with 5 amperes, higher 
current could lead to unpreferable grid feed-in. The demand in the night is lower than work 
days but has less influence on the electrical grid. Almost all the energy is charged during the 
two days. However, there is a small net feed-in in the morning because the control starts at a 
minimum of 1.5 kW charge. At the 20th of January there is more net feed-in due to a 
malfunctioning server for a small period in the morning. The self-consumption of the 19th of 
January is increased from 47 % to almost 100 %, for the 20th of January the self-consumption 
is increased from 46 % to 97 %. The self-sufficiency is increased from 23% to 50 % for the 19th 
and from 25% to 51% for the 20th of January.  

 
Figure 58: Weekend of 19th and 20th of January 
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7 Discussion  

In the previous chapters, the PV system was analyzed, the PV production was predicted, the 
building demand was analyzed and predicted, and finally, this is all combined in defining and 
testing different control strategies. The results were described and mentioned, and in this 
chapter these results are discussed and evaluated in comparison with existing literature. The 
four steps as described in the Methodology are separately analyzed and discussed in this 
chapter.  

 Step 1: Analysis of PV System 

The results of the analysis of environmental factors show the correlation between moisture 
and ambient temperature. This a relation that is described in the Mollier diagram [41]. This 
diagram shows a certain temperature and RH the moisture content of the air. This correlation 
can be used to explain other correlations with the panel temperature and the power output.  
 
The analysis shows a correlation between panel temperature, ambient temperature and 
irradiance. From the literature it was also concluded that the panel temperature is influenced 
by the irradiance and ambient temperature [35] [43].  
 
Elibol et al. show a Pearson correlation with a panel temperature of 0.99 for the irradiance 
and for the ambient temperature value of 0.89 [43]; Comparing these results with the analysis 
shows comparable results, although both Pearson correlations are slightly lower (irradiance: 
0.5 and ambient temperature: 0.7). Furthermore, the measured influence of ambient 
temperature was higher than the irradiance. A difference of influence is the number of data 
points, Elibol et al. use only 12 data points, which could result in a higher correlation [43]. 
Gaglia et al. show the same linear correlations as Elibol et al, however, Gaglia et al. also used 
the wind speed in his analysis. Gaglia et al. also designed an equation to predict the panel 
temperature based on the influence of ambient temperature, irradiance and wind speed. This 
equation shows the same influences as Equation 1, however, the environmental factors are 
more influential in the equation of Gaglia et al. [35] The wind speed had a higher decreasing 
influence of -1.13 per increase of m/s wind speed [35] in comparison to - 0.2 in the analysis.  
 
The R2 of the produced panel temperature 
model is 0.93, this means that the model 
predicted quite accurately. Comparing this with 
a model that was used by Faiman [54], shows a 
comparable explained variance. Faimans model 
has an R2 of 0.9 and the model from section 
3.2.1 has an R2 of 0.9.  However, the used 
method and the Faiman method predicting 
both lower and the used method predicts lower 
than the Faiman method [54]. The comparison 
can be found in Figure 59. The WAPE (Equation 
6) can also be calculated for this figure, the 
WAPE for the total model show a percentage of 
30 %. However, the WAPE for measured 
temperatures above 30 degrees Celsius is 

Figure 59: Measured versus predicted in comparison 

with Faiman. 
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around 40 %.  This shows that in the higher temperature regions the prediction was incorrect. 
Both models used the same environmental factors. 

This could be related to the fact that the analysis is using a calculated inclined 
irradiance on the panel. The used model is not completely accurate and could give a higher or 
lower irradiance level on the panel. If someone wants to analyze a PV system after a few years 
of data collection, an irradiance measuring device on the panel could be more accurate. The 
analysis will be less influenced by calculating the inclined irradiance on the panel. However, 
this leads to higher investment costs. 

 Another influence is the wind speed, Gaglia et al. predicted a higher decreasing 
influence. The regression shows a standardized coefficient of -0.2 per increasing wind speed 
in comparison of -0.11 for Gaglia et al. [35]. Gaglia et al. mentioned that the wind effect is 
difficult to quantify. He also stated that the effect is small due to the high influence of 
irradiance and ambient temperature [35]. Correa-Betanzoa et al. state that wind has an 
influence only when the wind speed is high [47]. This was also mentioned in the evaluation of 
the results, and it was concluded that the wind speed is necessary to include. When the wind 
speed is high the effect is visible, at smaller wind speed the influence is almost neglectable.  
 
The power output is most influenced by the irradiance. The wind speed and temperature are 
less influencing. Rahman et al. also stated that power output increases when the irradiance is 
increasing [40].  

Litjens et al. tested four models to predict the PV production and states that using a 
model based on weather data for the next day is the best prediction method. This shows that 
the used prediction method with the same data could be a good prediction method. [55] 

Touati et al. use in the same environmental factors, however, they also included the 
panel temperature, dust and RH [25]. This shows some extra possible relevant correlations. 

Gaglia et al. defines the power output based on the panel temperature and used a 
comparable method as described section 3.3.1. The STC power output decreases with 1.5 kW 
when the panel temperature increases. [35] This correlation was not found when defining the 
influence of the panel temperature in Equation 3, the power output increases with an 
increasing panel temperature. The R2 of this model was 0.5, this states that this model is only 
moderately accurate. In Appendix B.V.ii this model is evaluated.  

 The cleaning of the PV system 

The efficiency figures (Figure 24 and Figure 25) show different correlation values than most 
literature show between panel temperature and efficiency. No direct increasing or decreasing 
correlation is found, the figures show a wide spread.  

According to the manufacturer sheet, an increasing panel temperature coefficient 
decreases the power output of the PV panel [38]. Likewise,  Gaglia et al. found a decreasing 
efficiency with an increasing panel temperature.  

One possible explanation is that the measurement of the irradiance and the power 
output is not at the exact same time. Each load group is measured each minute. The moment 
when the measurements take place within the minute differs randomly for each load group. 
Since the plug loads are calculated by subtracting all other load groups from the total building 
load, a calculation error was introduced as a result of the different measurement moments.  

The irradiance and the power output can fluctuate a lot during one minute (Figure 6), 
especially during the morning and afternoon because of the increasing irradiance, and could 
give problems with calculating the efficiency. Another aspect is the inaccuracy of the 
calculation of the inclined irradiance, as mentioned earlier.  
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Literature study also showed an influence of dirt or dust on the PV panel that leads to the 
degradation of the panels [56] [57], this was not included in the study. However, this could 
explain the widespread in the figures and the lower efficiency. Over the past years, dirt piles 
up on the panel, especially on the bottom of the PV panel, this could influence the power 
output and efficiency. Figure 60 shows the dirt on the panels. Maghami et al. state that this 
type of degradation leads to a lower power output of the system [56].  Shading influences the 
degradation of the panels. Soft shading (smog and dust) affects the current, hard shading (dirt 
like bird droppings) affects the voltage output of the PV panels [56]. The power output changes 
when the current or voltage changes. Cleaning the panel more frequently could lead to more 
accurate results. Maghami et al. state that cleaning methods are not mentioned by other 
researchers, because they reckon that the amount of rainfall is enough to clean the panels 
[56]. The panels stay dirty when the amount of rainfall is little due to a dry period or when the 
inclination of the PV panel is not steep enough.  

Maghami et al. also mentioned the influence of wind speed but stated that water is 
needed to clean the panels. Cleaning can be done manually and with mobile cleaners [56]. 
Zonnepanelen.net gives advice on cleaning PV panels, they state an improvement of three to 
five percent when the panels are cleaned every year [58]. This percentage can be higher when 
the panels are not cleaned for years. They also give tips on how to clean the panels. [58] 

 

        
Figure 60: Edges of the panel with the lowest inclination (15.5), before and after cleaning 

 
Cleaning was done on two or three panels in each row and was analyzed. The cleaned panels 
can be found in Appendix A.V. All the panels were inspected and showed some hard shading 
like bird dropping yet only a small amount. When looking at the edges of the panels, the lower 
inclined panels showed more dirt on the edge. Figure 60 shows the edge of the lowest 
inclination. All the other rows showed dirt on the edge but the higher the inclination the 
smaller the amount of dirt and these other rows showed no dirt on the cells. Due to the dirt 
on the edges of the lower inclination, these panels will be analyzed. The other rows showed a 
smaller improvement.  

When the panels are covered with dirt or shading, the cells are influenced and it 
lowers the output of the panel and cleaning should give an improvement. However, after 
cleaning the panels with water there seems to be damaged on the bottom of these cells( Figure 
60 right), which impedes improvement of the output.  

One panel per row was cleaned but after a week more panels were cleaned to get a 
better comparison. Panel 2.08 and 2.13 were cleaned in the 15.5 degrees inclined panels. A 
comparison of these panels with an average daily output and a maximum and minimum shows 
small deviations of 1-4 % for these panels over the day. Figure 61 shows one sunny day and 
shows the deviation between the panels on the total amount of this day. The deviation 
between the panels was also found on the days before cleaning these two panels. The right 
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figure shows that there is a small average improvement but there is also a panel that has 
already more production.  
 

  
Figure 61: 17th of February total prediction (left) and comparison of two cleaned panels ( 2.8 and 2.13) 

 
Table 18 is made to compare the different panels before and after cleaning. Three sunny days 
were selected, one before cleaning and two after the cleaning To compare the days the 
production was divided by the hourly irradiance, the production for each day is given in 
Wh/w/m2. The two cleaned panels were compared with two not cleaned average panels (2.06, 
2.11). Before cleaning the panels have a similar deviation from the average production, around 
2-4 %. After cleaning the deviation in percentage stays the same. The cleaned panels show a 
slightly higher production in comparison with the panels that have not been cleaned panels.  

The improvement could be more when there is no damage to the cell due to the lack 
of cleaning (Figure 60 right). The other rows show the same improvement, a small 
improvement of a few percentages. This is comparable to the percentage given by 
zonnepanelen.net of 3-5 % [58]. However, more data is needed to get a better conclusion on 
the improvement of performance. Besides that, the other rows also need cleaning to prevent 
dirt on the cell to prevent damage to the PV cells.  

 
Table 18: Summary of the production (Wh/w/m2) and deviation from average for several days before and after 

cleaning   
NO CLEANING CLEANED 

 
2,06 % 2,11 % 2,08 % 2,13  Average 

21-1-2019 Before cleaning 2.58 -2% 2.72 3% 2.57 -2% 2.74 4% 2.63 
16-2-2019 After cleaning 3.69 -1% 3.68 -1% 3.75 1% 3.73 0% 3.73 
17-2-2019 After cleaning 4.07 1% 4.12 2% 4.11 2% 4.10 2% 4.03 

 

The analysis of the output power showed a lower efficiency and output than the STC, this is 
also found by other literature [42] [44] [35]. Malvoni et al. calculated the performance ratio 
(actual performance divided by STC performance), and found a ratio of around 80 %, that 
means that the performance of the STC is not equivalent to the actual onsite measurements 
[42]. Tossa et al. show a different temperature coefficient (0.17%) than given by the 
manufacturer(-0.48%). However, this was tested in a hot climate which differs from the 
Netherlands [44]. The literature relates this to the temperature effect, however, this could be 
different at different temperatures and different irradiances. As mentioned earlier in section 
1.1.6 the STC is not always thoroughly checked [35]. This means lower efficiency and 
performance of the PV panels.  
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The previous analysis showed that analysis of the data of a PV system is not without difficulty. 
There are different inaccuracies and many factors influence the output of the panel. The most 
unpredictable factor is the dust or dirt on the panel and the degradation of the panel. 
Degradation of the panel could have different causes, Kumar and Kumar show several ways 
for analysis to find the cause of the degradation and possible lower production [57]. The 
possible degradation could be caused by discoloration, delamination, hotspots, IC 
discoloration, a back sheet, fractured cells, soiling and IC failure [57]. The maximum power 
point tracker is installed on each panel to reduce the influence of a one or more less producing 
panels. Kumar and Kumar stated a power loss of 0.5 % for each year, which also is an efficiency 
loss [57].  They describe the possible failures and describe possible inspection methods. This 
can be done by I-V characteristics, visual or ultrasonic inspection, infrared or 
electroluminescence imaging, and laser beam induced current [57].   

 Step 2: Analysis of PV production methods 

All the used models in prediction show uncertainties, the four used models are: 
1. Icarus® 
2. Solargis® 
3. Model 3 with Tpanel and PV power equation 
4. Model 4 with PV power equation 

Model 3, with the panel temperature equation and power output equation, predicts 
incorrectly, especially when the irradiance is low. This is due to the uncertainty of both used 
equations that lead to a too high prediction error in the lower irradiance regions. The 
prediction of solar profile 1, described in section 6.2.1,  is difficult for all the models and is 
mostly predicted too high.  
 
The irradiance prediction of Solargis® proved that the irradiance is difficult to predict and most 
of the time uncertain. Irradiance is one of the most influential factors of the output and if this 
is incorrect the output is likely to be incorrect also. Including meteorological data in the 
prediction model is the main source of uncertainty. Gulin et al. also mentioned this as the most 
uncertain source of the model [28]. They also stated that a combination of static and dynamic 
correction of the prediction for a short time can be improved [28].  

Icarus® uses other systems and a self-learning algorithm, however, it is not known how 
this self-learning algorithm works. From the analysis, it was concluded that the prediction 
method does not react correctly to the change of PV production.  

Ruiz-Arias described the process of Solargis® that uses different models, to find the 
most accurate prediction [33]. More models give a more accurate prediction. He also states 
that the error is the biggest when the forecasted time is larger and when the clouds are 
fluctuating. Ruiz-Arias recommend more satellite and weather observation sensors to make 
the forecast quality better. [33] 

Model 4 based on a regression shows a comparable prediction as Solargis®, however, 
it does not include the clouds. This means that the inaccuracy of the weather prediction in the 
future lead to a less accurate model. A regression-based model is not used in this way in other 
literature, but Litjens et al. mentioned that models based on predicted weather data are better 
at predicting than a model based on historical data or a clear-sky model [55]. However, model 
4 predicts similarly as Solargis® and gives a good idea of the PV production the next day.  This 
model was also validated and it was found that historical data of the same period does not 
result in a better prediction than this model. However, this validation used calculated 
irradiance because only horizontal data is measured. This model can only be used when the 
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irradiance, ambient temperature and wind speed is known. Especially the irradiance is not 
simple to obtain and is now predicted by Solargis®.   
 
For the comparison of the different models, an overview of different indicators was made in 
Table 12. This overview showed that based on the R2 solar profile 1 can not be easily predicted. 
The other indicators showed that the error was smaller than other models due to the smaller 
deviation in kW. The other solar profiles showed similar results, for the short time prediction 
Icarus® was inaccurate. For the prediction at AM the prediction models are almost similar. For 
solar profile 4 most of the days showed an inaccurate prediction of the morning. All the models 
showed the same pattern, at the beginning of the day, they predicted according to a standard 
solar profile (profile 2) but later they reacted to this lower PV production. This change of 
prediction starts too late and Icarus® reacts incorrectly. This lower irradiance in the morning 
could not be a consequence of a tree or other shading source. It can be concluded that all low 
power production in the morning was difficult to predict. 
 
At 20th of June 2018, Solargis® predicted lower irradiance more correctly than the other 
models, this shows that Solargis® is capable of predicting these uncertainties. Comparing the 
6 AM prediction with the prediction of one or two hours later show no better prediction for 
solar profile 1 and 4. This is why the 6 AM prediction is the best method for the control of the 
BESS at this moment.  

 Step 3: Analysis and predict building demand 

The analysis showed the possibility of self-consumed PV production and an increase of the 
self-sufficiency. K. de Bont designed the BESS on a self-consumption of 80 % of the exported 
energy (19%), this results in a self-consumption of the building of 96 % [37]. The analysis 
showed that self-consumption is the same as analyzed by K. de Bont, around 80 % [37]. It is 
possible to increase this percentage whereby 96% could be reached. The self-consumption in 
the winter (90 %) is higher than in the summer in the previous years. The experimental test in 
section 6.3.5 is done during the winter period, this should give another percentage of 
improvement of the self-consumption. When 80 % of the possible feed-in is charged the self-
consumption could be improved with 8 % until 98 %.  The improvement of the self-
consumption during the tests will be discussed in section 7.4.  
 
The prediction of the building demand was done based on historical data. An hourly demand 
for each separate building system was used to predict the hourly demand of the building. This 
hourly demand of the building assumes that the building demand of this system is constant 
during this hour. The prediction is based on historical data of all season, this means that the 
difference between seasons is not included. For example, in the summer fewer people are in 
the building which results in lower demand. The cooling is based on the external temperature 
and is predicted on an hourly basis. It is an average during that specific hour at a certain 
temperature, however, this does however not show the many variations of the cooling during 
this hour. Shiel et al. state that prediction based on external temperature improves the 
prediction [59]   
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 Step 4: Defining control strategy 

 Workday strategies 

The first step: the test of the control strategy in combination with the cooling was done by 
running a model. This model showed that for the summer the baseline for the strategies three 
and four was calculated too high due to lower demand of the building. This means that 
charging was needed for the whole day, but it was not possible because the BESS was full 
before the end of the workday.  This proved the importance of defining a good build demand 
profile for the next day. At this moment, it is a simplified method and only based on historical 
data without a seasonal difference. Lower demand is possible due to the smaller amount of 
people in the building during the holiday period. Litjens et al. show for commercial buildings 
that the prediction of the demand is mostly accurate when using historical data of the previous 
weekday [55].  

The rule-based control strategy in InsiteView-next® has a loop of 6 seconds and reacts 
every six seconds on this change of demand. The Excel model does this only at every minute 
because the actual demand data is only available every minute. This could explain some 
difference between the baseline and the load control, however, the other difference should 
be explained by seasonal differences.  

The strategy of only discharging (strategy 2) shows a good fit with the baseline. The 
strategy was correctly selected and the control works correctly.  
 
The selected days in the analysis showed a good performing rule-based-control, however, 
some improvements are necessary. A list of difficulties are below: 

• Prediction of the building demand is inaccurate. 

o Implementing seasonal difference to overcome wrong demand prediction is 

needed. 

• SOC below 30 % before end work day for strategy 2. 

o The baseline should not be below the minimum grid demand. 

• PV production at 6 AM exceeds the total charge and discharge capacity of the BESS. 

o Strategy 4 should be used instead of strategy 3 to prevent reaching a SOC of 

30 % before charging is needed. The baseline should be higher.  

• Discharge in the morning is too small to use the BESS all day. 

o The baseline should be lower or the start SOC should be lower.  

The prediction of the building demand shows some days that follow the line of the actual grid 
demand with no control. This means that predicting the demand is not completely inaccurate 
but does need some improvements. The figure of the 24th of January shows a day when the 
prediction of the PV is smaller than expected. This day shows that the control strategy was 
reacting on this lower demand and there was only a discharge during this day.  

When the prediction is higher than expected it is more difficult, it is possible that the 
strategy should be four instead of three. However, this is not yet known in the morning. This 
could be possibly solved by changing the baseline during the day, however, integration can 
not easily be done.  

The problem with a discharge that is not large enough in the morning leads to less 
charge in the afternoon. A possible improvement of the control could be changing the SOC in 
the morning from 90 % to maybe 70 %, the BESS will then have more energy to charge during 
the rest of the day. However, for strategy 2, a full BESS is required to have enough discharge 
energy. 
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 The days that low production (maximum below 4 kW) is predicted, the prediction was 
mostly low and another strategy was not necessary. This means that there are no conversion 
losses during a day when the PV production is low and that the batteries are turned off so 
there is no loss of the standby energy. 

 Outside working hours strategy 

The weekend strategy was only tested during the weekends because increasing the self-
consumption is mostly influential to the weekends due to the high feed-in possibility. In the 
late afternoons the percentage of possible feed-in is small (Figure 34 shows an improvement 
of 2%). During the weekends the self-consumption is increased in the Excel model. Not all the 
energy can be charged in the BESS due to a large amount of PV production. However, the 
increase is more than 50 %. The figures in the analysis only show seven AM until half past four 
PM. The energy at the rest of the day cannot be charged due to full BESS. If the rest of the day 
is included the self-consumption the percentage will be lower. The BESS is not designed to 
charge all the energy and the design shows a higher self-consumption for the whole year, the 
self-consumption is 96% [37].  
 
The rule-based control also has data on weekend days. The weekend days show the 
improvement of self-consumption and self-sufficiency of the building. The self-consumption is 
almost 100 % during these winter days. This improvement is according to the self-consumption 
used for the design of the BESS by de Bont [37]. Almost no energy is exported to the grid, the 
small amount is due to a defined minimum charge of the system.  

Combining this with the numerical tests a higher improvement of the self-
consumption is shown. In the numerical test it is around 80 % and for the winter it could be 
almost 100 %. This can also be seen in Table 13. To find the overall improvement of self-
consumption this can be tested over a longer period.  
 
An improvement of this weekend strategy can be found. During the summer and other fully 
sunny days, the BESS is not big enough to charge all the energy. This lead to a high difference 
in grid demand at this point, as can been seen in Figure 51(left). The BESS stops charging and 
the feed-in starts. During the charge, the grid demand is almost zero, but when it stops 
charging the grid demand it is below zero, for the 18th of August this difference is 8.5 kW.  This 
difference can be lowered down by introducing a weekend baseline. When all the energy can 
be charged the baseline should be zero, but when there is more energy than the capacity of 
the BESS the baseline should be below zero. This means that the baseline needs to be defined 
at the beginning of a weekend day, which already is done in the workday strategies. 
Implementing this improvement means that the self-consumption and self-sufficiency are 
similar but the peaks are lowered down.  

 Extra discussion 

During the testing period the program, InsiteView-next®, did not work perfectly. Sometimes 
the server did not have a connection, which led to no charge or discharge. Besides that, when 
it crashed during a workday and the BESS was charging or discharging the current stayed the 
same. Until the server was started again, the BESS charged or discharged to maximum or 
minimum SOC. The strategy controlled the SOC, but when the system crashed this did not 
work. In the last weeks of testing the control strategy, the system worked more stable.  
 
At this moment the charge and discharge during the night is a separate rule-based control.  
The amount of (dis)charge, the time off and (dis)charge, as described in Table 16, needs to be 
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changed in InsiteView®. This need to be done every Friday and Sunday evening to start this 
rule-based control correctly. For example, on Friday the amount of discharge needed to be set 
to 5 Ampere, the BESS will then be at 30 % SOC during the start of the weekend day. This 
means that in the evening this control needs to be started already and at the end of the 
evening the start and end time of this strategy needs to be changed. At this moment this is 
not automatically done and it can be improved with implementing an automatic start and stop 
of this control.   
 
The shown figures (Figure 46 until Figure 58) show 15 minutes of data to get a more clear 
fluctuating figure. These figures show a reduction of the peaks and valleys during the workday. 
However, PV energy can fluctuate during the day. Figure 6 shows the fluctuation of the PV 
energy during a day with some clouds [60] and the demand of the building also fluctuates 
during this day. The control strategies were designed to control the peaks and valleys but also 
to optimize the grid demand. When taking a closer look at the one-minute data of the grid it 
can be seen that the demand shows peaks of around 4 kW during the day. This means that 
these small peaks are not reduced by a control strategy with the BESS. The control strategy 
uses the actual demand of all systems that included an average of the plug loads. Installing a 
measurement device to measure the plug loads would give a more accurate actual demand 
because the control strategy can react to the changes of this demand component.  
 
The constraints of the control as described in section 6.2.2 show another improvement. The 
minimum discharge of the BESS was set to 1.5 kW, this was selected to have a quicker start of 
the charging or discharging of the BESS. More energy is charged and a smaller amount of 
electricity is fed into the electrical grid.  However, this selecting does not include the lower 
efficiency of charging this small amount of energy. A higher minimum charge is preferable. 
 
The degradation in relation to the SOC interval (Figure 39) for this rule-based control is based 
on a SOC interval of 60 %. If this 60 % interval is applied all the time, the number of cycles will 
be around 3200. However, the interval is smaller most of the time. The number of the total 
cycles will be higher when a smaller SOC interval is used. The costs of this will be around 8 
euro per cycle, which is rather high and not preferable for using this type of BESS. Nilar 
designed a new BESS and uses a technique to change the electrolyte of the BESS [61]. This 
improved the lifecycle and the cost per cycle. However, this new method can not be applied 
to the actual batteries. The old and new method is shown in Figure 62.  

The costs are  5 euro per cycle when 60 % of the BESS is used. Table 17 shows the 
occurrence of the different strategies in the testing period, based on this data it can be defined 
how many charge cycles there are during a week. Strategy 1 did not have any charge cycles, 
strategy 2 had one cycle and the other day had 2 cycles, one charge, and one discharge cycle. 
During the weekends 2 cycles occurred because not all the days are sunny. For a weekend an 
average of 6 cycles was defined based on Table 17, which results in a total of 8 cycles a week. 
In total this will be  400 cycles a year for 50 weeks. For the new batteries the costs are 2000 
euros and for the old batteries the costs are 3200 euros. This is a large improvement, however, 
the costs are still rather high for both options. A smaller SOC interval should lower the costs 
and result in a longer lifetime of the BESS.  
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Figure 62: Number of cycles and costs per cycle for the actual and improved BESS according to literature 
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8 Conclusion and recommendations  

The following main question was answered: 
How can the balance between demand and supply be optimized for office buildings 
with PV and BESS based on historical data, building energy demand predictions and PV 
power predictions? 

 
In order to answer the research question, six sub-questions were used to support the answer 
to the research question. 
 

What was the power and energy performance of the PV installation depending on 
external factors like outside temperature, wind speed, and irradiance? 

 
The analysis of the PV system showed that the power output is related to the irradiance, 
ambient temperature and wind speed. Wind speed had a small influence but was important 
when the wind speed was high. Irradiance and ambient temperature influence the output, 
however, the irradiance was mostly influential on the output. These three factors also 
influence the panel temperature. The panel temperature generally also influences the output 
and efficiency, however, this could not be found in the data. This is probably due to irradiance 
which influences the output. Higher irradiance results in higher panel temperature and higher 
output.  

The system had a lower performance than the STC performance, the power output 
was lower than the 260 W according to the STC output. This lower performance can be caused 
by degradation of the PV panels caused by dirt or other faults.  

The analysis had another uncertainty factor, namely the calculation of the irradiance 
on the panel and the difficulty of extracting data from the building management system. This 
influenced the performance of the system. However, it can be concluded that the PV panels 
are performing less than expected, the power and efficiency given by the manufacturer were 
not reached.  

The correlation between external factors and the performance was included in an 
equation based on regressions. These equations were used for the prediction of the output. It 
can be concluded based on prediction in Appendix B.V.i that the prediction of the panel 
temperature was incorrect and is not recommended to use.  
 
Recommendations: 

• Define the degradation of the panels by cleaning the panels more often and find 

possible faults with an inspection. 

• Use panel irradiance sensor to measure the actual irradiance on the panel with a 

certain inclination angle.  

How can the PV production be predicted for the short-time based on external factors? 
 
Different methods were analyzed to find the best prediction method for short-time based on 
external factors. The compared models are:  
1. Icarus® 
2. Solargis® 
3. Model 3 with Tpanel and PV power equation 
4. Model 4 with PV power equation 
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Table 19 shows an overview of the performance of the models, this is based on the summary 
given in section 4.2. When a model scores a minus, the model is inaccurate, a plus-minus 
means that for the short time or long time it is inaccurate, one plus means prediction is 
possible but improvement can be done and two plusses imply a good prediction method.   

Model 3 is not usable for predicting the demand, it predicts too high in the lower 
region. The equation of the panel temperature is incorrect. Predicting the sunny days (profile 
3) is mostly well done, other models can be used to predict this. Besides this, the models 
predict the output of the day mostly with a small deviation at each different time step or time. 
However, the fluctuations during the day are mostly not well predicted, especially during the 
morning. Icarus® is less accurate in predicting compared to Solargis® and model 4. This was 
especially found in the prediction at 6:00 AM. For the short-time prediction, Icarus® had similar 
results to the other models.  

It is not recommended to use Icarus® for predictions. Solargis® and model 4 were 
more accurate at predicting. However, the morning and other low outputs are still rather 
difficult to predict. The PV production is predicted too high at 6:00 AM when the output was 
actually lower. The prediction of 1 hour ahead was more accurate and could react to different 
PV production. Model 4 reacted more slowly on change because it does not include the change 
of clouds. This model also needed the prediction of Solargis® weather data, especially the 
irradiance that can not be found easily.  Solargis® uses the clouds as input and is recommend 
to use in the control strategy.  
 
Table 19: Overview of the performance of the models  

profile 1 profile 2 profile 3 profile 4 Average solar days 

Icarus® + ++ -/+ + -/+ 

Solargis® + ++ + + + 

Model 3 - - - - - 

Model 4  + ++ + + + 

 
Recommendations: 

• Define a more accurate uncertainty factor for the control strategy 

What is self-consumption and self-sufficiency for office buildings and how can this be `
 improved? 
 
During the year, the self-sufficiency was low, around 20-30 %. The self-consumption deviated 
from 60 % in the summer to 95 % in the winter, the overall self-consumption was 80 %. This 
was based on the data of the previous year and shows possibilities for improvement. The tests 
with the model in the summer show an improvement of the self-consumption in the sunny 
weekend days. However, not all the energy can be exported to the BESS in the summer. The 
test in the winter with the actual BESS shows a large improvement of the self-consumption, it 
was almost 100%. This increase of self-consumption also means an improvement of the self-
sufficiency. The numerical equations and the experiments show that the BESS can be used to 
improve both. Based on these tests in summer and winter, improving the self-sufficiency and 
self-consumption is possible throughout the whole year. Running the control for a year can 
confirm this improvement.  
 
Recommendations: 

• Define the actual self-consumption over a year and all seasons included.  
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How can the building demand be predicted based on external factors?  
 
The building demand was predicted based on historical data over the years. An average hourly 
demand over the years was defined. Using this prediction in the control strategies shows that 
this was not always accurate during different seasons. During the summer the average 
demand was lower but in the winter it was higher. A more accurate demand prediction needs 
to be defined to improve the control of the BESS in the building. Prediction of the cooling 
based on temperature was possible but it also needs improvement. The average demand for 
other systems was more accurate. 
 
Recommendations: 

• Define a more accurate prediction method for the building demand 

• Install a kW measurement device of the plug load for the control strategy Improve the 

baseline calculation 

 

What would be the beneficial effect of adding BESS in an office with PV and chiller? 
 
The defined control strategy combines the PV and BESS to optimize the demand of the 
building. The numerical test in a model showed that the BESS can react to the chiller demand 
when including actual demand data in the model. The peaks in the grid demand were flattened 
by using the BESS in combination with the control strategy. However, the actual operating 
should be tested during the summer.  
 
The experimental tests with InsiteView-next® showed that the BESS can be used to react to 
the changes in grid demand. The baseline calculated at the beginning of the day was used to 
control the BESS. When the grid demand changes due to the change of PV production or 
cooling, the BESS could be used to maintain the same building grid demand. This means that 
the peaks and valleys were flattened with the use of BESS. The new grid demand profile 
showed small peaks of 4 kW, these can be improved but the overall peaks and valleys were 
flattened.  

The baseline for strategy 2 requires improving and needs to be above the minimum 
grid demand. This improvement will prevent an early stop by controlling the building demand. 
This prevents also reaching the SOC before the end of the workday. Strategy 3 and four need 
improving to have a higher discharge in the morning, this can be done by lowering the baseline 
of the control. Otherwise, the BESS SOC has reached the maximum SOC before the end of the 
day. This reacting on the demand is one beneficial effect of using the BESS. Furthermore, when 
the prediction of the building demand is improved the control will be also improved.  
 
Another beneficial effect was increasing the self-consumption and self-sufficiency of the 
building by charging or discharging the BESS, especially at the weekend. Both are 
improvements in the winter by charging all the energy. During the summer not all the energy 
could be consumed. This can be improved by introducing a new baseline for the weekend days. 
A new baseline will lower the grid demand peaks and the same amount of PV production will 
be charged during this day.  
 

Recommendations:  

• Define a baseline for the weekend strategy 

• Test the strategies in a combination with the cooling in more detail 
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What are the building energy optimization goals and how can these implemented in a 
control strategy for InsiteView-next®? 

 
The control strategy was used to optimize the energy demand of the building. The goals are 
building management, sustainable optimization, economical optimization, and grid 
management optimization. The focus was on sustainable optimization and grid management 
optimization because the building management and economical optimization were already 
investigated in previous studies [22] [36].  

The sustainable optimization was done by charging energy during the weekends, this 
leads to an improvement of the self-consumption and self-sufficiency. During the days with 
higher PV production, the BESS can not charge all the energy and grid management 
optimization could be optimized in future studies.  

The grid management optimization is done with control strategies but also need some 
improvement of the baseline as described by the previous question. However, the peaks and 
valley are lowered down and a more flat profile was created, which implies good performing 
and usable control.  
 

Main question:  
 
The control strategy was used to control the demand and supply of the building. This control 
strategy used the prediction of PV production by Solargis®. The prediction method gives a good 
start to control the demand of the building. The prediction of the building demands showed 
some inaccuracies over the season, this prediction needs to be improved. Combining both 
predictions shows optimization of the demand for the supply with the use of a rule-based 
control. The peaks and valleys in the grid demand are reduced and give a service to the grid 
operator. This method also leads to the improvement of self-consumption and self-sufficiency 
of the demand of the building, that leads to a lower grid demand over the year.  Furthermore, 
sustainable energy is used in the building in combination with the BESS.  
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Appendix  

A. Performance of PV panels 

 
In the main report, only the most relevant figures and information are given, this chapter will 
give more detailed information and more figures on the correlation of the PV panels. First,  
figures of correlation of environmental factor, in relation to each other, panel temperature 
and power output. These figures are supported with extra regression analyses and correlation 
matrices. Secondly, the model of calculating the irradiance on the inclined panel is described. 
Finally, an overview of the cleaned panels including some photos of several cleaned panels are 
shown.  

I. Environmental factors 

This paragraph shows the figures of the correlations of the environmental factors that have 
not been shown before. In addition, the correlations computed by SPSS are also given, it shows 
the correlations between the separate factors which can be of influence on the correlations 
with the panel temperature and power output.  

 

 
Figure 63: Correlation of irradiance, ambient temperature, wind speed and moisture 
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Table 20: Correlations from SPSS for irradiance, ambient temperature, wind speed, RH and moisture 

 Irradiance 

Ambient 

temperature windspeed RH Moisture 

Irradiance Pearson 

Correlation 
1 0.440** -0.074** -0.572** 0.095** 

Sig. (2-tailed)  0.000 0.000 0.000 0.000 

N 482573 482573 482573 482573 482573 

Ambient 

temperature 

Pearson 

Correlation 
0.440** 1 -0.258** -0.556** 0.761** 

Sig. (2-tailed) 0.000  0.000 0.000 0.000 

N 482573 482573 482573 482573 482573 

Windspeed Pearson 

Correlation 
-0.074** -0.258** 1 0.014** -0.297** 

Sig. (2-tailed) 0.000 0.000  0.000 0.000 

N 482573 482573 482573 482573 482573 

RH Pearson 

Correlation 
-0.572** -0.556** 0.014** 1 0.082** 

Sig. (2-tailed) 0.000 0.000 0.000  0.000 

N 482573 482573 482573 482573 482573 

Moisture Pearson 

Correlation 
0.095** 0.761** -0.297** 0.082** 1 

Sig. (2-tailed) 0.000 0.000 0.000 0.000  

N 482573 482573 482573 482573 482573 

**. Correlation is significant at the 0.01 level (2-tailed).  

II. Panel temperature 

Figure 64 shows no direct correlation between moisture and the panel temperature. In the 
lower regions it can be seen that there is no increasing or decreasing pattern. In the higher 
regions, more spread is found and more other influencing factors should be involved.   

  
Figure 64: The relation of delta temperature(Tpan minus Tamb.) and moisture  

 
Table 21 shows regression data in a table including moisture. More details of the regression, 
how it works can be found in section 3.2.1. According to the regression, all factors are of 
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influence on the panel temperature. The standardized coefficients show that the ambient 
temperature and irradiance are mostly influential on the panel temperature. Wind speed and 
moisture have a small negative effect on the panel temperature.  
 
Table 21: SPSS of Panel temperature with environmental factors 

Coefficients* 

Model 
 

Unstandardized Coefficients Standardized Coefficients t 
 

Sig. 
 B Std. Error Beta 

1 
 

(Constant) -3.5 0.08  -46.9 0.000 

T ambient 1.1 0.004 0.6 295.4 0.000 

Wind speed -0.1 0.007 -0.03 -13.6 0.000 

Moisture  0.3 0.008 -0.08 31.8 0.000 

Irradiance  0.1 0.000 0.5 265.6 0.000 

*Dependent Variable: Panel temperature 

 
Most of the literature does not mention the influence of moisture. Rahman et al. however 
state a correlation of moisture and panel temperature. Figure 64 likewise shows no direct 
influence of the moisture. The regression, however, shows a small influence. Rahman et al. 
state that if the relative humidity increases the output power decreases; the power is related 
to the panel temperature [40]. Kazem et al. also states a reduction of panel temperature, but 
only when the panel temperature is high and there is a high relative humidity [62]. Figure 
65(left) also illustrates that for more than one-third of the time the environment has a high 
RH. The right figure shows that high RH happens at a low panel temperature. The statement 
of Rahman et al. is not valid for this building. The RH is strongly correlated with temperature, 
as mentioned in chapter 3.1, this means that the influence is small. This also could explain why 
Figure 64 and SPSS show different results concerning the correlation.  
 

  
Figure 65: Probability of RH during the data analysis(left) and the probability of panel temperature at RH > 80 % 

III. Power output 

This paragraph shows the figures of panel 2.08 that have not been shown in section 3.3, the 
correlation is the same for all panels and therefore only one panel is shown. The figures in this 
paragraph show the figures of the correlation between the environmental factors and the 
output of the PV panels.  
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IV. Calculation of irradiance 

Several models are used to calculate the irradiance on an inclined panel, these models are 
described in this paragraph. All the used models are described in more detail by CA. Velds [45]. 
The total irradiance on the horizontal plane is based on Equation 11.  
 

Equation 11: 𝐼𝑡𝑜𝑡𝑎𝑙;𝑖𝑛𝑐𝑙𝑖𝑛𝑒𝑑 =  𝐼𝑑𝑖𝑟𝑒𝑐𝑡;𝑖𝑛𝑐𝑙𝑖𝑛𝑒𝑑 + 𝐼𝑑𝑖𝑓𝑓𝑢𝑠𝑒;𝑖𝑛𝑐𝑙𝑖𝑛𝑒𝑑 + 𝐼𝑟𝑒𝑓𝑙𝑒𝑐𝑡 

 

Itotal  = Total irradiance on the horizontal plane  [W/m2] 
Idirect  = Direct irradiance on the horizontal plane  [W/m2] 
Idiffuse  = Diffuse irradiance on the horizontal plane   [W/m2] 
Ireleect  = reflected irradiance      [W/m2] 
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The total irradiance on the horizontal plane is divided into the direct and diffuse irradiance. 
Different methods are used to define the ratio between the diffuse and global irradiance, The 
method of de Jong (1980) is used in the calculation, this method is based on the location of De 
Bilt in the Netherlands. They defined the daily ratio for the Netherlands, for the location De 
Bilt. The amount of diffuse irradiance is based on the ratio between global irradiance and 
extra-terrestrial irradiance on the earth. The global irradiance is measured by the weather 
station and can be used to define the amount of diffuse and direct irradiance in Equation 12.  
 
Equation 12: Define the diffuse and direct irradiance of the measured irradiance. 

𝑖𝑓
𝐺

𝐺𝑜
≤ 0.07      −→       

𝐷

𝐺
= 1 

𝑖𝑓 0.07 ≤
𝐺

𝐺𝑜
≤ 0.35     −→       

𝐷

𝐺
= 1 − 2.3 (

𝐺

𝐺0
− 0.07)

2

 

𝑖𝑓 0.35 ≤
𝐺

𝐺𝑜
≤ 0.75      −→       

𝐷

𝐺
= 1.33 − 1.46

𝐺

𝐺𝑜
 

𝑖𝑓 0.75 ≤
𝐺

𝐺𝑜
    −→       

𝐷

𝐺
= 0.23 

 
G  = Global horizontal irradiance    [W/m2] 
G0  = extra-terrestrial irradiance    [W/m2] 
D = Diffuse horizontal irradiance     [W/m2] 
 
The extra-terrestrial irradiance can be defined based on a yearly average of 1367 W/m2 and 
the orbit factor of the earth-sun, which is defined in Equation 13. 
 
Equation 13   G0=1367*Rsun;earth 

 
Rsun;earth= 1.000110 + 0.034221 cos(η*d) + 0.000719 cos (2η*d)+ 0.001280 sin(2η*d) 

  + 0.000077 sin(2η*d) 

η=                
2π

365
 

d=             Number of day 
 
The irradiance on the inclined panel can be calculated based on the diffuse and direct 
irradiance. The direct irradiance is be defined in Equation 14, the diffuse irradiance is defined 
in Equation 15 based on the model of Hay(1979) [45]. Hay defined an anisotropic index based 
on the direct irradiance and the global extra-terrestrial irradiance, this implies that the clouds 
are included.   
 
Equation 14:  Idirect;inclined=Idirect*cos(AOI) 

Equation 15:  Idiffuse;inclined=
Idirect*cos(AOI)

Idirect*cos(ζ)
+ (1-

Idirect

Go
) *

1+cos(β)

2
  

 
ζ = Zenith angle      [º] 
β = Inclination angle of the panel   [º] 
AOI = angle of incidence according to Equation 16 [º] 
 
Equation 16:  AOI= cos-1 ( cos(ζ) * cos(β) + sin(ζ) * sin(β) *cos (  ψpanel-ψsun)) 

 
Ψpanel = Azimuth of the panels    [173º] 
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Ψpanel = Azimuth of the sun    [º] 
 
The last step is calculating the reflected irradiance on the PV panel. This based on the direct 
irradiance and the albedo, and is defined in Equation 17. The albedo for a typical roof in the 
Netherlands is around 0.2 [37].  
 

Equation 17:  Ireflect=ρ*G*
1-cos (β)

2
 

ρ = Albedo      [-] 

V. Cleaning of PV panels 

Several PV panels have been cleaned to show if cleaning influences the output of these panels. The 

panels are cleaned at two separate days. First, at 5th of February and the next series at the 12th of 

February. The overview shows the total power output of the panels after cleaning.  

 
Panel 2.08 – before and after 

 
Panel 2.22 – before and after 

 
Panel 2.35 – before and after 
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Panel 1.06 – before and after 

 
Panel 1.21– before and after 

Figure 66: Photos of the cleaned panels 
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red:   5th of February  

orange:   12th of February 

 



 Technische Universiteit Eindhoven University of Technology 

 

 

 

88 Optimizing electricity demand and supply with an office building connected battery- and PV-system 
 

 

B. Prediction of PV production 

This chapter consist of extra information on the prediction of the PV production and the 
demand. First, more details on Icarus® and Solargis® are given. Secondly, the PV production 
model are analysed. The main report only presents a summary and a comparison  of the 
analysis of the different prediction models, The full analysis of the different models can be 
found in this chapter.  Thirdly, an overview of the indicators as described in section 4.2 for the 
several days is shown.  
 
The selected days in the analysis of the models are the extreme days, 31th of May and 14th and 
19th of June. First, a figure of one specific weather day is shown in a line and bar figure, to 
compare the difference between different time steps. This figure compares the actual power 
with the prediction of one, three hours ahead and at the prediction at 6:00 AM. The prediction 
of one or three hours shows if it is needed to change the demand control during the day. The 
relevant figures do not include the full sun day because the prediction shows no relevant 
difference with actual production. Between a fully sunny day and a day with solar profile 1, 
there are average sunny days. These figures show a prediction that sometimes predicts too 
low or too high, especially when there are more fluctuations during the day.   

I. Details about prediction models 

This chapter shows more details on the models describe in less detail in section 1.1.5.  
 
Icarus® 
Alliander started Icarus® [31]to use household PV systems as a sensor to predict the PV energy 
accurately. The main goal of Icarus® project was to obtain large scale PV data and do real time 
analysis for an accurate forecast of energy production.  The aim of the project was to integrate 
PV production and grid management with meteorology. 
 

 
Figure 67 Icarus® dashboard for data analysis. [63] 
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Icarus® has self-learning algorithms which can be combined with weather data to forecast PV 
generation for a PV module [31].  
 
Solargis® 

Solargis® [32]is a web platform which is used to increase the performance and efficiency of PV 
panels and decrease the uncertainty in planning. It consists of a database of high resolution 
data for solar radiation and air temperature.  

 
Figure 68 Solargis® Services [32] 
 
Solargis® is able to map high-resolution global interactive data. The platform also gives access 
to solar radiation and air temperature data. It also provides a PV performance simulator of 
simulation algorithms and a tool for monitoring and performance evaluation for the PV 
systems.  
 
Due to the availability of statistically aggregated data, models can be designed which can 
respond quickly and with improved accuracy. Compared to the previous simplified approaches 
which were created on the assumption of a typical daily profile. The Solargis® implementation 
resolved most of the issues related to the non-linear behavior of PV components [64]. 
 
The main goal of Solargis® was to reduce the uncertainty and the time required for accessing 
the information. It also increased the reliability and accuracy of the data services. 

II. Model 1: Icarus® power output 

The data is divided into the specific days as mentioned in the introduction. At the end of this 
chapter the percentage of deviation of the different days is shown in Table 22. 
 
Figure 69 shows a day with solar profile 1. The figure shows that the predictions follow the 
standard sunny profile with a low output. The small fluctuations are predicted too high, 
especially the 6:00 AM prediction in the afternoon. The other predictions react to the change 
during the day. However, the difference in kW is small, these are around 1.5 to 3 kW. The 
predictions between one and three hours ahead show fewer differences. There is no 
significant difference between the different times. During the other days with solar profile 1, 
the prediction is also too high and the deviation from the actual output is a different 
percentage, but these predictions are also high. The total prediction of this day is for  6:00 AM 
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75% higher. However, the total energy of this day is 20 kWh higher than the actual energy of 
30 kWh, which is small comparing to other days.   

  
Figure 69: Prediction of  solar profile 1 (19-6-18) (Icarus®) 

 

Figure 70 shows a day with solar profile 4. The prediction at 6:00 follows the standard solar 
profile, and predicts the morning and the higher PV production inaccurately. The prediction 
seems to react to the lower prediction during the morning and then predicts the power during 
the afternoon too low. It seems to be that the prediction at 6:00 AM has an inaccurate 
prediction of the morning but predicts the rest of the day quite good. During other days the 
peak is then also predicted comparable to the actual power.  
 

  
Figure 70: Prediction of solar profile 4 (31-5-18) (Icarus®) 

 

Figure 71 shows a day with solar profile 3. It can be seen in this type of day that the lower 
power is not predicted correctly, it is predicted too high. The prediction follows the standard 
solar profile and reacts on lower power production, however, this prediction is inaccurate. It 
seems to be that this type of weather is predicted better than a day with solar profile 4. 
However, there is a small amount of data of this specific day. Furthermore, the power in the 
afternoon is not as low as a day with solar profile 4. The deviation is around 2 to 6 kW during 
the highest and lowest deviation, and at  6:00 AM the prediction is the best for the compared 
predictions. This can also be found for the total prediction of this day, the total prediction at 
6:00 AM deviates 5 %.  
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Figure 71: Prediction of solar profile 3 (14-6-18) (Icarus®) 

 

From the figures, it can be concluded that the short-time prediction during daily fluctuations 
can not be easily predicted by Icarus®. Icarus® follows the standard solar profile and tries to 
react on the lower prediction, however, it then predicts incorrectly and most of the times too 
low. The morning is the most difficult to predict and shows a high inaccuracy. Table 22 shows 
the prediction of the complete day. The relevant days are divided into the different solar 
profiles. This deviation is done to find the total uncertainty of the prediction of these specific 
days. Some days are not divided into these categories but are combined in average days.  
 
Table 22 Overview of deviation for the different solar profiles for Icarus® 

SOLAR PROFILE 1  
Actual power One hour ahead Three hours ahead At 06:00 AM 

17-6-2018 39.55 -5% -13% -28% 

18-6-2018 30.30 -8% -30% -77% 

19-6-2018 27.69 -25% -47% -75%  
Average deviation 13% 30% 60% 

SOLAR PROFILE 2  
Actual power One hour ahead Three hours ahead At 06:00 AM 

30-5-2018 96.40 10% 3% -2% 

15-6-2018 83.85 -6% 4% 19% 

16-6-2018 82.31 19% 12% 15% 

21-6-2018 81.68 8% 0% -18% 

27-6-2018 109.34 -2% -3% -3% 

28-6-2018 101.69 -13% -13% -14% 

29-6-2018 115.04 -9% -9% -9% 

30-6-2018 109.88 -8% -9% -12%  
Average deviation 9% 7% 12% 

SOLAR PROFILE 3  
Actual power One hour ahead Three hours ahead At 06:00 AM 

14-6-2018 50.09 -35% -27% -5% 

SOLAR PROFILE 4  
Actual power One hour ahead Three hours ahead At 06:00 AM 

31-5-2018 76.24 21% 23% -2% 

4-6-2018 68.61 -5% -3% -19% 

5-6-2018 51.07 8% -11% -58% 

20-6-2018 85.40 5% -5% -19% 

25-6-2018 93.67 5% 2% -12% 
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Average deviation 9% 9% 22% 

AVERAGE  
Actual power One hour ahead Three hours ahead At 06:00 AM 

29-5-2018 78.32 -23% -19% -7% 

3-6-2018 73.10 -20% -18% -16% 

22-6-2018 48.83 -16% -44% -29% 

23-6-2018 87.81 7% 13% 17% 

24-6-2018 82.59 -2% 3% 29%  
Average deviation 14% 19% 19% 

III. Model 2: Solargis® power output 

The data is divided in the specific days as mentioned in the introduction. At the end of this 
chapter, the percentage deviation of the different days is defined in Table 23. 
 
Figure 72 shows a day with solar profile 1. The 6:00 AM prediction is predicting too high almost 
all times. The two other times show more accurate prediction and are close to each other. 
There are high deviations, however, the amount of kW is small and has a small influence on 
the control strategy. When the control strategy is defined at 6:00 AM, the peak is predicted 
around 2 kW higher and the total prediction of the day is twice as high. However, this high 
prediction is around 30 kWh, which is small comparing to other days.  

  
Figure 72: Prediction of solar profile 1 (19-6-18) (Solargis®) 

 
Figure 73 shows a day with solar profile 4. The morning is predicted inaccurately at 6:00 AM, 
it follows the standard solar profile. The total prediction of the day is predicted at around 10% 
deviation at 6:00 AM., However, the morning is predicted 80 % too high and the afternoon is 
predicted 30 % too low. The one and three hours ahead are more accurate in the morning, 
especially the one hour ahead. Other similar days are less worse but have also a rather 
inaccurate prediction of the morning. If a control strategy can react on this lower or higher 
power the solar energy should be more efficiently used.  
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Figure 73: Prediction of  solar profile 4  (31-5-18) (Solargis®) 

 
Figure 74 shows a day with solar profile 3. This is the only day that Solargis® has data of this 
type of weather. The prediction follows the actual power production, all timesteps shows the 
same pattern. The prediction at 6:00 AM is too high in the morning but predicts the afternoon 
better. The one or three hours ahead predictions predict lower during all day. The maximum 
and minimum deviation is around 1 to 3.5 kW. The total prediction of the day is 25 % higher 
for the 6:00 AM prediction and 8% lower at 1 hour ahead and for 3 hours ahead it is 12 % 
higher. This means there is no best prediction time. If you use the 7:00 prediction the morning 
predicts a small amount better.  

  
Figure 74: Prediction of  solar profile 3 afternoon (14-6-18) (Solargis®) 

 
From the figures, it can be concluded that the prediction is mostly rather accurate. Only the 
morning is mostly predicted inaccurately. Using the 6:00 AM data for this type of day gives 
high deviations, at these days the more short-time prediction (1 or 3 hours ahead) is more 
useful. However, this is not easy to implement in the control strategy when the strategy is 
defined in the early morning. There is not much difference in predicting one or three hours 
ahead.  
 
Table 23: Overview of deviation for the different solar profiles for Solargis®  

SOLAR PROFILE 1  
Actual power One hour ahead Three hours ahead At 06:00 

17-6-2018 39.55 22% 27% 19% 

18-6-2018 30.30 11% -11% -82% 

19-6-2018 27.69 -20% -29% -103%  
Average deviation 17% 22% 68% 

SOLAR PROFILE 2  
Actual power One hour ahead Three hours ahead At 06:00 AM 
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30-5-2018 96.40 9% 4% 13% 

15-6-2018 83.85 -15% -16% 20% 

16-6-2018 82.31 7% 26% 17% 

21-6-2018 81.68 -7% -21% -6% 

27-6-2018 109.34 -9% -2% 0% 

28-6-2018 101.69 -10% -9% -1% 

29-6-2018 115.04 -5% -1% 5% 

30-6-2018 109.88 -8% -3% 10%  
Average deviation 9% 10% 9% 

SOLAR PROFILE 3  
Actual power One hour ahead Three hours ahead At 06:00 AM 

14-6-2018 50.09 -8% 12% 25% 

SOLAR PROFILE 4  
Actual power One hour ahead Three hours ahead At 06:00 AM 

31-5-2018 76.24 8% 17% 7% 

4-6-2018 68.61 19% 23% -7% 

5-6-2018 51.07 13% 25% -17% 

20-6-2018 85.40 2% 11% 5% 

25-6-2018 93.67 5% 14% 10%  
Average deviation 9% 18% 9% 

AVERAGE  
Actual power One hour ahead Three hours ahead At 06:00 AM 

29-5-2018 78.32 4% 7% -2% 

3-6-2018 73.10 -21% -13% 13% 

22-6-2018 48.83 8% 27% -5% 

23-6-2018 87.81 -15% -14% 11% 

24-6-2018 82.59 -5% 5% 35%  
Average deviation 11% 13% 13% 

IV. Evaluate predicted environmental factors 

Solargis® predicts also some environmental factor that can be used to calculate PV production. 
They can predict the: global horizontal irradiance(GHI), diffuse horizontal irradiance(DHI), 
global tilted irradiance(GTI), air temperature(TEMP) and wind speed(WS).  
 
Figure 75 shows the prediction of the ambient temperature. The right figure shows a good 
correlation with the actual ambient temperature, the R2 is 0.79. the prediction at different 
times shows the same pattern and R2.  The left figure shows a deviation of around two degrees.  
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Figure 75: Prediction of  ambient temperature (31-5-18) and predicted versus measured at 6:00 AM in August 2018 

 
Figure 76 shows the prediction of wind speed. The wind speed fluctuates a lot during the day 
and is not predicted accurately. The R2 (0.64) of the trend line shows no good fit and the 
prediction is mostly too high. The wind speed has a lower influence on the power output and 
that is why this value can be used the model.  

  

Figure 76: Prediction of wind speed(31-5-18) and predicted versus measured at 6:00 AM  

 
Figure 77 shows the prediction of the horizontal irradiance. Solargis® also predicts the diffuse 
and direct irradiance for the used inclination angle but this could not be compared with 
historical data. The prediction of the irradiance shows the same pattern as the prediction of 
the power of Solargis® in B.III. It shows the same uncertainties as for the Solargis® model. The 
morning is more difficult to predict. This uncertainty needs to be taken into account when 
model 3 and 4 will be analyzed in chapter V and VI. The R2 of this model is 0.57, however, the 
slope of the time is 1.3 that means higher prediction than calculated.  This means that actual 
data is needed to validate the model.  
 

  
Figure 77: Prediction of irradiance at an angle (31-5-18) and predicted versus measured at 6:00 AM 

V. Model 3: Based on a Tpanel and power output equation  

The third model is a model based on two regression equations. The data is divided in the 
specific days as mentioned in the introduction. The panel temperature is shown by literature 
as an influencing factor, that’s why this paragraph will use Equation 4 to calculate the power 
output based on the calculated panel temperature first. The predicted values are used to 
predict the power output.  
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i. Evaluate predicted panel temperature equation 

Based on the environmental factors and Equation 1 the panel temperature is calculated. This 
value can be used to calculate the power output. Figure 78 shows the relation between 
predicted and measured panel temperature. The left figure shows no significant difference 
between the different times. However, the prediction is mostly lower than the actual 
measurement. This can be seen in the right figure, the r2 of the data is 0.84. This calculated 
value will influence the output of the panel, there will be a less accurate power output 
calculation.  

   
Figure 78: Prediction of panel temperature (31-5-18) and predicted versus measured at 6:00 AM (model 3) 

 
Figure 79 shows the data when historical data is used. The historical data includes a calculation 
of irradiance from horizontal to inclined. Using this data shows no better prediction than using 
the Solargis® data, the R2 is smaller(0.70) and the slope of the line is higher which means a 
lower prediction. The dotted line in the figure shows how the prediction values versus 
measured values should be. The prediction of the panel temperature is lower than actual, this 
could lead to an error if this is combined with the power output equation.  
 

 
Figure 79: Prediction of the panel temperature based on historical data (model 3). 

ii. Evaluate predicted power output 

The power is calculated with the equation, Figure 80 shows one specific day, other days show 
the same pattern. This day shows a worse prediction in the morning and the afternoon. This 
figure shows that the prediction in the middle of the day is correct, the morning and afternoon 
are inaccurately predicted. The prediction of the panel temperature has some uncertainties 
that lead to more uncertainties in predicting the power.  
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Figure 80: Prediction of a sunny day(31-5-18) (model 3)  

VI. Model 4: Based on a power output equation 

The previous method shows that using two equations could lead to a higher prediction error. 
This model used only one equation (Equation 2) and calculated the output from the 
environmental factors predicted by Solargis®. This model will also be validated with historical 
data. At the end of this chapter, the percentage deviation of the different days is defined in 
Table 24. 
 
Figure 81 shows a day with solar profile 1. This day and other similar days show a too high 
prediction. Especially the 6:00 AM prediction shows an inaccurate prediction. This prediction 
in the afternoon shows a deviation of around 150 % over the whole day, and the morning 
deviates around 240 %. The 6:00 AM prediction is too high during the whole day, the 
prediction is 50 kWh over the whole day. The deviations and power are small. The figure also 
shows that this model reacts to the lower power and changes the prediction. However, the 
one and three hours ahead predictions have a deviation of 3.5 kW. This means that this model 
predicts these specific days inaccurate.    

   
Figure 81: Prediction of solar profile 1 (19-6-18)  (model 4) 

 
Figure 82 shows a day with solar profile 4. The morning is mostly incorrectly predicted, 
especially the prediction at 6:00 AM. The morning is around 80 %  higher, however, the day 
prediction deviation is around 30 %. The other prediction times follow the line or the actual 
prediction and react to the change of irradiance on that day. At 6:00 AM the deviation can be 
7 kW instead of 1.5 kW for the two other times. This day is predicted better than a day with 
solar profile 4, however, the low part is predicted incorrectly.  
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Figure 82: Prediction of solar profile 4 (31-5-18) (model 4) 

 

Figure 83 shows a day with solar profile 3. The prediction figure shows a prediction according 
to the actual production. However, there are less other comparable data that could influence 
the accuracy of this model. The total prediction of this day is usable, it is around 30-40 % for 
the different time. There is not much difference found for different times. However, there 
could be worse days if more data is extracted.  

  
Figure 83: Prediction of solar profile 3 (14-6-18) (model 4) 

 

It can be concluded that the morning is more difficult to predict for this model, possibly due 
to incorrect prediction of irradiance of Solargis®. The inaccuracy of this model is similar to 
Solargis® power prediction. When the PV production in the morning or the afternoon is lower 
than expected the other parts of the day will compensate for this deviation. The validation 
based on historical data of this model is shown in Figure 84. Figure 84 shows the comparison 
of the prediction with Solargis® or with historical data. The historical data uses a calculation of 
the irradiance on the complete panel including the inclination of 24.5 degrees. This model with 
the use of historical data predicts lower and also deviates from the trend line.  

  
Figure 84: Prediction of power output based on historical data versus measured. (model 4) 

 

0

2

4

6

8

10

12

14

0:00 3:00 6:00 9:00 12:00 15:00 18:00 21:00

P
o

w
er

 [
kW

h
]

1 Hour ahead
3 hours ahead
At 6:00
Actual

0

2

4

6

8

10

12

14

0:00 3:00 6:00 9:00 12:00 15:00 18:00 21:00

P
o

w
er

 [
kW

h
]

1 Hour ahead
3 hours ahead
At 6:00
Actual

0
2
4
6
8

10
12
14
16

0 2 4 6 8 10 12 14 16M
ea

ru
re

d
 p

o
w

e
rl

 [
k
W

]

Calculate power [kW]

Model 4

Historical data



 Technische Universiteit Eindhoven University of Technology 

 

 

 

99 Optimizing electricity demand and supply with an office building connected battery- and PV-system 
 

 

Table 24 Overview of deviation for the different solar profiles for model 4. 

Solar profile 1  
Actual power One hour ahead Three hours ahead At 06:00 AM 

17-6-2018 39.55 -31% -31% -50% 

18-6-2018 30.30 -59% -79% -141% 

19-6-2018 27.69 -97% -100% -151%  
Average deviation 62% 70% 114% 

Solar profile 2  
Actual power One hour ahead Three hours ahead At 06:00 AM 

30-5-2018 96.40 -7% -13% -9% 

15-6-2018 83.85 -26% -33% -9% 

16-6-2018 82.31 -16% 2% -12% 

21-6-2018 81.68 -14% -28% -20% 

27-6-2018 109.34 -9% -6% -7% 

28-6-2018 101.69 -16% -17% -15% 

29-6-2018 115.04 -3% -3% -2% 

30-6-2018 109.88 -7% -2% 7%  
Average deviation 12% 13% 10% 

Solar profile 3  
Actual power One hour ahead Three hours ahead At 06:00 AM 

31-5-2018 76.24 -13% -11% -28% 

4-6-2018 68.61 -12% -7% -26% 

5-6-2018 51.07 -25% -11% -52% 

20-6-2018 85.40 -16% -9% -23% 

25-6-2018 93.67 -8% -1% -5%  
Average deviation 15% 8% 27% 

Solar profile 4  
Actual power One hour ahead Three hours ahead At 06:00 AM 

14-6-2018 50.09 -39% -34% -30% 

Average  
Actual power One hour ahead Three hours ahead At 06:00 AM 

29-5-2018 78.32 -18% -17% -28% 

3-6-2018 73.10 -37% -28% -10% 

22-6-2018 48.83 -32% -18% -53% 

23-6-2018 87.81 -21% -21% -12% 

24-6-2018 82.59 -22% -20% 2%  
Average deviation 26% 21% 21% 

VII. Indicator for all the days 

In 4.2 an overview of the indicators for several solar profiles were given in Table 12. An 
overview of the indicators for several days are given below.   

Solar profile 1 
  

1 hour  
  

06:00 AM 
  

  
Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

17-6-2018 R2 0.67 0.65 0.52 0.19 0.11 -0.21  
WAPE 97% 122% 82% 76% 121% 66% 
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CV-RMSE 115% 141% 96% 92% 146% 80% 

18-6-2018 R2 0.26 0.58 -0.12 -1.58 -2.38 -5.60  
WAPE 112% 111% 79% 71% 73% 94%  
CV-RMSE 145% 151% 104% 97% 109% 111% 

19-6-2018 R2 0.47 0.43 -1.19 -0.56 -1.70 -4.21  
WAPE 88% 87% 70% 49% 49% 73%  
CV-RMSE 127% 124% 85% 66% 68% 80% 

Solar profile 2 
  

1 hour  
  

06:00 AM 
  

  
Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

30-5-2018 R2 0.84 0.84 0.88 0.91 0.86 0.92  
WAPE 110% 109% 101% 98% 113% 97%  
CV-RMSE 144% 140% 130% 126% 143% 126% 

21-6-2018 R2 0.56 0.91 0.89 0.72 0.79 0.76  
WAPE 113% 94% 94% 88% 98% 88%  
CV-RMSE 164% 124% 132% 123% 136% 127% 

26-6-2018 R2 0.97 0.99 0.98 0.98 0.94 0.96  
WAPE 100% 99% 101% 96% 110% 102%  
CV-RMSE 131% 124% 134% 125% 135% 135% 

27-6-2018 R2 0.97 0.95 0.95 0.97 0.99 0.95  
WAPE 98% 91% 95% 97% 100% 95%  
CV-RMSE 128% 118% 128% 126% 125% 129% 

28-6-2018 R2 0.88 0.91 0.91 0.89 0.90 0.91  
WAPE 87% 90% 90% 86% 99% 89%  
CV-RMSE 108% 109% 113% 107% 119% 111% 

29-6-2018 R2 0.97 0.99 0.98 0.98 0.97 0.98  
WAPE 92% 95% 101% 92% 105% 101%  
CV-RMSE 115% 118% 128% 115% 129% 129% 

30-6-2018 R2 0.96 0.97 0.97 0.94 0.80 0.80  
WAPE 93% 92% 97% 88% 110% 111%  
CV-RMSE 117% 114% 124% 111% 135% 138% 

Solar profile 3 
  

1 hour  
  

06:00 AM 
  

  
Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

14-6-2019 R2 -0.01 0.77 0.65 0.69 0.62 0.68  
WAPE 84% 94% 86% 102% 125% 92%  
CV-RMSE 130% 124% 109% 148% 172% 122% 

Solar profile 4 
  

1 hour  
  

06:00 AM 
  

  
Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

31-5-2018 R2 -0.03 0.98 0.96 0.53 0.57 0.49  
WAPE 153% 107% 91% 130% 128% 114%  
CV-RMSE 224% 146% 137% 181% 181% 163% 

4-6-2018 R2 0.72 0.77 0.86 0.81 0.80 0.57  
WAPE 96% 119% 96% 82% 93% 80%  
CV-RMSE 142% 155% 132% 118% 123% 112% 

5-6-2018 R2 0.69 0.88 0.87 0.22 0.64 0.23 
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WAPE 113% 114% 83% 73% 96% 81%  
CV-RMSE 170% 155% 126% 109% 133% 116% 

20-6-2018 R2 0.56 0.98 0.95 0.72 0.93 0.79  
WAPE 121% 102% 93% 104% 105% 102%  
CV-RMSE 179% 143% 135% 152% 153% 146% 

25-6-2018 R2 0.78 0.96 0.97 0.87 0.90 0.89  
WAPE 106% 105% 97% 89% 110% 98%  
CV-RMSE 156% 137% 131% 131% 148% 138% 

Average solar days 

  1 hour    06:00 AM   

  Icarus® Solargis® Model 4 Icarus® Solargis® Model 4 

29-5-2018 R2 0.61 0.97 0.94 0.86 0.88 0.79 

 WAPE 108% 103% 92% 112% 110% 105% 

 CV-RMSE 143% 135% 124% 148% 142% 130% 

3-6-2018 R2 0.08 0.61 0.54 0.60 0.50 0.23 

 WAPE 93% 84% 72% 85% 113% 93% 

 CV-RMSE 129% 112% 105% 125% 156% 146% 

15-6-2018 R2 0.65 0.88 0.80 0.79 0.72 0.84 

 WAPE 94% 85% 81% 119% 120% 97% 

 CV-RMSE 130% 113% 113% 156% 157% 133% 

16-6-2018 R2 0.58 0.94 0.91 0.71 0.83 0.88 

 WAPE 119% 107% 88% 115% 117% 91% 

 CV-RMSE 162% 130% 114% 156% 147% 124% 

22-6-2018 R2 -0.67 0.74 0.56 0.24 0.56 -0.01 

 WAPE 110% 108% 76% 89% 99% 75% 

 CV-RMSE 164% 142% 110% 121% 141% 111% 

23-6-2018 R2 0.81 0.79 0.65 0.81 0.68 0.80 

 WAPE 107% 84% 81% 117% 108% 90% 

 CV-RMSE 137% 106% 113% 145% 131% 115% 

24-6-2018 R2 0.79 0.90 0.81 0.67 0.78 0.88 

 WAPE 98% 97% 79% 129% 124% 103% 

 CV-RMSE 126% 121% 107% 165% 152% 138% 
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VIII. Extra figures 

Icarus® 

 
Solargis® 

 
Model 4 
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C. Prediction of demand 

This chapter only consists of extra demand profiles.  

 
Weekend and maximum demand (with all work day cooling) 
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D. Control strategy 

In the main report, the demand and the PV prediction is analyzed. This chapter provides more 
details. Firstly, some extra figures of the different PV production models are given. Secondly, 
the selected model is analyzed into more detail and an inaccuracy overview is made. Finally, 
extra demand profiles are given.  

I. Defining baseline 

To define the baseline the capacity of the BESS needs to be defined. The total BESS capacity is 
48 kWh, however, some constraints as described in section 6.2.2 change the used capacity for 
the control strategy. The used SOC is set from 30 – 90 %, this means an operation window of 
60 %. This operation window leads to a used capacity of: 0.6*48 = 28.8 kWh.  
 
Figure 45 shows the efficiency of the charge and discharge cycle. Average efficiency is used to 
define the charge and discharge capacity. The efficiency for charging is 85.5 %, this includes 
the chemical losses and the inverter losses. Including this efficiency, the charge capacity of 
charging one day is 28.8*0.855 = 24.6 kWh. If you only charge during a work day the hourly 
capacity is obtained when dividing this value with 9.5 working hours, this is 2.6 kWh for each 
hour. The efficiency for discharging is 95%, this only includes inverter losses. Including this 
efficiency, the discharge capacity of charging one day is 28.8*0.95 = 27.4 kWh. If you only 
discharge during a work day the hourly capacity is obtained when dividing this value with 9.5 
working hours, this is 2.9 kWh for each hour.  
 
The control strategy is based on one charge cycle and one discharge cycle for each day. This 
means that the BESS capacity of one day could be 52 kWh. This value is also included in the 
flow chart to define if the BESS has enough capacity for a specific day. If you apply one charge 
and discharge cycle per day, the hourly charge could be 5.2 kWh for charging and 5.8 kWh for 
discharging. These values can also be found in the control strategies.  
 
The baseline is defined based on the previous calculations. Strategy 1 is not charging or 
discharging during this specific day. Strategy 2 is only discharging the BESS. The baseline is the 
maximum grid demand of this specific workday minus the discharge capacity of 5.8 kWh. 
Strategy 3 is using the total grid demand of this specific day. The base line is calculated based 
on the total grid demand divided by the 9.5 working hours. If the total capacity is higher than 
the 52 kWh the baseline is set higher than for strategy 3. The baseline for strategy 4 is 
calculated based on the minimum grid demand plus the charge capacity. The control strategies 
in kW are: 

1. no (dis)charge 
2. Baseline: Maximum grid need of workday - 5.8 
3. Baseline: Total grid need of work day/9.5 working hours 
4. Baseline: Minimum grid need of work day + 5.2 
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II. Relations for data export 

The relation and data export for the control of the BESS is shown in the figure below. 

 
Figure 85: Connection between the used programs 

III. BESS model in Microsoft Excel 

The first step in the model is defining the grid demand of the building and the demand and 
solar profile. This data is extracted from Insite-Reports for each separate day and implemented 
in the Excel model.  

Table 25: Defining the grid need(kWh/h) and the summary of profile, strategy and baseline   
Demand Demand profile  PV Solar profile Grid need Strategy Baseline 

7:00-8:00 15.5 1 0.19 2 15.31 3 11.52 

8:00-9:00 15.5 
 

0.94 
 

14.56 
  

9:0-10:00 15.5 
 

1.88 
 

13.62 
  

10:00-11:00 15.5 
 

4.17 
 

11.33 
  

11:00-11:00 15.75 
 

9.57 
 

6.18 
  

12:00-13:00 16.5 
 

10.27 
 

6.23 
  

13:00-14:00 17 
 

9.27 
 

7.73 
  

14:00-15:00 17 
 

7.34 
 

9.66 
  

15:00-16:00 17 
 

5.59 
 

11.41 
  

16:00-17:00 17   3.56   13.44     

Total     109.47   

Maximum     15.31   

Minimum     6.18   
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The next step is using the baseline in defining the amount of charge and discharge. The model 
implements the actual grid demand from Insite-Reports. The control strategy in InsiteView-
next® uses the actual demand. At this point, the flow chart is implemented and is based on 
SOC and minimum charge for the BESS.  

IV. Some good working strategies  

This chapter shows some extra good performing strategies.  

 
Figure 86: 23th and 24th of January 2019 

 

Figure 87: 2nd and 13th of February 2019 
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V. Flowchart work day and weekend control 
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VI. InsiteView-next® rule-based control 

Night strategy 
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Control during the day in IV-next 
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