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Abstract. This research presents a case study exploring the potential for demand side flexibility 
at a cluster of university buildings. The study investigates the potential of a collection of various 
electrical devices, excluding heating and cooling systems. With increasing penetration of 
renewable electricity sources and the phasing out of dispatchable fossil sources, matching grid 
generation with grid demand will become difficult using traditional grid management methods 
alone. Additionally, grid congestion is a pressing problem. Demand side management in 
buildings may contribute to a solution to these problems. Currently demand response is, 
however, not yet exploited at scale. In part, this is because it is unclear how this flexibility can 
be translated into successful business models, or whether this is possible under the current market 
regime. This research gives insight into the potential value of energy demand flexibility in 
reducing energy costs and increasing the match between electricity demand and purchased 
renewable electricity. An inventory is made of on-site electrical devices that offer load flexibility 
and the magnitude and duration of load shifting is estimated for each group of devices. A demand 
response simulation model is then developed that represents the complete collection of flexible 
devices. This model, addresses demand response as a ‘distribute candy’ problem and finds the 
optimal time-of-use for shiftable electricity demand whilst respecting the flexibility constraints 
of the electrical devices. The value of demand flexibility at the building cluster is then assessed 
using this simulation model, measured electricity consumption, and data regarding the 
availability of purchased renewables and day-ahead spot prices. This research concludes that 
coordinated demand response of large variety of devices at the building cluster level can improve 
energy matching by 0.6-1.5% and reduce spot market energy cost by 0.4-3.2%. 

1.  Introduction 
This paper explores the potential of demand side flexibility in university office buildings in reducing 
energy costs and improving the match between demand and grid renewable electricity production.  
Increasing penetration of intermittent renewable electricity generation in the grid will lead to larger 
fluctuations in the time-of-use price and the CO2 emissions related to grid electricity consumption [1,2]. 
Additionally, a future electricity grid with a higher penetration of renewables faces greater challenges 
around grid congestion and maintaining grid frequency and stability [3]. Demand side management, and 
more specifically, demand response in office buildings are commonly seen as part of the solution to 
these issues [4]. Demand response refers to the practice of shifting, reducing and increasing electricity 
demand to reduce energy costs, facilitate grid stability, or deliver other types of energy services.  

Currently, there is also an increasing interest within many organisations in the sourcing of their 
procured energy. This can be seen by the increased uptake of guarantee of origin and virtual power 
purchasing agreements, certifying that purchased electricity comes from a renewable source. 
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Traditionally, such purchasing agreements are aimed at stimulating the development of new renewable 
power generation capacity and the certification schemes are not time-of-use dependant. The 
aforementioned issues around the integration of more renewable sources in the grid, however, raise the 
question of whether such agreements should include some time-of-use dependant aspects.  

Earlier research on demand response in office buildings has shown that various electrical devices 
that are commonly found in office buildings offer substantial degrees of energy flexibility. A literature 
review [5], identified potential sources of energy flexibility in office buildings and assessed feasible 
time durations of demand response events for each device. An empirical study [6] showed that heating 
and cooling setpoints can be temporarily (1-3 hours) relaxed without negative effects on the perceived 
thermal comfort of occupants. Additionally, a simulation study [7] showed that this relaxation of 
setpoints can be exploited in demand driven operation of electrical heating and cooling systems to shift 
the time-of-use of substantial amounts of electricity consumption (0.14-0.34 kWh/m2). Additionally, 
procedures have been defined for quantifying the energy flexibility of buildings under standardised test 
conditions [8]. To summarise, most recent research has focussed on quantifying the demand response 
potential in terms of the energy that can be shifted and the timespan across which load reductions are 
possible. It is still unclear, however, to what extent this energy shifting potential can be translated into 
improved matching of energy demand with renewable electricity generation or into energy purchasing 
cost reductions. Additionally, most research has focussed on space heating and cooling systems on few 
studies have explored the flexibility potential of a collection of other types of electrical devices that are 
commonly found in offices and educational buildings.  

This paper explores these topics through a case study focussed on demand response with a variety of 
electrical devices, excluding heating and cooling systems, at the scale of a cluster of university buildings 
in the Netherlands. The university and its energy provider are designing a nett-zero energy contract 
where the university procures sufficient certificates of green origins to fulfil its complete annual 
electricity demand. Currently, these parties are investigating possibilities for integrating stimuli for 
demand response and time-of-use matching within such renewable energy procurement contracts. The 
case study is part of this investigation. In the study, an inventory is made of on-site electrical devices 
that offer load flexibility and the magnitude and duration of load shifting is estimated for each group of 
devices. A demand response simulation model is then developed that represents the complete collection 
of flexible devices. The effects of demand response are assessed using this simulation model, measured 
electricity consumption, and data regarding the availability of purchased renewables and spot prices. 
Finally, The results of the case study are used to assess the potential value of demand flexibility to 
improve spot price energy costs and energy matching between electrical demand and renewable supply. 

2.  Methods 

2.1.  Performance indicators 
For determining matching between electricity demand and purchased grid renewable electricity, an 
indicator titled the on-contract renewable energy fraction (OCEF) will be used, which is a variant of the 
OEF indicator developed in [9]. OCEF is defined as the part of energy demand that is met using 
renewable energy generation and is computed using Equation (1).  

 

𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 =  
∑ min(𝑛𝑛
𝑡𝑡=1 𝑂𝑂𝑔𝑔𝑔𝑔𝑛𝑛;(𝑡𝑡),𝑂𝑂𝑑𝑑𝑔𝑔𝑑𝑑;(𝑡𝑡))

∑ 𝑂𝑂𝑑𝑑𝑔𝑔𝑑𝑑;(𝑡𝑡)
𝑛𝑛
𝑡𝑡=1

 (1) 

Where: Egen: generated renewable electrical energy, Edem: electrical energy demand, t: timestep 

2.2.  Data sources 
The effects of demand response on energy costs will be quantified using day-ahead spot market prices 
for the Netherlands in 2020 taken from the ENTSO-E Transparency platform [10]. To assess the time-
varying availability of procured renewable electricity, two renewable energy generation profiles are 
used. These profiles are based on measured output of two generating facilities: a photovoltaic power 



 
 
 
 
 
 

station and a wind farm. Measured electricity consumption from a cluster of university buildings is used 
in this study. Measured data of the year 2020 was retrieved from a facility energy management program 
at an hourly measurement interval. The building cluster has 56,518 m2 in total floorspace and includes 
educational, offices and laboratory facilities. No submetering data is available for this cluster of 
buildings.  

2.3.  Overall research method 
The first step in this research, is to translating the demand response goals of increasing energy matching 
and reducing energy costs, into penalty functions that a demand response controls strategy will seek to 
minimise. In the second step, an on-site inventory is made of the electrical devices that are contained 
within the measured electricity consumption data and that are potentially suited for demand response. 
For each group of devices, an assessment is then made of the possible magnitude of load reduction 
during a demand response event, and the duration across which the load could be reduced. In a second 
step of the study, the potential of demand response using this entire collection flexible devices is 
assessed using a simplified control optimisation algorithm, titled the ‘distribute candy’ algorithm, that 
is be presented and verified in the results section. 

3.  Results 

3.1.  Defining optimization objectives: development of penalty functions  objective functions : 
Using Equation (2), the day-ahead electricity spot prices are translated into the penalty signal that is 
shown in Figure 1 (red line). Similarly, the magnitude of the mismatch between purchased renewables 
and electricity demand (purple line in Figure 2) is translated into a penalty function using Equation (3) 
(red line). For assessing energy matching it is assumed that summed purchased generation is equal to 
summed energy demand of the building cluster across a year. To obtain a generation profile for the 
available renewable energy (green line in Figure 2),  the wind and solar output profiles are scaled to the 
annual demand assuming that 70% of this demand is met using wind power and 30% with solar. This 
ratio was found to lead to the highest degree of energy matching.  

 
 

𝑝𝑝(𝑡𝑡) =
𝑆𝑆𝑆𝑆𝑆𝑆(𝑡𝑡) − min (𝑆𝑆𝑆𝑆𝑆𝑆(𝑦𝑦𝑔𝑔𝑦𝑦𝑦𝑦))

max (𝑆𝑆𝑆𝑆𝑆𝑆(𝑦𝑦𝑔𝑔𝑦𝑦𝑦𝑦))
 (2) 

𝑂𝑂𝑛𝑛𝑔𝑔𝑡𝑡𝑡𝑡(𝑡𝑡) =  𝑂𝑂𝑔𝑔𝑔𝑔𝑛𝑛(𝑡𝑡) −  𝑂𝑂𝑑𝑑𝑔𝑔𝑑𝑑(𝑡𝑡) 

𝑝𝑝(𝑡𝑡) = 1 −
𝑂𝑂𝑛𝑛𝑔𝑔𝑡𝑡𝑡𝑡(𝑡𝑡) − min (𝑂𝑂𝑛𝑛𝑔𝑔𝑡𝑡𝑡𝑡(𝑦𝑦𝑔𝑔𝑦𝑦𝑦𝑦))

max (𝑂𝑂𝑛𝑛𝑔𝑔𝑡𝑡𝑡𝑡(𝑦𝑦𝑔𝑔𝑦𝑦𝑦𝑦))
 (3) 

Where: SPR(t): spot price at t, p(t): penalty function t, t: timestep, Egen(t): purchased renewable energy 
at t, Edem(t): energy demand at t, Enett(t): difference between purchased renewable and demand 

 

 

Figure 1 Translation of day-ahead spot electricity to a penalty function that is to be minimised 
 



 
 
 
 
 
 

 

Figure 2 Translation of energy mismatch to a penalty function that is to be minimised 

3.2.  Inventory of on-site devices and assessment of their load flexibility  
The inventory in Table 1 gives the installed capacity for all  electrical devices that offer some degree of 
flexibility and could be controlled for demand response. It can be noted that central HVAC systems are 
largely missing from the inventory. The building cluster is heated and cooled using district heating and 
cooling system with a ground source heat pump system. This system is not included in the electricity 
meter of building cluster and therefore it is also excluded from the inventory. For each group of electrical 
devices an assessment is made of their demand response capabilities in terms of the maximum power 
reduction and the duration of this reduction. This assessment is made using the literature review by  [5]. 
 

Table 1. Inventory of electrical devices at the university building cluster and estimate of potential 
power reduction during a demand response event for each type of device 

 Installed 
capacity 

Estim. 
full load 

hours 

Estim. 
electricity 
demand 

Demand 
response 

assumption 

Max. P 
reduction 

Power reduction at 
hour 

1 h 1.5 h 3 h 
 kW h/y MWh/y  kW kW kW kW 

Lighting 497 5000 2485 10% reduction 50 0 0 0 
Ventilators 330 6000 1980 25% reduction*  35 35 35 35 

Servers 160 8760 1402      
Climate 

chambers 
148 6000 888      

Pumps 52 8760 456 35% reduction* 10 10 10 10 
Freezers  
(-80°C) 

40 7000 280 Shutdown 1-1h 40 40   

Freezing 
chambers 

(-80°C) 

30 7000 210 Shutdown 1-1.5 h 30 30 30  

Cooling 
chambers 

15 5000 75 Shutdown 1-1.5 h 15 15 15  

Elevators 90 800 72 Half speed 45 45 45 45 
Freezers 19 3500 66 Shutdown 1-1h 19 19   

Ovens 150 400 60      
Split unit AC 40 1200 48 Shutdown 1-1.5 h 40 40 40  

Cabinet 
desiccators 

60 400 24 Shutdown 1-3 h 60 60 60 60 

Dishwashers 30 800 24 Shutdown 1-3 h 30 30 30 30 
Totals 1661   *(excluding labs) 374 324 265 180 

 



 
 
 
 
 
 

The inventory shows a large variety of devices that offer varying types of demand flexibility. 
Freezers, chillers, ventilators, and servers offer the ability to shift demand across time. The setpoint of 
a freezer, for instance, could be relaxed for a short duration but this will cause an increase in its electricity 
consumption when the setpoint is returned to its regular value. Other devices only offer the ability to 
shed demand at the expense of a reduced energy service. An elevator for instance can be run at reduced 
speed. In this case study, the worst-case simplifying assumption is made that all devices offer only the 
ability to shift demand across time and that no load can be shed fully.  

3.3.  The ‘distribute candy’ demand response control algorithm 
The developed algorithm distributes the shiftable part of the overall energy demand across a predefined 
time period in a way that minimises a penalty function. The simulated year is divided into discrete 
periods and the energy demand profile is separately optimised within each period. The algorithm 
optimises the shape of the energy demand profile under the constraints that: (I) demand can only be 
shifted, that is: the sum of energy consumption across the considered period has to remain constant, and 
(II) a minimum energy consumption profile has to be respected.  

The demand response control optimisation method is described in Equations (4) to (6) and 
graphically illustrated in Figure 3. The figure represent a theoretical case where demand will be shifted 
across a single day for a demand profile that peaks at mid day (blue line) to minimize a penalty function 
(red) that also peaks at mid day. The employed method requires the following inputs and assumptions: 
(i) a reference load profile without demand response, (ii) a demand response time period across which 
demand will be redistributed, (iii) a maximum allowed reduction of power in relation to the baseline 
load profile and (iv) a minimum overall power that needs to be maintained during demand response. 
The assumptions for (iii) and (iv) are based on the inventory and assessment of flexible on-site devices. 
Using this information, a minimum power profile is computed (Equation (4) that gives the minimum 
allowed power consumption at every timestep that would result from switching all flexible devices to 
their minimum allowed power consumption (green line in Figure 3). The energy that can theoretically 
be shifted is then computed by taking the difference between the baseline energy demand profile and 
the minimum energy demand profiles (Equation (5) and grey dotted area in Figure 3). This shiftable 
energy is then distributed across the individual timesteps of the demand response time period relative to 
the magnitude of the penalty function at each timestep using Equation (6). The resulting energy demand 
profile (purple), shifts demand during the peak penalty hours to hours with a lower penalty whilst 
respecting the power and overall energy demand constraints.  

The same problem can also be solved numerically using a ‘distribute candy’ approach that is 
analogues to distributing a finite number of candies consecutively in an iterative manner across a series 
of people according to their individual grades. In this approach the list of penalty values is sorted to their 
magnitude and shiftable energy demand (candies) is distributed across each timestep (person) 
consecutively, starting at the timestep with the lowest penalty value (highest grade), weighing a standard 
portion with the grade (1-penalty) of that timestep, and allocating this weighted portion to that timestep. 
This process is repeated until all shiftable energy demand (candies) are distributed.  
 

𝑆𝑆min(𝑡𝑡)= max(𝑆𝑆𝑑𝑑𝑚𝑚𝑛𝑛;𝐷𝐷𝐷𝐷(𝑡𝑡), (𝑆𝑆𝑁𝑁𝑁𝑁𝐷𝐷𝐷𝐷(𝑡𝑡) − 𝑆𝑆𝑑𝑑𝑦𝑦𝑚𝑚;𝐷𝐷𝐷𝐷;𝑦𝑦𝑔𝑔𝑑𝑑)) (4) 
𝑂𝑂𝑠𝑠ℎ𝑚𝑚𝑖𝑖𝑡𝑡(𝑡𝑡) =  𝑂𝑂NoDR(t) − 𝑂𝑂min(t) 

with   𝑂𝑂min(𝑡𝑡) = 𝑆𝑆min(𝑡𝑡) ∗ 𝑡𝑡𝑡𝑡 
(5) 

𝑂𝑂𝐷𝐷𝐷𝐷(𝑡𝑡) =  𝑂𝑂min (𝑡𝑡) + 
1 − 𝑝𝑝(𝑡𝑡)

∑ 1 − 𝑝𝑝(𝑖𝑖)𝑔𝑔
𝑚𝑚=𝑠𝑠

∗  � 𝑂𝑂𝑠𝑠ℎ𝑚𝑚𝑖𝑖𝑡𝑡(𝑚𝑚)

𝑔𝑔

𝑚𝑚=𝑠𝑠
 (6) 

Where: PNoDR: measured power consumption, Pmax;DR;red: assumed maximum allowed power reduction 
during demand response, Pmin;DR: assumed minimum power consumption during demand response, 
Eshift(t): shiftable energy consumption, ENoDR: measured electricity consumption, Emin: minimum 
allowed energy consumption, t: time at timestep, ts: duration of timestep in seconds, EDR(t): energy 
consumption including demand response, p: penalty function, s: start time of optimisation horizon, e: 
end time of optimisation horizon. 

 



 
 
 
 
 
 

In the ‘distribute candy’ approach, the method for determining the standard unweighted portion is 
defining for the outcomes. This portion can be defined by taking the remainder of the shiftable energy 
at each timestep and dividing this by the total number of timesteps. This approach leads to the same 
result as the algebraic method from Equation (6). Alternatively a constant value for the standard portion 
can be used, like the maximum allowed power consumption, which leads to a different result (pink line 
in Figure 3). With this approach, the shiftable energy demand will be distributed more unevenly across 
the different timesteps, favouring timesteps with lower penalty values more strongly. This is because 
the algorithm will start distributing energy demand starting at lower penalty timesteps and halt abruptly 
once it runs out of shiftable energy (remaining candies) because it does not adjust the hand out portion 
relative to the remainder. In the example this happens at 21:00 where energy demand drops to the 
minimum allowed profile. As a result, this approach leads to a lower overall penalty but also more 
extreme fluctuations in energy demand. In reality this approach would require quite rapid downward 
and upward ramping of flexible loads. The two approaches for distributing demand will be considered 
as two control strategies and referred to as moderate demand response (purple), which requires small 
ramping, and extreme demand response (pink), which requires rapid and large ramping of flexible loads.  

 

 

Figure 3 Behaviour of the ‘distribute candy’ demand response algorithms 

3.4.  Simulation results 
Figure 4 shows the behaviour of the two demand response control strategies when optimising for 
increased energy matching throughout a typical summer week with all flexible devices at the building 
cluster. A maximum power reduction of 374 kW and a demand response optimisation horizon of 6 hours 
(~3 at hours at reduced power and ~3 at increased power) were chosen as inputs to the optimisation 
algorithm, based on the assessment of the individual devices in Table 1. Figure 4 A shows the moderate 
demand response (ModDR) strategy and Figure 4 B shows the extreme demand response (ExDR) 
strategy. The minor vertical grid lines indicate the borders of each 6 hour optimisation period. The 
graphs show that, within each optimisation period, the demand response strategies (light blue) decrease 
energy demand in comparison to the baseline scenario (dark blue) at hours when the penalty function 
(red) is high. These strategies shift this energy demand to moments with a lower penalty value. As 
expected, the ModDR strategy follows the baseline load profile more closely whereas the ExDR strategy 
goes to the minimum allowed energy demand profile (grey dotted line) whenever the penalty is high and 
maximises power consumption during off-peak hours. The graph also shows that the ExDR requires 
large and rapid fluctuations in power consumption.  

Figure 5 shows the effect of the demand response strategies on the annual performance indicators. 
Five strategies are shown: (i) the no demand response baseline (NoDR), (ii) the moderate demand 
response strategy aimed at improving energy matching (MaxOcef_ModDR), (iii) the extreme demand 
response strategy aimed at improving energy matching (MaxOcef_ExDR), (iv) the moderate demand 



 
 
 
 
 
 

response strategy aimed at reducing spot market energy costs (MinSpot_ModDR) and (v) the extreme 
demand response strategy aimed at reducing energy costs (MinSpot_ExDR). The plot shows that the 
demand response strategies are able to shift the time-of-use of 253-1530 MWh (2-12% or 4.5-27.1 
kWh/m2), of the overall electricity demand. This energy flexibility leads to a small increase in energy 
matching of 0.6-1.5% OCEF (MaxOcef), or a 0.4-3.2% reduction  in energy costs (MinSpot). 
 

A. Assuming moderate ramp up/down in demand response (proportional portion setting) 

 
B. Assuming extreme ramp up/down in demand response (constant portion setting) 

 

Figure 4 Simulation results of the distribute candy demand response model that optimises for self-
consumption of purchased renewables for a summer week 

 

 

Figure 5 Effect of the different demand response control alternatives on OCEF, energy costs, shifted- 
and not shifted electricity consumption 

4.  Discussion, conclusions and future research 
This study shows that demand response with the investigated collection of devices has only a very small 
effect on energy matching (0.6-1.5% increase in OCEF). The reason for this is that, the baseline degree 



 
 
 
 
 
 

of energy matching without demand response is relatively high (66%) for the investigated building 
cluster even without demand response because peak energy demand occurs during office hours 
coinciding largely with peak PV generation. The timespan of the remaining mismatch is diurnal and 
seasonal. This timespan can not be covered well using the width of the flexibility of the investigated 
devices, which can only be operated at reduced load for around 3 hours. Additional simulations were 
also executed with different assumptions for the demand response period, which indicated that, to get a 
substantially larger increase in OCEF (e.g.: 3-5%), the demand response period needs to be at least 12-
24 hours. The available demand flexibility does, however, offer the potential for a meaningful reduction 
in energy costs (up to 3%). The spot price fluctuates on a shorter interval than the demand-renewable 
generation mismatch and the available demand flexibility is better equipped to optimise at this interval.  

Some limitations to this study should be noted. The assumption that all devices can only shift demand 
is conservative. In reality, some of the investigated devices shed load rather than shifting it. This 
assumption is likely to cause some underestimation of OCEF and cost improvements. Another 
limitations lies in the optimisation approach. The ‘distribute candy’ algorithm optimises only within, 
somewhat arbitrarily defined, discrete optimisation timeframes. This approach prohibits that energy is 
shifted across two timeframes, a constraint that is not necessary in reality. Finally it should be noted that 
this study uses measured data from the year 2020, the year of the COVID pandemic. This year is not 
representative of ordinary building operation or electricity market conditions. Future research efforts 
should focus on a more realistic description of the demand response behaviour of individual devices, 
more representative measurement data, improved control optimization methods and alternative 
flexibility goals (i.e.: reducing CO2 emissions, reducing peak loads or balance market trading). 

5.  Data availability 
Scripts/data are available at: https://gitlab.com/hva-energie-en-innovatie/sbe22-paper-energymatching. 
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