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Abstract of the HAPPENING project 

Currently, buildings are responsible for 40 % of the energy demand and 36% of the CO2 emissions in Europe. 

Decarbonisation of existing buildings plays a key role in order to reach the overall climate protection targets. However, 

current renovation rates lie in the order of 1%. 

Heat pumps are a key technology in bringing renewable shares into heat supply of buildings; especially their combination 

with onsite renewable electricity production e.g. by PV allows to bring high renewable shares. Their current installation in 

existing multi-apartment buildings is however still marginal. 

The proposed technological solution is based on decentralized heat pumps, in such a way that it results an easy-to-install 

solution for installers, low-intrusive for the occupants and easily adaptable to a large number of different building 

situations. This is flanked by developing near-zero planning, implementation and operation processes, in order to facilitate 

the work during the planning phase, ensure a high-quality installation and effective operation, and reduce the efforts and 

costs within the whole retrofitting project. The challenge of cost-competitiveness is addressed by developing new financial 

and business models. Bringing new players (such as financial experts) and financing models to the renovation market is 

expected to bring the needed paradigm change and boost investments in the residential retrofitting sector. Dissemination 

of measured performance and system characteristics from HAPPENING will be one of the key results of the project. 

Through 3 demo sites (Spain, Italy and Austria), the project will demonstrate a highly versatile, scalable and replicable 

solution package for buildings energy system retrofitting allowing 70-75% of renewable energy fraction, 30-50% of PE and 

GHG savings, reduction of planning time by 50% and installation/operation time by 30% and payback time for ESCOs and 

investors of less than 8 years, compared to best available solution existing today. 
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1. Introduction 

1.1 Objectives of the deliverable D2.4 

The objective of the deliverable D2.4 is to model a computationally efficient one-dimensional hot water storage tank which 

can accurately predict the temperature stratification in different configurations and operating conditions. This objective, in 

turn, provides high accuracy in input / output energy during charge / discharge phases. To benchmark the developed model 

against an open-source model, simulation results of the thermal energy storage tank model available in the Buildings Library 

[4] are included and compared. 

1.2 Deliverable description 

The deliverable D2.4 is structured in 7 chapters explaining the following key aspects related to the adaptive grid model of 

hot water storage tank: 

• Chapter 1: Introduction 

• Chapter 2: Background 

• Chapter 3: Adaptive grid tank model 

• Chapter 4: Model validation methodology 

• Chapter 5: Results and discussion 

• Chapter 6: State of ongoing progress 

• Chapter 7: Conclusions 

The remainder of this deliverable is organized into six chapters. Chapter 2 explains the issues in modelling hot water storage 

tanks i.e. numerical diffusion and mixing factor. Chapter 3 describes the developed model in terms of general mechanism, 

mass, and energy balance. In Chapter 4, a set of experiments are explained with regards to their operational features. These 

tests have been performed to validate the simulation results. Then, in Chapter 5, the simulation results are compared 

against experimental data followed by a detailed discussion. In the next chapter, the current development of the model is 

explained. Finally, conclusions on the accuracy and performance efficiency of the model are drawn in Chapter 7. 
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1.3 Relation with other activities in the project 

The development of an accurate model of a thermal storage tank is necessary to the initial validation of reduced order 

models of the same components, to be used in the system simulation and to develop management strategies (e.g. in the 

development of the model predictive control in Subtask 2.2.4) that maximise the energy stored and minimize thermal 

losses. 
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2. Background 

As the integration of renewable energy sources in electrical and thermal grid has continuously increased for the past 

decade, thermal energy storage allows for shifting of thermal loads such as electric water heating or space heating, thus, 

increasing energy systems’ flexibility [1]. One of the most important thermal energy storage systems are thermocline 

systems or stratified fluid tanks, which store energy by keeping fluid layers stratified at different temperatures [2]. In a hot 

water storage tank, the warmest layers are displaced to the top and the coldest layers move to the bottom because water 

density decreases as temperature increases. The most important characteristic of the hot water storage tank is stratification 

that develops during a charge cycle because of the density difference between the hot inlet fluid and initial cold fluid. If the 

hot inlet fluid does not mix with the initial fluid, stratification would perfectly occur. However, it is not the case due to 

different mechanisms including diffusion between the hot and cold regions, heat losses to the ambient and inlet jet mixing. 

It means that the hot and cold regions mix and form a region with temperature gradient called thermocline (Figure 2.1). 

The thickness of thermocline region increases over time leading to decreasing the temperature in hot region and increasing 

the temperature of the fluid in the cold region [3]. 

 

Figure 2.1: Small region of thermocline (varying temperature) between two 

larger temperature-constant regions 

Modelling of thermal stratification and thermocline systems is a complex task and an active research field. There are several 

hot water storage tank models in the literature which can be categorized based upon their applied coordinate systems: 

one-, two- and three-dimensional models. Although one-dimensional models are less accurate in predicting the 

temperature profiles, they are the preferred choice over two- and three-dimensional models because their lower 

computational complexity and cost makes them suitable for long-term simulation of the storage tank [2]. 
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2.1 Classical one-dimensional storage tank model 

To model “thermocline systems”, the traditional model of hot water storage tank, uses a fixed, equally spaced grid shown 

in the Figure 2.2. 

 

Figure 2.2: Classical model for spatial discretization of the tank into "n" 

nodes [5] 

Energy equations of the so-called classical one-dimensional model can be represented by a single partial differential 

equation generated from a spatially dependent energy balance of the tank: 

𝝆𝒄𝑨𝒄𝒔

𝝏𝑻

𝝏𝒕
= 𝒄(�̇�𝒊𝒏 − �̇�𝒐𝒖𝒕)

𝝏𝑻

𝝏𝒙
− 𝑼𝑷(𝑻(𝒕, 𝒙) − 𝑻𝒂𝒎𝒃) + 𝜺𝑨𝒄𝒔

𝝏𝟐𝑻

𝝏𝒙𝟐                                                                                                    (𝟏) 

The term on the left side of the above equation denotes the internal energy change of the storage tank. The first term on 

the right side of the above equation is heat flowrate due to advection (mass flow accompanying energy flow). The second 

term is heat loss rate through storage walls to the ambient and the last one is the heat flowrate due to diffusion and mixing 

(convection term). 

Spatial discretization of the tank model into “n” nodes (Figure 2.2) using finite difference method results in “n” number of 

ordinary differential equations. Node “n” is located at the top and node 1 is the bottom node of the storage model. 

Assuming a tank with “n” nodes, the ordinary differential equation for the ith node is expressed as follows: 

𝝆𝒄𝑨𝒄𝒔∆𝒙
𝒅𝑻𝒊

𝒅𝒕
=  𝒄�̇�𝒐𝒖𝒕(𝑻𝒊−𝟏 − 𝑻𝒊) + 𝒄�̇�𝒊𝒏(𝑻𝒊+𝟏 − 𝑻𝒊) − 𝑼𝑷∆𝒙(𝑻𝒊 − 𝑻𝒂𝒎𝒃) +

𝜺𝑨𝒄𝒔

∆𝒙
(𝑻𝒊+𝟏 − 𝟐𝑻𝒊 + 𝑻𝒊−𝟏)                       (𝟐) 

It should be assumed that each tank node is fully mixed with a specific temperature. Further, water as the storage medium 

is incompressible. Thus, the mass and momentum balances are trivial and not required. 
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2.2 Numerical diffusion 

One reason of lower accuracy of traditional one-dimensional models in prediction of the temperature profiles is “False” or 

“numerical diffusion”. It is an inherent result of the spatial discretization using finite difference method in solving the 

convection term of the energy equation [6]. Numerical diffusion causes the model to exhibit higher diffusivity than the true 

physical system. 

The creation of numerical diffusion can be visually illustrated by a well stratified tank. In reality, hot fluid moves down due 

to its velocity and buoyancy over time as shown in Figure 2.3(a) and (b). However, in simulation of classical one-dimensional 

storage model, as we see in Figure 2.3(c), after a timestep of ∆𝑡, there is a difference in temperature of the middle node 

between actual and simulation cases due to the assumption of fully mixed nodes in simulations [3]. Thus, the nodes 

thickness in thermocline region should be as small as possible to model the actual case. This, in fact, increases the number 

of nodes which in turn results in increase of the number of equations that must be solved each timestep, leading to higher 

computational effort. Thus, in lieu of an equally spaced grid, the desired grid can defocus calculating temperature in 

constant-temperature region(s) by having less nodes there. On the other hand, it should be discretized enough in the 

thermocline region to represent the temperature variation with an acceptable accuracy. 

 

Figure 2.3: Illustration of how numerical diffusion in 1D models is created due to the 

assumption of fully mixed control volumes [3] 
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2.3 Mixing factor 

As illustrated in Eq. 1, the convection term is a product of mixing factor (𝜀), cross-sectional area of the storage tank and 

temperature gradients. As it implies, the mixing factor is a lumped parameter representing the three-dimensional complex 

phenomena of buoyancy and mixing in a one-dimensional model. Therefore, its calculation is not an easy task, and a special 

formulation should be developed. 

In the literature, several methods are available to simulate this phenomenon in 1D models. Zurigat et al. [6] expressed the 

mixing factor (a fitting parameter) as a function of two dimensionless numbers of the Richardson and Reynolds numbers 

(which account for the stratification decay). The authors found that this factor varies from a maximum value at the inlet to 

a minimum value of one at the outlet in a decreasing hyperbolic function where the inlet value is dependent on the inlet 

flow conditions. This method is studied in more details by Oppel in [7] and [8]. The 𝑅𝑒 and 𝑅𝑖 are defined: 

𝑅𝑒 =
𝜌𝑎𝑣𝑔.𝑢.𝑑𝑡𝑎𝑛𝑘

𝜇
=

𝐼𝑛𝑒𝑟𝑡𝑖𝑎𝑙 𝑓𝑜𝑟𝑐𝑒

𝑉𝑖𝑠𝑐𝑜𝑢𝑠 𝑓𝑜𝑟𝑐𝑒
                                                                                                                                          (𝟑)  

and, 

𝑅𝑖 =
∆𝜌. 𝑔. 𝐻 

𝜌𝑖𝑛𝑢2
=

𝑔. 𝛽. ∆𝑇. 𝐻

𝑢2
=

𝐵𝑢𝑜𝑦𝑎𝑛𝑐𝑦 𝑓𝑜𝑟𝑐𝑒

𝐼𝑛𝑒𝑟𝑡𝑖𝑎𝑙 𝑓𝑜𝑟𝑐𝑒
                                                                                                           (𝟒) 

The author suggested that mixing factor (𝜀ℎ𝑖) at the inlet can be calculated based on the following equation: 

𝜀ℎ𝑖,𝑖𝑛𝑙𝑒𝑡 = 𝑀 (
𝑅𝑒

𝑅𝑖
)

𝑁

                                                                                                                                                                 (𝟓) 

It should be noted that 𝜀ℎ𝑖,𝑖𝑛𝑙𝑒𝑡  then is decreased based on a hyperbolic function for the lower nodes e.g. for a charge case. 

The known variables are 𝑅𝑒 and 𝑅𝑖 and coefficient M and power of N can be regulated by fitting the simulated temperature 

profiles with the measured ones. The coefficient M and power N depend on the model, storage tank configuration, the type 

of the fluid and if the chilled water storage or hot water storage is being simulated. Thus, M and N are experimental 

parameters that should be computed separately for each study. 
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3. Adaptive grid tank model 

In a category of transport problems, known as Stefan problems, boundary moves over time as an interface between two 

phases, each with specific transport properties. An example of this, is the diffusion of heat in the melting of ice, and as the 

melting occurs the boundary of the ice will change its position. One numerical approach to solve this problem is to use a 

grid which tracks the moving boundary using a dynamically changing mesh [5]. 

While stratified thermal energy storage systems do not have distinct phase boundaries, they do have a relatively small 

region of varying temperature between two larger, constant temperature regions, as shown in Figure 2.1. Therefore, the 

adaptive grid technique can be used to drastically reduce the number of states required to represent the system (Figure 

3.1). Consequently, it helps to decrease the numerical diffusion. 

 

Figure 3.1: Scheme of an adaptive grid storage model with nodes 1 and n (variable in 

height) and moving thermocline nodes with fixed height [5] 

Instead of using a fixed, equally spaced grid which is typical in thermocline tank modelling, this model uses a finely spaced 

grid in the vicinity of the thermocline region, moves to track the temperature gradient when it moves through the tank. 

This movement is possible by two “variable volume nodes” at two ends of the tank. For downward flow, the top node (node 

n) expands while the bottom node (node 1) contracts [9]. To better understand the model, as shown in Figure 3.2 [10], it is 

similar to the movement of a piston in a cylinder but in our model the thermocline region (the piston) does not reach to 

the bottom and top of the storage model (two ends of the cylinder). 
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Figure 3.2: Similarity between the movement of a piston inside a cylinder and a 

thermocline grid inside the adaptive grid tank model 

Another characteristic of the model is that in certain situations, the grid remains fixed. This happens at the beginning and 

end of charge and discharge cycles, when the “temperature gradient region” enters or exits at one end of the tank . To 

accommodate this feature, the flows in and out of the tank (which are denoted �̇�𝑠𝑖𝑛𝑘  and �̇�𝑠𝑜𝑢𝑟𝑐𝑒) only enter and exit 

through the top and bottom control volumes as it is demonstrated in Figure 3.3 [5]. 

 

Figure 3.3: Flows in and out of the tank only exit and enter the two end nodes [5] 

Net flowrates (�̇�𝑑𝑜𝑤𝑛  and �̇�𝑢𝑝) are defined as the net flow through the inner nodes of the tank. When the grid moves, 

�̇�𝑑𝑜𝑤𝑛and �̇�𝑢𝑝 are set to zero as the inner nodes move with the flow, rather than the flow passing through them. 
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3.1 Mass balance 

In the next step, the logics that are used to build the mass balance and to determine the movement of the node boundaries 

should be explained. The conditions that prevent the boundaries from moving when net flow is downward (�̇�𝑠𝑜𝑢𝑟𝑐𝑒  > 

�̇�𝑠𝑖𝑛𝑘) are when the center of the temperature gradient is located above the centre node (𝑇𝑎𝑣𝑔 > 𝑇𝑚𝑖𝑑) or when the volume 

of node 1 has reached its minimum specified magnitude (𝑣1 < 𝑣𝑚𝑖𝑛), indicating that the thermocline region has reached 

the bottom of the tank. Under either condition the end nodes will be fixed, and net flow downward will be defined. 

If �̇�𝑠𝑜𝑢𝑟𝑐𝑒 > �̇�𝑠𝑖𝑛𝑘 and 𝑣1 ≤ 𝑣𝑚𝑖𝑛 or, �̇�𝑠𝑜𝑢𝑟𝑐𝑒 > �̇�𝑠𝑖𝑛𝑘 and 𝑇𝑎𝑣𝑔 > 𝑇𝑚𝑖𝑑  

Then, 
𝑑𝑣𝑛

𝑑𝑡
=

𝑑𝑣1

𝑑𝑡
= 0 , �̇�𝑑𝑜𝑤𝑛 = �̇�𝑠𝑜𝑢𝑟𝑐𝑒 − �̇�𝑠𝑖𝑛𝑘 and �̇�𝑢𝑝 = 0  

Similarly, for the upward net flow 

If �̇�𝑠𝑜𝑢𝑟𝑐𝑒 < �̇�𝑠𝑖𝑛𝑘 and 𝑣𝑛 ≤ 𝑣𝑚𝑖𝑛 or, �̇�𝑠𝑜𝑢𝑟𝑐𝑒 < �̇�𝑠𝑖𝑛𝑘 and 𝑇𝑎𝑣𝑔 < 𝑇𝑚𝑖𝑑   

Then, 
𝑑𝑣𝑛

𝑑𝑡
=

𝑑𝑣1

𝑑𝑡
= 0 , �̇�𝑢𝑝 = �̇�𝑠𝑖𝑛𝑘 − �̇�𝑠𝑜𝑢𝑟𝑐𝑒  and �̇�𝑑𝑜𝑤𝑛 = 0 

When none of the abovementioned circumstances apply, the nodes located in thermocline region moves to track 

temperature gradient, keeping its center aligned with the center node(s). The advantage of the model exists here. When 

the thermocline nodes move, there is no net flow through these nodes, which eliminates numerical diffusion [9]. 

If �̇�𝑠𝑜𝑢𝑟𝑐𝑒 > �̇�𝑠𝑖𝑛𝑘 and 𝑣1 > 𝑣𝑚𝑖𝑛 or, �̇�𝑠𝑜𝑢𝑟𝑐𝑒 > �̇�𝑠𝑖𝑛𝑘 and 𝑇𝑎𝑣𝑔 ≤ 𝑇𝑚𝑖𝑑  

or,  

If �̇�𝑠𝑜𝑢𝑟𝑐𝑒 < �̇�𝑠𝑖𝑛𝑘 and 𝑣𝑛 > 𝑣𝑚𝑖𝑛 or, �̇�𝑠𝑜𝑢𝑟𝑐𝑒 < �̇�𝑠𝑖𝑛𝑘 and 𝑇𝑎𝑣𝑔 ≥ 𝑇𝑚𝑖𝑑  

Then,   

𝜌
𝑑𝑣1

𝑑𝑡
= �̇�𝑠𝑖𝑛𝑘 − �̇�𝑠𝑜𝑢𝑟𝑐𝑒  , 𝜌

𝑑𝑣𝑛

𝑑𝑡
= �̇�𝑠𝑜𝑢𝑟𝑐𝑒 − �̇�𝑠𝑖𝑛𝑘, �̇�𝑢𝑝 = �̇�𝑑𝑜𝑤𝑛 = 0 
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Figure 3.4: A diagram showing the movement of nodes for downward flow in charge phase [5] 

For deeper understanding, mass balance strategy can be applied for a charge phase, in which water with lower temperature 

is initially stored in the tank and warm water flows into the tank top and temperature change develops from the top. 

At the beginning of the process as shown in Figure 3.4(a), the thermocline nodes is at the top (charge phase) and 𝑣𝑛 is at 

its minimum specified value and 𝑣1 is at its maximum value. The nodes remain stationary because �̇�𝑠𝑜𝑢𝑟𝑐𝑒 > �̇�𝑠𝑖𝑛𝑘 and 

𝑇𝑎𝑣𝑔 > 𝑇𝑚𝑖𝑑 , indicating that the temperature gradient is above the thermocline region. 
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As flow moves downward and 𝑇𝑎𝑣𝑔 = 𝑇𝑚𝑖𝑑, the nodes begin to move as indicated in Figure 3.4(b) and (c). Movement stops 

as the thermocline region of the model reaches the bottom of the tank (Figure 3.4(d)) as determined by the condition 𝑣1 ≤

𝑣𝑚𝑖𝑛. 

3.2 Energy balance 

The original model of adaptive grid storage tank assumes that inlet and outlet of the storage are located exactly at its top 

or bottom. However, in real life applications, there might be volumes exist at above or below the inlet or outlet. Therefore, 

to determine the temperature profile of each node, energy balances in five zones of the model i.e. node n+2 (above the 

inlet), node n+1 (including the inlet), thermocline nodes (node 3 to node n) and node 2 (including the outlet) and node 1 

(below the outlet) are performed. For clarification, the more general scheme of the storage model is shown in Figure 3.5. 

 

Figure 3.5: Adaptive grid storage model with extra nodes at top and bottom 

Energy equations of node n+2 only consists of heat loss and diffusion terms, and it excludes the advection term as this node 

is a closed element without in- and out port for mass flow: 

𝜌𝑐𝑣𝑣𝑛+2

𝑑

𝑑𝑡
(𝑇𝑛+2) = −𝐺𝑛+2(𝑇𝑛+2 − 𝑇𝑎𝑚𝑏) − 𝐴𝜀𝑛+1∇𝑇𝑛+1                                                                                                               (𝟔) 

Energy equation of top node n+1 includes 𝑣𝑛+1 as a variable inside the differential as it varies with time. This equation is 

expressed below: 

𝜌𝑐𝑣

𝑑

𝑑𝑡
(𝑣𝑛+1𝑇𝑛+1) = 𝑐𝑝(�̇�𝑠𝑜𝑢𝑟𝑐𝑒𝑇𝑠𝑜𝑢𝑟𝑐𝑒 − �̇�𝑠𝑖𝑛𝑘𝑇𝑛+1 − �̇�𝑑𝑜𝑤𝑛𝑇𝑛+1 + �̇�𝑢𝑝𝑇𝑛) − 𝐺𝑛+1(𝑇𝑛+1 − 𝑇𝑎𝑚𝑏) + 𝐴(𝜀𝑛+1𝛻𝑇𝑛+1 − 𝜀𝑛𝛻𝑇𝑛)              (𝟕) 
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For the nodes in thermocline grid (node 3 to node n), since their volumes are constant, the parameter 𝑣𝑖  is out of the 

derivative w.r.t time: 

𝜌𝑐𝑣𝑣𝑖

𝑑

𝑑𝑡
(𝑇𝑖) = 𝑐𝑝 (�̇�𝑢𝑝(𝑇𝑖−1 − 𝑇𝑖) + �̇�𝑑𝑜𝑤𝑛(𝑇𝑖+1 − 𝑇𝑖)) − 𝐺𝑖(𝑇𝑖 − 𝑇𝑎𝑚𝑏) + 𝐴(𝜀𝑖𝛻𝑇𝑖 − 𝜀𝑖−1𝛻𝑇𝑖−1)                                   (𝟖) 

Energy equation of variable-volume node 2 is expressed as follows: 

𝜌𝑐𝑣

𝑑

𝑑𝑡
(𝑣2𝑇2) = 𝑐𝑝(�̇�𝑠𝑖𝑛𝑘𝑇𝑠𝑖𝑛𝑘 − �̇�𝑠𝑜𝑢𝑟𝑐𝑒𝑇2 − �̇�𝑢𝑝𝑇2 + �̇�𝑑𝑜𝑤𝑛𝑇3) − 𝐺2(𝑇2 − 𝑇𝑎𝑚𝑏) + 𝐴(𝜀2∇𝑇2 − 𝜀1𝛼∇𝑇1)                    (𝟗) 

Like node n+2, in energy equation of node 1, only heat loss and diffusion are included as denoted below:   

𝜌𝑐𝑣𝑣1

𝑑

𝑑𝑡
(𝑇1) = −𝐺1(𝑇1 − 𝑇𝑎𝑚𝑏) + 𝐴𝜀1𝛻𝑇1                                                                                                                                        (𝟏𝟎) 

In the above equations, the green term on their right side is enthalpy change due to advection (mass flow accompanying 

energy flow from/to each node), the red term is heat loss through the storage tank walls, top or bottom to the ambient 

and the blue term denotes heat flowrate due to diffusion and mixing. 

As mentioned earlier and shown in above equations, �̇�𝑠𝑖𝑛𝑘 and �̇�𝑠𝑜𝑢𝑟𝑐𝑒  only exits from and enter to nodes 2 and n+1, but 

neither to the thermocline control volumes nor nodes 1 and n+2. An important fact about Eqs. 6 and 10 is that to conserve 

mass balance there is no advection term used in them. 

Because heat transfer from one node to another can occur by diffusion, conduction, or axial mixing due to turbulent flow, 

the term 𝜀 (which has units of thermal conductivity) is used as a lumped parameter which represents the combined effect 

of these modes of heat transfer. Rather than using a complex two- or three-dimensional model to predict these 

phenomena, 𝜀 can be used as a fitting parameter in a one-dimensional model, ensuring that the model predictions align 

closely with measured data. 

Additionally, to account for the mixing that occurs under temperature inversion due to variable inlet temperature, the 

model can be enhanced to include temperature-gradient dependence on the mixing parameter 𝜀. When the temperature 

of a node is higher than the node above it, buoyant mixing would ensue. This can be represented mathematically by using 

a much higher mixing parameter 𝜀ℎ𝑖  when this condition exists. This term should be several orders of magnitude higher 

than the standard mixing parameter (𝜀0), although both can be used as fitting parameters in the model [5]. 

The mixing term in Eq. 2 is considered as a heat transfer phenomenon occurring in the center of a node with its lower and 

upper adjacent nodes. However, it is an interfacial heat transfer phenomenon, meaning that instead of using ∆𝑥, the 

difference between heights of barycenters (central height of the nodes) should be adopted. Consequently, temperature 

gradient (∇𝑇𝑖) is defined as follows: 

𝛻𝑇𝑖 =
𝑇𝑖+1 − 𝑇𝑖

𝑧𝑖+1 − 𝑧𝑖
                                                                                                                                                                                            (𝟏𝟏) 
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4. Model validation methodology 

An experimental campaign was set up to validate the developed model. The obtained model was also calibrated with the 

mixing factor as a fitting parameter. To do so, as discussed in subchapter 4.4, a regression analysis of different mixing factor 

models was performed to obtain the highest accuracy in terms of R-squared and standard error in temperature profiles. 

4.1 Experimental setup 

To validate the model and the obtained correlation of the mixing factor a series of charging and discharging experiments 

was performed on a 2-m3 hot water storage tank, available in the Exchange Lab of EURAC Research. The tank is made of 

carbon steel with thermal conductivity of 50 
W

m.K
. The height, internal and external diameters of the tank are 1.79, 1.2 and 

1.4 m, respectively. Its entire body is insulated polyethylene foam which is 2 cm thick (0.3 
W

m.K
). Additionally, the whole body 

except for the bottom is covered by polyurethane foam with a thickness of 8 cm (0.03 
W

m.K
). Moreover, there are three 

temperature sensors installed inside the tank at the height of 0.40, 0.87 and 1.35 m of the tank. 

Properties of the storage tank Unit Dimension 

Internal diameter m 1.2 

External diameter m 1.4 

Height m 1.79 

Volume m³ 2 

Thermal conductivity tank (carbon steel) W

m. K
 

50 

Polyethylene thickness m 0.02 

Thermal conductivity Polyethylene insulation W

m. K
 

0.3 

Polyurethane foam thickness m 0.08 

Thermal conductivity Polyurethane foam insulation W

m. K
 

0.03 

Table 4.1: Properties of the water storage tank used in the experimental setup 
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4.2 Geometry of storage tank 

The scheme of the storage tank is shown in Figure 4.1. Overall height of the tank is an important parameter in simulating 

the temperature profiles of water inside the tank. Since the storage tank is not a perfect cylinder, its equivalent height 

needed to be calculated. Therefore, assuming two spherical caps, at two ends of the cylindrical body of the tank results in 

obtaining the equivalent heights of spherical shapes and in turn, overall height of the tank. 

 

Figure 4.1: Configuration of storage tank in Exchange Lab 
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The body of the tank is divided into three sections: the central part (cylindrical cross-sectional area) between inlet and 

outlet and the top and bottom parts that are below and above the central part. The top and bottom parts include a 

cylindrical cross-sectional area and a spherical cap. Therefore, the total volume of the tank can be equated as follows: 

𝑉𝑡𝑜𝑡𝑎𝑙 = 𝑉𝑏𝑜𝑡𝑡𝑜𝑚 + 𝑉𝑐𝑒𝑛𝑡𝑒𝑟 + 𝑉𝑡𝑜𝑝                                                                                                                                                           (𝟏𝟐) 

Moreover, the volume of top and bottom are equal and are expressed in the equation below: 

𝑉𝑏𝑜𝑡𝑡𝑜𝑚 = 𝑉𝑡𝑜𝑝 = 𝑉𝑆𝑝ℎ+𝑉𝐶𝑦𝑙 =
𝜋

6
ℎ2(ℎ2

2 + 𝑟2) + 𝜋𝑟2ℎ1                                                                                                                   (𝟏𝟑) 

in which ℎ1 is the height of the central part, ℎ2 is the height of the top (or bottom) section, 𝑟 is the radius of the tank. 

Replacing 𝑉𝑏𝑜𝑡𝑡𝑜𝑚 and 𝑉𝑡𝑜𝑝 in Eq. 12 results in acquiring equivalent total height of the tank equal to 1.79 m.  

4.3 Experiments 

Some operational features of the charging and discharging phases implemented on the storage tank are elaborated in the 

Table 4.2: 

Charge case # T
1 

(°C) T
in 

(°C) �̇�  (
𝐤𝐠

𝐬
) 

Discharge 

case # 
T

1 
(°C) T

in 
(°C) �̇� (

𝐤𝐠

𝐬
) 

1 30 40 0.14 1 40 30 0.14 

2 30 40 0.28 2 40 30 0.28 

3 30 40 0.42 3 40 30 0.42 

4 30 55 0.14 4 55 30 0.14 

5 30 55 0.28 5 55 30 0.28 

6 30 55 0.42 6 55 30 0.42 

7 30 70 0.14 7 70 30 0.14 

8 30 70 0.28 8 70 30 0.28 

9 30 70 0.42 9 70 30 0.42 

10 30 83 0.14 10 83 30 0.14 

11 30 83 0.28 11 83 30 0.28 

Table 4.2: Assessed charging and discharging cases 
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4.4 Calibration of the model 

In this subchapter, the terms in the energy equations that require further investigations namely mixing factor and heat loss 

terms are further explained. 

 Mixing factor 

Taking the 3D mixing phenomenon in a 1D model is burdensome. Mixing factor (𝜀ℎ𝑖) depends on the inlet mass flowrate 

and inlet temperature. Although these two variables are almost fixed during charging and discharging cases (see Table 4.2) 

they are fluctuated at the beginning of the experiment and have minor variations throughout the test. Therefore, the 

storage model is developed in two levels (stages); firstly, the model with constant mixing factor in which the fixed value of 

this variable is chosen to fit the simulated temperature profiles of each charging and discharging cases to those of the 

experiments. The result of this process is 22 values of mixing factor for 22 experiments (including 11 charge and 11 discharge 

cases) shown in Table 4.3. 

Charge case # ΔT(°C) �̇�(kg/s) 𝛆𝐡𝐢 
Discharge 

case # 
ΔT(°C) �̇�(kg/s) 𝛆𝐡𝐢 

1 10 0.14 1.60E+03 1 10 0.14 1.0E+07 

2 10 0.28 3.20E+03 2 10 0.28 1.0E+07 

3 10 0.42 3.20E+03 3 10 0.42 1.0E+07 

4 25 0.14 4.60E+03 4 25 0.14 1.0E+07 

5 25 0.28 8.20E+03 5 25 0.28 1.0E+07 

6 25 0.42 1.20E+04 6 25 0.42 1.0E+07 

7 40 0.14 2.50E+03 7 40 0.14 1.0E+07 

8 40 0.28 8.30E+03 8 40 0.28 1.0E+07 

9 40 0.42 1.65E+04 9 40 0.42 1.0E+07 

10 53 0.14 1.10E+04 10 53 0.14 1.0E+07 

11 53 0.28 1.80E+04 11 53 0.28 1.0E+07 

Table 4.3: Fixed optimum mixing factors of charge and discharge cases 

In the next step, the objective was to find a mathematical correlation between mixing factor and other variables that impact 

on this dependent variable. Two dimensionless numbers of Re and Ri along with �̇�𝑖𝑛 (inlet mass flowrate) and ∆𝑇 

(temperature difference between inlet and initial state) were selected as independent variables. Based on these 

independent variables, different fitting models were proposed to the model. For each fitting model, multivariate nonlinear 
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regression was analyzed where the regress and was the mixing factor and regressors were the abovementioned variables. 

Twenty-nine mathematical models based on different combinations of these variables along with their corresponding 

standard error and R-squared are presented in Table 4.4. 

Number Fitting model 𝑹𝟐 Standard error 

1 𝑎 × �̇�𝑏 × ∆𝑇𝑐 0.938 0.080 

2 𝑎 × 𝑅𝑒𝑏 × 𝑅𝑖𝑐 0.924 0.088 

3 𝑎 + 𝑏 × �̇� + 𝑐 × ∆𝑇 0.759 0.142 

4 𝑎 + 𝑏 × 𝑅𝑒 + 𝑐 × 𝑅𝑖 0.498 0.166 

5 𝑎 + 𝑏 × �̇�𝑐 + 𝑑 × ∆𝑇𝑒 0.808 0.130 

6 𝑎 + 𝑏 × 𝑅𝑒𝑐 + 𝑑 × 𝑅𝑖𝑒 0.955 0.068 

7 
𝑎 + 𝑏 × 𝑅𝑒𝑐 + 𝑑 × 𝑅𝑖𝑒 + 𝑓 × (

∆𝑇

𝑇𝑖𝑛

)
𝑔

 
0.966 0.059 

8 
𝑎 × log

�̇�𝑏

∆𝑇𝑐
 

0.440 4.65 × 10−13 

9 
𝑎 × log

𝑅𝑒𝑏

𝑅𝑖𝑐
 

0.831 0.081 

10 
𝑎 + log

�̇�𝑏

∆𝑇𝑐
 

0.854 0.117 

11 
𝑎 + log

𝑅𝑒𝑏

𝑅𝑖𝑐
 

0.839 0.122 

12 
𝑎 × log(

𝑅𝑒𝑏

𝑅𝑖𝑐
× (

∆𝑇

𝑇𝑖𝑛

)
𝑑

) 
0.075 0.065 

13 
𝑎 +𝑏 ×  log

𝑅𝑒𝑐

𝑅𝑖𝑑
+𝑒 ×  log (

∆𝑇

𝑇𝑖𝑛

)
𝑓

 
0.892 0.103 

14 𝑎 × (log �̇�)𝑏 × (log ∆𝑇)𝑐  0.683 0.154 

15 𝑎 × (log 𝑅𝑒)𝑏 × (log 𝑅𝑖)𝑐 0.867 0.113 

16 𝑎 + 𝑏 × �̇� + 𝑐 × ∆𝑇 + 𝑑 × �̇�2 + 𝑒 × ∆𝑇2 0.814 0.129 

17 𝑎 + 𝑏 × 𝑅𝑒 + 𝑐 × 𝑅𝑖 + 𝑑 × 𝑅𝑒2 + 𝑒 × 𝑅𝑖2 0.674 0.156 

18 𝑎 + 𝑏 × �̇� + 𝑐 × ∆𝑇 + 𝑑 × �̇�2 + 𝑒 × ∆𝑇2 + 𝑓 × �̇�3 + 𝑔 × ∆𝑇3 0.814 0.129 
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Number Fitting model 𝑹𝟐 Standard error 

19 𝑎 + 𝑏 × 𝑅𝑒 + 𝑐 × 𝑅𝑖 + 𝑑 × 𝑅𝑒2 + 𝑒 × 𝑅𝑖2 + 𝑓 × 𝑅𝑒3 + 𝑔 × 𝑅𝑖3 0.922 0.088 

20 
𝑎 + 𝑏 × (

𝑅𝑒

𝑅𝑖
) 

0.022 0.049 

21 
𝑎 + 𝑏 × (

𝑅𝑒

𝑅𝑖
) + 𝑐 × (

𝑅𝑒

𝑅𝑖
)

2

 
0.282 0.150 

22 
𝑎 + 𝑏 ×

𝑅𝑒𝑐

𝑅𝑖𝑑
 

No solution No solution 

23 
𝑎 + 𝑏 × 𝑅𝑒 + 𝑐 × 𝑅𝑖 + 𝑑 × (

∆𝑇

𝑇𝑖𝑛

) 
0.896 0.101 

24 
𝑎 + 𝑏 × 𝑅𝑒 + 𝑐 × 𝑅𝑖 + 𝑑 × (

∆𝑇

𝑇𝑖𝑛

) + 𝑒 × 𝑅𝑒2 + 𝑓 × 𝑅𝑖2 + 𝑔 × (
∆𝑇

𝑇𝑖𝑛

)
2

 
0.971 0.055 

25 
𝑎 + 𝑏 × 𝑅𝑒 + 𝑐 × 𝑅𝑖 + 𝑑 × (

∆𝑇

𝑇𝑖𝑛

) + 𝑒 × 𝑅𝑒2 + 𝑓 × 𝑅𝑖2 + 𝑔 × (
∆𝑇

𝑇𝑖𝑛

)
2

+ 𝑥 × 𝑅𝑒3

+ 𝑦 × 𝑅𝑖3 + 𝑧 × (
∆𝑇

𝑇𝑖𝑛

)
3

 

0.987 0.037 

26 
𝑎 + 𝑏 × log 𝑅𝑒 + 𝑐 log 𝑅𝑖 + 𝑑 × log

∆𝑇

𝑇𝑖𝑛

 
0.892 0.103 

27 𝑎 + 𝑏 × log 𝑅𝑒 + 𝑐 log 𝑅𝑖 + 𝑑 × (log 𝑅𝑒)2 + 𝑒 × (log 𝑅𝑖)2 0.953 0.070 

28 
𝑎 + 𝑏 × log 𝑅𝑒 + 𝑐 log 𝑅𝑖 + 𝑑 × log

∆𝑇

𝑇𝑖𝑛

+ 𝑒 × (log 𝑅𝑒)2 + 𝑓 × (log 𝑅𝑖)2

+ 𝑔 × (log
∆𝑇

𝑇𝑖𝑛

)
2

 

0.981 0.045 

29 
𝑎 + 𝑏 × log

𝑅𝑒

𝑅𝑖
+ 𝑐 log

∆𝑇

𝑇𝑖𝑛

+ 𝑑 × (log
𝑅𝑒

𝑅𝑖
)

2

+ 𝑒 × (log
∆𝑇

𝑇𝑖𝑛

)
2

 
0.948 0.072 

Table 4.4: Mathematical correlations obtaining mixing factor with corresponding error metrics (charge cases) 

The aim of regression analysis was to minimize the objective function (Eq. 14) of residual sum of squares, in which 𝑦𝑖  is the 

value of mixing factor to be predicted, and 𝑓(𝑥𝑖) is the predicted value. The error metrics used were R-squared and the 

standard error. 

𝑹𝑺𝑺 =  ∑ (𝒚𝒊 − 𝒇(𝒙𝒊))𝟐𝒏
𝒊=𝟏                                                                                                                                                 (𝟏𝟒)  

Although model 25 has the highest R-squared and lowest standard error, it is susceptible to overfit the mixing factors. On 

the other hand, models 24 and 28 that are in the second place in terms of lower error metrics cannot be applied in the 

model since they make the model stiff that is not possible to be simulated (complexity due to nonlinearity and division-by-
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zero issue in 𝑅𝑒 and 𝑅𝑖 definitions). Therefore, model 1 with relatively acceptable error metrics was selected as the 

mathematical correlation between mixing factor and inlet temperature and mass flowrate. The obtained coefficient (a) and 

powers (b and c) for charge cases are illustrated in Eq. 15: 

𝜺𝒉𝒊,𝒄𝒉𝒂𝒓𝒈𝒆 = 𝟔𝟒𝟏. 𝟏𝟐 × �̇�𝟎.𝟗𝟐 × ∆𝑻𝟏.𝟏𝟏                                                                                                                           (𝟏𝟓) 

As 𝜀ℎ𝑖  is found to be constant (1.0E+07) for all discharge cases, this value is used for level 2 code of discharge cases.  

Thus, in the level 2 of the charge model Eq.15 and in the level 2 of discharge model the fixed value are used.  

 Heat losses 

As shown in Eq.16, which is a partial differential equation for energy balance of one-dimensional storage model, in the 

absence of advection, "heat loss" plays a significant role in determining the temperature profile of the water. Although it is 

still possible to compute this term when there is enthalpy change due to flow in and out of the tank, the calibration of heat 

loss coefficient is easier and preferable in a free cool-down test, as also indicated in the literature [11]. 

𝝆𝒄𝒑𝑨𝒄𝒔
𝝏𝑻

𝝏𝒕
= 𝒄𝒑(�̇�𝒔𝒐𝒖𝒓𝒄𝒆 − �̇�𝒔𝒊𝒏𝒌)

𝝏𝑻

𝝏𝒙
− 𝑼𝑷(𝑻(𝒕, 𝒙) − 𝑻𝒂𝒎𝒃) + 𝜺𝑨𝒄𝒔

𝝏𝟐𝑻

𝝏𝒙𝟐                                                               (𝟏𝟔)  

Therefore, a cool-down test was performed where the water was at almost uniform temperature of 55°C inside the storage 

and it was cooled down by heat transfer to the environment and after 6 days, the top, middle and bottom temperatures 

were measured and they were equal to 45.4, 45.2 and 40.7°C, respectively. Due to the lack of insulation at the bottom of 

the tank, the temperature measured at the bottom of the tank is much lower compared to the middle and top 

temperatures. 

Experiment 𝐓𝐢𝐧𝐢𝐭𝐢𝐚𝐥 (°C) Duration (days) 𝐓𝐟𝐢𝐧𝐚𝐥 (°C) 

Cool-down ~55 ~6 

Ttop=45.4 

Tmid=45.2 

Tbot=40.7 

Table 4.5: Cool-down experiment 

Generally, there are two methods to calibrate the heat loss obtained from the storage model: using either heat transfer 

coefficient or thermal conductivity and thermal conductance. 

The general equation for method one is the mathematical formulation of the well-known Newton’s law of cooling: 

�̇�𝒍𝒐𝒔𝒔, 𝒊 = 𝑼𝒊. 𝑨𝒊. (𝑻𝒊 − 𝑻𝒂𝒎𝒃)                                                                                                                                             (𝟏𝟕) 

The storage model is divided into three zones: For the top node: top surface and part of wall that belongs to the top nodes 

are included in Eq. 18. By multiplying 𝑈𝑡𝑜𝑝 by cross sectional area of the tank and adding it 𝑈𝑠𝑖𝑑𝑒  times by lateral surface 
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area times to the temperature difference between the top node and the ambient. For the nodes in the thermocline region, 

Eq. 19 was considered. Finally, for the bottom node, heat loss is expressed in Eq. 20, like that of top node. 

�̇�𝒍𝒐𝒔𝒔, 𝒏+𝟐 = 𝑼𝒕𝒐𝒑. 𝑨𝒄𝒔 + 𝑼𝒔𝒊𝒅𝒆. 𝟐. 𝝅. 𝒓𝒕𝒂𝒏𝒌. 𝒉𝒏. (𝑻𝒏+𝟐 − 𝑻𝒂𝒎𝒃)                                                                                  (𝟏𝟖) 

�̇�𝒍𝒐𝒔𝒔, 𝒊 = 𝑼𝒔𝒊𝒅𝒆 . 𝟐. 𝝅. 𝒓𝒕𝒂𝒏𝒌. 𝒉𝒊. (𝑻𝒊 − 𝑻𝒂𝒎𝒃)                                                                                                                   (𝟏𝟗) 

�̇�𝒍𝒐𝒔𝒔, 𝟏 = 𝑼𝒃𝒐𝒕. 𝑨𝒄𝒔 + 𝑼𝒔𝒊𝒅𝒆 . 𝟐. 𝝅. 𝒓𝒕𝒂𝒏𝒌. 𝒉𝟏. (𝑻𝟏 − 𝑻𝒂𝒎𝒃)                                                                                           (𝟐𝟎) 

In this method, therefore, 3 parameters are required to be calibrated i.e. 𝑈𝑡𝑜𝑝,  𝑈𝑠𝑖𝑑𝑒 and 𝑈𝑏𝑜𝑡.  

In the second method, the concept of the thermal conductance is used, based on the thermal conductivity as denoted by 

Eq. 21. For the planar and cylindrical surface, thermal conductance is generally acquired using Eqs. 22 and 23, respectively. 

�̇�𝒍𝒐𝒔𝒔, 𝒊 =
𝒌𝒊𝒏𝒔.𝑨𝒊

𝒅𝒊𝒏𝒔
. (𝑻𝒊 − 𝑻𝒂𝒎𝒃)                                                                                                                                             (𝟐𝟏)  

�̇�𝒍𝒐𝒔𝒔, 𝒑𝒍 =
𝒌𝒊𝒏𝒔 .𝑨𝒑𝒍

𝒅𝒊𝒏𝒔
. (𝑻𝒑𝒍 − 𝑻𝒂𝒎𝒃)                                                                                                                                       (𝟐𝟐)   

�̇�𝒍𝒐𝒔𝒔, 𝒄𝒚𝒍 =
𝟐𝝅𝒌𝒊𝒏𝒔. 𝒉𝒄𝒚𝒍

𝐥𝐨𝐠
𝒓𝒄𝒚𝒍 + 𝒅𝒊𝒏𝒔

𝒓𝒄𝒚𝒍

. (𝑻𝒄𝒚𝒍 − 𝑻𝒂𝒎𝒃)                                                                                                                    (𝟐𝟑) 

Accordingly, based on these equations, thermal losses from top node, thermocline region and bottom node are expressed 

in Eqs. 24, 25 and 26, respectively: 

�̇�𝒍𝒐𝒔𝒔, 𝒏+𝟐 = (
𝒌𝒊𝒏𝒔. 𝑨𝒄𝒔

𝒅𝒊𝒏𝒔

+
𝟐𝝅𝒌𝒊𝒏𝒔. 𝒉𝒏

𝐥𝐨𝐠
𝒓𝒕𝒂𝒏𝒌 + 𝒅𝒊𝒏𝒔

𝒓𝒕𝒂𝒏𝒌

) . (𝑻𝒏+𝟐 − 𝑻𝒂𝒎𝒃)                                                                                   (𝟐𝟒) 

�̇�𝒍𝒐𝒔𝒔, 𝒊 = (
𝟐𝝅𝒌𝒊𝒏𝒔. 𝒉𝒊

𝒍𝒐𝒈
𝒓𝒕𝒂𝒏𝒌 + 𝒅𝒊𝒏𝒔

𝒓𝒕𝒂𝒏𝒌

) . (𝑻𝒊 − 𝑻𝒂𝒎𝒃)                                                                                                                 (𝟐𝟓) 

�̇�𝒍𝒐𝒔𝒔, 𝟏 = (
𝟐𝝅𝒌𝒊𝒏𝒔. 𝒉𝟏

𝐥𝐨𝐠
𝒓𝒕𝒂𝒏𝒌 + 𝒅𝒊𝒏𝒔

𝒓𝒕𝒂𝒏𝒌

) . (𝑻𝟏 − 𝑻𝒂𝒎𝒃)                                                                                                                 (𝟐𝟔) 

Top node loss equation includes thermal conductance of the insulation at the top surface and the lateral surface, while 

middle and bottom nodes only include lateral thermal conductance as shown in Eqs. 25 and 26. In this method, the overall 

insulation’s thermal conductivity (𝑘𝑖𝑛𝑠) is to be calibrated. 

After obtaining simulated temperatures of the cool-down experiment, overall heat losses were to be calculated. There were 

3 temperature profiles measured by 3 sensors in the storage tank. Therefore, it was assumed that the tank has 3 volumes 

at the top, middle and bottom, each one of them with a uniform temperature. Obviously, it is not an accurate method to 
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calculate the heat loss from the actual tank and it would be more accurate if we had more sensors along tank height. 

However, it was the only solution to provide a picture of the heat losses of the tank by actual and simulated temperatures. 

Therefore, using Eq. 27, the overall heat loss during the experiment and simulations were computed.  

𝑸𝒍𝒐𝒔𝒔 =  𝝆𝒄𝒑[ (𝑻𝒇𝒊𝒏𝒂𝒍 − 𝑻𝒊𝒏𝒊𝒕𝒊𝒂𝒍)𝒕𝒐𝒑 . 𝒗𝒕𝒐𝒑 + (𝑻𝒇𝒊𝒏𝒂𝒍 − 𝑻𝒊𝒏𝒊𝒕𝒊𝒂𝒍)𝒎𝒊𝒅. 𝒗𝒎𝒊𝒅 + (𝑻𝒇𝒊𝒏𝒂𝒍 − 𝑻𝒊𝒏𝒊𝒕𝒊𝒂𝒍)𝒃𝒐𝒕. 𝒗𝒃𝒐𝒕]         (𝟐𝟕) 

 



D2.4 Energy storage modelling and capacity optimization Page 35 of 57 

 

5. Results and discussion 

The developed model was used to generate simulations results in this study. The results shown in the succeeding sections 

were obtained using the following parameters: 

Discretization parameters Magnitude (unit) 

Number of nodes (including extra nodes) 32 (-) 

Height of an element in thermocline grid 0.015 (m) 

Table 5.1: Discretization parameters 

The simulation results are mainly categorized into two groups for each test namely the temperature profiles at the sensors 

heights and energy balance. For the sake of brevity, out of 11 charge and 11 discharge tests, for each category only the 

simulation results of four tests including the best and worst case with respect to accuracy are visualized; however, the 

simulation (CPU) time and total goodness of fit of all cases are tabulated separately. Total goodness of fit is defined as 

follows: 

𝑮𝑶𝑭𝒕𝒐𝒕 =
√𝟐

𝟐
√𝑮𝑶𝑭𝑵𝑴𝑩𝑬

𝟐 + 𝑮𝑶𝑭𝑪𝑽𝑹𝑴𝑺𝑬
𝟐                                                                                                                  (𝟐𝟖) 

Table 5.2 exhibits the 𝐺𝑂𝐹𝑡𝑜𝑡 of temperature profiles of all charge and discharge cases obtained by adaptive grid model. In 

addition, the duration of each test in the lab and CPU time for each simulation are also included in this table. All charge and 

discharge tests are also simulated by hot water storage model in Buildings Lib. model with 30 and 100 nodes. The 

magnitudes of similar criteria (𝐺𝑂𝐹𝑡𝑜𝑡 and CPU) for this model are also exhibited in Table 5.3. 

For adaptive grid model, the 𝐺𝑂𝐹𝑡𝑜𝑡  of charge cases ranges between 0.7% and 3.0%, while it is between 0.6% and 6.3% in 

discharge cases. Generally, discharge simulations show higher uncertainty in terms of predicting temperature profiles 

compared to the charge ones. The average of year-round simulation for either charge or discharge test takes almost 22 

minutes. On the other hand, for Buildings model with 30 nodes, the 𝐺𝑂𝐹𝑡𝑜𝑡 of charge cases are almost doubled compared 

to those of adaptive grid model with slightly lower simulation times. Moreover, the adaptive grid model with 32 nodes even 

outperforms Buildings model with 100 nodes in terms of accuracy in predicting temperature profiles with lower CPU time. 

For discharge cases, this pattern of comparison between adaptive grid and Buildings models is still true. 

Charge case # Duration (hr) 

GoF of 

temperature 

profiles (%) 

CPU time (s) 
Discharge 

case # 
Duration (hr) 

GoF of 

temperature 

profiles (%) 

CPU time (s) 

1 5.5 1.3  0.8 1 3.7 1.0  0.5 

2 3.5 1.0  0.6 2 3.0 0.6  0.5 
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Charge case # Duration (hr) 

GoF of 

temperature 

profiles (%) 

CPU time (s) 
Discharge 

case # 
Duration (hr) 

GoF of 

temperature 

profiles (%) 

CPU time (s) 

3 2.5 0.7  0.4 3 1.3 1.8  0.2 

4 7.5 2.3  1.1 4 5.4 3.6  0.8 

5 3.4 2.2  0.5 5 3.2 2.4  0.5 

6 2.5 1.8  0.4 6 2.0 2.9  0.3 

7 8.4 2.8  1.2 7 5.7 5.4  0.8 

8 3.9 2.5  0.6 8 2.4 5.8  0.4 

9 2.7 3.0  0.6 9 2.0 3.1  0.4 

10 11.7 2.3  1.7 10 6.0 6.3  0.8 

11 4.2 2.9  1.3 11 3.0 3.7  0.4 

Table 5.2: Total goodness of fit and simulation time of adaptive grid model (32 nodes) for charge and discharge 

experiments 

Charge 

case # 

Buildings 30 nodes  Buildings 100 nodes 
Dischar

ge case 

# 

Buildings 30 nodes  Buildings 100 nodes 

GoF of 

temperature 

profiles (%) 

CPU 

time (s) 

GoF of 

temperature 

profiles (%) 

CPU 

time (s) 

GoF of 

temperature 

profiles (%) 

CPU 

time (s) 

GoF of 

temperature 

profiles (%) 

CPU 

time (s) 

1 2.2 0.4 1.6  1.0 1 3.7  0.3 2.2  0.9 

2 2.1  0.3 1.6 0.6 2 3.2  0.3 1.6  0.8 

3 1.5  0.2 1.2  0.5 3 3.8  0.2 2.0 0.5 

4 4.3  0.4 3.7  0.8 4 7.7  0.3 3.7 1.1 

5 4.7  0.3 4.1  0.6 5 5.3 0.2 4.0  0.7 

6 4.2  0.2 3.8   0.7 6 5.5  0.2 3.1  0.6 

7 2.2  0.6 1.1  1.9 7 9.7  0.3 5.3 1.0 

8 5.2  0.4 4.8  1.0 8 10.2  0.2 6.0 0.5 

9 5.2  0.2 4.9  1.1 9 7.0 0.2 4.6  0.4 

10 4.8  1.0 4.2  2.2 10 12.7  0.3 6.6 1.0 

11 6.7  0.4 5.7 1.5 11 8.5  0.2 5.3  0.5 

Table 5.3: Total goodness of fit and simulation time of Buildings Library model (30 and 100 nodes) for charge and 

discharge experiments 
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Furthermore, Table 5.4 contains measured and simulated net input and output heat during charge and discharge tests, 

respectively. These variables are calculated using Eq. 29. In the 3rd columns, the measured input or output heat and in the 

4th columns, simulated input or output heat by the model are exhibited. For each simulated input and output heat, the 

corresponding relative errors in percentage are also shown. The relative errors of adaptive model are within an acceptable 

range.  

𝑸 = ∫ 𝝆�̇�𝒄𝒑 (𝑻𝒊𝒏 − 𝑻𝒐𝒖𝒕)𝒅𝒕                                                                                                                                             (𝟐𝟗) 

Charge 

case # 

Duration 

(hr) 

Experimental 

net input heat 

(kWh) 

Simulated net 

input heat in 

adaptive model 

(kWh) 

Relative 

error (%) Discharge 

case # 

Duration 

(hr) 

Experimental 

net output 

heat (kWh) 

Simulated net 

output heat in 

adaptive model 

(kWh) 

Relative 

error (%) 

1 5.5 24.0 21.0 13 1 3.7 20.6 20.1 3 

2 3.5 24.2 21.2 11 2 3.0 20.1 19.1 2 

3 2.5 24.2 21.2 11 3 1.3 21.3 20.6 3 

4 7.5 58.3 51.3 12 4 5.4 48.1 47.8 1 

5 3.4 56.4 50.5 10 5 3.2 53.2 50.2 6 

6 2.5 57.2 51.5 10 6 2.0 49.0 48.7 0.7 

7 8.4 88.6 81.5 6 7 5.7 77.1 71.6 7 

8 3.9 90.8 82.1 10 8 2.4 75.6 75.7 0.1 

9 2.7 91.8 81.9 10 9 2.0 80.9 76.1 6 

10 11.7 129.2 112.0 13 10 6.0 104.3 100.3 3 

11 4.2 121.0 109.0 10 11 3.0 107.6 109.0 1 

Table 5.4: Input and output energy during charge and discharge cases (measured vs. simulated) and their relative errors: 

adaptive grid model with 32 nodes 

 

Similar energy analyses are performed in simulations of Buildings Lib. model and the results are shown in Table 5.5. 

Compared to the adaptive grid model, it resulted in lower relative errors in charge cases, while the adaptive grid model 

outperforms Buildings model in discharge cases in terms of energy balance. 
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Charge 

case # 

Buildings 30 nodes  Buildings 100 nodes 

Discharge 

case # 

Buildings 30 nodes  Buildings 100 nodes 

Simulated net 

input heat 

(kWh) 

Relative 

error (%) 

Simulated net 

input heat 

(kWh) 

Relative 

error (%) 

Simulated net 

output heat 

(kWh) 

Relative 

error (%) 

Simulated net 

output heat 

(kWh) 

Relative 

error (%) 

1 22.2 8 23.1 5 1 18.9 9 19.3 6 

2 22.1 9 22.8 6 2 20.4 2 20.2 1 

3 21.9 10 22.3 8 3 20.4 5 20.6 3 

4 52.2 11 53.8 8 4 50.1 4 47.4 2 

5 50.8 10 51.5 9 5 50.3 6 50.7 5 

6 51.2 11 51.8 9 6 49.8 2 49.5 1 

7 84.5 5 86.0 3 7 81.6 6 78.8 2 

8 80.0 12 82.0 10 8 79.5 5 76.0 1 

9 80.9 11 81.9 10 9 77.4 5 78.0 4 

10 115.2 12 117.0 10 10 109.7 5 103.5 1 

11 107.08 11 109.0 10 11 110.1 3 109.1 1 

Table 5.5: Simulated input and output energy during charge and discharge cases and their relative errors: Buildings Lib. 

model with 30 and 100 nodes 

5.1 Charge experiments 

In temperature plots, the actual inlet temperature, the simulated and measured temperatures at the sensor heights and 

outlet are exhibited on the primary vertical axis. Additionally, for better understanding the process, inlet mass flowrate is 

shown on secondary vertical axis. All the above-mentioned variables are also illustrated for discharge tests. Simulated 

temperature profiles of Buildings Lib. model for charge experiments 2 and 7 are also included to have clearer picture of 

𝐺𝑂𝐹𝑡𝑜𝑡 values given in Table 5.3. 

Further, with regards to energy balance, it was interesting to see how close the measured and simulated input or output 

heat (enthalpy change) are. In power plots, the simulated rate of internal energy and enthalpy gained or released in a test 

along with measured rate of enthalpy are depicted. The absolute error of simulated enthalpy compared to measured 

enthalpy is shown in percentage on the right vertical axis. Additionally, corresponding relative errors are presented. 
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 Charge experiment 2 

In this experiment, water was at initial temperature of 30°C inside the tank. The inlet mass flowrate and temperature were 

0.28 
𝑘𝑔

𝑠
 and 40°C injected from the top inlet, respectively. It should be noted that there were larger variations in these two 

variables for the first few minutes. Figure 5.1 shows a good agreement between measured and simulated temperature 

profiles by adaptive grid model, having 𝐺𝑜𝐹𝑡𝑜𝑡 of 1.0%. Nevertheless, Buildings model with 30 nodes exhibits excessive 

numerical diffusion (𝐺𝑜𝐹𝑡𝑜𝑡 = 2.1%). This behavior is more visible in temperature profiles of lower heights of the model 

(𝑇𝑚𝑖𝑑, 𝑇𝑏𝑜𝑡  and  𝑇𝑜𝑢𝑡). 

 

Figure 5.1: Temperature profiles of adaptive model (32 nodes) and Buildings model (30 nodes) in charge case 2 

Figure 5.2 exhibits the rate of simulated enthalpy and internal energy change against the rate of measured enthalpy change. 

The almost perfect match between simulated power curves (blue and red lines) show that the model conserves acceptably 

the energy input. Moreover, the energy difference resulted by measured and simulated enthalpy power curves for duration 

of 212 minutes is about 3.0 kWh, corresponding to relative error of 11%. This range of accuracy in energy conservation is 

also within an acceptable range. 
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Figure 5.2: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in charge case 2 

 

 

 Charge experiment 3 

Initial and inlet temperatures of experiment 3 is similar to those of experiment 2. However, as depicted in Figure 5.3, the 

inlet mass flowrate is 0.42 
𝑘𝑔

𝑠
 corresponding to 1.5 

𝑚3

ℎ𝑟
. Almost perfect match between simulated and experimental 

temperature curves is seen (𝐺𝑜𝐹𝑡𝑜𝑡 = 0.7%). 



D2.4 Energy storage modelling and capacity optimization Page 41 of 57 

 

 

Figure 5.3: Temperature profiles of adaptive model (32 nodes) in charge case 3 

 

Figure 5.4: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in charge case 3 
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The power curves of experiment 3 are shown in Figure 5.4. The simulated input energy is calculated to be 21.2 kWh, while 

the measured one is 24.2 kWh, resulting in 11% relative error. 

 Charge experiment 7 

In this experiment, the initial temperature of stored water was 30°C. The inlet mass flowrate and temperature were 0.14 
𝑘𝑔

𝑠
 and 70°C injected from the top inlet, respectively. As shown in Figure 5.5, the mismatch between measured and 

simulated temperature profiles by both models is mostly seen in transition phase. The 𝐺𝑜𝐹𝑡𝑜𝑡 of temperature profiles 

obtained by adaptive grid model is 2.8%. However, the only experiment in which the Buildings model with 30 nodes 

achieves lower 𝐺𝑜𝐹𝑡𝑜𝑡 is test 7, equals to 2.1%. As an inherent characteristic of Buildings model, numerical diffusion due to 

the fixed spatial grid is observable in the temperature distribution along the tank model. 

 

Figure 5.5: Temperature profiles of adaptive model (32 nodes) and Buildings model (30 nodes) in charge case 7 

Measured and simulated power curves of this experiment is illustrated in Figure 5.6. The energy difference resulted by 

measured and simulated enthalpy power curves for duration of 500 minutes is about 7.2 kWh, corresponding to relative 

error of 6%. 
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Figure 5.6: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in charge case 7 

 

 

 Charge experiment 9 

With increasing the mass flowrate from 0.14 
𝑘𝑔

𝑠
 in experiment 7 to 0.42 

𝑘𝑔

𝑠
 in experiment 9 and having the same inlet 

temperature (70°C), there was a slight increase in total goodness of fit of the temperature profile in test 9 compared to test 

7 (𝐺𝑜𝐹𝑡𝑜𝑡 = 3%).  
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Figure 5.7: Temperature profiles of adaptive model (32 nodes) in charge case 9 

 

Figure 5.8: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in charge case 9 



D2.4 Energy storage modelling and capacity optimization Page 45 of 57 

 

The absolute difference between experimental enthalpy power and simulated enthalpy power curves in experiment 9 is 

about 10 kWh for 158 minutes, equals to 10% of relative error. 

5.2 Discharge experiments 

In addition to the temperature plots simulated by the adaptive grid model, temperature profiles of Buildings Lib. model for 

discharge tests 2 and 10 are also included for comparison. 

 Discharge experiment 2 

In this experiment, water was at initial temperature of 40°C and was discharged with mass flowrate of 0.28 
𝑘𝑔

𝑠
 and 

temperature of 30°C from the bottom inlet. Figure 5.9 shows a good agreement between measured and simulated 

temperature profiles by adaptive grid model with 𝐺𝑜𝐹𝑡𝑜𝑡 of 0.6%. Nonetheless, simulated results by Buildings Lib. model 

illustrate excessive numerical diffusion to the extent that the 𝐺𝑜𝐹𝑡𝑜𝑡 equals to 3.2%.  

 

Figure 5.9: Temperature profiles of adaptive model (32 nodes) and Buildings model (30 nodes) in discharge case 2 
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It should be noted that negative magnitudes of power in discharge scenarios are because of output heat from the control 

volume (storage tank). The model conserves energy which is implied by matcing the rate of change in simulated enthalpy 

and internal energy (Figure 5.10). The absolute difference between experimental enthalpy power and simulated enthalpy 

power curves is about 1.0 kWh for 180 minutes of test, equals to 2% of relative error. 

 

Figure 5.10: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in discharge case 2 

 

 

 Discharge experiment 3 

In this experiment, the initial temperature of stored water was 40°C. The inlet mass flowrate and temperature were 0.42 
𝑘𝑔

𝑠
 and 30°C injected from the bottom inlet, respectively. As shown in Figure 5.11, the mismatch between measured and 

simulated temperature profiles is mostly seen in transition phase. The obtained  𝐺𝑜𝐹𝑡𝑜𝑡 is 1.8%. 

Measured and simulated power curves of this experiment is illustrated in Figure 5.12. The energy difference resulted by 

measured and simulated enthalpy power curves for duration of 74 minutes is about 0.7 kWh, corresponding to relative 

error of 3%. 



D2.4 Energy storage modelling and capacity optimization Page 47 of 57 

 

 

Figure 5.11: Temperature profiles of adaptive model (32 nodes) in discharge case 3 

 

Figure 5.12: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in discharge case 3 
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 Discharge experiment 7 

In discharge test 7, the initial temperature of stored water was 70°C. The inlet mass flowrate and temperature were 0.14 
𝑘𝑔

𝑠
 

and 30°C, respectively. Figure 5.13 depicts the mismatch between measured and simulated temperature profiles 

corresponding to 𝐺𝑜𝐹𝑡𝑜𝑡 of 5.4%. The power curves of discharge test 7 exhibits the relative error of 7% between the 

measured and simulated rate of enthalpy which is the highest error among all discharge cases. Figure 5.14 shows that the 

disagreement between these two power curves during 330 minutes results in 5.5 kWh of absolute error. 

 

Figure 5.13: Temperature profiles of adaptive model (32 nodes) in discharge case 7 
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Figure 5.14: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in discharge case 7 

 

 

 Discharge experiment 10 

The initial temperature of stored water was almost 83°C and it was discharged from the bottom inlet with temperature of 

30°C and mass flowrate of 0.14 
𝑘𝑔

𝑠
. The measured and simulated temperature profiles are depicted in Figure 5.15. Among 

all 22 experiments performed, this discharge test has the highest uncertainty with 𝐺𝑜𝐹𝑡𝑜𝑡 of 6.3% and 12.7% by the adaptive 

grid and Buildings models, respectively. Like other cases, the adaptive grid model outperforms Buildings Lib. model in this 

test in terms of accuracy. 



D2.4 Energy storage modelling and capacity optimization Page 50 of 57 

 

 

Figure 5.15: Temperature profiles of adaptive model (32 nodes) and Buildings model (30 nodes) in discharge case 10 

 

Figure 5.16: Rate of enthalpy and internal energy change in adaptive model (32 nodes) in discharge case 10 
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The absolute difference between measured and and simulated enthalpy power curves is about 4.0 kWh for 360 minutes 

of test, equals to relative error of 3%. 

5.3 Cooling experiment 

Although the duration of the cool-down experiment was almost 6 days (Table 4.5) only the first 24 hours of the test was 

simulated because it takes almost 6 hours in real applications that the short-term hot water storage undergoes cool-down 

condition. 

 Method 1: heat transfer coefficient 

The simulation of the first method based on heat transfer coefficient resulted in Figure 5.17. The measured top, middle, 

and bottom of the tank are shown in red, green, and blue lines, while the simulated temperatures are with the similar 

pattern but in dotted lines. As explained in 4.4.2, due to the lack of insulation at the bottom of the tank, its temperature is 

lower than middle and top temperatures. The best 𝑈𝑡𝑜𝑝, 𝑈𝑠𝑖𝑑𝑒  and 𝑈𝑏𝑜𝑡 are obtained through several simulations and their 

values are 0.15, 0.50 and 5.50 
𝑊

𝑚2.𝐾
 , respectively. These values are in agreement with what exists in the literature [11]. 

 

Figure 5.17: Measured and simulated temperature profiles during the cool-down test: method 1 
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To reason why simulated bottom and middle temperatures are close to each other is that volume of node 2 is at its 

maximum value and kept constant via the simulation and this causes 𝑈𝑏𝑜𝑡 would be most influencing parameter compared 

to the other heat transfer coefficients at the middle and the top. Therefore, with any other combinations of 𝑈𝑡𝑜𝑝, 𝑈𝑠𝑖𝑑𝑒 and 

𝑈𝑏𝑜𝑡, the same pattern of simulated temperatures has been observed and the only difference was shifting up and down 

with respect to the final temperatures. As shown in Figure 5.17, the difference between final simulated and measured 

temperatures is less than 1.5°C. Thus, the behaviour of the model when there is no inlet and outlet mass flowrate is also 

acceptable, from the accuracy perspective. Bearing in mind that the cool-down often occurs for duration of 6 hours, the 

predicted temperatures by model would be closer to the actual temperature profile of the storage tank. 

 Method 2: thermal conductance 

The simulation results of the cool-down experiment based on the second method (thermal conductance concept) is 

illustrated in Figure 5.18. The model resulted in all temperature profiles to be close to each other, lying a bit below the 

measured middle temperature. The most reasonable thermal conductivity of the insulation as a fitting parameter was 

considered to be 0.1 
𝑊

𝑚.𝐾
. 

 

Figure 5.18: Measured and simulated temperature profiles during the cool-down test: method 2 
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 Heat losses 

Table 5.6 compares the heat losses from the experiment with those from two methods. Moreover, the relative errors of 

heat losses obtained by these two methods and their corresponding CPU times are compared. Method 1 predicts higher 

heat losses than the actual ones, while method 2 predicts lower heat losses. Additionally, method 1 results in less relative 

error compared to the latter. Finally, the CPU time required to simulate this one-day experiment was 1.5 seconds. 

Case Heat Loss (𝒌𝑾𝒉) Relative error (%) CPU time (s) 

Experiment 5.84 N/A N/A 

Adaptive (Method 1) 6.30 7.9 1.5 

Adaptive (Method 2) 5.14 12.0 1.5 

Table 5.6: Measured and simulated heat losses obtained by the cool-down test with corresponding 

relative errors and CPU time 

5.4 Model limitations and strengths 

The results in this work were obtained by simulating the adaptive grid model with 32 nodes. Lowering the number of nodes 

reduces the CPU time because of a smaller number of state variables. Simultaneously, numerical diffusion is to a great 

extent minimized in the temperature profiles as the control volumes move with the flow along the tank. This fact is visible 

from the temperature profiles shown in Chapter 5. 

Nevertheless, this model has its own drawbacks. Firstly, the magnitude of lumped mixing factor is vague to be calculated. 

Therefore, in the absence of an approach to obtain the value of mixing factor (𝜀 as a fitting parameter) an empirical 

investigation that fits the simulated temperature profiles with the measured ones is adopted. This empirical equation is 

presented in Eq. 15. Furthermore, if higher temperature water is introduced to the tank after several hours of charging 

phase, a new thermocline could be formed. Because the adaptive-grid model approximates the ends of the tank as constant 

temperature regions, this model would not accurately represent this phenomenon. However, this operating condition could 

be seen rarely in real applications. 
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6. State of ongoing progress 

In addition to the experiments and simulations performed on separate charge and discharge cases, it is of interest to 

observe the behavior of the adaptive grid model when it undergoes several consecutive charge and discharge cases which 

could be the case of real applications. Under these circumstances, the proper grid location and movement mechanism 

resembling actual thermocline plays a key role in predicting accurate temperature profiles. Furthermore, inlet mass 

flowrate and temperature in all charge and discharge tests kept as fixed as possible throughout the tests. However, in real 

applications inlet mass flowrate and temperature might be increasing or decreasing throughout the phase. Therefore, 

designing and implementing a new test campaign including sequential loading and unloading phases with varying inputs 

seems to be a crucial step in identifying the ability of the model to work under these conditions. 

6.1 Consecutive charge and discharge phases 

Following the above-mentioned objectives, a sequential experiment was designed with operational features shown in the 

Table 6.1: 

Phase # Phase type 𝑻𝒊𝒏 (°C) �̇�𝒊𝒏 (kg/s) Phase duration(mins) 

1 Charge 40 (constant) 0.14 – 0.42 (increasing) 60 

2 Charge 40 – 70 (increasing) 0.42 (constant) 30 

3 Discharge 35 – 30 (decreasing) 0.42 (constant) 30 

4 Discharge 30 (constant) 0.42 – 0.14 (decreasing) 30 

5 Charge 40 – 70 (increasing) 0.14 – 0.42 (increasing) 30 

6 Discharge 30 – 20 (decreasing) 0.42 – 0.14 (decreasing) 30 

Table 6.1: Consecutive charge and discharge phases 

The result of these sequential phases generated by adaptive grid model simulation is exhibited in Figure 6.1. The inlet 

temperature (gray line) and the simulated temperatures at the sensor heights (red, green, and blue lines) are shown on the 

primary vertical axis, whereas inlet mass flowrate in orange is on the right vertical axis. 
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Figure 6.1: Simulated temperature profiles of adaptive grid model (32 nodes) for consecutive charge and 

discharge cases 

During the first charge test (0-60 minutes), temperature profiles are very similar to those of a separate charge test although 

mass flowrate increases gradually. Then, a sharp rise in the middle and top temperature are predicted in the period of 60-

90 minutes which would be the result of increase of inlet temperature from 40 to 70°C. Afterwards, in the 90-150 minutes 

period, injection of cold water from the bottom inlet causes earlier and sharper drop in the bottom sensor’s temperature 

than the other two sensors’ temperatures. From 150 to 180 minutes, there is a steep increase of input variables during 

charging from the top inlet leading to a sharp increase of the model’s top temperature while the middle and bottom 

temperatures are less affected. Finally, during the last discharge phase, although the inlet mass flowrate is very high the 

bottom and middle temperatures decreases gradually due to the lower temperature difference. However, the model 

predicts that there would be a sharp drop in the top temperature. To experimentally validate the simulation results and 

further explain its behavior, a new test campaign is in progress. 
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7. Conclusions 

To shift thermal loads in energy systems where intermittent renewable energy sources are integrated, hot water storage 

tank plays a key role. Therefore, the need for development of an accurate as well as less computationally expensive storage 

tank model is more felt. Since this component has a spatial dependence on temperature, its modeling involves more 

complexity compared to isothermal systems. Two important issues in modeling stratified storage tanks are numerical 

diffusion and mixing factor. The former is minimized by developing adaptive grid model of the hot water storage tank thanks 

to its movement mechanism. Additionally, since mixing factor in time of temperature inversion due to buoyancy and mixing 

phenomenon is not formulated in the open literature, an empirical equation is proposed to resolve the issue of mixing 

factor. The resultant adaptive grid model exhibits better agreement between simulated and measured temperature profiles 

compared to its counterpart (Buildings Lib. model.) while having short simulation time. 

Further investigations should be directed to conducting sequential (consecutive) charge and discharge cycles where the 

storage tank is successively loaded and unloaded with different values and patterns of mass flowrate and temperature. 

Moreover, it is interesting to observe the behavior of the developed model when the storage tank is charged or discharged 

with very low or very high mass flowrate. These experiments would provide clearer picture of the applicability of the model 

under different circumstances. 
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