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ABSTRACT  

The electricity price changes depending on the time of the day in most countries. In Sweden 

there is a spot price that changes every hour while China uses Time of Use (ToU) tariff. To 

avoid the most expensive hours this degree project investigates the feasibility of using lithium-

ion batteries to shift the load of an industrial air compressor. The Depth of Discharge and the 

State of Charge (SoC) for the battery are analyzed to find the optimal use of the battery. 

Through simulations in MATLAB the degradation-curve and State of Charge were analyzed, 

which was further used for economics analysis. The feasibility of the system is evaluated by 

using payback time and Net Present Value (NPV). Results show that a battery has a slightly 

longer lifetime when it is working in a SoC of 50-70%, but a larger SoC is more profitable from 

the perspective of NPV. For the SoC of 0-100%, the NPV is about ~9683 US$. Compared to 

Sweden, using batteries to shift load is more profitable in China, which is mainly due to the 

high electricity prices. For the same air compressor, the payback time is 5 and 15 years for the 

investment of batteries in China and Sweden respectively. 

Keywords:  Battery, energy demand, load shifting, electricity price, State of Charge, 

degradation 
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1 INTRODUCTION 

The use of energy is increasing with the ongoing growth of population and economy. In the 

world it is expected that the energy demand will increase by 50-80% from year 1990 to 2020 

(Nydahl & Marmolin, 2015). The increase of energy demand leads to a large fluctuation in the 

electricity production. The electricity production can be divided into three groups; baseload, 

control force and intermittent load. Baseload is usually covered by, nuclear power, coal power, 

natural gas power and hydropower which helps to stabilize electricity production and with low 

amount of variation and interruptions. Control force is usually provided by coal power, natural 

gas power and hydropower, which is used for peak demands and fast control. The nuclear, coal 

and natural gas power has a higher environmental impact due to their fossil fuel with higher 

emissions. The intermittent load contains; solar power, wind power and wave power. These 

power plants have low emissions, and are renewable, but they are not consistent. A dismantling 

of fossil power has commenced due to higher environmental demands and renewable power 

with low emission begins to replace it. This leads to a difference in power generation (Nydahl 

& Marmolin, 2015).   

One way of reducing the electricity peak demand is by load shifting with batteries. It is crucial 

to end-users to reduce their energy expenses. With the development and optimization of 

battery technologies, it becomes more attractive due to its simple operation. 

 

1.1 Background 

The total energy supply Sweden in 2017 was 378 TWh. The industry stood for 143 TWh out of 

the total energy supply. This is more than one third of the total energy supply in Sweden and 

is shown in Figure 2 below. The electricity used in the industry in 2017 was 49 TWh in Sweden, 

which is more than one third of the total industry energy supply and shown in Figure 1 below 

(Grahn, 2018). 
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The use of electricity in the industry is increasing, as the economy recovers internationally and 

nationally. At the same time, efficiency improvements are being made to reduce the use of 

electricity consumption (Rydén et al., 2015). In Sweden over 90% of the production industry 

uses compressed air. This is because paper and pulp industry need to clean the process water 

which requires a huge amount of oxygen (Nydahl & Marmolin, 2015). The use of electricity 

varies under a day which leads to energy peaks. By this, the electricity price increases compared 

with low load occasions (Rydén et al., 2015).  

 

The electricity price is based on different factors. The most common factors are; Agreement to 

use the national grid, the capacity charge covers the network costs, regular capacity plan, 

temporary capacity plan, excess charge and different types of network losses. There are 

different ways of designing an electricity tariff (Kraftnät, 2019). In Sweden there is a spot price 

per hour that depends on the amount of electrical power produced (Nord Pool, 2019). Instead 

of using a spot price there is a set price depending on what time it is. For an example China 

uses a set price depending on the time of the day.  

 

To avoid the most expensive and highest energy peaks a battery could be used, to store 

electricity when the price is low and discharge the electricity during the expensive hour.    

1.2 Purpose 

The purpose of this degree project is to clarify the techno-economic feasibility of using batteries 

for load shifting and investigate on how different types of battery charging could affect the 

economic feasibility in Sweden and in China. 

38%

23%

39%

Energy consumption in 
Sweden 2017

Industry

Transports

Residential
and services

Figure 2 Percentage of energy consumption by 
sector, 2017 

 

Figure 1 Percentage of energy consumption per 
energy carrier in the industrial sector, 2017 
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1.3 Research questions 

• What is the most optimal Depth of Discharge from the perspectives of lifetime and 
economic profitability? 

• Which Depth of Discharge has the best payback time regarding the electricity price? 

• What are the economic benefits using the battery system for an industrial air 

compressor? 

1.4 Delimitation 

The electricity price used in this thesis project is limited to only Sweden and China. The 

difference between these countries are the following; Sweden has a spot price (electricity price 

changing in time depending on the demand) and China uses Time of Use (ToU) tariff. 

This thesis project uses an industrial air compressor because of the increasing industrial 

development and the amount of air compressors that is used in daily industrial applications. 

The air compressor is not considered in the investment cost, because it is already placed. This 

leads to an investment cost of only the battery system itself.  

This thesis project does not concern self-discharge in the battery. Schmidt, Weber & Ivers-

Tiffée (2014) confirmed that batteries has a small self-discharge dependent of time, but can 

not confirm what this depends on.  

For grid applications the Lithium-ion batteries has become a standard. This is because of its 

high energy and power density, long cycle and calendar life, wide temperature range and fast 

charging rate etc. (Ceraola, Lutzemberger, & Huria, 2011). This leads to the choice of lithium-

ion batteries in this thesis project.  

2 METHOD 

In this thesis project a literature study first was made to get the background information from 

previous studies and reports. The reports and scientific articles were searched through 

databases like Diva, Discovery and Science direct. Keywords used to find similar articles and 

information include battery, industry, electricity demand, lithium-ion, degradation, State of 

Charge (SoC), Depth of Discharge (DoC) etc.  

A fictitious model with 2 battery packs, one industrial air compressor and a regulator to 

regulate when the batteries charge and discharge has been built. To obtain the information 

needed about the batteries, a simulation program from MATLAB was used. From the 

simulation-data calculations were made to analyze the feasibility and profitability of the 

battery regarding the difference between battery Depth of Discharge and how it could affect 
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the economic parameters to get the optimal efficiency related to the electricity price. Later, the 

data were compared to other reports and their conclusions.      

2.1 Simulation 

A nonlinear state estimation of a degrading battery system was used to simulate a powerpack. 

The model from MATLAB is a single RC circuit with a voltage source and a series resistor. To 

get an accurate SoC estimation, a Kalman filter was used. To make it more accurate this model 

uses experimental data and compares calculated data with the experimental data to get higher 

accuracy on the estimated SoC. The simulation randomly generates current pulses when the 

battery is discharging and a constant when it is charging. Since the degradation rate of capacity 

is not known, the battery capacity is set to decrease per cycle with a process noise. 

2.1.1 High fidelity battery model 

To simulate the battery system there are two different approaches to analyze the behavior of 

an electrochemical battery. The first approach is by an electro-chemical analysis to see the 

behavior in a molecular level inside the battery. The second approach is by setting up an electric 

circuit that is equivalent to the battery system which makes measuring the difference possible. 

The choice of model structure is dependent on the purpose of the system since the physical or 

electrochemical process could vary between different battery purposes. There are several 

models that has been developed to characterize and simulate lithium cells. But most models 

do not account for thermal effects which makes the results less accurate. So, the structure is a 

trade-off between the circuit complexity and the experimental data (Ceraola, Lutzemberger, & 

Huria, 2011). 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3 Single RC block model (Huria, Ceraola, Gazzarri, & Jackey, 2012) 

 

The Figure 3 shows an equivalent battery system in the shape of a single RC block model. Even 

if this is a simple circuit is it still adequate for many applications such as industry related 

problems. 
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2.1.2 Kalman filter  

Kalman filter is an iterative mathematical process that uses a set of equation and consecutive 

data inputs to estimate the true value and position of the object being measured. The measured 

values contain unpredicted or random error, uncertainty or variation. So, the unique attribute 

a Kalman filter is that it can handle multiple variables and quickly converge them and estimate 

a value close to the real value (Wan & Merwe, 2000).  

2.2 Case studies and economic indicators 

A power-oriented 30 Ah lithium ion cell was analyzed with three different degradations: weak 

degradation - 6000 full cycles, reference degradation - 5000 full cycles and strong degradation 

- 4000 full cycles. Then these cases were analyzed with 4 different State of Charge (SoC): 0-

100%, 10-100%, 30-90% and 50-70%. With this data an economic analysis was done by using 

the electricity prices in Sweden and China. The net present values were calculated with an 

estimated battery lifetime of 7 years. The industrial compressor used has a power output of 

74.6kW and an efficiency of 90%. 

 

2.2.1 Payback time and net present value 

To determine the profitability of a long-term investment, measures called capital budget 

techniques is used. Payback time is a simple method used to calculate the time before a profit 

is made depending on the total investment for the project divided by the same amount of 

savings for a year and are shown in equation 1 below. The savings per year is based on 

electricity prize, battery discharging time, efficiencies and power demand (Andersson, 2008). 

𝑖𝑣𝑒𝑠𝑡𝑚𝑒𝑛𝑡

𝑠𝑎𝑣𝑖𝑛𝑔𝑠 𝑝𝑒𝑟 𝑦𝑒𝑎𝑟
= 𝑦𝑒𝑎𝑟𝑠 𝑏𝑒𝑓𝑜𝑟𝑒 𝑝𝑟𝑜𝑓𝑖𝑡               Equation 1 Payback time 

 

To see the total savings that a system can make net present value (NPV) method is used. The 

principle of the method is that all savings are currently calculated at the investment and 

analyze the difference with equation 2 shown below (Kenton, 2019). 

𝑁𝑃𝑉 = ∑
𝐶𝑡

(1+𝑖)𝑡 
− 𝐶0

𝑇
𝑡=0                         Equation 2 Net Present Value 

Ct=net cash saving for one year 

C0=total investment cost  

i=discount return  

t=number of years  
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2.2.2 Electricity costs for an air compressor 

Technologies, Office of Industrial (1998) uses Equation 3 to calculate the annual electricity cost 

for an air compressor at full-load and an estimated factor of 0.1 is multiplied for unloaded 

operation for a rotary screw compressor. They estimated a compressor efficiency of 90 %, 

which is a reasonable estimation for a system larger than approximately 40 kW.    

𝐴𝑛𝑛𝑢𝑎𝑙 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦 𝑐𝑜𝑠𝑡𝑠

=
𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟 𝑝𝑜𝑤𝑒𝑟 ∙ 𝑎𝑛𝑛𝑢𝑢𝑎𝑙 ℎ𝑜𝑢𝑟𝑠 𝑜𝑓 𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛 ∙ 𝑒𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑎𝑙 𝑐𝑜𝑠𝑡 𝑖𝑛 𝑈𝑆$/𝑘𝑊ℎ

 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑜𝑟 𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 
 

Equation 3 Annual electricity costs 

3 LITERATURE STUDY 

The chapter reviews the literature about battery modeling and the electricity prices for Sweden 

and China. 

3.1 Cycle life and charging rates  

There are many different charging techniques like fast charging, multistage CC-charging, 

dynamic pulse charging etc. Different techniques have advantages and disadvantages when it 

comes to charging time and cycle life. Fast charging has a low charging time, but a decreasing 

life cycle compared to a dynamic pulse charging where charging time and life cycle would 

increase (Zhang, 2006). To see the exact remaining capacity, a reliable State of Health (SoH) 

estimation is needed. SoH is defined as the ratio of the maximum capacity in the current state 

and the maximum capacity at the beginning of battery life (BoL) (Riviere, Sari, Venet, Meniere, 

& Bultel, 2019). 

 

𝑆𝑜𝐻 =
𝑀𝑎𝑥𝑚𝑖𝑚𝑢𝑚 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑖𝑛 𝑐𝑢𝑟𝑟𝑒𝑛𝑡 𝑠𝑡𝑎𝑡𝑒 (𝐴ℎ)

𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 𝑎𝑡 𝑏𝑒𝑔𝑖𝑛𝑛𝑖𝑛𝑔 𝑜𝑓 𝑏𝑎𝑡𝑡𝑒𝑟𝑦 𝑙𝑖𝑓𝑒(𝐴ℎ)
%        Equation 4  State of health 
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3.2 State of Charge 

The battery Stage of Charge (SoC) is an important parameter when analyzing a battery system. 

SoC benefits in a more accurate understanding on the following things; effective battery 

operation and management, reliable diagnostics and safety in operation. SoC is the amount of 

usable energy left in the battery at a given time. There is a wide range of methods on estimating 

the SoC because it cannot be measured directly in real time and requires data on other variables 

such as current, temperature, voltage, etc. (Chandra Shekar & Anwar, 2018). 

3.2.1 Kalman filter method 

According to Murnane & Ghazel (2017), Kalman filter automatically uses the difference 

between the true value of the changing quantity and the value indicated from the system 

measurement. Therefore, Kalman filter can estimate the unknown quantities (such as SoC) and 

gives the error bounds on the estimates. The Kalman filter is an estimation technique used to 

predict the real-time SoC. 

3.2.2 Coulomb counting method 

The most common method when calculating the SoC is the Coulomb counting method. The 

SoC can be given by integrating the read current over the usage period. The equation to 

calculate SoC is shown below.  

𝑆𝑜𝐶 = 𝑆𝑜𝐶(𝑡0) +
1

𝐶𝑟𝑎𝑡𝑒𝑑
∫ (𝐼𝑏 − 𝐼𝑙𝑜𝑠𝑠)

𝑡0+𝜏

𝑡0
𝑑𝑡            Equation 5 State of charge 

 

The SoC(t0) is the initial SoC, Crated is the rated capacity, Ib is the battery current, and Iloss is the 

current consumed by the loss reactions. 

The Coulomb counting method can calculate the remaining capacity in the battery. But the 

accuracy depends on the precise measurements of the battery current and how accurate the 

SoC estimation is. But if the capacity is known or estimated by the operating conditions, the 

SoC can be calculated by integrating the current. To make accurate SoC estimation the 

releasable charge should always be lower than the stored charge in one cycle (Murnane & 

Ghazel, 2017). 

3.2.3 Smart grid SoC estimations 

Galád, Spánik, Cacciato, & Nobile (2017), made a study on how accurate different SoC methods 

are for smart grid application. Some of the different methods studied were: Coulomb counting, 

voltage based, impedance and battery model-based and Kalman filter method. It was found 

that each method has its own advantages and disadvantages. Combining different methods are 

often used to achieve better performance of SoC estimation. Comparison results showed that 

coulomb counting method can be used but the error rises with operational time. However, if 

the discharges were more complex the Kalman filter approach had a better performance.  
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3.2.4 Accurate SoC estimations 

Becherif, Claude, & Ramadan (2017) made a comparative analysis on how accurate State of 

Charge estimations a Kalman filter has, since SoC is the most important parameter for a battery 

system when implementing fault diagnosis and charge/discharge operations. They identified 

that SoC estimations are parameter-dependent. This means that with more precise parameters 

the estimation of SoC would be more accurate. This is through numerical and simulation 

results. To get a good SoC estimation it would require more battery data.  

3.3 Depth of Cycle & Depth of Discharge 

The Depth of Cycle (DoC) or also known as Depth of Discharge (DoD) is the capacity amplitude 

between the lowest and highest state within a cycle. The degradation caused by a cycle depends 

only on the inflicted stress on the battery. Hence capacity losses need to be considered in every 

cycle. But smaller Depth of Cycles leads to reduced aging compared to large Depth of Cycles. 

So, by having a small difference in DoC it will require more cycles to degrade the capacity in a 

battery to 80%. This is shown in Table 1.  

Table 1 Depth of Cycle from Troung, et al. (2016) 

DoC/% Aging 2.5 5 10 25 50 80 100 

Full equivalent cycles until 
80% capacity 

Reference 
aging 

30,800 19,800 14,500 9500 6900 5500 5000 

  Strong aging 18,500 11,900 8700 5700 4100 3300 3000 

 

In Table 1  there is a strong aging model and a reference aging model. The reference model is 

scaled to 5000 full cycles for a capacity degradation to 80%. This is the same amount of cycles 

announced for the Powerwall product (Troung, et al., 2016). 

Guena & Leblanc (2006) analyzed how the Depth of Discharge affects the cycle life of Lithium-

metal-polymer batteries. The electrochemical cells had a rated capacity around 60 Ah. The 

cycles were in a controlled climatic room at 60 C or 43 C and the discharge and charge of the 

cycles were at 0-5 V 50 A. Results show that a reduced DoD improves the cycle life, decreases 

the capacity fade and also slows down the changes in the batteries. The DoD could make the 

capacity fade four times lower by going from a 100% DoD to 50% DoD cycling. By using a DoD 

at 50% the expected number of full cycles could be up to three times more than 100% DoD 

before the capacity drops below 80% of the initial capacity.  

3.4 Lithium-ion ageing performance 

The nonlinear capacity change in batteries makes it difficult to evaluate the impact of charging 

and discharging profiles. There are different theoretical methods used to evaluate the capacity 

change. But even with theoretical methods there must be more experimental data to prove 
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their equations works for all cases. Mierlo et al. (2016) made an experiment on eight lithium-

ion batteries with eight different charging techniques. Shown in Table 2. 

 

 

Table 2 Eight discharge and charging cases from Mierlo et al. (2016) 

Method 
Case 1  
CC-CV 

Case 2  
CC-CVNP 

Case 3  
CC-CVNP 

Case 4  
MCC-CV 

Case 5  
MCC-CV 

Case 6  
MCC-CV 

Case 7  
MCC-CV 

Case 8  
MCC-CV 

ID (A) 35 35 35 35 35 35 35 35 

ICh (A) 28 28 28 7-3.5 14-7-3.5 21-14-7-3.5 28-21-14-7 28-21-14-7 

INP (A) - 14 14 - - - - 14-10.5-7 

N - 40 20 - - - - 3 

fP (mHz) - 46 23 - - - - - 

TNp (s) - 0.643 1.3 - - - - - 

TCh (s) - 20 42 - - - - - 

TO (s) - 1 1 - - - - - 

 

In Table 2, Id is the discharge current (A). Ich is the amplitude of charge pulse (A). INP is the 

amplitude of the negative discharge pulse (A). N is number of negative pulses. fp is the pulse 

frequency (mHz). TNP is the pulse width of negative pulse (s). Tch is the pulse width of charge 

pulse (s). T0 is the rest time (s). 

 

Commercial lithium-ion EIG 7 Ah high power cells were used in the study and test data were 

logged every 10s. The discharge current was constant-current at 35 A until the battery 

voltage reached the cutoff voltage (2V). Result shows that increasing the number of cycles 

would lead to a lower capacity. After 1700 cycles case 1 has the lowest discharge capacity 

retention ~76%. The higher capacity retention however cost in time. Case 1 has the lowest 

discharge capacity after 1700 cycles, but it has the shortest charging time. 

3.5 Environmental impacts 

The lithium-ion batteries have increased because they can satisfy high variable electrical loads 

from individual residences, therefore changing the usage pattern in the grid. This leads to 

higher extraction and manufacturing of batteries that could lead to a limiting feature on the 

battery production because the lithium is a scarce natural resource. To be able to increase the 

use of batteries an analysis must be used to know the result of the impact of producing the 

batteries. Life Cycle Assessment (LCA) is an environmental management method to analyze 

the environmental impact over its entire life. The LCA for a battery contains the following: 

extraction, production, usage and disposal. With LCA it is also possible to determine important 

factors such as quantifying the global warming gases produced and the depletion of raw 

materials (McManus, 2011). In Figure 4 the life cycle for a battery is shown.  
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Figure 4 Battery life cycle 

 

Amine et al. (2012), made a research on how the recovery of metals from spent lithium-ion 

batteries is, by using organic acids as leaching reagents. The lithium-ion batteries are becoming 

an environmental burden because of the significant increase. A battery contains metals, 

organic chemicals and plastics that is a mix of: 5-20% cobalt, 5-10% nickel, 5-7% lithium, 15% 

organic chemicals and 7% plastics. This varies slightly depending on manufacturer. The spent 

lithium-ion batteries could be dangerous to the environment and that it could importantly be 

a source of materials for new batteries. So, battery recycling is promising for the environmental 

and economic point of view. In Amine et al. (2012), investigation nearly 100% of lithium and 

almost 90% of copper could be recovered by leaching in citric or malic acids.  

3.6 Economic analysis about load shifting  

Campana et al. (2018), made a study to see if a lithium-ion battery stock could reduce energy 

cost in five different cities with assumption that the overall electricity demand is: the use of 

electrical equipment and the use of heat pump for heating and cooling. “The results show that 

the implementation of the battery can significantly reduce the peaks leading to significant 

annual savings due to the use of the electricity from the grid when prices are low”. However, 

the investment cost and annual operation cost for the battery always lead to negative net 

present values (Campana et al., 2018). 

  

A study on techno-economic feasibility of integrating energy storage simulated a cold energy 

storage system and an electrical energy storage system in refrigerated warehouses (Zhu, Li, 

Campana, Li, & Yan, 2018).  Zhu et al. (2018), concluded that the installations were feasible 

and to achieve a payback time less than three years the battery price need to drop to 

0.7 kRMB/kWh which is around 104 US$/kWh.  

3.6.1 Investment   

The price of a lithium-ion battery has dropped over year's doe to the rise of environmental 

awareness, which leads to a search for non-fossil solutions like electrical vehicles, energy store 

at home and more. From Bloomberg NEF Battery Price Survey the volume weighted average 
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battery pack fell 85% from 2010 to 2018. Today is the average investment cost of a lithium-ion 

battery pack around 176 US$/kWh (Bloomberg, 2019).  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5 Trend over investment cost historically and an estimated future (Bloomberg, 2019) 

 

By a learning rate at 18% an approximation was done to see the investment cost from now to 

2030, which can be seen in Figure 5. The investment cost expects to reduce with around 

100US$ between these years (Bloomberg, 2019). 

3.6.1.1. Powerpack 

For industrial consumers more than one battery is needed, for Tesla is a powerpack sixteen 

separate batteries combined. To get the right amount of storage two powerpacks are needed. 

They store up to 200 kWh of electrical energy. The powerpack are suitable for all types of 

commercial storage applications. But relevant applications are; Peak Shaving, Load shifting, 

demand response and more (Tesla, 2019). Without installation, the system with necessary 

components like the batteries, cables and inverter costs a total 162,000US$, only the battery 

packs has a cost of 96 000 US$ which is around 480 US$/kWh and the batteries have a peak 

power at 100 kW (Lambert, 2016).  
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3.6.2 Electricity price  

Below are the electricity prices described for China and Sweden.   

3.6.2.1. China 

The ToU tariff in China is shown in Figure 6, and the electricity price is given in RMB/kWh 

and has an exchange rate of 0.14492 to US$. It shows that there are three different prices over 

the day depending on the time. The highest price of 0.9303 RMB/kWh is during the morning 

hour and also during the afternoon, between 8:30-11:30 and 16:00-21:00. The cheapest price 

of 0.3101 RMB/kWh is during the night between 23:00-7:00.  During June, July and August 

there is a higher electricity demand which leads to higher electricity price of 1.05434 

RMB/kWh between 10:30-11:30 and 19:00-21:00.        

 
Figure 6 Chinese electricity tariff 

 

3.6.2.2. Sweden 

The price varies from hour to hour depending on the demand. A cluster-sample has been taken 

out from the fourth in every month over the last year (Nord Pool, 2019). The graph in Figure 7 

shows two peaks during the day, one lager peak between 6-12 and another smaller peak 

between 16:30-20:30. At these two peaks the average price is 54.6 EUR/MWh or 61.8 

US$/MWh and 50.8 EUR/MWh or 57.5 US$/MWh. The cheapest hours have an average price 

of 41.5 EUR/MWh or 46.3 US$/MWh. The exchange rate from EUR to US$ is 1.120649. 
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Figure 7 Electricity price a day from Nord pool (2019) 

4  CURRENT STUDY 

The following Figure 8 shows the simulation process.  

 
Figure 8 Simulation process 
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A battery cell was used with 15A discharge and charging power. It was modelled with a 30Ah 

capacity, three different degradations and four different SoCs. The assumptions used is shown 

in Table 3. The number of cycles in the table is referred to how many times the battery is 

charged and discharged fully until the battery is degraded to 80%, which is a DoC of 100% and 

a degradation of 80%. 

Table 3 Assumptions of the battery 

Assumption Value 

Battery capacity (Ah) 30 

Discharge-Charging power (A) 15 

Weak degradation (cycles) 6000 

Ref degradation (cycles) 5000 

Strong degradation (cycles) 4000 

Efficiency (%) 93 

Battery price (US$/kWh) 480 

Interest rate (%) 6 

Battery lifetime (years) 7 

The industrial compressor used has a power output of 74.6kW and an efficiency of 90%. After 

the simulation an economic analysis was made with a battery lifetime of 7 years. The payback 

time and Net Present Values was calculated with an electricity price in both China and Sweden. 

To make a more accurate economic estimation the degradation needs to be considered in the 

calculations. In this case the degradation would only affect the SoC of 0-100 because the 

lifetime is assumed to be 7 years. If the lifetime would be assumed to be higher it would affect 

a SoC of 10-100 and could also start to affect a SoC of 30-90. But not in this case. By using the 

degradation from our simulations, a linear capacity estimation was made of 5000 cycles. The 

electricity price was set up in both Sweden and China in their different hours and daily savings 

were calculated with MATLAB to make accurate calculations. After every day for the SoC of 0-

100 a capacity degradation added which leads to a decrease of savings for every cycle and a 

payback time that change over the years. With all this calculation it possible to see if a battery 

system is economic feasible when it comes to shaving the peak demand. 
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5 RESULTS 

5.1 State of Charge 

The SoC at 0-100, 10-100, 30-90 and 50-70 is shown down below. The first figures in every 

chapter show two graphs established from experimental data (actual) and estimated data with 

Kalman filter (UKF estimate) for the State of Charge and discharge of the battery over time. 

The other figures in every chapter shows how well the two different methods matches.  

5.1.1 SoC 0-100 

In Figure 9 the SoC 0-100 is shown where the time simulated is 107 seconds which was the time 

to simulate 5000 full cycles with a SoC of 0-100. The upper figure is the depth of discharge and 

charge between all cycles. The figure below has a delta SoC of ±1% after stabilization, this is 

the error between the estimated SoC and real SoC for all these cycles.  

 
Figure 9 SoC 0-100 and difference between real SoC and estimated SoC  

5.1.2 SoC 10-100 

In Figure 10 the SoC 10-100 is shown where the time simulated is 9*106 seconds which was the 

time to simulate 5000 full cycles with a SoC of 10-100. The upper figure is the depth of 

discharge and charge between all cycles. The figure below has a delta SoC of ±0.5% after 

stabilization, this is the error between the estimated SoC and real SoC for all these cycles.  
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Figure 10 SoC 10-100 and difference between real SoC and estimated SoC 

5.1.3 SoC 30-90 

In Figure 11 the SoC 30-90 is shown where the time simulated is 1.2*107 seconds which was 

the time to simulate 5000 full cycles with a SoC of 30-90. The upper figure is the depth of 

discharge and charge between all cycles. The figure below has a delta SoC of ±1% after 

stabilization, this is the error between the estimated SoC and real SoC for all these cycles.  

 
Figure 11 SoC 30-90 and difference between real SoC and estimated SoC 
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5.1.4 SoC 50-70 

In Figure 12 the SoC 50-70 is shown where the time simulated is 1.8*106 seconds which was 

the time to simulate 5000 full cycles with a SoC of 50-70. The upper figure is the depth of 

discharge and charge between all cycles. The figure below has a delta SoC of ±0.5% after 

stabilization, this is the error between the estimated SoC and real SoC for all these cycles.  

 
Figure 12 SoC 50-70 and difference between real SoC and estimated SoC 

5.2 Degradation 

Three different degradation degrees have been analyzed: reference -, strong – and weak 

degradation. The reference, strong and weak degradation was analyzed at four different SoCs 

to see the degradation over time depending on the SoC. For every case the time and capacity 

are analyzed at 5000 cycles, which in this study is equal to 5000 days.  

5.2.1 Reference degradation 

In reference degradation the battery is expected to reach ~80% of the total capacity after 5000 

full cycles. The results below show the degradation for SoC 0-100, SoC 10-100, SoC 30-90 and 

SoC 50-70. 
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5.2.1.1. Degradation at SoC 0-100 

In Figure 13 the degradation for a SoC of 0-100 is shown where the time simulated is 107 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to less 

than 24 Ah. 

 
Figure 13 Degradation at SoC 0-100 with reference degradation 

5.2.1.2. Degradation at SoC 10-100 

In Figure 14 the degradation for a SoC of 10-100 is shown where the time simulated is 9*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to less 

than 24 Ah. 

 
Figure 14 Degradation at SoC 10-100 with reference degradation 
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5.2.1.3. Degradation at SoC 30-90 

In Figure 15 the degradation for a SoC of 30-90 is shown where the time simulated is 1.2*107 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to 24 

Ah. 

 
Figure 15 Degradation at SoC 30-90 with reference degradation 

5.2.1.4. Degradation at SoC 50-70 

In Figure 16 the degradation for a SoC of 50-70 is shown where the time simulated is 1.2*107 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 24 Ah.  

 
Figure 16 Degradation at SoC 50-70 with reference degradation 

5.2.2 Strong degradation 

In strong degradation the battery is expected to reach ~70% of the total capacity after 5000 

full cycles. The results below show the degradation for SoC 0-100, SoC 10-100, SoC 30-90 and 

SoC 50-70. 
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5.2.2.1. Degradation at SoC 0-100 

In Figure 17 the degradation for a SoC of 0-100 is shown where the time simulated is 9*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 22 Ah. 

 
Figure 17 Degradation at SoC 0-100 with strong degradation 
 

5.2.2.2. Degradation at SoC 10-100 

In Figure 18 the degradation for a SoC of 10-100 is shown where the time simulated is 9*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 22 Ah. 

 
Figure 18 Degradation at SoC 10-100 with strong degradation 
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5.2.2.3. Degradation at SoC 30-90 

In Figure 19 the degradation for a SoC of 30-90 is shown where the time simulated is 1.1*107 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 22 Ah. 

 
Figure 19 Degradation at SoC 30-90 with strong degradation 

5.2.2.4. Degradation at SoC 50-70 

In Figure 20 the degradation for a SoC of 50-70 is shown where the time simulated is 1.6*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 22 Ah. 

 
Figure 20 Degradation at SoC 50-70 with strong degradation 

5.2.3 Weak degradation 

In weak degradation the battery is expected to reach ~90% of the total capacity after 5000 full 

cycles. The results below show the degradation for SoC 0-100, SoC 10-100, SoC 30-90 and SoC 

50-70. 
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5.2.3.1. Degradation at SoC 0-100 

In Figure 21 the degradation for a SoC of 0-100 is shown where the time simulated is 107 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to 25 

Ah. 

 
Figure 21 Degradation at SoC 0-100 with weak degradation 

5.2.3.2. Degradation at SoC 10-100 

In Figure 22 the degradation for a SoC of 10-100 is shown where the time simulated is 9*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to 25 

Ah. 

 
Figure 22 Degradation at SoC 10-100 with weak degradation 
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5.2.3.3. Degradation at SoC 30-90 

In Figure 23 the degradation for a SoC of 30-90 is shown where the time simulated is 1.2*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 25 Ah. 

 
Figure 23 Degradation at SoC 30-90 with weak degradation 

5.2.3.4. Degradation at SoC 50-70 

In Figure 24 the degradation for a SoC of 50-70 is shown where the time simulated is 1.8*106 

seconds. This was the time to simulate 5000 full cycles with a degradation from 30 Ah to more 

than 25 Ah. 

 
Figure 24 Degradation at SoC 50-70 with weak degradation 

5.3 Economics 

In this section, the economic result is presented, including Net Present Value and payback time 

calculated at year one and year seven for Sweden and China. Due to the use of the whole battery 

in the SoC 0-100 case, the degradation matters to the payback time. The degradation is less 
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than 10% during the estimated lifetime of 7 years. This leads to a degradation that does not 

concern the rest of the cases. 

5.3.1 Sweden 

The payback time and net present value for the simulated cases with Sweden’s electricity tariff 

is shown below.  

5.3.1.1. Payback time and NPV for reference degradation in Sweden  

The payback time and net present value for the reference degradation in Sweden was calculated 

for all four different SoCs. The net present value shows how safe the investment would be with 

an interest rate of 6%. The payback time at year one shows how long time it would take to 

payback the battery investment.  

Table 4 Net Present Value and payback per year for reference degradation in Sweden 

SoC\Sweden (Ref. Degradation) NPV 

(US$) 

Payback time at 

year one 

(years) 

0-100 -65075 Not possible 

10-100 -66200 Not possible 

30-90 -73224 Not possible 

50-70 -82568 Not possible 
 

5.3.1.2. Payback time and NPV for strong degradation in Sweden  

The payback time and net present value for the strong degradation in Sweden was calculated 

for all four different SoCs. The net present value shows how safe the investment would be with 

an interest rate of 6%. The payback time at year one shows how long time it would take to 

payback the battery investment.  

Table 5 Net Present Value and payback per year for strong degradation in Sweden 

SoC\Sweden (Strong Degradation) NPV 

(US$) 

Payback time at 

year one 

(years) 

0-100 -65373 Not possible 

10-100 -66217 Not possible 

30-90 -73224 Not possible 

50-70 -82568 Not possible 
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5.3.1.3. Payback time and NPV for weak degradation in Sweden  

The payback time and net present value for the weak degradation in Sweden was calculated for 

all four different SoCs. The net present value shows how safe the investment would be with an 

interest rate of 6%. The payback time at year one shows how long time it would take to payback 

the battery investment.  

Table 6 Net Present Value and payback per year for weak degradation in Sweden 

SoC\Sweden (Weak Degradation) NPV 

(US$) 

Payback time at 

year one 

(years) 

0-100 -64876 Not possible 

10-100 -66217 Not possible 

30-90 -73224 Not possible 

50-70 -82568 Not possible 
 

5.3.2 China 

The payback time and net present value for the simulated cases with China’s electricity tariff is 

shown below.  

5.3.2.1. Payback time and NPV for reference degradation in China  

The payback time and net present value for the reference degradation in China was calculated 

for all four different SoCs. The net present value shows how safe the investment would be with 

an interest rate of 6%. The payback time at year one shows how long time it would take to 

payback the battery investment. The adjusted payback at year seven is the payback time that 

would be after ~2500 cycles with degradation. 

Table 7 Net Present Value and payback per year for reference degradation in China 

SoC\China (Ref. Degradation) NPV 

(US$) 

Payback time at 

year one 

(years) 

Adjusted payback 

time at year seven 

(years) 

0-100 9785.7 5 5 

10-100 6247.2 5 -- 

30-90 -15514 6 -- 

50-70 -44529 Not possible -- 
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5.3.2.2. Payback time and NPV for strong degradation in China  

The payback time and net present value for the strong degradation in China was calculated for 

all four different SoCs. The net present value shows how safe the investment would be with an 

interest rate of 6%. The payback time at year one shows how long time it would take to payback 

the battery investment. The adjusted payback at year seven is the payback time that would be 

after ~2500 cycles with degradation. 

Table 8 Net Present Value and payback per year for strong degradation in China 

SoC\China (Strong Degradation) NPV 

(US$) 

Payback time at 

year one 

(years) 

Adjusted payback 

time at year seven 

(years) 

0-100 8856.9 5 5 

10-100 6247.2 5 -- 

30-90 -15514 6 -- 

50-70 -44529 Not possible -- 
 

5.3.2.3. Payback time and NPV for weak degradation in China  

The payback time and net present value for the weak degradation in China was calculated for 

all four different SoCs. The net present value shows how safe the investment would be with an 

interest rate of 6%. The payback time at year one shows how long time it would take to payback 

the battery investment. The adjusted payback at year seven is the payback time that would be 

after ~2500 cycles with degradation. 

Table 9 Net Present Value and payback per year for weak degradation in China 

SoC\China (Weak Degradation) NPV 

(US$) 

Payback time at 

year one 

(years) 

Adjusted payback 

time at year seven 

(years) 

0-100 10405 5 5 

10-100 6247.2 5 -- 

30-90 -15514 6 -- 

50-70 -44529 Not possible -- 
 

6 DISCUSSION  

The degree project is mainly based on the degradation of a battery and how it would affect the 

economic profitability using it to do load shifting for an industrial air compressor. It is the 

inflicted stress in the batteries that affect the capacity. The purpose of load shifting is mainly 

to avoid expensive electricity prices. Due to the high peak demand during days the electricity 

price increases which makes it more expensive for daily electrical applications. 
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There have been many researches done on battery systems to understand how temperatures, 

currents and depth of discharge affects the battery. However, different depth of discharge has 

a noticeable impact on the batteries.  

If a battery system uses a higher SoC for instance 0-100%, it would require more time to charge 

and discharge the battery. This would increase the inflicted stress in the battery compared to a 

lower SoC. This would lead to a shorter lifetime. It is known that a battery system has a high 

complexity and is hard to simulate due to its nonlinear degradation. However, an RC-circuit 

model and Kalman filter method could create a nonlinear degradation system close to an actual 

battery system. 

In comparison to previous research, this project degree examines how much the degradation 

would affect the profitability of load shifting with an industrial air compressor in both Sweden 

and China. In Sweden there is a spot price changing during the day and in China there are 

different time prices for a day.  

There were three different grades of degradation and in every grade, there were four different 

SoCs that were simulated. After obtaining the results, the degradation for every grade was used 

to see how the profitability was in all cases. The simulated SoCs were presented for 5000 full 

cycles. The degradation after 5000 full cycles for all types of SoCs was small but it is still 

possible to see that the SoC between 0-100 had a lower capacity compared to a SoC of 50-70. 

Which from an LCA perspective the results are positive and good for the environment due to 

the longer life of the battery.  

The electricity prices in China and Sweden are very different and the economic profitability 

relies on it. In China the price between cheap and expensive hours are big compared to Sweden 

which leads to a shorter payback time and lower risk in investment by using this implemented 

battery system in China.  

To improve the results, different degradation degrees were used when simulating due to the 

batteries nonlinearity and complexity. Several cases were used to get more accurate results on 

how the battery degradation behaves. Then four different cases of SoC were used instead of 

only two, to see how much it affects the degradation even with small changes of SoCs, to make 

more accurate conclusions compared to previous research. 

We could have tried more simulation models with higher complexity or build our own model 

more specific for this use. This would result in higher accuracy and less estimations would be 

needed. However, the results from the simulations has a high credibility by looking into 

previous research that shows similar results.  
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7 CONCLUSIONS 

By using MATLAB, we were able to set up three different degradation cases with four different 

SoC in each case. The reference degradation case had around 20% capacity loss after 5000 full 

cycles which is similar to Tesla Powerwall with a degradation of 20% after 5000 full cycles. 

Two other degradation cases were used to get more comparable data. The degradation for a 

SoC of 50-70 had a longer lifetime because of the less inflicted stress in the battery. However, 

it would not be a good investment using a SoC of 50-70 due to the low amount of capacity used 

during a day. So even by increasing the lifetime of a battery it would not be a good investment 

due to net present value. 

The electricity price and the economic profitability by using a battery system depends on the 

SoC and the battery degradation. Even if the SoC of 0-100 has a capacity degradation after 

every day it still had a profitability higher than every other case. But the results also show that 

the battery degradation must be considered during economic calculations because the 

profitability depends on the capacity. This means that after several years the payback time 

would increase by almost 1-2 years. 

It is economic viable to load shift with an industrial air compressor if there is a big difference 

in the electricity price for cheap and expensive hours. But if it is spot prices like in Sweden the 

difference was low and it would be hard to make a profit on a system like this. However, in 

China the price difference was high, and it would be a considerable investment.   

8 PROPOSALS FOR CONTINUED WORK 

In this case there were only one model used to analyze this problem. By adding more 

complexity and building a model specifically made for this kind of problem would increase the 

accuracy of the simulations.  

There are several ways of doing battery simulations and calculations. By using several methods 

and comparing these methods can the accuracy be increased so the understanding on how the 

degradation would affect the application of industrial air compressors. 

By setting up a battery model and taking experimental data could it increase the accuracy and 

show more specific how other factors could affect the results. 

In this project degree only China and Sweden were analyzed, and this could also be further 

studied on how other countries profitability would be. This is important because the result 

from this report shows how big impact the electricity price have on these kinds of systems. 

Different lifetimes can analyze to see how the degradation affects the cases with lower delta 

SoC.   
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