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Abstract

Flow batteries are becoming increasingly popular because of the numerous advantages they
offer. These systems are modular, highly efficient, and relatively low cost, making it easy to
scale up. In terms of reaction mechanism, flow batteries are identical to conventional batteries.
However, in flow batteries, the electrolytes are held separately in external tanks and then
pumped using hydraulic pumps to flow through the stack during operation. Among the several
available flow batteries, the technologically advanced and widely commercialized flow battery
is Vanadium Redox Flow Battery (VRFB). VRFB storage, however, is less commercially
widespread than conventional batteries such as lithium-ion or lead-acid batteries. The primary
reasons include a lack of battery-specific optimization techniques and an efficient electrical
interface with renewable energy sources. Therefore, this thesis focuses on the optimized
electrical interface of VRFB with renewable energy sources. The significant contributions of

this thesis are as follows.

In this work, a dynamic model of VRFB is developed and validated experimentally to design
an efficient electrical interface for VRFB storage with renewable energy sources. The electrical
characteristics of VRFB are investigated through modeling under the impact of practical
parameters like flow rate, charge-discharge current, self-discharge loss, temperature etc. A
comprehensive capacity fade model of the VRFB storage has been proposed to estimate the
aging of VRFB storage. The experimental validation of the model performance has been

carried out by a practical IlkW 6kWh VRFB system.

Prediction of battery storage system loss is necessary to improve the battery storage system's
performance, reliability, and efficiency. In this work, the prediction of the overall system power
loss of VRFB using different machine learning (ML) algorithms has been demonstrated for the
first time. Under different operating current levels and electrolyte flow rates, the internal
resistance variation and pump power consumption of the practical 1kW 6kWh VRFB system
dataset have been considered for prediction. It is observed that the Ensemble learning (EL)
based Adaptive Boost (AdaBoost) algorithm is superior in predicting VRFB system loss
compared to that of linear regression (LR) and support vector regression (SVR) algorithms.
The prediction results obtained in this work claim to be beneficial for designing optimized
interfacing of VRFB storage with renewable energy sources and other power system

applications.



Battery storage performance optimization is crucial in ensuring the reliable operation of
renewable energy-integrated power systems and emergency backup applications. In this work,
a kW scale VRFB storage system power loss optimization based on the particle swarm
optimization (PSO) technique has been demonstrated for the first time. It is a multi-variable
optimization considering both the VRFB pump power loss and stack power loss
simultaneously. The electrolyte flow rate has been considered the control variable in optimizing
the overall VRFB system power loss. Charge-discharge operations of VRFB with four sets of
electrolyte flow rates at three different levels of stack terminal current have been taken to

validate the proposed work.

In the countries like India, where the ambient temperature is higher during the significant
span of the year, safe and efficient operation is needed for the delicate electronic panels and
controllers installed in Electric Vehicle (EV) charging stations. Therefore, in this work, for the
first time, solar-battery storage integrated switchable glazing topology has been applied to
provide daytime passive heating ventilation and air conditioning (HVAC) in EV charging
station control rooms. The EV charging station has been accompanied by a solar PV source
installed on its roof-top to promote green energy and sustainable transportation. VRFB has
been integrated with the system to ensure energy security as a long-life energy storage solution.
An Internet of Things (IoT) based smart scheduling of solar PV, VRFB storage and the local
distribution grid has been demonstrated to satisfy the building glazing load demand under real-
time dynamic environmental conditions. The performance of the proposed system has been
validated under four different transient scenarios; sunny, intermittent cloudy, prolonged cloudy
and low solar irradiance with frequent grid outages. The proposed solution is a generalized one

and thus can be very useful for scaled-up capacity.
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Chapter 1

Introduction

1.1 Need for Energy Storage

In the modern era, the electrical grid infrastructure is upgrading rapidly with sophisticated
technological advancements in the electrical power sector. There is a promising surge in the
penetration of renewable energy into the global energy scenario. Renewable energy is gaining
significant attraction nowadays due to the scarcity of fossil fuel supplies and their
environmental consequences. Solar energy and Wind energy are the most popular renewable
energy sources (RES) due to their ease of generation and abundant availability. However, RES
is intermittent; other conventional utility power plants are needed to support their widespread
implementation. As a result, as penetration of RES increases, ensuring the stability of the
overall system operation becomes more challenging. To achieve the full potential of renewable
energy integration, a sophisticated large-scale energy storage system with long-life operation
is the need of the hour [1].

Currently, the technologies that are used for large-scale energy storage include physical
energy storage through the pumped hydro system (PHS), compressed air energy system
(CAES) and flywheel energy system (FES), electromagnetic energy storage through
superconducting magnetic energy storage (SMES) and supercapacitors (SC), chemical energy
storage through fuel cells (FC) and battery energy storage system (BESS), and thermal energy
storage (TES) by heating or melting materials. Considering the peak power shaving, demand
response management and wide range of energy capacity, BESS exhibit faster response
compared to the other conventional large-scale energy storage technologies such as; PHS,
CAES, etc. [2]. Figure 1.1 displays the statistics of large-scale energy storage distribution [2].
Figure 1.1 (a) gives the share of large-scale energy storage technologies by 2020. As of 2020,
the cumulative installed capacity of energy storage projects worldwide reached 191.1 GW, of
which the cumulative installed capacity of pumped storage was the largest, accounting for
90.3% [2]. Meanwhile, the installed capacity of electro-chemical energy storage (ECS)
followed next, accounting for 7.5%, as shown in Figure 1.1 (a). Although the scale of PHS is
huge, it is restricted by the geographical environment and has grown slowly over the years

2016-2020, as shown in Figure 1.1 (b).
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Figure 1.1: Statistics of large-scale energy storage distribution: (a) Global share of installed large scale

energy storage systems by the year 2020, (b) Installed capacity of PHS from 2016 to 2020, (c) Installed
capacity of ECS from 2016 to 2020 [2]

Similarly, the scale of CAES is also large, while it is affected by the geographical
environment and geological conditions, and the equipment needs strong pressure-bearing
capacity. Currently, ECS has become the energy storage technology with the most significant
development potential. Specifically, the cumulative installed capacity of ECS reached 14.2 GW
in 2020, with a surge of 49.6% over the year 2019, as shown in Figure 1.1 (¢). The key
conclusion can be inferred that ECS is becoming more and more critical. The widely used ECS
comprises of batteries, which is one of the reasons for the surge in the research & development

of various battery storage technologies [3].

1.1.1 Batteries as Energy Storage

Before Nikola Tesla demonstrated the AC power system, batteries were used to store
electrical energy. Since that time, several battery technologies have been developed, and new,
effective techniques to combine DC and AC power have been consistently proposed over time.
Energy storage is more critical than ever due to the rising popularity of renewable energy
sources, electric vehicles, and the necessity of energy independence for consumers from
lengthy blackouts.

Batteries are electrochemical devices that convert the energy released during a chemical

reaction into electrical energy. There are two distinct common types of batteries, designated



primary and secondary batteries. A primary battery can only be used once. This battery is
commonly used in small portable devices but is of little use for large-scale applications. A
secondary battery, in contrast, is reusable. Multiple charge/discharge cycles are supported
using secondary batteries. When compared to primary batteries, secondary batteries offer
shallow self-discharge loss, quick reaction times, and good round-trip efficiency [3]. Lead-
Acid, Lithium Ion (Li-ion), Sodium Sulphur (NaS), Nickel Cadmium (Ni-Cd) and Redox Flow
Batteries (RFBs) are all different types of secondary batteries. Table 1.1 shows the comparison
among the different battery storage.

Table 1.1: Comparison among different battery storage

B Energy Density Energy Power Density Cycle life Self-Discharge
atter
y (Wh/kg) efficiency (%) (W/kg) (cycles) (% /month)
Lead-Acid
30-40 70-90 180 200-2000 3-4
[4]
Li-ion [5] 100-250 75-90 1800 500-2000 5-10
NaS 150 80-90 120-150 2500 <1
Ni-Cd 40-60 60-90 140-180 500-2000 10-15
Redox Flow
30-50 80-90 120-180 >20000 <1
Battery [6]

For most applications, battery energy storage systems (BESS) are also more practical and
compact due to their modularity and high power and energy densities. Nevertheless, there are
still specific difficulties in connecting energy storage devices with the electrical grid. To begin
with, there is no general standardization of the types of batteries integrated into the grid, which
causes a slew of minor reliability concerns that disrupt the power flow [7]. Second, the batteries
are poorly optimized for the entire grid since they function as isolated nodes that meet local
demand. However, these challenges can be handled using smart grid technology, where each
component is designed for maximum grid efficiency [8]. Some of the most prominent battery
technologies for large-scale energy storage are listed below:

e Lead-acid batteries are among the oldest and most well-established rechargeable batteries.
It comprises a lead anode sponge and a lead acid cathode, with sulphuric acid solution
serving as the electrolyte. It offers various benefits, including a simple production method
at a cheap cost and an appropriate cycle life. The battery, on the other hand, is made of

heavy metal, and the cost per unit climbs in direct proportion to the scale [9].



Due to high energy density, superior cycle efficiency, and minimal self-discharge, lithium-
ion batteries are the most well-known and widely used [10]. They are primarily composed
of phosphate or cobalt. Some of the disadvantages are limited lithium resources, high cost,
and concerns with safety, requiring a sophisticated battery management system (BMS)
[11].

The most successful high-temperature battery is the sodium-sulphur battery. It is highly
efficient, has a high energy density, a long cycle life, and a cheap material cost [12]. The
necessity to maintain a high temperature, operator safety, and the need to isolate the system
from the atmosphere as pure sodium causes an instant explosion on contact with air, are
some of the constraints that are preventing this battery from being widely used [13].
Ni-Cd batteries are used when long life, high discharge rate, and low price are the
requirement for the desired application. The drawback of Ni-Cd batteries is the memory
effect issue and the negative environmental impact caused by toxic cadmium [ 14].

In terms of reaction mechanism, flow batteries are identical to conventional batteries.
However, in flow batteries, the electrolytes are held separately in external tanks and then
pumped using hydraulic pumps to flow through the stack during operation. Several types
of flow battery chemistry are being researched. Among the prominent prospects are all
vanadium, iron-chromium, zinc-bromine, zinc-ceria, and bromine-polysulphide. Flow
batteries have various benefits, including individual scaling of power and energy capacity,
minimal maintenance costs, the potential to be deployed on a mass scale, and low self-
discharge [15]-[17]. Among the several available flow batteries, the technologically
advanced and widely commercialized flow battery is Vanadium Redox Flow Battery
(VRFB). Figure 1.2 displays the timeline of the development of various aqueous redox
flow batteries over the years [18], [19].

2011 [18]
’ . Vanadium Air
flow Battery

\ 4

Figure 1.2: Timeline of the developments in Aqueous Redox Flow Batteries (RFBs)




Some drawbacks of RFBs include system complexity, the need for pumps, and low energy
density. Technology is still evolving with improved methodologies in tackling the
disadvantages, making flow batteries one of the most promising technologies for large-scale

energy storage.

1.2 VRFB storage

RFBs such as Iron-Chromium RFB, metal-free quinone-bromine RFB, zinc polymer RFB,
and Zinc-Bromine RFB utilize two different redox couples in each half-cell, and they suffer
from electrolyte cross-contamination [20]. To overcome the cross-contamination, Professor
Maria Skyllas-Kazacos and her research group from the University of New South Wales
(UNSW) invented the all-vanadium redox flow battery, which utilized the same vanadium
element in both half-cells. The UNSW research group filed the patent for all vanadium RFB in
1986. The significant advantage of vanadium is that it exists in four oxidation states (V**, V3"

V# and V).

1.2.1 Working principle of VRFB

The components constituting VRFBs are electrodes, usually made with carbon felts,
electrolytes, and bipolar plates, which avoid collision among current collectors. Figure 1.3
shows the schematic diagram of VRFB. Two external tanks containing Vanadium ions of
different oxidation states such as V>, V3*, V¥ and V>*. The tank containing anodic redox-
active vanadium ions V2" or V¥*(or anolyte) is known as negative electrolyte tank and the tank
with cathodic redox-active vanadium ions V** or V3 (or catholyte) are known as positive
electrolyte tank as shown in Figure 1.3 (c¢). The presence of V>* or V' in the negative
electrolyte tank depends on the charging or discharging process. The capacity of the VRFB is
directly proportional to the volume of the electrolyte tank. VRFB employs two redox couples
dissolved in the half-cell electrolytes (anolyte and catholyte) which are stored in separate
external tanks and are continuously pumped into the battery stack where the electron transfer
reactions occur at the inert electrodes. This is the primary difference between the other
conventional batteries and redox flow batteries which gives longer cycle life because the active
material in the case of RFBs is the electrolyte, not the electrode. Where, V**and V>* are in fact
vanadium oxide ions (respectively VO?*and VOZ). The total power output depends on the size
of the active area inside the stack. In addition, there are unique advantages offered by VRFB,

as mentioned in the following subsection of this chapter.
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Figure 1.3: Schematic diagram of vanadium redox flow battery: (a) single cell, (b) schematic diagram of a

single cell, (¢) stack exploded view, and (d) vanadium redox flow battery flow field [2]

1.2.2 Unique features of VRFB

e Relatively long cycle life: Flow batteries have an exceptionally long-life cycle since the
active material is a non-degradable electrolyte. Unlike conventional batteries, whose active
material electrodes degrade due to mechanical and thermal stress with cycling, flow
batteries offer the independent replacement of components such as electrodes. In addition,
the VRFB has the unique feature of having the most extended cycle life (>20,000 cycles)
of more than 20 years, which is close to the life of a solar PV plant [21].

e Independent scalability of Energy and Power Ratings: Due to their interdependence,
conventional batteries must make a trade-off between their energy and power ratings.
Whereas in a flow battery, the energy rating is determined by the size of the electrolyte
tank, and the power rating is determined by the quantity of cell stacks. This is a crucial
feature since it allows for independent scalability based on the requirement of the end user.

For the past three decades, researchers all over the world have emphasized their research &
developmental work on all Vanadium-RFBs in comparison with other RFB technology, only

because of the above-mentioned advantages, focusing on the improvement of the electrode
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material, cost-effective membrane materials, electrolyte preparation, and the energy efficiency.
The shortcomings of VRFB include a low, relatively poor energy-to-volume ratio compared to
standard storage batteries. The aqueous electrolyte makes the battery heavy and only valid for
stationary applications. Vanadium is relatively abundant, and the electrolyte solution is
relatively easy to prepare. Unlike other secondary rechargeable systems, such as lead-acid and
lithium-ion batteries, VRFBs have minimal environmental impact; the redox couple reactions
do not generate any toxic gases, and the batteries have a low risk of explosion [22]. Even though
vanadium is environmentally friendly, the balance of plant components, such as the Nafion
membrane, has environmental impacts [23].

The successful field trial of VRFB was demonstrated by UNSW, through installation in a
solar house in Thailand [24]-[29]. Thai Gypsum Products Ltd. of Thailand acquired the license
to VRFB technology in 1993 for solar house applications. Japan-based Mitsubishi Chemicals
and SEI acquired the license for VRFB technology. Japanese farms utilized VRFB storage for
several applications such as Wind Energy Storage, load leveling, and power backup. After the
expiry of basic UNSW patent for all-VRFB in 2006, R&D in VRFB took a giant leap [21].
Table 1.2 lists the commercial applications of VRFB around the world during the last five
years. Researchers from various parts of the world worked on sensors, design of the stack, and

control systems of the VRFB.

Table 1.2: Commercial applications of VRFB around the world during the last 5 years (2017-2022)

Year Location Application Power / Energy Capacity
2022 [19] Canada Energy Storage 10 MW /40 MWh
2021 [19] Australia Grid-scale Energy Storage 20 MW / 80 MWh
2021 [30] Germany Microgrid Energy Storage 1.2 MW /7.2 MWh
2021 [30] China Peak Shaving 10 MW /30 MWh
2020 [31] Japan Renewable Energy Integration 2 MW /8 MWh
2020 [31] USA Commercial & Industrial Energy Storage 1 MW /4 MWh
2019 [31] South Africa Solar Energy Storage 1 MW /4 MWh
2018 [30] China Microgrid Energy Storage 3 MW /12 MWh
2018 [30] UK Renewable Energy Integration 1 MW /4 MWh
2017 [30] Japan Solar Energy Storage 1 MW /4 MWh

Over the years, researchers have realized the improvement of system efficiency by
optimization of flow rate. Modeling and simulation of the VRFB system, with the help of
commercial software, has enhanced the dynamics in the overall development of VRFB.

Simulation helps in the better exploration of the system performances under various testing



conditions. The VRFB performance analysis and optimization can be done through accurate
modeling and simulation studies. The equivalent models are further helpful in designing the
optimized interface of VRFB storage with external power systems. Considering the need for
the modeling of the VRFB energy storage, in this chapter, various relevant research reports
have been discussed and analyzed in detail. The issues related to the interfacing of VRFB with
renewable energy sources like solar PV and wind energy sources are discussed in this chapter.
ESS, like VRFB, plays a crucial role in microgrid because it can provide them with several
service capabilities, ranging from power quality to peak shaving and energy management.
Integration of renewable energy sources like solar PV and wind energy into existing power

grids faces technical and economic challenges due to their variable and intermittent nature.

1.2.3 Modeling of VRFB

The issues prevailing with the current trends in VRFB technology can be summarized using
the top-down approach in four levels, namely market level, system level, cell level and material
level [32]. The commercialization of VRFB is influenced by factors such as the battery system's
manufacturing cost, battery cycle life, and the system's safety features that must consider the
life of the personnel working on it. These issues sometimes affect the commercial acceptance
of VRFB because of the shortfall in the control or monitoring at the VRFB system level. The
system-level issues are related to the failure in the dynamic flow rate control, estimating the
capacity loss, poor design of the stack, losses due to shunt current, etc. Further investigation
on the VRFB operation at the cell level will result in factors associated with the VRFB system's
failure. The cell-level modeling includes physicochemical processes inside a battery, such as
momentum transport, mass transport, heat transfer, species crossover, etc. To improve the
commercialization of VRFB, robust modeling of VRFB at the cell and material level is
required. For up-gradation in battery research, the modeling at the material and cell level played
a significant role. Table 1.3 gives an overview of the factors influencing the modeling of VRFB

at different levels [32].

Table 1.3: Factors influencing the modeling of VRFB at different levels

No. Level name Components Prevailing issues for VRFB technology

Integration of VRFB with

Market level | renewable energy sources, > Economy of VRFB technology

Level 1 > Safety features

» Cycle life

[33], [34] also as a stationary storage

backup in power sectors




Monitoring of the stack operation

System  level VRFB stack along with Failure in the dynamic flow rate control
Level 2 components such as pump,

[35], [36] Poor stack design

YV V VYV V

control ircuit, etc. Control strategies adopted for VRFB

such as management system

[40], [41] VRFB cell Reaction pathways

» Momentum transport
» Mass transport
Cell level VRFB cell including » Heat transport
Level 3 electrodes, membrane and > Ch ¢ ¢
[37]_[39] arge transpor
electrolyte »  Species crossover
»  Self-discharge
»  Side reactions
Material level | Materials  utilized  for »  Chemical Stability
Level 4 >
>

Activation energy

Optimizing the VRFB operating conditions is possible by modifying and improving the
performance of materials used for the VRFB cell. The electrode performance can be improved
by considering parameters such as current density, over-potential, and electrolyte concentration
[42]-[45]. The low energy density offered by vanadium is a factor to be considered for
improvisation in VRFB modeling. In the modeling of lithium-ion batteries, researchers
integrated two or more modeling approaches to assess the system in a better way [46]. The
higher energy density of the Lithium-ion battery played a vital role in its rapid
commercialization. Similarly, in VRFB, enhancing the electrolyte solubility and improving the
chemical stability of the materials used for electrolytes will help raise the energy density of the
VREFB cells. In this chapter, we have focused on the system-level modeling of VRFB in detail.
The commercial market for VRFB technology in large-scale energy storage systems is growing
consistently. The primary consideration for marketing VRFB storage includes safety features
offered by the battery operating condition and the total cost of the system. The cost of the
VRFB system plays a vital role in the marketability of the system. System-level modeling is a
holistic approach, including the cell and material level modeling discussed in Table 1.3.
Modeling of the VRFB system can be carried forward by various approaches existing in the
literature. The modeling approach suitable for the VRFB can be evaluated by parameters such
as the utility of past experimental data, prediction of uncertain parameters, adapting
physicochemical principles, and assumption of boundary conditions. Table 1.4 analyses the

features available in the different approaches utilized in VRFB modeling.
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The feasibility of VRFB technology is evaluated through cost analysis. Cost analysis is
carried out using an empirical model. A cost function is formulated based on power density
and energy density. Various factors, including the costs of electrolyte, membrane, and
electrode, influence the total cost of the VRFB system. To measure the influence of these
components individually, a term known as the relative sensitivity index is proposed. The
component with the higher relative sensitivity index value profoundly influences the overall
cost of the system. As per the analysis, the high costs of electrolyte and membrane contributed

heavily to the system's overall cost.

Table 1.4: Features of models of VRFB utilized in macro approach

Monte-Carlo Multi-physics Equivalent circuit
Macro approach Empirical model
model model model
Approach involving Mass and energy
polynomials, o conservation Models are built
) Statistical o ) )
Methodology exponential, principles are using electrical
: . approach [48] e
trigonometric utilized in building components [50]
functions, etc. [47] the models [49]
Utility of past
Yes No No Yes
experimental data
Adaptation of
Physicochemical No No Yes Yes [51]
principles
Prediction of
uncertain Yes Yes [52] No Yes
parameters
Time dependency No No Yes Yes
Assumptions of
Yes No Yes Yes [51]
boundaries

Integrating empirical model and electrochemical model, researchers developed the cost-
performance model. The empirical model gave the details for the economic aspects of the
VREFB system. The electrochemical model evaluated the performance of the VRFB system.
The combined results were explained through a function in the form of (E/P) ratio, where E

represents the VRFB system's energy, referred to electrolyte; ‘P’ represents the power of the
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VRFB system, referred to electrode. To analyze which component costs the majority of the
overall cost of the VRFB system, the E/P ratio is helpful. For example, a high (E/P) ratio means
the electrolyte costs dominate the system's overall cost. For the scale-up of large-scale energy
storage systems, these modeling results will be helpful for consumers to estimate the system's
budget beforehand accurately. As seen in the Table 1.4, Monte Carlo (MC) method [52]-[56]
was not suitable for VRFB system modeling as the physicochemical process could not be
formulated in that modeling approach. VRFB models developed using other modeling
approaches, such as the equivalent circuit and lumped parameter approaches, were
experimentally validated. The electrical equivalent circuit modeling approach was robust; it
accurately evaluated several electrical parameters of the VRFB system. Some publications on
lifecycle cost [57] along with techno-economic models available already benefited the

researchers to carry forward the improvement of VRFB technology [58]—[60].
1.3 Interfacing VRFB with renewable energy sources

The electrical interfacing of the VRFB system with renewable sources like solar PV and the
load end was indicated through impedance matching, including three subsystems: the VRFB
stack, charge controller and inverter. The necessity of a charge controller for building an
efficient BMS for VRFB was emphasized in the literature [61]. Considering the discontinuity
in solar PV sources, the maximum power point tracking (MPPT) strategy should be applied for
improved power conversion while charging the battery storage system using a sunlight based
PV source [62]. Initially, a solar PV-based battery charge controller based on a high-efficiency
DC-DC boost converter was demonstrated [63], [64]. A dc-dc buck converter operation and
control for stand-alone solar battery charge controller were discussed by Lopez et al. [65]. With
an accentuation on sun-oriented PV charge controller, it might be noticed that the voltage
excursion/cell in VRFB is about 38% when contrasted with that of same capacity lead acid
battery which is about 20%. In this manner, the role of MPPT in VRFB charging is of higher
priority than charging lead acid batteries. The major challenge in the design of the charge
controller for VRFB is its synchronous control of charging current and flow rate to accomplish
the maximum overall VRFB system efficiency. For quick charging of VRFB, the high current
reasons for unnecessary ascent in temperature inside the VRFB stack may prompt untimely
thermal shut down of the charging system to keep up the safe activity of VRFB. It might be
noticed that VRFB experiences thermal precipitation at a temperature above 40°C, as revealed
in the literature [61]. Subsequently, the flow rate should be dynamically optimized to overcome

the issues of stack temperature ascending past safe cut-off magnitude and deficient charging.
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A dynamic flow rate control-based solar PV Maximum power point tracking (MPPT) charge
controller for the VRFB system has been discussed. Its performance validation is shown under
dynamic solar irradiance profiles [61]. The charging power conditioning unit (PCU) discussed
in [61] is the DC-DC buck converter intended for efficient interfacing of the VRFB system
with the PV source, as shown in Figure 1.4. Three distinctive charging algorithms are
actualized on the developed charging system utilizing the dsPIC (dsPIC33FJ32MC204)
controller, and their performances are evaluated to obtain the practically suitable charging
algorithm. Other than the MPPT based CC-CV charging algorithm for augmenting the charging
efficiency, the real time control of flow rate is also included in the charging algorithm to
accomplish maximum overall VRFB system efficiency and controlled temperature ascend
inside the VRFB stack. The modified charging algorithm additionally forestalls the chance of
the controller's untimely thermal shutdown because of temperature rise beyond the permissible

threshold and thus ensures complete charging of VRFB.
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Figure 1.4: Block diagram representation of the solar PV MPPT based VRFB charge controller [61]

1.4 Gaps in the research works reported so far

o Even though equivalent circuit modeling is the widely adapted modeling approach, there
are certain shortcomings in it as well. There are limitations of existing electrical equivalent
models in analysing the dynamic control parameters of VRFB.

e The equivalent circuit modeling approach is limited to the investigation of electrical
parameters only. Parameterising the dynamic real-time parameters, such as system losses,

needs an efficient modeling tool that can address the non-linearity of VRFB. Artificial
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Intelligence (Al)/Machine Learning (ML) is attractive due to its ability to handle model
non-linearity and self-adaption attributes. Prediction of VRFB system losses will help
estimate the overall VRFB system efficiency.

To ensure the efficient operation of VRFB, an optimal flow rate must be maintained
throughout the charge-discharge cycle. Real-time flow rate optimisation is a crucial factor
in the flow battery operation. The existing literature has not addressed the real-time
optimisation of the VRFB flow rate. Considering the non-linearity of VRFB, a robust global
search technique in the form of a metaheuristic approach, such as Genetic algorithm (GA)
or Particle Swarm Optimization (PSO) etc., is required to obtain the optimal flow rate more
accurately for the nonlinear VRFB system.

Interfacing VRFB with RES requires sophisticated power electronic circuitry. The existing
literature has not investigated the optimised interfacing of VRFB storage with RES in
detail. VRFB storage as a stationary energy storage solution, and RES can effectively meet
the building energy demand. The optimised interfacing of VRFB storage with RES in
satisfying the building energy demand is yet to be discussed.

1.5 Objectives

With the motivation to work on the existing research gap discussed in the previous section, the

objectives of this research study are set as follows:

Development of dynamic equivalent model of VRFB storage system for estimating its
capacity fade.

Prediction of VRFB storage system losses considering the dynamic operating conditions.
Optimization of VRFB storage system losses considering the dynamic operating
conditions.

Development of a smart electrical interfacing system for long-life flow battery storage

integrated Solar- EV charging stations with switchable Building Glazing.

1.6 Organization of Thesis

The research work has been conducted and reported in this thesis based on the above-

mentioned objectives. The significant contributions of this thesis are as follows:

In chapter 2, a comprehensive dynamic equivalent model for estimating the capacity fade

of VRFB storage has been implemented. Here, a MATLAB/Simulink based electrical

equivalent model of VRFB storage considering the physical parameters has been proposed with

an objective of interfacing VRFB with renewable energy sources. The impact of system
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parameters like flow rate, self-discharge, pump power loss and charge-discharge profile has
been considered for analyzing the VRFB storage system performance. The dynamic behavior
of vanadium ion concentration in stack and tank has been considered in this work during the
estimation of capacity fading of VRFB storage. The dynamic behavior of electrolyte volume
in stack and tanks has been considered during the modeling. The optimization of electrolyte
rebalancing has been proposed in this work to minimize the electrolyte volume loss during the
operation. The proposed optimal scheduling of electrolyte rebalancing is significant for
minimizing the capacity fading of VRFB storage in the long run. An optimal multi-objective
flow management has been implemented for minimizing the capacity fade and voltage loss of

the VRFB storage.

Prediction of battery storage system loss is necessary to improve the battery storage system's
performance, reliability, and efficiency. In Chapter 3, the prediction of the overall system
power loss of Vanadium Redox Flow Battery (VRFB) using different machine learning (ML)
algorithms has been demonstrated for the first time. Under different operating current levels
and electrolyte flow rates, the internal resistance variation and pump power consumption of the
practical IlkW 6kWh VRFB system dataset have been considered for prediction. The prediction
accuracy of ML algorithms has been analyzed in detail based on the regression metrics such as
correlation coefficient (R?), mean absolute error (MAE), and root mean square error (RMSE).
The prediction results obtained in this work claim to be beneficial for designing optimised
interfacing of VRFB storage with renewable energy sources and other power system

applications.

Battery storage performance optimization is crucial in ensuring the reliable operation of
renewable energy-integrated power systems and emergency backup applications. In Chapter 4,
a kW scale VRFB storage system power loss optimization considering the dynamic operating
conditions has been demonstrated. The multi-variable optimization considering both the VRFB
pump power loss and stack power loss simultaneously has been executed in the proposed work.
The electrolyte flow rate has been considered the control variable in optimizing the overall
VRFB system power loss. Charge-discharge operations of VRFB with four sets of electrolyte
flow rates at three different levels of stack terminal current have been taken to validate the
proposed work. The optimal electrolyte flow rate obtained from Particle Swarm Optimization
(PSO) algorithm has been compared with Nonlinear programming, and Genetic Algorithm
(GA) techniques to propose the most suitable optimization technique for a kW scale VRFB

storage.
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In the countries like India, where the ambient temperature is higher during the significant
span of the year, safe and efficient operation is needed for the delicate electronic panels and
controllers installed in Electric Vehicle (EV) charging stations. In Chapter 5, therefore, for the
first time in this work, solar-battery storage integrated switchable glazing topology has been
applied for providing daytime passive heating ventilation and air conditioning (HVAC) in EV
charging station control rooms. The EV charging station has been accompanied by a solar PV
source installed on its roof-top to promote green energy and sustainable transportation.
Vanadium redox flow battery (VRFB) has been integrated with the system to ensure energy
security as a long-life energy storage solution. To satisfy the building glazing load demand
under real-time dynamic environmental conditions, an Internet of Things (IoT) based smart
scheduling of solar PV, VRFB storage and the local distribution grid has been demonstrated.
The performance of the proposed system has been validated under four different transient
scenarios; sunny, intermittent cloudy, prolonged cloudy and low solar irradiance with frequent
grid outages. The proposed solution is a generalized one and thus can be very useful for scaled-

up capacity. In Chapter 6, the Conclusion of the work is discussed.
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Chapter 2

Comprehensive Dynamic Modeling of VRFB system

2.1 Introduction

Modeling of VRFB system is important for several reasons:

1) Predicting battery performance: An electrical equivalent model can predict the
performance of a VRFB under different operating conditions, such as charge and discharge
cycles, state of charge (SOC), and temperature. This information is essential for designing and
optimizing the battery system.

2) Understanding internal behaviour: An electrical equivalent model can help understand
the internal behavior of the VRFB, such as ion transport, and cell balancing.

3) Simulating battery behaviour: Simulation can help optimize the VRFB system
performance and ensure the VRFB operates within safe and optimal parameters.

4) Validating experimental data: An electrical equivalent model can be used to validate
experimental data from a VRFB, such as cell voltage, current, and impedance. This helps to
ensure the accuracy of experimental data and provides confidence in the results.

So far in the existing literature, various improvements have been implemented in the
modeling of VRFB storage. Bayanov et al. [34] optimized the parameters of VRFB, such as
increasing the concentration of vanadium ions in the solution and usage of different redox
couples to overcome the low energy density. Instead of deriving complex multi-physics
equations, they designed a simple method of numerical modeling. VRFB storage models
designed initially were equivalent circuit models. Those models [66], [67] can be utilized for
only predicting the behavior of VRFB system parameters. However, the models were not
validated experimentally. The VRFB system modeling lacked the effect of practically varying
parameters like electrolyte concentration, flow rate and temperature on system operation. The
capacity loss in VRFB is studied through the dynamic ion diffusion model by Rajagopalan et
al. [68] Their model considered the self-discharge phenomena of VRFB and crossover of
vanadium species. The drawback of the model was lack of experimental validation. Extended
Kalman Filter approach [69] measured open-circuit voltage for charge-discharge experiments
in a VRFB RC equivalent model. The simulation results are validated experimentally. The

drawback of the approach was lack of study on the effect of dynamically varying practical
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parameters. A MATLAB based model [70] gave detailed study on the validation of real time
VRFB operation, but the effect of self-discharge was not discussed.

An equivalent circuit model as in reference [71] studied the self-discharge phenomenon in
VRFB, but the model did not consider the cross-over of various species across the membrane.
The model did not explain the effect of dynamic flow rate on energy efficiency. Zhang et al.
[51] proposed a comprehensive equivalent circuit model of VRFB for extraction of internal
parameters by fitting the experimental results into the model. The model considered the self-
discharge phenomena and crossover of vanadium species. The model also considered the
impact of flow rate on VRFB stack internal resistance. But the model lacked dynamic flow rate
control. Xiong et al. [72] proposed an enhanced VRFB model with a second-order RC network
to model electrochemical behavior and third-order cauer network to model heat transfer
processes. The model addressed the thermal issues affecting VRFB system performance, which
were not discussed in previous models. However, the model lacked dynamic flow rate control.

The application of VRFB in the RES demand realistic VRFB models [42]. Although there
are some commercially available simulation software for modeling battery energy storage
systems such as ‘HOMER’ which is mainly used for techno-commercial analysis of energy
storage systems and micro-grid applications, sizing of battery and cost analysis etc., but for
deeper analysis of electrical characteristics of batteries like VRFB and their interfacing with
different subsystems in a hybrid micro-grid system, a dedicated electrical equivalent model of
VRFB based on MATLAB or similar platform is required [73].

MATLAB/Simulink environment was utilized in designing a generalized VRFB electrical
equivalent model. The robust model was designed including physical parameters such as
dynamic flow rate, vanadium crossover, and internal resistance loss. Experimental validation
was done with a practical 20 cell 1kW 6hr VRFB system [50]. The dynamic optimal flow rate
control offered by the model was essential for consuming minimum pump power during
charging. Table 2.1 reports the analysis of the various electrical equivalent models. From
Table 2.1, it can be inferred that the dynamic flow rate has not been considered during the
modeling of VRFB system in most of the previous models. Also, most of the existing studies
lacked the investigation on the impact of flow rate on internal parameters of VRFB system. In
the long-term operation of VRFB storage, ion diffusions across the membrane and the depletion

of active materials lead to the capacity fade in VRFB storage.
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Table 2.1: Analysis on electrical equivalent models of VRFB system

VRFB
Impact of
Internal
Cross-over flow rate on | Consideration of
Reference Experimental resistance
Model Description of vanad- VRFB stack | dynamic flow rate
articles validation under the
ium species internal during operation
SOC
resistance
variation
A MATLAB based electrical
equivalent model of VRFB with a
[67] No No Yes No No
control  strategy for SOC
Estimation
The capacity loss in VRFB is
[68] studied through dynamic ion No Yes No No No
diffusion model
RC equivalent model using
[69] Yes No No No No
kalman filter
Open circuit voltage source
[71] Yes No No No No
model
A comprehensive equivalent
circuit model of VRFB for
[51] extraction of internal parameters Yes Yes No Yes No
by fitting the experimental results
into the model
Precision dynamic parameter
extraction  methodology  for
[73] VRFB stack under the variation Yes Yes Yes Yes Yes
of practical parameters (flow rate,
SOC, Current)
MATLAB model for large scale
[60] o No No No No No
application
A MATLAB based dynamic
model characterizing the
[74] ) Yes No Yes No No
electrochemical and thermal
parameters of VRFB
An enhanced VRFB model with
second order RC network to
[75] model electrochemical behavior Yes Yes Yes Yes No

and third order cauer network to

model heat transfer process

19




Minimizing capacity loss can significantly reduce the operation and maintenance cost in the
long-term use of the VRFB system. In the existing literature, the estimation of capacity fade
(aging) of VRFB storage in the long-term use has not been discussed in detail. Therefore, in
this chapter, the modeling and estimation of capacity fade (aging) of VRFB storage has been
implemented. The proposed model considers the migration of water molecules caused by
osmotic pressure and ion crossover. In this way, the dynamic behavior of electrolyte volume
and reactant concentrations has been described in this chapter. A MATLAB/Simulink based
electrical equivalent model of VRFB storage has also been developed for analysing the impact
of its dynamic system parameters on the system performance. The rest of the chapter is as
follows: Section 2.2 details the electrical equivalent modeling of VRFB system, Section 2.3
discusses the modeling and estimation of capacity fade of VRFB system. Section 2.4 analyses

the results. Section 2.5 summarizes the conclusion of this chapter.

2.2 Electrical equivalent modeling of VRFB system

VRFB storage system consists of two separate tanks containing electrolytes, a stack made
up of graphite felts and two flow pumps for circulating the electrolyte between the tanks, and
the stack. A Proton Exchange Membrane (PEM) is placed between the bipolar plates inside the
battery stack. So far the researchers [76], [77] have reported that the widely used PEM are
varieties of Nafion-based membranes. The unique feature of VRFB storage is that the electron
transfer occurs at the electrodes, which is not in the case of other conventional batteries. This
is one of the primary differences in the operation between conventional batteries and VRFB.
In general, VRFB has a longer cycle life because the electrolyte, not the electrode, is the active
material that is easily replenishable. VRFB has 4 different oxidation states; V2+, V3%, 4+
and V°*. Where, V** and V°* are in fact vanadium oxide ions (respectively VO?* and VOJ).

Thus, the chemical reactions that occur inside VRFB stack is,

VO} +2H" + e~ o VO?* + H,0 (2.1)
V2t o V3t e (2.2)
V2t + VO 4+ 2H' & VO?* +V3* + H,0 (2.3)

Equation (2.3) gives the summation of Equation (2.1) and Equation (2.2). The Randles’
equivalent circuit model can be used to depict the internal impedance parameters of a generic
electrochemical cell. For batteries, the R-C equivalent circuit model can help understand the

electrical characteristics. The electrical equivalent circuit of a single cell VRFB stack is
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displayed in Figure 2.1. Here, the (R¢;) represents the charge transfer resistor in the electrode-
electrolyte interface which always exists in the active region, double layer capacitor (CJ;) and
solution resistor (R§), which is predominant, for the catholyte side or the positive half-cell
side. The anolyte or the negative half-cell side charge transfer resistance and double-layer
capacitance are represented by (R%) and (C;) respectively. The electrode-electrolyte interface
also offers a resistance equivalent as mass transfer resistance [78], [79] due to inadequate
delivery of active vanadium species to the electrodes. Therefore, (RZ) and (RE;) shown in
Figure 2.1 represent the combination of charge transfer and mass transfer equivalent for
anolyte and catholyte sides respectively. The mass-transfer resistance is dominant in low flow
rate operation [80]. However, it is to be noted that VRFB storage system is preferred to be
operated at moderate flow rates considering three factors; (1) overall stack internal resistance
becomes comparatively low, (2) pump power consumption is also moderate, which improves
VREFB system efficiency, (3) thermal management is satisfied. This eventually ensures the safe

and optimized operation of VRFB system. Hence, in this work the mass transfer resistance has

not been considered in the loss prediction process for moderate and high flow rate operation.

flow out

flow out

flow in

Figure 2.1: Electrical equivalent circuit of single cell VRFB stack

The series resistance element (R;) is used in the Randles’ equivalent circuit to represent a
combination of solution resistance (R,), and the membrane resistance (R,,). Further, (R,)
represents the sum of two half-cell electrolyte resistances (R§) and (R§) of VRFB stack.

Equation (2.4) expresses the effective series resistance (R;),

Ry = RS + Ry, + RS (2.4)
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Figure 2.2 (a) represents a feasible VRFB stack model. Starting from the outer portion of
the stack, the terminal current (I;) can be further divided into three different current
components. Three current components include stack current (), shunt current (Ig;) and
parasitic current (I,). Among these three current components, stack current draws the
maximum portion of terminal current during the charge-discharge operation of VRFB storage.
Shunt current is the negligible magnitude of current which is less than 1% of the total terminal
current, so it is not considered during the calculation of VRFB system power losses as reported
in literature [73]. The parasitic current is the magnitude of current drawn by the control

circuitry and pumps.
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Figure 2.2: (a) Schematic of VRFB system electrical equivalent circuit; (b) MATLAB/Simulink model of

VRFB system electrical equivalent circuit
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Table 2.2 provides the parameter specifications of 1 kW 6 kWh VRFB system. The terminal
voltage profile of 1 kW VRFB stack is displayed in Figure 2.3. The terminal voltage profile is
obtained over the range of electrolyte flow rate from 3 L/min to 18 L/min. It can be inferred
from Figure 2.3 that there are two zones of operation: (1) Dynamic zone, till 0.1 SOC is

reached; (2) Ohmic zone, from 0.1 SOC to 0.9 SOC.

Table 2.2: VRFB system parameters used for MATLAB/Simulink model

VRFB system parameters Rating
Power capacity 1kW

Energy capacity 6kWh
Voltage range (20-32) V
Rated stack current 60A

Each tank electrolyte volume 180L
Electrolyte flow rate (1-18) L/min
Number of series cell in stack 20
Dimension of each electrode (Lge;e X Wrere X Drert) 25X 25%0.3cm X cm X cm
Active electrode area 625 cm?
Electrolyte Concentration 1.2 Mol/L
Current density 0.096 A/cm?
Stack temperature range 15-35°C

It is a well-known fact that under fully charged conditions, the capacitor in a DC equivalent
circuit acts as open circuit. Therefore, after 0.1 SOC, the voltage characteristic enters ohmic
zone (linear), only the resistive effect remains till 0.9 SOC, as shown in Figure 2.3 for a case

study of 18L/min electrolyte flow rate.

T T T T
32.0 E
31.5 4
_31.0 i
2
)
%30.5 < i
S —=— 18 L/min
> 30.0 4 —o— 12 L/min a
—A— 6 L/min
205 4 —v— 3 L/min i
29.0 i
1 l 1 1
0.0 0.2 0.4 0.6 0.8 1.0

SOC

Figure 2.3: Variation of VRFB stack terminal voltage at 50 A charging current and four different flow
rates (3 L/min, 6 L/min, 12 L/min and 18 L/min)
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The same effect is realized in Figure 2.4 which demonstrates the characteristics of VRFB
stack internal resistance (R;,;). The VRFB stack internal resistance has been computed by
feeding the charging characteristic profile as input to the electrical equivalent circuit model
equations for different magnitudes of charging current over the range of electrolyte flow rate.
Afterward, regression analysis is carried out. With increasing electrolyte flow rate, there is a

reduction in the VRFB stack internal resistance.

Equation (2.5) represents the series combination of (R,) and (R',;) to obtain the internal

equivalent resistance for a VRFB stack as shown below,

Rine = Rs + Rlct (2.5)

0.16

T T T T T T T

—a— 18 L/min

0.14 1 —s— 12 L/min 7
—&— 6 L/min
0.12 —v— 3 L/min e

C 0.10 -

t

=

!
o' 0.08 1

0.06

1.0

SOC

Figure 2.4: VRFB internal resistance under varying SOC and flow rate at stack current of 50 A, (a)

represents the dynamic zone and (b) represents the ohmic zone

Equation (2.6) [81] denotes the terminal voltage of stack,

Ey = Egcy +{n X (Ig X Rint)} (2.6)
Where (E, ) represents the open circuit voltage of the VRFB stack. (Eyqy) is expressed by
Equation (2.7) [81],

2RT soc
Eocy = n X {ECell_eq +—In (1—soc) _IdRSD} (2.7)
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Where ‘n’ represents the total count of series cells in the stack.  Egey o4 signifies the

equilibrium potential of VRFB cell at 50% SOC. ‘R’ denotes the universal gas constant (8.314
J/(mol*K)), and the ambient temperature (K) is given by ‘7°. ‘F” denotes the Faraday’s
constant (96485 C/mol). ‘I;’ represents the diffusion current (A). ‘Rgp’ denotes the self-

discharge resistance. VRFB stack power 10ss (Ps¢qck 10s5) 1S €xpressed by,

Pstack_loss = 152' Rint (2.8)

The VRFB pump power consumption is expressed by Equation (2.9) [81],

P _ 2(APstack"‘Appipes)Q(’-L)
pump —

(2.9)

Npump

Where, ‘APg;q.° denotes the drop in the magnitude of pressure inside the stack due to the
parallel flow of electrolyte via each cell. During the flow of electrolyte through the horizontal
and vertical paths, there is a drop in the magnitude of pressure inside the pipes which connects
the tanks and stack. This pressure drop is denoted by ‘APppes’. ‘Q(t)’ represents the
electrolyte flow rate as function of time ‘t’. © Npymy” signifies the pump efficiency. The overall
VREFB system power loss ‘Pj,gs yrrp’ 1 expressed by Equation (2.10), where ‘Pgqck 1055 18
the stack power loss obtained from Equation (2.8) and © P,y is the pump power loss obtained

from Equation (2.9).

Ploss_VRFB = Pstack_loss + Ppump (2-10)

2.3 Modeling and estimation of Capacity fade (aging) of VRFB storage

The energy capacity of VRFB storage relies on the volume of electrolytes in the two tanks.
Therefore, to formulate the capacity fading of 6 kWh VRFB system, it is important to estimate
the electrolyte volume loss, which is a function of the electrolyte flow rate in cells. Finding the
relation between the electrolyte flow rate across the membrane, and flow rate across the cells
of VRFB is crucial. The workflow diagram for estimation of capacity fade in VRFB storage is
shown in Figure 2.5. The dynamic model of VRFB storage consist of two individual models,
(1) dynamic model for variation of vanadium ion concentration in stack and tank as discussed
in Section 2.3.1, and (2) dynamic model for variation of electrolyte volume, detailed in Section
2.3.2. Electrolyte rebalancing is crucial in minimizing the capacity fade of VRFB storage in
long run. During the continuous charge-discharge cycles, Capacity fade mainly occurs due to

active species crossover in the membrane, which is reversible with electrolyte rebalancing
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process. Most of the existing models have not implemented the optimal electrolyte rebalancing
strategy to minimize the capacity fade. Therefore, optimal scheduling of electrolyte rebalancing

is proposed in Section 2.3.3 to minimize the capacity fade caused due to variation of electrolyte

volume.
Dynamic model of VRFB storage
Dynamic model for variation of Dynamic model for
Vanadium ion concentration in stack and tank variation of electrolyte volume

-

Optimization of electrolyte

rebalancing in VRFB

v

Estimation of VRFB capacity

by ampere-hour integration

Figure 2.5: Workflow diagram for estimation of VRFB storage capacity fade

The block diagram depicting the working principle of VRFB charging and discharging
cycling procedure is shown in Figure 2.6(a). The working principle of VRFB cycler comprises
of three functional units; namely (i) Charge-Discharge Controller unit, which is used for
monitoring the VRFB cell voltage and controlling the output electrical signals to VRFB cell
for charging/discharging operation, (ii) Current Switching unit, for changing the direction of
current from positive to negative electrode during charging as shown in red color, and negative
to positive electrode during discharging as shown in blue color, and (iii) a galvanostat unit, for
applying constant current through the VRFB cell. The flowchart of Constant Current —
Constant Voltage (CC-CV) charge controller for VRFB storage has been displayed in Figure
2.6(b). In this work, three levels charging of a VRFB has been adopted. The three levels of
VRFB charging include trickle charging level, bulk charging level, and float charging level.
Initially, VRFB charging is commenced with the trickle charging level in which the trickle
current (C/10) is applied to a VRFB, where “C” is the total ampere-hour (A-h) capacity of a
VRFB. Trickle current avoids extreme heat generation in a VRFB stack. Followed by the
trickle current, bulk charging current (C/3) is applied to the battery. At this instance, the battery
voltage is enhanced through continuous charging until the “Voc” limit is attained. The third
level of charging is called the float charging level that ensures the complete charging of a

VREFB. In this level of charging, constant voltage is maintained, and the magnitude of charging
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current is reduced significantly to float current (C/100), until it reaches zero magnitude as
shown in Figure 2.6(b). Similarly, during the discharging cycle, VRFB is discharged at a
constant current (CC) mode. The voltage of VRFB (Vvrrs) decreases until cut-off voltage is
reached, then discharging cycle gets completed. In continuation, VRFB undergoes a charging

cycle, thus repeating the charge-discharge cycles.

Charge Discharge
r R’ ' >

- 3 — VRFB
—_— el —
+ o = ~

¢
OF am _J
Vi —— P - - “L_‘ *’| | l i
\_| Charge-Discharge I
GND Controller ‘ GND
(a)

T " 7
Initialize V oc’ V trickle® Itricme’
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Figure 2.6: (a) Block Diagram depicting the working principle of VRFB charging and discharging cycling
procedure, (b) Flowchart of the Constant Current— Constant Voltage (CC-CV) charge controller for VRFB

storage
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2.3.1 Dynamic behaviour of vanadium ion concentrations
According to conservation of mass and charge, the dynamic model of vanadium ions

concentrations in stack can be obtained as follows [82],

Vs de3 NS NJS Nlshun

;d—: = TM (_k3C3S + 3k5C§ + 2k4ci) — ZFE + % + ZQn(C§ _ Cg) (212)
Vsdcy NS NJS NI

;Sd—:' = oM ( k4C4 + 3k2C2 + 2k3C§) —_ FE + % + ZQP(CE — Ci) (213)
LlG = M (eges + 2hycs + yes) + S8 - Msthunt 4 90 (et — c) (2.14)

where ‘c;” (i =2, 3, 4, and 5) represents vanadium ions concentration at different oxidation

states, and ‘k;’ is the diffusion co-efficient of different vanadium ions,
‘W’ 1s stack volume, ‘I’ and ‘J’ are current and current density, respectively,
‘Q’ is flow rate, ‘S’ and 'd’ represent the area and membrane thickness, respectively,

‘z’, ‘F’, and ‘N’ denote the number of electrons transferred in the reaction, the Faraday

constant, and the cell number, respectively,

Superscript ‘s’ and ‘t’ represent stack and tank respectively,

o rr.r

Subscript 'n’,'p’,’M',’E’, and ‘shunt’ represent negative, positive, membrane, electrode, and

shunt current, respectively.

Equations (2.11) to (2.14) describe the variations in the concentrations of V2%, V3+ 4+,
and V>% in the stack. These equations have four terms on the right side that describe different
effects on concentrations. The first term accounts for ions crossover and side reactions, while
the second term represents the impact of the main reactions. The third and fourth terms deal

with the effects of shunt current and flow rate on concentrations, respectively.

In the tank, the dynamic behaviour of vanadium ion concentrations is determined by the

convection and electrolyte volume variation as follows [82],

¢ av
2 at

Nﬁ-

V;z =2Qn(c; —c5) —c¢ (2.15)
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dct avt

Vi =2Qu(cs —c§) —cs =2 (2.16)
d t th

Vit =2Qp(ci — ) — = (2.17)
d t th

Vi == =2Q,(c§ — c) — ct—F (2.18)

where V;} and V; are electrolyte volumes in the negative and the positive tanks, respectively.
After establishing the dynamic model that describes the dynamic behavior of vanadium ions
concentrations, open circuit voltage of the VRFB stack (E,¢y) can be expressed, as shown in

Equation (2.7).

2.3.2 Dynamic behaviour of electrolyte volume

The dynamic behaviour of electrolyte volume can be obtained as follows,

Negative electrolyte side:

avi  NMgykyc3Sy , NMskzc§Sy | NMykyciSy , NMskscSSy . NMjJSg  NMslspynt
—_— = + + + + - +
dt ap dp dp dp zFp zFp
) ,S
NKp[(c§+c§+c2f_)—(ci+c§+cfl+)]RTSMpH2O (2.19)

dugyp

where M; (1= 2, 3, 4, 5) denotes molar mass of crossover particles,
‘p’ represents electrolyte density,
‘Pu,o’ 18 the water density,

‘K, and ‘y,,’ are hydraulic permeability and viscosity of water, respectively.

,S . . .. .
‘ciry’ and ‘cf, " denote the proton concentrations on negative and positive sides of the stack,

respectively.

Positive electrolyte side:

t t
L _ D (2.20)

dat dat

After establishing the dynamic model describing the variations of reactant concentrations
and electrolyte volume, the capacity of VRFB storage ‘C’ has been obtained by ampere-hour

integration as follows,
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Figure 2.7 displays the MATLAB/Simulink model for the estimation of capacity fade of
VRFB storage. Simulation is carried out based on the specifications of 1 kW, 6 hr VRFB
storage. The value of ‘N’ is 20. The electrolyte concentration is 1.2 Mol/L. The result obtained
from crossover and side reactions has been obtained in output port 1 as shown in Figure 2.7.
The value of current density ‘J is 0.096 A/cm?. The value of ‘Sg’ is 625 cm?. Faraday’s
constant is 96485 C/mol. The result obtained from main reactions has been obtained in output
port 2. The range of electrolyte flow rate ‘Q’ is from (1-18) L/min. The result obtained from
convection has been displayed in output port 3. As shown in Figure 2.7, ‘Add’ block adds the
results from each sub-model that includes main reactions, shunt reactions, crossover, and side
reactions, respectively. ‘Add 4’ block has been utilized to add the output values obtained from
output ports 1, 2, 3 and 4. The dynamic variation of vanadium ions in stack has been displayed

in output port 7.
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Figure 2.7: MATLAB/Simulink model of capacity fade of VRFB storage

The dynamic variation of vanadium ion concentration in tank as expressed in Equations (5)
to (8) has been determined from output port 6. At the beginning of the simulation, the
magnitudes of ‘V;,” and ‘V,,” are 180 L each. The dynamic variation of electrolyte volume has
been obtained from output port 5. The input ports involved in determining the capacity of
VREFB storage ‘C’ includes ‘J” (0.096 A/cm?), ‘S’ (625 cm?) and time ‘t’. The constant value

3600 has been included as an input variable for ampere-hour integration. The capacity of
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VREFB storage has been determined using ampere-hour integration, the result has been obtained

from output port 8.

2.3.3 Electrolyte Rebalancing

In flow batteries, the electrolyte does not degrade essentially, however the stack components
(electrodes, membrane, etc.) degrade over time which is not reversible. Stack components must
be replaced after their calendar life. Cycle capacity loss mainly happens due to active species
crossover in the membrane, which is reversible with electrolyte rebalancing process. There is
also a minor cycle capacity loss due to side reactions which is irreversible [83]. Both calendar
and cycle degradations contribute to the total capacity fade. However, with the scheduling of

electrolyte rebalancing, the reversible capacity fade can be mitigated.

2.4 Results and Discussion

A model for estimating capacity fade in VRFB storage is developed based on the following

assumptions [84]:

(1) The gradient of vanadium ions concentrations is linearly distributed along the outlet

direction.

(2) The density of positive and negative electrolytes remains constant, regardless of the

influence of water molecule migration on electrolyte density.

(3) The inlet and outlet concentration of the stack is same as the tank outlet and inlet

concentration respectively.
(4) The electrolyte temperature variation is negligibly small.

To study the effect of water molecule migration on battery capacity, the simulation results
with and without water molecule migration has been shown in Figure 2.8. It can be observed
from Figure 2.8 that there is no such significant difference in the trends of both simulation
results. Battery capacity decreases fast at the beginning of the cycles and finally reaches the
steady state. However, there is a very noticeable difference between them in the final values.
With the consideration of water molecule migration, the final capacity loss is 26.7 Ah and the
capacity fading ratio is 22.2%. On the contrary, without the consideration of water molecule
migration, the final capacity loss is 43.1 Ah and the capacity fading ratio is 36.2%. During the
operation of VRFB storage, the charging current can be varied when charging VRFB storage

as a load. Therefore, in order to explore the influence of asymmetric charging and discharging
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currents on battery capacity, simulations has been executed under the condition that the
discharging current is constant (45 A), but the charging current is variable (40 A, 45 A and 50
A).

190 |
—a— With water molecules migration

—e— Without water molecules migration

180

170 4

160

150

140

Available Capacity (Ah)

130

120

T T
0 50 100 150 200
Number of cycles

Figure 2.8: Variation of Available Capacity considering water molecules migration

The simulation results are shown in Figure 2.9. At the beginning of the VRFB charge-
discharge cycles (0 to 100 cycles), the capacity fade is faster due to the crossover mechanism

of active vanadium species, that includes convective crossover, diffusion and migration.
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Figure 2.9: Variation of available Capacity applying asymmetric charge/discharge current

It can be observed from Figure 2.9 at the end of charge-discharge cycles (150 cycles to 200
cycles) that, there is a stagnation in the capacity fade. The reason for the stagnation in the
capacity fade is due to the decrease in the net convective crossover of the electrolyte at the end

of charge-discharge cycles. The decrease in the net convective crossover leads to the reduction
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in the crossover flux, which leads to the reduction in the overall capacity fade of the VRFB

storage at the end of charge-discharge cycles (150 cycles to 200 cycles).

The variation of electrolyte volume during the discharge current of 40 A for 200 cycles is
shown in Figure 2.10. Initially, the electrolyte volume in each tank is 180 L. It can be seen
from the Figure 2.10 that during the discharge, the positive electrolyte volume increases, while
the negative electrolyte volume decreases. At the end of 200 cycles, the positive electrolyte
volume is observed at 191.56 L. Negative electrolyte volume after 200 cycles is observed at

168.44 L.

VRFB storage experiences electrolyte imbalance during charge-discharge cycles, mainly
caused by the transfer of water and vanadium ions across the ion-exchange membranes. If left
unaddressed, this imbalance can lead to a gradual loss of capacity over time. Therefore, it is
important to rebalance the electrolytes regularly to prevent cumulative capacity loss [85].
Before electrolyte rebalancing, the capacity fade has been observed to be around 202 mAh per
cycle for 1 kW/6 kWh VRFB system from the simulation results. After 500 cycles of charge-
discharge cycles, the capacity fade of 45% has been observed in the proposed work. Therefore,
threshold capacity fade of 45% is considered in this work to mitigate the effect of reversible
capacity fade in the long run. Therefore, for 1 kW/6 kWh VRFB storage, electrolyte

rebalancing is scheduled after every 500 cycles to mitigate the capacity fade.
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Figure 2.10: Variation of electrolyte volume in tanks over 200 cycles for 40 A discharge current
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After electrolyte rebalancing, the dynamics of capacity loss in 1kW/6 kWh VRFB system
has been studied for 1000 cycles of charge/discharge profiles. The capacity fade was observed
to be 2.4 mAh per cycle for 1 kW/6 kWh VRFB system. The result of available capacity in
VRFB storage is shown in Figure 2.11. As shown in Figure 2.11, the available capacity
decreases from 187 Ah to 182.2 Ah after 1000 charge/discharge cycles with capacity fade of
2.56%. According to Figure 2.11, which shows the available capacity of VRFBs per cycle of
charge/discharge, a mathematical relation is proposed to represent the available capacity of
VRFBs in each cycle [86], as shown in Equation (2.22). A second-order polynomial function

fitted to Figure 2.11 curve as follows:
Available capacity =f(x) = ax? + bx + ¢ (2.22)
Where, x is the number of charge/discharge cycles.

The coefficients of the above polynomial function are found with 99% confidence bound.
The coefficient 'c’ is the total capacity of VRFB in the first cycle of the charge/discharge, it is
equal to 187 Ah for the 20 cell, 1kW 6kWh VRFB system [73].

The coefficients ‘a’ and ‘b’ are -3e-7 and -0.018 respectively.
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Figure 2.11: Available capacity in 1kW/6kWh VRFB system after 1000 charge/discharge cycles

Using Equation (2.22), the capacity fading of VRFB storage has been estimated for 20000
charge/discharge cycles, displayed in Table 2.3. After 20000 charge/discharge cycles, the
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capacity fade of VRFB system is estimated to be 83.42 %. This implies that the VRFB storage
is well-suited for long-life operation (more than 15000 cycles) as claimed in the literature [21],

[87].

Table 2.3: Capacity fading in 1kW, 6kWh VRFB system after 20000 cycles of charge/discharge operation

with systematic electrolyte rebalancing

Number of Cycles Available Capacity (Ah) Capacity fade (in %)
0 187 0
2000 182.2 2.56
4000 175 6.42
6000 165.4 11.55
8000 153.4 17.97
10000 139 25.66
12000 122.2 34.65
14000 103 44.92
16000 81.4 56.47
18000 57.4 69.3
20000 31 83.42

From the observation in Table 2.3, cycle life of VRFB system can be estimated. It can be
observed that the viable cycle life comes to approximately 16000, considering the usable
remaining capacity of VRFB storage. This cycle life is way greater than the other conventional

battery storage solutions, thus making VRFB a viable long-life battery energy storage solution.

2.5 Conclusion

In this chapter, an electrical equivalent model has been proposed. The model can predict the
performance of a VRFB system under different operating conditions, such as charge and
discharge profiles, state of charge (SOC), and temperature. The overall system power loss of
VRFB system has been calculated in this chapter. The results of the VRFB model proposed in
this chapter are necessary for prediction and optimization of VRFB system power loss, which
has been implemented in subsequent chapters 3 and 4 of this thesis. In this chapter, the
modeling and estimation of capacity fade (aging) in VRFB storage has been implemented. The
dynamic behavior of electrolyte volume and reactant concentrations has been considered
during the estimation of capacity fade of VRFB system. The necessity of an optimal scheduling
of electrolyte rebalancing has been emphasized, which is crucial for the efficient operation of

VREFB storage in the long run. The capacity fading of VRFB storage has been estimated for

35



20000 charge/discharge cycles. After 20000 charge/discharge cycles, the capacity fade of
VRFB system is estimated to be around 83.42 %. The results obtained in this chapter imply
that the VRFB storage is well-suited for long-life operation (more than 15000 cycles).
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Chapter 3

Machine Learning based Prediction of Vanadium Redox Flow
Battery storage system power loss

3.1 Introduction

It is a fact that renewable energy sources (RES) such as solar, wind, etc. are inherently
intermittent in nature. Therefore, storing the electrical energy generated from RES is essential
for real-life applications to ensure energy security. In addition to ensuring energy security, the
energy storage system utilized in the renewable energy systems must have the potential to
provide reliable and long-term operation. Among the several available energy storage
technologies, redox flow batteries (RFBs) are getting prominence for their ability to provide
long-term, durable stationary energy storage applications. The flexibility offered by RFBs in
scaling the energy capacity and power capacity separately is a unique feature which does not
exist in the other established energy storage technologies. The stack size determines the power
capacity, while the volume of the electrolyte determines the energy capacity of flow batteries. In
addition to these, very long cycle life, deep discharge capacity, high columbic efficiency, safe
operation due to exposed structure and quick response time are all advantages of RFBs[21],
[87]. In RFBs, during charging and discharging process the electrolyte can itself be responsible
for quickly transferring the generated heat from the stack to the tanks.

The aforesaid features of RFBs are the foremost reasons for its rapid growth in research and
development. One among them is all-Vanadium Redox Flow Battery (VRFB) [22], [30], [88],
which has been the most popular in large and medium scale renewable energy storage
applications. Since the invention of VRFB in 1986, VRFB R&D has taken a tremendous leap
forward. Its sensors, stack design, and control systems have been developed so far by researchers
worldwide. The optimization of flow rate has been done to improve the system efficiency
significantly. The use of commercial software such as COMSOL, MATLAB, etc. to model and
simulate the VRFB system has improved the dynamics in the entire development of VRFB.
Simulation aids in a more thorough examination of a system’s performance under a variety of
testing scenarios for designing efficient Battery Management System (BMS). An accurate
diagnostic method for diagnosing the internal short circuit (ISC) current and current sensor fault

have been proposed by Hu et al. [89], [90], which is helpful in designing the smart BMS for Li-
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ion batteries. Further, Wei et al. [91] have addressed a thorough review on multi-dimensional
sensing techniques for future smart BMS to ensure the optimized performance of Li-ion
batteries. Similarly, accurate modeling and simulation studies can also be used to analyze and

optimize the VRFB storage system performance [75], [92]-[97].

During the working of VRFB storage, electrolyte flow rate plays a vital role in controlling the system
operation. Low electrolyte flowrates give inadequate electrolyte for the chemical reaction,
causing formation of stagnant patches in the electrode. The VRFB performance improves as
the electrolyte flowrate increases. Therefore, it is quintessential to obtain the optimal electrolyte
flow rate, thereby improving the efficiency of VRFB storage system [98]-[100]. The equivalent
models reported so far on VRFB system do not include prediction of its internal parameters and

performance.

The estimation of the VRFB system performance under varying operating conditions (e.g.
electrolyte flow rate, state of charge, charging currents, etc.) is necessary to address for on-field
applications. The prediction of system parameters using ML-based models [101]-[104] is in
surge now considering the accurate results offered by ML models. Their advantage lies in the
fact that they do not require any complex mathematical formulation or quantitative correlation
between input and output variables [105]-[107]. Large data sets of millions of data points are
not mandatory for improving the accuracy of the Ensemble Learning (EL) based ML models

[108], [109].

The comparison between the proposed work and the findings of the existing literature are
displayed in Table 3.1. It can be observed from Table 3.1 that the machine learning (ML)
based prediction of VRFB performance in terms of its power loss due to battery stack resistance
variation and pump power consumption has also not been reported so far in the literature. In
this work, the prediction of VRFB system power loss under different charge-discharge
conditions has been demonstrated for the first-time using ML-based regression models such as
Linear regression, Support Vector Regression (SVR) and EL based Adaptive Boost (AdaBoost)
technique. The accuracy of each technique has been analyzed and compared to recommend the
best technique for VRFB system power loss prediction. A practical 1kW 6kWh VRFB system
operational dataset has been utilized for performance validation of the ML-based predictive

algorithms.
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Table 3.1: Comparison among the existing literature and the proposed work for prediction of VRFB

parameters

Literature Methodology Predicted parameter

Shen et al. [110] Neural Network based model | Charge-Discharge power of VRFB for different

predictive control electrolyte flow rate

Kandasamy et | Artificial Neural Network (ANN) | Charge/Discharge profiles of Stationary Battery
al.[109] and Ensemble Learning Systems (VRFB, Li-ion)

Bao et al. [101] Deep neural network Estimation of surface reaction uniformity of

VREFB electrodes

Proposed work Machine Learning based approach | Overall VRFB system power loss including
(Linear Regression, Support Vector | stack power and pump power losses
Regression  (linear, cubic and

quadratic) and AdaBoost)

The presented work is a generalized one and thus can be very useful for large scale VRFB
system performance prediction while interfacing with renewable energy sources and other

power system applications as well. The specific objectives of the work include:

1. To predict the overall VRFB system power loss using Machine Learning algorithms for
the first time.

2. To consider the dynamic operating conditions of VRFB system for prediction of its
power loss.

3. To analyse the prediction accuracy of five Machine Learning algorithms based on

performance metrices and validation through practical VRFB system dataset.

The rest of the chapter is organized as follows; Section 3.2 gives a detailed description on
the electrical equivalent modeling of VRFB storage system required for VRFB system power
loss calculation. Section 3.3 discusses the ML-based models. Section 34.1 describes the
experimental results; Section 3.4.2 comprises a detailed analysis and comparison of the results
obtained in each ML-based model. Finally, the major contribution of the work is discussed in Section

3.5.
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3.2 Electrical equivalent modeling of VRFB system

The detailed description on the electrical equivalent modeling of VRFB storage system
required for VRFB system power loss calculation has been discussed in Section 2.2 of this

thesis.

3.3 ML-based models for VRFB system power loss prediction

ML is the study of computer algorithms that can automatically improvise its performance
through experience and utilizing the data. ML is the subset of artificial intelligence (Al), an
integral part of all modern technologies used in human life. Several ML models exist in the
literature reported so far. The following are the most widely used ML and EL techniques to
predict the unknown value [111]. These are Linear Regression (LR), Support Vector
Regression (SVR) [112] and AdaBoost, a boosting technique based on EL [113]. Among these
models, LR and SVR are individual models, whereas EL based AdaBoost model is based on the
combination of several base models to produce an optimal predictive model. LR is one of the
basic and most common regression models used to identify the statistical relationship among
the variables. Based on the number of independent parameters, LR can be either univariate or
multivariate. Multivariate LR attempts to model the relationship between two or more feature
variables simultaneously by fitting it to a linear equation. In VRFB system, the univariate dataset
is used to predict VRFB system loss. The objective function (J) for Linear Regression Models

with one feature (VRFB system power loss) is given as follows,

1

J== 2 LG —y)? (3.1)

n
Where, ‘y;’ is the actual/experimental VRFB system loss (Py,ss yrrp) Obtained from Equation
(2.10), ‘y;’ is the predicted VRFB system loss, ‘n’ represents number of data points and ‘L’
represents loss function which indicates the discrepancy between predicted and actual
experimental VRFB system power loss values. The SVR model finds the best hyperplane with
the help of different kernels (Linear, Cubic, and Quadratic) such that it has the best fit data points
in the hyperplane. Equation (3.2) gives the objective function of SVR model and it is

mentioned by ‘M’ as follows,
1
M =min_|w|? + CXiLq |§] (3.2)

subject to constraints (Z) expressed in Equation (3.3),
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Z=y; —wix| <e+[&] (3.3)

In Equation (3.2), ‘|w|’ represents vector variable (VRFB system power loss), ‘C’
represents the hyper-parameter, ‘min’ signifies minimization, ‘n’ represents the number of data
points in the VRFB system power loss dataset. In Equation (3.3), ‘€’ represents the maximum
error and ‘¢’ denotes the deviation from the maximum error ‘€’. ‘y;’ represents the predicted
VRFB system power loss, ‘w’ represents the coefficient, ‘x” signifies the experimental VRFB
system power loss, ‘€’ represents the maximum error and ‘¢’ denotes the deviation from the

maximum error ‘g’.

AdaBoost is a technique in which the weights are reassigned at each instance, where higher
weights are assigned to incorrectly fitted instances. In AdaBoost, the weak learners are decision
trees with a single split called “decision stumps”. This method works by emphasizing more on
difficult instances and less on those already handled satisfactorily [113]. The loss minimization

equation of AdaBoost algorithm (LM) is expressed in Equation (3.4),

1
LM =—¥12, exp (=y;F (x;)) (3.4)
Where, F(x) = X{_; achy(x) 3.5)

In Equation (3.4), ‘m’ represents the number of data points in VRFB power loss dataset,
‘x;” represents the experimental power loss of VRFB system, ‘y;’ represents the predicted
VRFB system power loss and ‘F(x)’ represents the weak learner of the AdaBoost algorithm.
In Equation (3.5), ‘h;(x)’ represents output hypothesis of weak learner ‘F(x)’ and in each

iteration ‘t’, a weak learner is selected and assigned a coefficient ().

Figure 3.1 describes the workflow of the proposed ML-based VRFB system power loss

prediction. The performance metrics to measure the performance efficiency of the ML
technique are Correlation coefficient (RZ), Mean Absolute Error (MAE), and Root Mean

Square Error (RMSE). R2 measures the relationship between the experimental data to the
predicted value. The ‘R’ value range is in between [-1, 1], where ‘+1’° represents the strong
relation and ‘-1’ represents the weak relation between the actual and predicted data. In this
work, Pearson correlation coefficient has been used to measure the relation between the actual
and predicted data. The over-fit of ML models is prevented by considering the Pearson
correlation coefficient while analyzing the results. MAE is the average error (Experimental -

Predicted) obtained for the data samples used in our experiment. The best value is ‘0’ i.e., there
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is no difference between the experimental and predicted value. In practical scenarios, the MAE
should be near zero. RMSE measures the deviation between the experimental and predicted
values. In most of the works, it is used to measure the quality of the predictions made by the
ML models. The prediction results are said to be of high quality if the RMSE value is lower.

Section 3.4.1 describes the experimental results and discusses the results obtained from ML/EL

models.
SVR linear
1kW, 6 hr VRFB system
VRFB system power loss feature SVR cubic
experimental —) extraction and
dataset selection
SVR quadratic

e Liiehaiab, imatetldis
i) !

Model Evaluation using
performance metrics

Figure 3.1: Flow diagram of the proposed ML-based VRFB system power loss prediction

3.4 Results and discussion

3.4.1 Experimental results

The experiment has been performed with a 1 kW 6 kWh VRFB system. The experimental
setup and its block diagram representation has been shown in Figure 3.2. Programmable Logic
controller (PLC) has been utilized during the experimentation to control the electrolyte flow
rate pumped from the external tanks. PLC acts as the primary controller in tuning the variation

of stack current.

;J. ‘

VRFB Charge B ’ PLC unit
Controller ‘
Temperature VRFB Stack
Sensor
Flow pipes
Anolyte Tank
Catholyte Tank

Hydraulic flow pumps

(@)
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Figure 3.2: (a) Experimental set up of 1 kW, 6 kWh VRFB system; (b) Block diagram representation of
the experimental set-up

The experiment has been performed for three sets of stack currents (40 A, 45 A and 50 A)
under different electrolyte flow rates ranging from 3 L/min to 18 L/min. The magnitudes of
stack current selected for the experiment are 40 A, 45 A, and 50 A, respectively, to assure the
safe operation of the VRFB storage given that the highest permissible stack current rating of
the VRFB storage is 60 A. A variable frequency drive (VFD) has been utilized to regulate the
operation of pump during the varying operating range of electrolyte flow rate. During the
experimentation, the electrolytes flow rates have been tuned at the magnitudes of 3 L/min, 6 L/min,
12 L/min, and 18 L/min, respectively for the 1 kW 6 kWh VRFB system. A power meter with an
accuracy of around + 1% has been used for measuring the pump power. The efficiency of the pump
increases with an increase in flow rate. In this work, the pump efficiencies are 12%, 30 %, 35 %,
and 40 % for 3 L/min, 6 L/min, 12 L/min and 18 L/min respectively. Considering the lower
pump efficiency of hydraulic flow pump at low flow rate, it is advisable to operate the VRFB

system at least at moderate flow rates.

Table 3.2 demonstrates the experimentally measured data in terms of the mean power loss
of the VRFB system obtained from 0.1 SOC to 0.9 SOC. The total power loss of VRFB system
is the sum of VRFB pump power loss for each flow rate and the VRFB stack power loss as
expressed in Equation (2.10). Therefore, the hydraulic pump power consumed during the
operation of VRFB storage system must be optimized to achieve higher system efficiency. From
the experimental results in Table 3.2, it has been observed that the increase in flow rate has

significantly increased the VRFB pump power loss, whereas the mean VRFB stack power loss
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has decreased. Therefore, a trade-off is needed between electrolyte flow rate and VRFB stack
power loss. As a case study, for stack current of 40A, with increase in electrolyte flow rate from
6 L/min to 12 L/min, the VRFB pump power loss has increased by 8.19 W. Furthermore, the
mean total VRFB system power loss has decreased by 25.48 W, obtained from Table 3.2.

The trend in the experimental results observed in this work offers further scope of
performing the prediction of VRFB system power loss under different operating conditions.
Accurate prediction of VRFB system loss will lead to its optimized interfacing with renewable
energy sources and other power system applications. Section 2.4.2 discusses the prediction

results of VRFB system using ML-based models under different operating scenarios.

Table 3.2: Total VRFB system power loss for different stack currents (40 A, 45 A and 50A) of 1 kW, 6 kWh
VRFB system

Mean Total
Mean VRFB

Electrolyte flow rate VRFB Pump | power loss of
Stack Current (A) Stack power loss

(L/min) W) power loss (W) VRFB system

W)

3 343.43 0.6 344.03

6 304.47 1.05 305.52
40

12 270.8 9.24 280.04

18 240.04 22.83 262.87

3 389.29 0.603 389.893

6 343.12 1.054 344.174
45

12 304.42 9.28 313.7

18 269.06 22.91 291.97

3 432.78 0.605 433.385

6 382.03 1.059 383.089
50

12 338.25 9.31 347.56

18 294.09 22.97 317.06
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3.4.2 Simulation results and model validation

The stack current profiles of 1 kW, 6 kWh VRFB system have been utilized to predict the
VREFB system power loss. Google Colab platform has been used in this work to execute ML
algorithms on a practical dataset of 17100 samples in PC with a 16 GB RAM, Intel 17 processor
(2.9 GHz). Google Colab offers a faster execution time (less than 10 seconds approximately).
The real-time charging profile experimental data of three stack currents (40 A, 45 A, and 50
A) has been used to predict VRFB system power losses. The dynamics of VRFB system
operation have been incorporated in this work by analyzing the performance of ML models in
predicting the power loss of the VRFB for four different flow rates (3 L/min, 6 L/min, 12 L/min,
and 18 L/min). To achieve the generalization capability of the ML/EL models, dataset of 17100
samples is randomly split into 80% training data (13680 samples) and 20% testing data (3420
samples). VRFB system power loss prediction is carried out using 5 ML techniques, namely
LR, SVR linear, SVR quadratic, SVR cubic and EL based AdaBoost technique as mentioned in
section 3.3. The ML/EL models proposed in this work are trained with Scikit-Learn python
module [114]. Hyperparameter tuning is an important step in any machine learning model
training that directly influences the model performance. The Grid Search Method (GSM) [115]-
[117] with tenfold cross-validation has been implemented in this work for hyperparameters
tuning. The utility of GSM for cross-validation has effectively improved the accuracy of ML/EL
models over an iterative process. The prediction results with the best accuracy are obtained
after comparing the cross-validation results to select the best-fit model. The ease of
implementation, reliability and low dimensionality are the primary reasons for selecting GSM
in hyperparameter tuning. The optimal hyperparameters tuning is achieved by using
‘GridsearchCV’ object (where CV refers to cross-validation) in Scikit-Learn. During the tuning
process, the best results of the proposed ML/EL models were obtained at the learning rate of
0.2 (over the range of learning rates from 0.1 to 0.5), and the number of estimators at 100 (over
the range of estimators from 10 to 150) after applying the ten-fold cross-validation[116], [117].
The performance metrics (Root Mean Square Error (RMSE), Mean Absolute Error (MAE), and

Correlation Coefficient (Rz) values were obtained to analyze the results of the proposed ML

techniques after tuning of hyperparameters as shown in Table 3.3. R2 value indicates the

correlation between the actual experimental response and the predicted response of the model.

R2 value signifies the goodness of a fit of a model. R2 value close to 1 signifies that the model

performs with good accuracy. Among the 5 different ML techniques, the AdaBoost algorithm-

based results are found to be the most suitable with the best R2 values closer to *1” for different
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stack current profiles in VRFB system loss prediction. Considering the prediction results of
ML techniques for the flow rate of 3 L/min in stack current of 40 A, R2 value is the highest for
AdaBoost technique (R2 = 0.983) in comparison with LR (R2 = 0.919), SVR linear (R2 =
0.921), SVR cubic (R2 =0.827) and SVR quadratic (R2 = 0.831). The trend is similar for all

the remaining three flow rates varying in terms of stack currents. In addition to R2 value, MAE
and RMSE values as shown in Table 3.2 also signifies AdaBoost technique performs with the
best accuracy among the 5 ML techniques used in this work. MAE and RMSE values must be
lower for the model to be more accurate. RMSE values for flow rate of 3 L/min of stack current
40A shows that the RMSE value of AdaBoost technique (RMSE = 5.321) is the lowest in
comparison with LR (RMSE = 11.325), SVR linear (RMSE = 9.123), SVR cubic (RMSE =
19.832) and SVR quadratic (RMSE = 19.152). The graphical results of ML-based model are
shown in Figure 3.3 for a stack current of 50 A and flow rate of 18 L/min. A superior
performance is observed for the VRFB system power loss prediction with high accuracy. In
Figure 3.3, Actual power loss is displayed in straight line and the predicted power loss of VRFB
system is displayed in dotted lines. The performance of EL based AdaBoost technique is better
than LR and SVR techniques. The predicted VRFB power loss plot of AdaBoost technique has

minimal deviation from the actual VRFB power loss plot.

Table 3.3: Comparison of prediction accuracy of ML/EL models for different stack currents and flow rates

Error Parameters

Stack | Electrolyte

Current | flow rate Linear Regression SVR Linear SVR Cubic SVR Quadratic AdaBoost
(A) (L/min)
R’ | MAE |RMSE| R* |MAE |[RMSE| R’ |MAE |RMSE| R* | MAE |[RMSE| R’> |MAE | RMSE

3 0.919] 9.752 | 11.325 | 0.921 | 6.546 | 9.123 |0.827|12.362| 19.832 | 0.831 [ 13.685| 19.152 [0.983] 2.963 | 5.321
6 0.915]10.998 | 14.366 |0.923 | 5384 | 8.698 |0.847| 13 18.645 [0.836|12.323 | 17.98 |0.989 | 4254 | 4.636

o 12 0.937]10.232| 17.358 | 0.956 | 6.874 | 10.684 |0.869 | 11.851 | 16.656 |0.881 [ 10.546 | 12.784 [ 0.987| 3.963 | 4.121
18 0.923 | 8.465 | 15.987 |0.946 | 4.684 | 11.654 |0.849 | 13.875| 19.785 | 0.847 [ 11.545 | 13.634 [0.991| 3.457 | 3.971
3 0.952 9212 | 19.639 [0.961 | 5.337 | 10.365 [0.857 [ 12.969 | 20.215 |0.841|12.423 | 15.634 | 0.994 | 4.875 | 4.231
6 0.961 | 9.011 | 11.323 [0.978| 8.265 | 8.754 |[0.866|11.025| 21.363 |0.859 | 11.121 | 18.542 |0.996 | 3.858 | 3.212

® 12 0.968 | 8.966 | 12.356 [0.975| 7.365 | 7.695 |0.877|12.664 | 18.412 |0.894|10.754| 16.695 |0.995| 5.632 | 3.587
18 0.955| 9.877 | 11.036 | 0.948 | 9.661 | 8.662 |0.899 |13.852| 19.362 |0.867 | 11.423 | 18.362 [0.983 | 4.828 | 4.213
3 0.928 1 9.996 | 12.365 |0.903 | 5.036 | 10.633 |0.861 | 14.745| 18.546 |0.853 | 14.363 | 20.674 |0.988 | 3.548 | 3.745
6 0.931]10.312] 10.578 |0.945| 6.224 | 9.641 |0.859|10.561| 17.365 | 0.849 [ 12.213 | 16.475 [ 0.981 | 4.478 | 4.213

50 12 0.9591 9.632 | 11.002 |0.935| 5.736 | 7.456 |0.858|11.574| 16.332 | 0.846 | 12.748 | 13.874 [0.979| 3.141 | 4.458
18 0.945 | 8.465 | 10.062 |0.965| 3.281 | 7.999 |0.839|11.898| 17.168 | 0.839 | 11.898 | 17.168 | 0.99 | 3.242 | 4.073
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It is observed from Figure 3.3 (a, b, ¢ & d) that there is an increase in the deviation between
the actual and predicted plot at the end of charging profile in LR and SVR techniques.
Furthermore, EL based AdaBoost technique performs better at the end of charging profile as

well as shown in Figure 3.3 e.
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Figure 3.3: Actual VRFB system power loss vs Predicted VRFB system power loss in 1IkW 6h VRFB system for 50
A stack currentprofile with a flow rate of 18 L/min. Prediction results of ML techniques namely, (a) Linear

Regression; (b) SVR Linear; (¢) SVR Quadratic; (d) SVR Cubic; (e) AdaBoost

The prediction results obtained from the AdaBoost algorithm have been further compared with
the experimental data in Table 3.4. The relative percentage error between the experimental results
and AdaBoost based prediction results has been obtained within the range of 0.4 % to 2.1 %. The
lower magnitudes of relative percentage error signify that the prediction results obtained from
AdaBoost algorithm is of higher accuracy. AdaBoost technique converts a set of weak predictors
(features) into a single strong predictor over the iterations. Initially, equal weights are given to
all the predictors. During the iteration, the AdaBoost algorithm emphasizes updating the
predictors that show weak learning capability. By training and updating the weak predictors,
the lower error is achieved during the prediction. It is to be noted from the results that EL based
AdaBoost technique does not exhibit the overfitting of data during both training and testing,
thereby ensuring a stable prediction performance. These advantages make the AdaBoost
technique the best choice for achieving better prediction performance in comparison to the other

individual ML models utilized in this work.

The prediction results obtained at different flow rates and stack current is very helpful in
further optimizing the electrolyte flow rate thereby significantly enhancing the efficiency of the
VRFB storage during operation. The results obtained in this work is helpful for engineers and
researchers working on the redox flow battery ESS to utilize the ML techniques in further

investigation and optimization of the VRFB storage system performance.
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Table 3.4: Comparison between experimental and AdaBoost based prediction results

Mean Total Power loss of VRFB Relative percentg%e 917;71‘207”
Stack Electrolyte system (W) =————x*100
ER
Current flow rate
(A) (L/min) | Experimental AdaBoost  based (%)
result (ER) Prediction result
(PR)
3 344.03 338.18 1.70
6 305.52 302.16 1.10
40
12 280.04 276.39 1.30
18 262.87 260.5 0.90
3 389.89 386.95 0.75
6 344.17 342.79 0.40
45
12 313.66 312.09 0.50
18 291.89 286.93 1.70
3 433.38 428.18 1.20
6 383.08 375.8 1.90
50
12 347.49 340.19 2.10
18 316.92 313.75 1.00

3.5 Conclusion

The major findings of this chapter are mentioned in this section. The overall system power
loss of Vanadium Redox Flow Battery (VRFB) has been predicted using five ML algorithms.

The prediction accuracy of ML algorithms has been analyzed in detail based on the regression

metrics such as correlation coefficient (Rz), mean absolute error (MAE) and root mean square
error (RMSE). The ML-based predictive models have been trained and validated by
experimental dataset of a IkW 6h VRFB storage system under different stack terminal currents
and electrolyte flow rates. The simultaneous consideration of VRFB stack power loss and pump
power loss in predicting the overall VRFB system loss leads to accurate performance analysis.
Itis observed that EL based AdaBoost algorithm exhibits superiority in predicting VRFB system
loss compared to that of linear regression (LR), support vector regression (SVR) algorithms.

The AdaBoost algorithm statistically presents the best prediction accuracy with prediction error
parameters obtained as R2, MAE and RMSE of around 0.99, 3.242 and 4.073 respectively for
50 A stack current profile with a flow rate of 18 L/min, as a sample case. Similarly, for the other

50



current levels and flow rates, the performance of the ML algorithms has been analyzed as
mentioned earlier in Table 3.3. The prediction results obtained from the AdaBoost algorithm has
been further compared with the experimental data in Table 3.4 and the relative percentage error
has been found in the range of 0.4 % to 2.1 %. The lower magnitudes of relative percentage error
signify that the prediction results obtained from AdaBoost algorithm is of higher accuracy. The
proposed ML-based prediction results of VRFB system power loss further claims to be very
useful during the optimization of VRFB system loss. The prediction and optimization of VRFB
system losses will influence the development of efficient electrical interfacing of VRFB with

renewable energy systems.
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Chapter 4

Optimizing Vanadium Redox Flow Battery system power loss under

different operating conditions

4.1 Introduction

The modern electricity demands are being catered with the surge in the utility of renewable
energy sources (RES) that comprises of solar, wind, biogas, etc. Considering the global
perspective, the United Nations Sustainable Development Goal 7 (UNSDG 7) has set a target
to “ensure access to affordable, reliable, sustainable and modern energy for all”. The UN in its
recent global roadmap, “Transforming our world: The 2030 Agenda for sustainable
development”, have proposed to gradually raise the availability of renewable energy resources
to meet the global energy demand by 2030 [118]. The associated technologies and/or solutions
contributing to the extensive utilization of RES need to be reliable and optimized. Due to the
intermittency of the RES, the energy storage systems (ESS) are considered as a promising
option in improving the performance reliability. The use of ESS to store the energy generated
by the intermittent renewable energy sources has drawn deep interest in the stationary and
mobile applications over last few decades. For RES applications, battery energy storage
systems (BESS) have become one of the most acceptable storage solutions for several
advantages, such as faster response, relatively higher energy density, etc., compared to the
other conventional storage solutions. For large and medium scale stationary renewable energy
storage applications, Vanadium Redox Flow Battery (VRFB) is found to be a potential energy
storage solution. VRFB exhibits several advantages over other traditional batteries such as
Sodium-Sulphide (Na-S), Lead-Acid, Lithium-ion (Li-ion), Nickel-Cadmium (Ni-Cd), etc. The
power and energy capacity of VRFB is scalable separately. The VRFB stack size determines
its power capacity, while the electrolyte volume determines the energy capacity. The high
columbic efficiency, the longest cycle life (>20000) [21], deep discharge capacity, and fast
response time are all advantages of VRFB [30], [99], [119]-[123] storage over the other
conventional battery storage solutions.

These advancements have made VRFB as the promising choice of BESS for the large-scale
energy storage. VRFB has shown promising BESS performance in achieving efficient and

reliable operations of renewable energy based microgrids, ranging from peak shaving to
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demand response management [94], [122], [124]-[128]. Kerdphol et al. [129] proposed Particle
Swarm Optimization (PSO) method based frequency control of the standalone microgrid to
obtain optimum sizing of VRFB based BESS at a minimum total BESS cost. Further
investigation by Kerdphol et al. [130] proposed an optimum sizing of VRFB-based BESS using
PSO incorporating dynamic demand response to mitigate the instability of microgrid during an
emergency. Huang and Mu [30] have systematically analysed the challenges of VRFB in
microgrid. In their review article, the urgency to operate the VRFB in the best operating state
by reducing the VRFB system loss is emphasized, in order to eventually improve the overall
performance of the VRFB in microgrid. Xiong et al. [75] predicted the VRFB performance
under variable temperature conditions using PSO for parameter identification of their proposed
equivalent circuit model. In most of the related works reported so far, VRFB has been used as
stationary storage solution, but the system level loss optimization of VRFB has not been
addressed. Therefore, it is the need of the hour to look into the VRFB system loss optimization
to ensure its reliable operation as a long-term storage facility.

In the operation of a VRFB system, the electrolyte flowrate is a key control variable. It is a
fact that VRFB internal loss parameters are majorly controlled by electrolyte flow rate. Low
electrolyte flow rate causes less pump power consumption but gives inadequate electrolyte
through the channels of stack for the required chemical reaction. However, if the electrolyte
flowrate is too high, leakage is possible, and the pump's consumption rises, lowering overall
efficiency of VRFB system [96], [98], [110], [131]—[134]. In addition, it is also significant that
the VRFB stack internal resistance decreases at higher electrolyte flow rate but increases at low
flow rate, thus leading to more power loss inside the battery stack. Therefore, an optimal
electrolyte flow rate should be determined in order to minimize the total system loss and/or to
maximize the overall VRFB system efficiency. Besides this, the electrolyte in VRFB acts as a
coolant also and therefore it needs to be optimized during operation to ensure safe limit of
VRFB stack temperature[135] rise due to high charge-discharge currents. Thermal
management for VRFB system can be done in this way. Although various electrolyte flow rate
optimization (constant flow rate optimization, variable flow rate optimization and dynamic
flow rate optimization) has been addressed and demonstrated in the existing literature [100],
[136]-[141], the majority of the existing work is limited to the cell-level approach of VRFB.
Tossaporn et al. [142] proposed an optimal operational strategy for VRFB to ensure high
system efficiency by determining the electrolyte flow rate during the charge-discharge
operation. Their model predicted operating battery voltage and pump power consumption for

electrochemical model of VRFB to minimize the total charging energy and maximise the total
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discharging energy. The validation of model was limited to the experimental data of a single
VRFB cell and the work, lacked the investigation of overall VRFB system power losses
involved in determining the overall VRFB system efficiency. Table 4.1 displays the
comparison among the methodologies for optimizing the VRFB performance in different
aspects adopted in the existing literature and the proposed work. It highly signifies that the

proposed work has not yet been addressed by any of the previously reported works.

Table 4.1: Comparison among the methodologies adopted for optimizing VRFB system performances in

the existing literature and the proposed work

Literature Methodology Optimizing Application
parameter
Ma et al. [136] Entirely Electrolyte flow Electrolyte flow rate optimization during
Experimental rate of VRFB the charge-discharge process to improve
approach, no the VRFB system efficiency.
optimization
algorithm
Kimetal.[137] | Empirical equation- Energy efficiency An operating strategy in the form of

approach, no

optimization tools

based approach of VRFB system empirical  equation  proposed  for
maximizing the energy efficiency of
VRFB.
Bhattacharjee et | Entirely Electrolyte flow VRFB internal circuit parameter extraction
al.[73] Experimental rate of VRFB and recommendation of optimal flow rate

Xiong et al.[75]

Particle Swarm

Error in identifying

An Enhanced Equivalent Circuit (RC)

coupling based
Mathematical model,

no optimization tools

Optimization (PSO) RC parameters of Model of VRFB considering thermal
VRFB equivalent Effects
circuit
Bhattacharjee et | Entirely Electrolyte flow An efficient VRFB thermal management
al.[135] Experimental rate of VRFB solution for wvarious charge-discharge
approach, no scenario.
optimization tools
Lietal.[126] Power —Efficiency Efficiency of VRFB | An optimal control strategy proposed to

improve the efficiency of VRFB in peak

shaving
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al.[130]

Optimization (PSO)

Energy Storage
System (BESS)

Jirabovornwisut | Non-linear Charging and An optimal electrolyte flow rate to

et al. [142] programming Discharging energy | maximize the discharging energy
efficiency.

Kerdphol et | Particle Swarm Sizing of Battery Dynamic demand response for microgrids

considering an optimal sizing of BESS

Proposed work

Particle Swarm

VREFEB system

Optimization of the VRFB system power

Optimization (PSO) power loss loss considering stack power loss and
and Genetic including stack and | pump power simultaneously, for efficient
Algorithm (GA) pump power losses | integration of VRFB storage with

renewable energy applications

Considering the above-mentioned scenario and necessity of optimizing the system level
VRFB power loss, this chapter proposes a multi-variable optimization strategy that can help
the VRFB system to operate with minimum power loss. In this work, a combined optimization
of pump power and stack power has been done based on PSO technique under different charge-
discharge conditions. Simplicity in execution and fast convergence are some of the major
reasons for selecting PSO in this work[143]-[145]. This optimization of VRFB parameters is
important in minimizing the overall VRFB system power loss. In this work, a practical 1kW
6h VRFB system operating specifications has been used to validate the proposed optimization.
The results obtained in this work claims to be very useful in ensuring efficient operation of
VREFB system while interfacing with renewable energy sources, microgrids etc. The rest of the
chapter is divided as; Section 4.2, deals with the overall block diagram of the proposed scheme,
Section 4.3 represents the mathematical representation of PSO. Section 4.4 describes the results

and analysis. Section 4.5 describes the conclusion of the chapter.

4.2 Overall workflow and VRFB System Operation

The overall workflow of this chapter and the operation of VRFB system are depicted in
Section 4.2. This Section consists of two subsections. In Subsection 4.2.1, the overall block
diagram of the proposed scheme is discussed and Subsection 4.2.2 details the VRFB System

operation.

4.2.1 Overall block diagram of the proposed scheme
In this section, the workflow of the proposed VRFB system power loss optimization scheme

is discussed; and the section also expresses the criteria involved in the VRFB system power

55



loss optimization. Figure 4.1 describes the overall block diagram of the proposed optimization
scheme using PSO in which the input variables, control variable and the boundary conditions
involved in the PSO optimization is mentioned. Stack current, Terminal voltage, Pump power,
VREFB internal resistance and stack temperature are the input variables fed into the optimization

of VRFB system loss.

Control Variable

Electrolyte
Flow rate

v

i) Stack Current

ii) Terminal Voltage PSO based Optimized VRFB
iii) Pump Power === | VRFB System == | system power
iv) VRFB Internal Resistance loss optimization loss(Ohjective
v) Temperature Variable)

Input Variables ¢ Output Variable

i) SOC: (10-90)%
ii) Electrolyte flow rate: (3-18)L/min
iii) Voltage: (20-32)V

Boundary Condition

Figure 4.1: Overall block diagram of the proposed scheme

Electrolyte flow rate is utilized as the control variable. PSO based optimization is carried
out to optimize the VRFB system loss. The boundary conditions considered in this work
includes SOC with the range of 10% to 90%; the electrolyte flow rate is maintained between 3
L/min to 18 L/min; and the operating voltage is maintained between (20-32) V. The
performance of input variables in different operating conditions is taken into consideration
while designing the boundary conditions of the PSO optimization technique. The optimized
VRFB system power loss is the output variable in this work. The optimization of VRFB system

power loss is very crucial to improve the overall VRFB system efficiency.

4.2.2 VRFB storage system operation

For the large-scale stationary energy storage applications, VRFB is one of the widely
preferred battery storage technologies because of the longevity of the system performance.
Realization of the working principle of VRFB system is necessary to further incorporate all the
associated parameters involved in the optimization of VRFB system. Therefore, the working
principle of VRFB system has been discussed in Section 2.2 of this thesis. The detailed
description on the electrical equivalent modeling of VRFB storage system required for VRFB

system power loss calculation has been discussed in Section 2.2 of this thesis.
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4.3 PSO based VRFB system power loss optimization

PSO is a nature inspired optimization technique developed from ‘bird flocking’ or ‘fish
schooling’ by Kennedy and Eberhart [146], based on the social sharing of information among
the conspecifics. In PSO, the concept of social interaction among the conspecifics is used for
solving a problem. PSO consists of a number of particles (agents) that constitutes a swarm,
moving around in the search space with an objective to obtain the best solution. A particle, xi,
in the population, N, is denoted as, x; = (xis, xi2, ..., xip), 1= 1, 2, ..., N. Each particle moves in
the search space with the velocity, v;. The initial population S = {x;, x2, ..., xn}, is randomly
generated by a uniform distribution. Each particle in the swarm searches for its positional
coordinates in the search space, which are associated by the best solution achieved by that
particle so far, known as personal best (Prest) and the best possible solution achieved by any
particle in the search space, known as global best (Gresr). Figure 4.2 displays the generic flow
diagram of PSO. The first step in the PSO algorithm is the initialization of the position and
velocities of the particles. Once initialization is done, the fitness values of the particles are
calculated. From the results of the calculation, the individual optimal solution of the particles
is obtained, which eventually helps in obtaining the global optimal solution of the group. From
these optimal results, the velocity and position of the particles are updated as given by

Equation (4.1) and (4.2),
Vit1 = Vi + Clrl(Pbest - xi) + 1y (Gbest - xi) (4-1)
Xig1 = Vig1 + X; 4.2)

In Equation (4.1), ‘c;” and ‘c,’ represents the learning factors. ‘r;” and ‘ry’ signifies the
random numbers within (0,1]. The selection of the particle number and learning factors are
done empirically as per the literatures [75], [147], [148]. The values of the self-learning factor
‘c1’, the social learning factor ‘c,’ are set between 1 and 2, respectively. It is to be noted that
the learning factors have significant effects on the algorithm convergence rate. In this
optimization, the learning factors are selected as ¢; = 1.5 and ¢, = 1.6. The inertia weight of

the iteration is set at w = 0.5.

In the optimization of VRFB system power loss, the electrolyte flow rate is a critical
parameter that influences the VRFB system's efficiency. The electrolyte flow rate is the control

variable in the proposed optimization scheme. It is dependent upon the factors such as stack

57



current ‘I 4.1, State of charge ‘SOC”, and electrolyte capacity ‘N’. The theoretical flow rate
‘Q’, used in the hydraulic pump model is given by the mathematical expression in Equation

(4.3) [50], [122],

Q = stack (3 /sec.) (4.3)

~ NXSOC

The electrolyte capacity ‘N’ is expressed by
N =n, X c X F (A.sec./m?) (4.4)
where, ‘n.’ stands for the number of electron transferred per mol, ‘c’ signifies the Vanadium

concentration in the electrolyte (mol/ L) and ‘F" represents Faraday’s constant (96485 C/mol).

It is inferred from Equation (4.3) that the theoretical flow rate ‘Q’ varies inversely proportional
to the SOC for a constant charging/discharging current ‘I, . This is the minimum flow rate
requirement at which the VRFB charge-discharge operation begins. In the operation of VRFB
system, neither the maximum nor the minimum electrolyte flow rate is suitable for maximizing
the overall VRFB system efficiency. Therefore, the optimal electrolyte flow rate must lie
somewhere between the maximum and minimum flow rates. To find the optimal flow rate,
PSO based multi-variable optimization is executed in this chapter with electrolyte flow rate as
the control variable. To maximise the VRFB system efficiency, the overall VRFB system
power loss needs to be minimized as low as possible. Therefore, in this chapter, the
optimization of electrolyte flow rate is performed during the VRFB system operation to
minimise the overall VRFB system loss. The objective function for obtaining the overall VFRB
system loss is given by Equation (4.5) as shown below. The total VRFB system power loss is
expressed effectively in terms of electrolyte flow rate (Q) as the flow rate is the control variable
in this optimization.

Pross yres = 12 Rint(Q) + Ppump(Q) (4.5)

subject to the constraints: min Pygs,prp (@) <= Pross yppp (@) <= max Pygs s (Q);

(Qmin) <= (@) <= (Qmax)
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(tar)

Initialization of parameters such as position and velocity
of the particles

-

Calculation of particles’ fitness value {——

-

Obtain the individual optimal solution of the particles

il

After obtaining the individual optimal values, find
out the global optimal solution of the group

-

Optimize the velocity and position of the particles

Is the target
achieved?

No

Figure 4.2: Generic flow diagram of PSO algorithm

To solve the objective function expressed in Equation (4.5), a framework is proposed based
on PSO algorithm in this work. The workflow of PSO based optimization is depicted in Figure

4.3 and the steps involved in the workflow is detailed as follows,

Step 1: Initialization of VRFB system parameters: stack current (/s), pump power (Ppump),
internal resistance (Rin:) and electrolyte flow rate (Q). Assign number of iterations (i) by N'.

Assign w=0.5,C1=0.8, C2=0.9.
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Step 2: Calculation of VRFB system power loss (Pyioss vrrB)) 1s expressed by the fitness function,

which is a modified version of Equation (4.6) with iteration count ‘i’,

P(loss VRFB),i — Isz,i X Rint,i(Qi) + Ppump,i(Qi) (4-6)
P (10ss vrFB),i 15 the power loss value for i particle.

Step 3: Evaluate the fitness function over the electrolyte flow rate range from 3 L/min to 18
L/min. Determine the minimum VRFB system loss at an electrolyte flow rate by obtaining the

particles' personal best position.

Step 4: Update the particle's velocities and position to obtain the electrolyte flow rate

(Qopt) that gives the minimum VRFB system power loss by finding the global best position

and velocity of particles.

Step 5: Check if P55 vrREB)min <=P(10ss vrEB),i- If the result is ‘yes’, go to step 6. Otherwise,

go to step 2.
Step 6: Minimum power 1oss (P (ioss VRFB), min) is obtained at an optimal flow rate (Qop¢).

The mathematical equation for obtaining the minimum overall VRFB system power loss using

PSO algorithm is given by Equation (4.7) as follows,
min Ploss VRFB (Qopt) = Isz- Rint(Qopt) + Ppump (Qopt) (4-7)

In Equation (4.7), the VRFB internal resistance (R;;,¢) and pump power (Byymp) are variable
parameters and functions of electrolyte flow rate (Q). The VRFB system power loss
optimization is achieved by operating the system at optimal electrolyte flow rate (Q,p¢). PSO
based multi-variable optimization is executed to obtain the optimal electrolyte flow rate (Qp¢)

by feeding the experimental data of the VRFB system as shown in Figure 4.3 over the

electrolyte flow rate ranging from 3 L/min to 18 L/min.

Further, the overall VRFB system efficiency (1) has a direct relationship with electrolyte flow

rate and represented as follows,

f(fd PDischarge(t)dt _ fotd(Pstack(Q) — PiossvrrB(Q))dt
f(fc PCharge(t)dt f;C(Pstack(Q) + Pross vrre(Q))dt

n= (4.8)

And, the maximum efficiency can be obtained by,
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f(fd(Pstack(Qopt) — Pioss VRFB(Qopt))dt
f(fC(Pstack(Qopt) + Ploss VRFB(Qopt))dt

Gear

(4.9)

Nmax =

Initialization of VRFB system parameters:
Stack Current(L_s), Pump power(P_pump), Internal resistance(R_int) and Electrolyte flow rate(Q).
Assign number of Iteration(i) by 'N'. Assign w=0.5,¢c 1=0.8,¢ 2=0.9

Calculation of VRFB system power loss, P_(loss VRFB) is given by the fitness function,
P_(loss VRFB),i = ((I_s,i)"2) * (R_int,i) (Q_i) + (P_(pump,i)(Q_i))
for each particle, P_i

Evaluate the fitness function over the range of electrolyte flow rate from 3 L/min to 18 L/min.

by obtaining the particles' personal best position

Update the particle's velocities and position to obtain the flow rate that gives
the minimum VRFB system power loss by finding the global best position and
velocity of particles

Determine the minimum VRFB system loss at an electrolyte flow rate —

Check if P_(loss VRFB),min <= P_(loss VRFB),i

Minimum power loss (P_(loss VRFB), min) is obtained at an optimal
flow rate (Q_opt)

Figure 4.3: Workflow diagram for PSO based optimization of VRFB system power loss
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In Equation (4.8), ‘Pcpqrge” signifies the VRFB system's overall charging power consumption.
‘Ppischarge’ Tepresents the power delivered by the VRFB system during discharging (W).
‘Pgrack’ represents the power consumed and/or delivered by the VRFB stack. ‘t;’ and ‘t.’
represent the total discharging and total charging time respectively. ‘Py s yrrg’ 18 the VRFB
system power loss including both the stack loss and pump power consumption. All these power
loss components are function of electrolyte flow rate (Q). It can be inferred from Equation
(4.9) that the optimal flow rate (Q,p,) Will ensure the minimum VRFB system loss which means

the maximum system efficiency.

4.4 Results and Discussion

For experimental study, data acquisition and computing VRFB system loss, a practical 1kW

6h capacity has been chosen and the system specification is provided in Table 4.2.

Table 4.2: VRFB system parameter specifications

VRFB system parameters used for PSO based power loss | Rating

optimization

Number of series cells (n) in stack 20
Power Capacity 1 kW
Energy Capacity 6 kWh

Dimension of each electrode (Lge;r X Wyeye X Dfepe)

25X 25%x0.3cm X cm X cm

Volume of tanks 180 L
Electrolyte Concentration 1.2 Mol/L
Voltage Range (20-32) V
Upper permissible limit of Stack current 60 A
Current density 0.096 A/cm?
Stack temperature range 15-35°C

Electrolyte flow rate safe operating range

(1-18) L/Min

The optimization of overall VRFB system power loss using PSO algorithm has been

performed in MATLAB simulation platform. The overall VRFB system power losses are

62



obtained for four different electrolyte flow rates (3 L/min, 6 L/min, 12 L/min and 18 L/min)
within the range specified by the manufacturer. The lower and upper bound limits of VRFB
internal resistance and pump power consumption of each electrolyte flow rate for a particular
stack current, obtained from the results of 1 kW, 6 kWh VRFB charge-discharge experiments,
are set during the initialization of the PSO algorithm. The number of particles, number of
iterations and social factors (Ci, C2) of the PSO algorithm are set for three different values of
stack currents (40 A, 45 A and 50 A) and the optimization results from each run are
investigated. The simulation is implemented starting with the minimum number of iterations
(10 iterations), and the number of iterations is gradually increased to investigate the
convergence rate of PSO algorithm. The PSO results obtained for the different iterations (100
iterations, 200 iterations and 300 iterations) for each of the three different stack currents (40 A,
45 A and 50 A) are shown in Figures 4.4, 4.5 and 4.6. The convergence rate of PSO algorithm
during 100 iterations are observed for different stack currents. The variation in the VRFB
system power loss values was observed during the different instances of iterations. It can be
observed from Figure 4.4 (a) that the overall VRFB system power loss values for the stack
current of 40 A converge at the different instances of the iterations. For the electrolyte flow
rate of 3 L/min, the overall VRFB system power loss values converge after 30 iterations,
whereas for the electrolyte flow rate of 6L/min, 12 L/min and 18 L/min, the overall VRFB
system power loss values converge at 40 iterations, 70 iterations and 50 iterations respectively.
A similar trend can be observed in Figures 4.5 and 4.6 for the stack currents of 45 A and 50
A respectively. Furthermore, the number of iterations is increased to 200 and 300 respectively
and the convergence rate of the PSO algorithm is observed. It has been found from the PSO
algorithm results that the values of overall VRFB system power loss for a stack current of 40
A are converged to its final value after 120 iterations and there is no more variation in the

values till 300 iterations as seen in Figure 4.4 (c).
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Figure 4.4: Overall VRFB system power loss for stack current of 40 A obtained from PSO optimization in

terms of different iterations; (a) 100 iterations; (b) 200 iterations; (c) 300 iterations
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Figure 4.5: Overall VRFB system power loss for stack current of 45 A obtained from PSO optimization in

terms of different iterations; (a) 100 iterations; (b) 200 iterations; (c) 300 iterations
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Figure 4.6: Overall VRFB system power loss for stack current of 50 A obtained from PSO optimization in

terms of different iterations; (a) 100 iterations; (b) 200 iterations; (c) 300 iterations

Table 4.3 displays the minimum VRFB system power loss obtained among the four

different electrolyte flow rates (3 L/min, 6 L/min, 12 L/min and 18 L/min) for each stack

current.

Table 4.3: Optimal electrolyte flow rate and Minimum VRFB system power loss at different stack currents

in terms of iteration

Stack Number of | Number of | Electrolyte flow | Minimum VRFB | Optimal
current (Is) | Particles Iterations rate(L/min) system power | electrolyte flow
in (A) loss(W) rate(L/min)
40 50 100 3 242.725 6

6 240.080

12 247.697

18 263.775

100 200 3 242.813 6

6 240.726

12 247.807

18 264.243
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150 300 3 243.511 6
6 240.824
12 247.803
18 264.348

45 50 100 3 274978 6
6 272.582
12 285.714
18 299.035

100 200 3 276.202 6
6 272.614
12 284.554
18 299.201

150 300 3 275.557 6
6 273.402
12 285.389
18 298.470

50 50 100 3 308.331 6
6 301.419
12 319.112
18 341.183

100 200 3 308.241 6
6 301.397
12 319.032
18 341.139

150 300 3 308.191 6
6 301.384
12 319.011
18 341.121

It is evident from Table 4.3 that operating the VRFB system at neither the lowest electrolyte
flow rate (3L/min) nor the highest electrolyte flow rate (18 L/min) gives the minimum VRFB
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system power loss. In order to operate the VRFB system with minimum loss, the operating
point is bound to lie in between the range of 3 L/min to 18 L/min. The results obtained from
PSO algorithm reveals that the VRFB system power loss is the lowest at the optimal electrolyte
flow rate of 6 L/min (in between the range of minimum and maximum electrolyte flow rates)
for 1 kW, 6 kWh VRFB system. The PSO results obtained for the different values of stack
currents (40 A, 45 A and 50 A) also validates that the optimal electrolyte flow rate for 1 kW, 6
kWh VRFB system is found to be 6 L/min. Table 4.4 displays the PSO based overall VRFB

system power loss results obtained over the SOC ranging from 0.1 to 0.9.

Table 4.4: Overall VRFB system power loss obtained over the range of SOC from 0.1 to 0.9 for different

stack currents

Stack Current
Is) Overall VRFB system power loss (W)
Optimal
electrolyte
SOC 3 L/min 6 L/min 12 L/min 18 L/min flow rate
40 A
0.1 339.384 331.236 341.908 360.324 6 L/min
0.2 320.976 313.169 320.487 338.984 6 L/min
0.3 308.257 301.993 310.429 329.785 6 L/min
0.4 296.127 289.043 299.863 318.684 6 L/min
0.5 284.206 277.874 288.635 309.254 6 L/min
0.6 273.126 267.053 277.607 296.369 6 L/min
0.7 263.517 256.145 267.636 286.521 6 L/min
0.8 254.999 246.705 258.569 277.854 6 L/min
0.9 242.474 234.569 245.537 264.124 6 L/min
45 A
0.1 384.568 378.625 387.534 404.684 6 L/min
0.2 365.361 359.841 366.921 385.645 6 L/min
0.3 348.362 341.861 348.557 366.775 6 L/min
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0.4 338.697 333.631 342.579 361.367 6 L/min
0.5 321.582 316.112 325.683 342.964 6 L/min
0.6 311.361 306.573 316.816 334.297 6 L/min
0.7 296.315 291.574 300.412 318.672 6 L/min
0.8 292.578 286.624 295.498 311.051 6 L/min
0.9 263.384 256.352 267.347 288.711 6 L/min
50A
0.1 429.331 421.418 432.397 454.224 6 L/min
0.2 405.456 398.293 415.847 436.965 6 L/min
0.3 390.581 384.168 401.297 421.962 6 L/min
0.4 375.706 369.043 388.747 411.06 6 L/min
0.5 362.831 355918 373.197 392.886 6 L/min
0.6 347.956 341.793 358.647 381.878 6 L/min
0.7 337.081 328.668 345.097 368.263 6 L/min
0.8 322.206 315.543 338.001 358.009 6 L/min
0.9 308.331 301.418 319.112 341.183 6 L/min

The optimal electrolyte flow rate obtained in this chapter over the range of SOC is helpful
in operating the VRFB system with minimum loss. Table 4.4 displays the overall system power
loss obtained for four different electrolyte flow rates over three different stack currents. As a
case study, it can be noticed from Table 4.4 that for the stack current of 50 A, at 0.6 SOC, the
minimum VRFB system power loss is found at 6 L/min, with a magnitude of 341.793 W,
whereas at the same 0.6 SOC, for 3 L/min flow rate the VRFB system power loss is found to
be 347.956 W. Therefore, operating the VRFB system at an optimal electrolyte flow rate of 6

L/min results in reduction of system power loss by 6.163 W. This will lead to significant energy
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loss reduction over a period of VRFB operation. Though the pump power consumption for 3
L/min is the least among all the four flow rates, the overall VRFB system loss becomes higher
for 3L/min compared to that of 6 L/min flow rate. In addition to the pump power loss, the
variation of VRFB stack internal resistance is a crucial parameter to be considered during the
minimization of VRFB system power loss. Thus, the trade-off is needed between the VRFB
internal resistance and pump power consumption to optimize the VRFB system operation with
minimum power loss. The significance of PSO based multi-variable optimization lies in

obtaining the optimal operating point of VRFB system under different operating conditions.
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Figure 4.7: Overall VRFB system loss obtained over the SOC range of 0.1 to 0.9 for different stack
currents, (a) 40 A; (b) 45 A; (¢c) 50 A
The reason for choosing PSO among several other optimization algorithms is analyzed in

section 4.5.

4.5 Comparison between different optimization techniques

The comparison between the optimization results obtained from PSO, Genetic Algorithm (GA)
and Nonlinear programming is shown in Table 4.5. The performance of different optimization
techniques while obtaining optimal flow rate for a stack current of 50 A in 1 kW, 6 hr VRFB
system over 300 iterations has been compared in Table 4.5. It can be observed that GA has
lower number of iterations (170 iterations) for convergence in comparison with Nonlinear
programming whose convergence is attained after 238 iterations. Eventually GA has a faster
computational time of 77 seconds in comparison with traditional Nonlinear programming.
Whereas results obtained from PSO optimization technique were better than GA with the faster
convergence of 130 iterations and computational time of 43s. Faster convergence and faster
execution were the reasons for selecting PSO technique in this work. In addition to faster
convergence and time, the superiority of Particle Swarm Optimization (PSO) as compared to
Genetic Algorithm (GA) for the 1 kW, 6 kWh VRFB system power loss optimization based on

the following reasons,
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e Continuous Search Space Efficiency: PSO tends to perform well on continuous
optimization problems where the search space is smooth and lacks discrete regions. Its
ability to quickly converge towards optimal solutions can be advantageous in such scenario
[149].

e Fewer Parameters to Tune: PSO typically has fewer parameters to tune compared to GA.
This can simplify the optimization process and reduce the risk of suboptimal performance
due to parameter setting [150].

e Simple Implementation: PSO is relatively easy to implement and understand. It doesn't
require intricate genetic operators like crossover and mutation, which can sometimes be
challenging to fine-tune in GA [151].

e (Global Convergence: PSO can have a stronger capability for global convergence in some
cases. Due to its swarm-based nature, particles can effectively explore the solution space

and find global optima [152].

Therefore, the global optimal solution obtained from PSO technique is better in comparison

to optimization results obtained from Nonlinear programming approach and GA.

Table 4.5: Comparison between average convergence and computational time of Nonlinear programming,

GA and PSO

Comparison parameters Nonlinear Programming GA PSO
Convergence (Number of Iterations) 238 170 130
Computational time (seconds) 109 77 43

4.6 Conclusion

The key research findings and contributions of this chapter are detailed in this section. The
optimization of a kW scale VRFB storage system power loss based on PSO technique has been
demonstrated. It is a multi-variable optimization that considers both the VRFB pump power
loss and stack power loss simultaneously to determine the optimal flow rate at which the VRFB
system power loss becomes the minimum. It has been observed that for 1kW 6kWh VRFB
storage system, the overall system power loss becomes the minimum at an optimal flow rate
of 6 L/min for a range of 3-18 L/min of flow rate at 40A, 45A and 50A charge-discharge
operations. The VRFB system power loss has been reduced by around 2% for each SOC level

while operating at the optimal flow rate. The optimization results obtained from PSO technique
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have been compared with Nonlinear programming, and GA. The global optimal solution
obtained from PSO technique is better in comparison to optimization results obtained from
Nonlinear programming approach and GA. For large scale VRFB storage applications, this loss
reduction will have a significant contribution to the improvement of its overall system
efficiency during operation. The proposed work formulation demonstrated in this chapter is a
generalized one and can be very useful for achieving the maximum overall system efficiency
of scalable VRFB storage and thus ensuring improved performance of VRFB while integrated
with renewable and other power system applications. The requirement for grid-scale battery
energy storage systems is increasing rapidly due to the factors such as the inherent demand for
power quality, unstable grid frequency etc. because of the growing penetration of renewable
energy sources into the grid, and energy security. Therefore, this work indicates the future
scope of implementing other efficient optimization algorithms for improving further accuracy
in optimizing the system performance, thereby promoting the utility scale VRFB storage

integration with renewable energy applications.
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Chapter 5

IoT-based smart energy management for solar — VRFB powered

switchable building glazing satisfying the HVAC system of EVCS

5.1 Introduction

The electrical interfacing of long-life energy storage with renewable energy sources has
become a promising solution to address the energy security and demand response management.
VREFB claims to be one of the most suitable energy storage technologies for stationary solar
PV applications because of its unique feature of scalability and the longest cycle life compared
to other conventional batteries. In the present era, with a focus on sustainable development,
clean energy source integrated solutions are getting deep interest. The sustainable
transportation and zero-energy building are one of the prime focus areas towards the UN
sustainable development goal 7 (UNSDG 7). The building and transportation sectors are the
key consumers of electrical energy worldwide, resulting in significant emissions of greenhouse
gases (GHG), with carbon dioxide (CO2) being the primary contributor. Lamb et al.[153]
tracked the global GHG emissions from these sectors from 1990 to 2018. In 2018, the building
sector and the transportation sector accounted for 6% and 14% of total GHG emissions
respectively. The building consumes energy due to the use of Heating Ventilation and Air
Conditioning (HVAC) loads as building envelopes which includes wall, door, floor, roof and
window are not energy efficient. Among them, building windows play a significant role as it
maintains the relation between external and internal ambient. However, traditional windows
are not able to limit the solar heat entering into the room and also not capable of stopping the
stored heat flow towards external ambient. Replacement of these conventional windows with
an advanced window; named as glazing window [154], can reduce the net energy demand.

Current research on advanced building glazing window systems mainly emphasizes two
objectives: control of solar heat gain in tropical regions [155]—-[157]; control of low heat loss
in cold-dominated climates [158]-[160]. In tropical regions, where the climate is warm most
of the year, it is necessary to utilize windows that can switch from transparent to opaque. This
changeover process reduces solar heat gain and helps to control glare. These building glazing
window systems provide daylight and effective control of solar heat gain. An electrically

activated smart switching window, also known as an electrochromic window, operates based
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on the principle of electrochromism. The electrochromism refers to the phenomenon where a
material changes its color or opacity when voltage is applied across it. The primary working
principle of an electrically activated smart switching window involves the use of
electrochromic materials. A small power supply is required to activate the electrochromic
materials used in the smart glazing windows. The electrically activated smart switching
window operates by controlling the movement of ions within an electrochromic material
through the application of an electric voltage. This enables the window to change its opacity
or color, offering control over light and heat transmission in a dynamic and energy-efficient
manner. Electrically activated smart switchable building glazing helps to achieve low or less
energy-hungry buildings [161]-[164]. However, as this window consumes some electrical

power, its large-scale deployment may enhance the building switching load.

Besides, Electric Vehicles (EVs) are becoming one of the rapidly growing technologies
towards the drive to attain sustainable energy goals. Despite an increase in the number of EVs
on the road, there is still a lack of sophisticated charging infrastructure, and often-lengthy
charging times restrict EV utility to short-distance journeys [165], [166]. For the successful
implementation of EV expansion, it is indispensable to deploy a large number optimized of EV
charging stations. The first step in promoting electric vehicle charging station installation is
through the faster allocation of a suitable location for setting up the EV charging station. The
EV charging station infrastructure needs much improvement in developing countries where the
grid is unstable in semi-urban and/or rural areas. Solar PV powered EV charging stations are
becoming one of the viable solutions towards promotion of clean and sustainable transportation
infrastructure. For the EV charging station control rooms, the passive HVAC system can be
satisfied with the help of glazing windows during daytime. To ensure reliable power supply for
the electrically activated glazing windows, along-with the solar power, a long-life energy

storge solution is necessary.

In this context, Vanadium Redox Flow Battery (VRFB) is getting prominence nowadays
over the traditional batteries such as Lead-Acid, Lithium-Ion (Li-ion), etc. [119], [167]-[170].
The longest cycle life (>20000) [21], [87] among other batteries, scalability of power and
energy capacity, deep discharge capacity, safe operation due to exposed structure and quick
response time are all advantages of VRFB storage [97], [171]. Because of the utilization of
electrolytes as a built-in coolant, the need for a separate heat dissipation chamber is avoided.
This reduces the auxiliary thermal management cost compared to that of the Li-ion batteries

[135], [169], [172]-[175]. These features of VRFB make it a promising choice for utilization
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in EV charging stations as a long-life energy storage. Zhang et al. [176] proposed the optimal
sizing of VRFB storage for residential applications, thereby enhancing the penetration of solar
PV sources and renewable energy to meet the building energy demand. Innovative energy
storage approaches such as gravity energy storage systems driven by solar PV and VRFB
storage were proposed recently by Mondal et al. [177] for an energy-efficient multi-storied
building. This increasing trend of utilizing long-life VRFB storage for an energy-efficient
building improves the reliability of renewable energy penetration in satisfying the building

energy demand.

EV charging station infrastructure needs supervisory control and data acquisition (SCADA)
and delicate electronic panels. In the countries like India, where the ambient temperature is
towards the higher side most of the year, the delicate electronic panels and sensor systems in
the control room of EV charging stations require HVAC system to ensure the proper
functioning of the equipment [ 178]. This in return leads to additional consumption of electrical
power. According to ASHRAE standard 55-2017 [179], the recommended temperature range
for electronic panels in control rooms is between 68°F and 77°F (20°C and 25°C), with a

maximum deviation of £3°F (+1.7°C).

In this regard, Moya et al. [180] proposed an optimal energy management strategy in a smart
building with energy storage systems and an electric vehicle charging station, whereas the
strategy to save energy consumption and thermal comfort of control rooms of EV charging
stations was not addressed in the work. Mazzeo [181] proposed solar and wind-assisted heat
pumps to meet the building air conditioning and electric energy demand in the presence of an
EV charging station and battery storage. However, the authors did not emphasize the strategy
to save the electrical energy demand of EV charging stations. Bianco et al. [182] proposed a
building management system for optimal temperature control in the control room of EV
charging station. The results obtained in the aforesaid said work emphasized the further scope

of minimizing the energy consumption of control rooms of EV charging stations.

To reduce the additional grid-electricity consumption of the HVAC system, a suitable
energy-saving solution is required. Considering the necessity, in this work, a smart switchable
glazing window powered by solar-VRFB storage for the control room of EV charging station
building has been proposed. This technology serves the purpose of temperature compensation
inside the control room, by controlling the solar heat gain during the daytime. The switchable

glazing window automatically adjusts the amount of light entering the control room and
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improves the overall thermal comfort and productivity of the control room by providing natural
light and reducing glare. This is also applicable to any large-scale building where traditional
windows will be replaced by smart switchable windows. To ensure the uninterrupted operation
of glazing windows, an optimized interfacing of solar-VRFB with intelligent demand
management system has been proposed. Figure 5.1 displays the overall schematic

representation of the proposed work.

AC Grid
Solar PV
modules

/

EV charger
Switchable
electrochromic
glazing window,

(ii) Opaque (OFF state)

Switchable electrochromic
glazing window, (i) Transparent (ON state) |

Switchable electrochrorﬁic glazing window,
(i) ON state (transparent), (ii) OFF state (Opaque)

Figure 5.1: Overall schematic representation of the proposed work

The electrically activated switchable electrochromic glazing window has been utilized in
the control room of EV charging station. The advantage of the electrically activated switchable
electrochromic glazing window lies in its ability to switch from a transparent state (OFF) to an
opaque state (ON). The EV charging station with a solar PV source installed on its roof-top to
promote green energy and sustainable transportation. Vanadium redox flow battery (VRFB)
has been integrated with the system to ensure energy security as a long-life energy storage
solution. The integrated system is connected to the distribution grid with a provision of power
import/export. A smart energy management system is required to satisfy the building glazing
load power demand under real-time dynamic environmental conditions. Therefore, an Internet

of Things (IoT) based smart scheduling of solar PV, VRFB storage and the local distribution
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grid has been demonstrated for supplying the smart building glazing power demand. For this
purpose, in this chapter, a kW scale VRFB storage system is integrated with a smart building
glazing energy management system in an EV charging station for efficient operation and low
running cost. The performance of the proposed system has been validated under four different
transient scenarios; sunny, intermittent cloudy, prolonged cloudy and low solar irradiance with

frequent grid outages.

The rest of the chapter is divided as follows: Section 5.2 deals with the representation of the
proposed system; Section 5.3 describes the realization of the proposed system; Section 5.4
represents the workflow of the proposed smart building glazing energy management; Section
5.5 details the results and analysis which also discusses the practical case studies, and Section

5.6 summarizes the conclusion of the chapter.

5.2 Representation of the proposed system

In this section, the flow diagram representation of the proposed system is discussed. The
proposed system consists of three power sources: solar PV source, VRFB storage, and
distribution grid. These power sources supply the building glazing load demand of EV charging
stations through smart energy management algorithms. All three input power sources are
connected to an intelligent central controller, which controls and executes the power scheduling
of the proposed system depending on the availability of the resources, considering the different
operating weather conditions. All these power sources are connected to the central controller
through communication lines. These power sources receive triggering pulses from the central
controller, which communicates the power source to supply power to allocate the building
glazing load demand in accordance with the varying weather conditions. In addition to the
communication lines, all three power sources are connected to the building glazing load via the

power line, as shown in Figure 5.2.

The building glazing load and central controller are connected by a bidirectional
communication line which is essential in scheduling the supply of power available from
different power sources to satisfy the building glazing load demand. Section 5.2 is further
divided into subsections 5.2.1, 5.2.2 and 5.2.3. Subsection 5.2.1 discusses the solar PV source
which is the predominant source of input power supply in the proposed system topology;
subsection 5.2.2 details the switchable building glazing load in EV charging stations;

subsection 5.2.3 discusses the VRFB storage, which is a reliable storage option and also
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improvises the longevity of energy efficient power supply to fulfil the switchable building

glazing window load demand of EV charging station.

SOLAR PV

BUILDING
GLAZING
LOAD

v Vv
INTELLIGENT

CENTRAL
_— N -» CONTROLLER

—————— COMMUNICATION LINE
POWER LINE

Figure 5.2: Pictorial representation of the flow of the proposed system

5.2.1 Solar PV source

A solar PV power source is a DC power generating array or set of arrays of PV cells. Several
PV cells are arranged in series or parallel connection to form a PV system comprising
interconnected modules. In order to supply the load, modules are connected to form arrays
because a single module cannot produce enough power for all practical uses. PV electricity is
arelatively steady renewable energy source that has the highest priority of all renewable energy

sources.

DC power output from a solar PV system ‘F,,,” is expressed by Equation (5.1) as follows,
Pov = Ty * Mpy * Apy (5.1)
Where, ‘I,,” = Incident effective irradiance (W/m?),

‘Npy’ = Efficiency of solar PV module,

‘A,y,’ = Effective surface area of solar PV module (m?).
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5.2.2 Switchable glazing based smart window

The switchable smart windows can be categorized into two types majorly: electrically and
non-electrically actuated smart windows. The electrically actuated switchable building glazing
windows consist of electrochromic (EC), liquid crystal (PDLC) and suspended particle device
(SPD) switchable building glazing systems [183], [184]. The non-electrically actuated
switchable building glazing windows comprised of thermochromic, thermotropic and
gasochromic building glazing systems [185]-[187]. The building glazing systems need to emit
low heat loss for cold-dominated climatic regions. This can be realized in two ways: (i) using
aerogels or multiple glass panes to subdue the convection in the air between the exterior panes;
(i1) to vanquish the convective heat transfer by introducing an inert gas or vacuum between the
panes. Non-electrically actuated glazing windows possess no control over transmission state
changes, whereas electrically activated building glazing has the potential to maintain any
intermediate state between opaque and transparent state. For this study, an electrically activated
smart switchable window has been selected. EC has been considered among the three EC, SPD,
and PDLC because of its matching property with PV. The EC needs the power to become
opaque and stop the solar heat. Also, at high operating temperatures, its voltage retirement is
low. On the other hand, PV also works with lower efficiency at higher temperatures. Figure
5.3 (a) shows the switching state of switchable building glazing. Figure 5.3 (b) represents the
electrical equivalent circuit of glazing, where the Regrepresents the equivalent series resistance,
Cuaig represents the double layer capacitance, Retg represents the charge transfer resistance and

W, is the Warburg impedance.
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Figure 5.3: (a) Different switching states of switchable building glazing, (b) Electrical equivalent circuit of
glazing

These equivalent internal circuit parameters vary with switching transients and glazing

actions. This equivalent circuit is useful for designing the electrical interface system with the

external source. Typically, 1 m? surface area of glazing glass consumes 5W of electrical power

for activation.

5.2.3 VRFB storage

One of the primary reasons for choosing VRFB as the battery energy storage system (BESS)
in the proposed system is the versatility offered by VRFB during the designing of the overall
storage system. There is flexibility in utilizing VRFB, which offers the variation of the VRFB
system scale in the future through the modification of power capacity and energy capacity
separately. In VRFBs, the power rating (kW) of the storage system can be modified by varying
the stack size, and the energy capacity (kWh) of the storage system can be tuned by varying
the volume of electrolyte. Referring to Figure 2.2 (a) provided in chapter 2, the dynamic
electrical equivalent circuit of VRFB storage is represented. The charge-discharge
characteristics of the VRFB stack can be expressed mathematically by stack terminal voltage
‘E;’ [50], [73]. In order to compute ‘E}’, it is important to determine the open circuit voltage
of the VRFB stack. ‘Ey¢y’ is the stack open circuit voltage and it is expressed by the modified
Nernst potential equation considering the self-discharge drop due to diffusion of vanadium ions

through the membrane even under ideal or open circuit condition.

The VRFB stack open circuit voltage ‘E, .’ is expressed by Equation (5.2),

2RT soc
Eocy =n X {ECell_eq +—In (1_506) _IdRSD} (5.2)

Where ‘n’ = Number of series cells in the stack,

‘Ecet1 eq’ = Equilibrium potential of VRFB cell at 50% State of Charge (SOC),
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‘R’ = Universal gas constant (8.314 J),
‘T” = Ambient temperature (K),

‘F” = Faraday’s constant (96485 C/mol),
‘1;° = Diffusion current (A),

‘Rsp’ = Equivalent resistance representing self-discharge potential drop under the idle/open
circuit condition of VRFB when the pump is also not operational. The stack terminal voltage

‘E,’ is represented by Equation (5.3),

E; = Egcy £ {n X (Is X Rint (Q,15,T))} (5.3)
Where ‘E ¢’ = Stack open circuit voltage (V),

‘I;> = VRFB Stack terminal current (A),

‘Rine’ = Internal Resistance of VRFB stack (mQ),

‘Q’ = Electrolyte flow rate (L/min),

‘T’ = Operating Temperature (K).

In Equation (5.3), the ‘+’ sign signifies the charging and ‘-’ sign signifies discharging
condition. ‘R;;,;’ is a function of electrolyte flow rate (Q), stack current (I;) and operating

temperature (T).

The models of sub-systems described in subsections 5.2.1, 5.2.2 and 5.2.3 of this chapter
have been validated by the field results reported by the authors in their previous works [44, 46]
and [6, 45]. The development and validation of real time electrolyte flow control integrated
solar PV-VRFB charge controller has been reported by A Bhattacharjee et al. [61]. Powering
the switchable building glazing load from solar PV, has been validated by A Ghosh et al. [159],
[188]. The IoT based smart communication in energy management of VRFB storage integrated
bio-solar microgrid has been developed and field validated results are reported by A
Bhattacharjee et al. [124]. Hence it can be inferred from the above-mentioned evidence that
the results obtained from this proposed integrated smart Solar-VRFB- Building Glazing

system will have high accuracy.
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5.3 Realization of the proposed system

In this section, the realization of the proposed work is described. Section 5.3.1 describes the
demonstration of the proposed loT-based smart communication system. Section 5.3.2 discusses

the design and implementation of the electrical interface of the proposed system.

5.3.1 10T based smart communication scheme

The proposed energy management system has been monitored and controlled in real-time
using the Raspberry-Pi communication platform with MODBUS over TCP/IP platform link.
The main server has been set up for monitoring and control. As shown in Figure 5.4 (a), smart
energy management is achieved by establishing Internet of Things (IoT)-based intelligent
control and communication among renewable energy sources such as solar PV sources, VRFB
storage, building glazing loads, and the distribution grid through the utilization of energy
meters. The energy meters display real-time data from the solar PV system, the grid, and the
building glazing load. The MODBUS TCP/IP communication protocol connects these energy
meters to the Ethernet switchboard. The information obtained from the Ethernet switchboard
is then sent to the Raspberry-Pi processor, which uses real-time data to control the operation
of the proposed smart energy management system. As shown in Figure 5.4 (a), the two-way
communication is carried out using the Message Queuing Telemetry Transport (MQTT)
protocol. MQTT is a simple messaging communication protocol designed for low-bandwidth
devices [124]. MQTT enables the sending of commands to control outputs and the reading and
publishing of data from sensor nodes. As a result, communication between multiple devices
becomes simple. It can send a command to control the output and read and publish data from
the sensor. Figure 5.4 (b) illustrates the internal process flow of the IoT-based smart
communication system. The mosquito broker uses MQTT to provide bidirectional
communication between the Raspberry Pi Single Board Computer, laptop, and mobile devices
that are part of the IoT-based smart communication system, as shown in Figure 5.4 (b).
Raspberry Pi Controller is the master controller that controls all the slave units comprising
solar PV, VRFB storage, distribution grid and building glazing load. The communication
between the master-slave unit is achieved through RS 485 Modbus or TCP/IP Modbus. A
subscriber must send the broker a SUBSCRIBE message with the necessary topic to access the
broker's data. A PUBLISH message is delivered from the publisher node to the broker when a
publisher requests data for an existing subject. Persistent sessions, which are well suited for
intermittent connectivity, are the sessions the broker maintains while the devices are turned on

and off. This is a key advantage of MQTT over the HTTP server because it implies that if
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devices go offline, the message is queued and updated automatically when the devices come

back online.
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Figure 5.4: (a) Architecture of the proposed IoT-based smart communication system; (b) Internal process

flow of the IoT-based smart communication system
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The cost analysis of the proposed [oT-based smart communication system has been shown in

Table 5.1.

Table 5.1: Cost analysis of IoT based smart communication system

IoT based smart communication system Cost (in INR)
Raspberry-Pi 3 — Model B 3000

Full HD IPS Panel Monitor with HDMI, VGA 10000
D-Link DES-1008C 10/100 Mbps Switch Network switch 1500

HDMI Cable 500

Smart Meters - 3 (INR. 6000/- per Smart Meter) 18000

Total Cost 33,000/-

From the cost analysis of the proposed IoT based smart communication system, it can be
observed that the utility of Raspberry Pi has reduced the total cost of the EMS system

significantly.

5.3.2 Electrical interfacing system design

To ensure the efficient operation of the proposed system, the proper design of the electrical
interfacing is essential. For this work, Table 5.2 provides the system specifications of the major
sub-systems, such as solar PV source, and VRFB storage. Based on the power requirement of
5W for activation of 1 m? area of glazing window glass as mentioned in section 5.2.2, in this
work, for a 100 m? dimension of the window an EV charging station control room, the glazing

load demands 500W, AC power supply.

Table 5.2: System level specification

Parameters Solar PV array VREFB storage
Voltage Vipp — 112.5V (DC) Vsack — (20-32) V (DC)
Current Ipp = 17.8 A Imax_stack = 60 A

Power Praea — 2 kW, Praea = 1 kKW

*mpp — Maximum power point
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Considering the constant HVAC demand requirement in the daytime, the glazing load
demand is kept constant. Here, the installed solar PV array consists of 2 strings in parallel, with
each string having 3 series solar PV modules of 340 Wy, thus forming a 2kW), capacity. The
solar PV capacity has been chosen as 2kW, to satisfy the energy demand considering the
intermittency and worst-case scenario, where the sudden cloud might reduce the power
generation. For load shaving during transient scenarios, a 1 kW, 6 kWh VRFB storage
considered in this work has the maximum allowable stack current of 60 A and the operating

voltage range of 20V - 32V.

Table 5.3 displays the design parameters for the electrical interfacing system. The power
electronic converter sub-systems have been designed based on the capacity of power
generation, VRFB storage and building glazing load requirement. The input/output voltage,
current, and switching frequency of the power electronic device used, power conversion
efficiency, etc., have been calculated for the optimized design of the DC-AC and DC-DC
stages. The power quality has also been considered by keeping the total harmonic distortion
(THD) limit within 3%. The design parameters obtained for the electrical interfacing of the
proposed system are crucial for the efficient performance of the different energy sources

utilized in the proposed smart energy management approach.

Table 5.3: Design parameters for electrical interfacing of the proposed system

Parameters Grid-tied solar inverter (1-ph) DC-DC bidirectional charge
controller for VRFB
Voltage Rated input voltage — 110 V (DC) 110 V/32V

Rated output voltage — 230 V (AC)

Current Rated input current — 12 A 18 A/60 A
Rated output current — 8.7 A

Rated Power 2 kW 1.2 kW
Switching 100 kHz 100 kHz
Frequency

Total Harmonic ~3% ~2.5%
Distortion (THD)
Power Electronic 97.4 % 98 %
Converter
efficiency
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5.4 Workflow of the proposed smart Solar - VRFB storage - Building glazing energy

management

In this section, the workflow of the proposed approach is discussed. This section also details
the priority scheduling of the different sources of energy involved in powering the building
glazing load demand. Figure 5.5 shows the flowchart of the proposed smart energy
management approach for VRFB storage integrated EV charging stations with switchable
building glazing load. The priority scheduling of solar PV power, VRFB storage and the
distribution grid has been executed to power the switchable building glazing load. The MQTT
protocol is used to transmit all these instructions and scheduling instructions to the main
processor, which publishes the message and ensures effective communication across the loT-
based smart communication system. Depending on how much solar PV power is available
during the day, it is given the highest priority at any time of the day [189]-[192]. In the first
instance, the energy management algorithm utilized in the proposed system checks if the
available solar PV power is adequate to satisfy the switchable building glazing load. When the
algorithm condition check results are ‘yes’, the algorithm further checks whether VRFB SOC
lies between 50% and 90%. If both conditions are satisfied, solar PV power is supplied to meet
the switchable building glazing load, excess power is exported to the distribution grid, and
MQTT publishes the message. Under the same scenario, if the VRFB SOC is less than 50%,
solar PV power is supplied to power the switchable building glazing load and excess solar PV
power is utilized to charge the VRFB storage until the VRFB SOC reaches 90%.

When the available solar PV power is less than the switchable building glazing load, then
the algorithm further checks the SOC of VRFB storage. If VRFB SOC lies between 10% and
90%, the combination of solar PV power and VRFB storage is utilized to satisfy the switchable
building glazing load demand. Then, MQTT publishes the message. When the available solar
PV power is insufficient to manage the switchable building glazing load and VRFB storage is
also unavailable, the algorithm checks for the availability of distribution grid and available
solar PV power. Then the combination of the distribution grid power and available solar power
is utilized to attain the required demand of switchable building glazing load demand. MQTT
publishes the message. Under the worst-case scenario, when importing power from the
distribution grid is not feasible due to frequent grid outage and solar power availability is also
less due to cloudy weather, then available solar PV power and VRFB storage supply the

required switchable building glazing load demand.
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/ Define P_pv, P_gl, P_YRFB, VRFB_SOC, P_grid /

Yes

50% <= VRFB_SOC <=90%

No

P_pv+P_grid=P_gl

Yes MQTT publish the message
P_pv=P_gl+P_grid P_pv=P_gl+P_VRFB P_pv available > P_gl P_pv+P _VRFB=P_gl
MQTT publish the message MQTT publish the message | | MQTT publish the message MQTT publish the message

i ,

Figure 5.5: Flowchart of the proposed smart building glazing energy management approach

5.5 Results and discussion

The performance of the proposed smart energy management algorithm and [oT-based smart
communication system has been validated by the practical solar PV-VRFB storage integrated
EV charging station with switchable building glazing load demand. A practical load demand
profile of 10 hrs duration (morning 6:00 A.M (06:00 hrs) to evening 4 P.M. (16:00 hrs)) has
been chosen for validation of the proposed smart energy management algorithm. The
switchable building glazing load demand is maintained at 500 W.

Therefore, to match the daily demand profile, the solar PV (2kWp), VRFB storage (1 kW 6
hr) and distribution grid have been integrated to satisfy the switchable building glazing load
demand. Figures 5.6, 5.7, 5.8 and 5.9 show the results of four practical case studies for smart
energy management under a sunny, cloudy, over-cloudy and worst-case scenario. The fourth
case is considered the worst-case scenario because during those instances, the solar PV
availability is low, and the grid undergoes frequent outages simultaneously, thus, making it
challenging for the energy management algorithm to satisfy the building glazing load demand.

Solar PV source is the major contributor to achieving the building glazing load demand from
the available power sources. As demonstrated in Figures 5.6, 5.7, 5.8 and 5.9, the negative

magnitudes of the VRFB power represent the VRFB storage charging process. In contrast, the
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positive magnitude of VRFB power represents the process of VRFB discharging. Furthermore,
in the case of the distribution system, positive magnitudes of power represent the power
imported from the distribution grid, and negative magnitudes of the power represent the power
exported to the distribution grid during instances of surplus solar PV power output. The
following are the results of the case studies obtained using the smart energy management

approach in four different practical weather cases:

Case 1 (Sunny weather):

In the first case study, a sunny day with a clear sky is considered, and the smart energy
management algorithm's results have been monitored from 06:00 hrs to 16:00 hrs, as shown
in Figure 5.6 (a). Since it is sunny weather, power generated from the solar module is
completely utilized to satisfy the switchable building glazing load demand of 500 W. In
addition to satisfying building glazing load demand, the remaining available excess solar PV
power is supplied to charge the VRFB storage until VRFB SOC reaches 90% at 11:00 hrs, as
shown in Figure 5.6 (b). After satisfying the building glazing load demand and charging the
VREFB storage, the available excess solar PV power is then exported to the distribution grid.

It can be seen in Figure 5.6 (a) from 10:00 hrs till 16:00 hrs that the highest peak power of
1000 W is exported to the distribution grid at 12:00 hrs when the solar insolation is at the
maximum. It can be observed from Figure 5.6 (b) that VRFB SOC ranges from 50% to 90%
during the sunny weather scenario. After 11:00 hrs, it can be observed that VRFB storage is
fully charged and remains idle till 16:00 hrs. It can be inferred that the power stored in the
VREFB storage effectively satisfies the building glazing load demand during night hours when
the solar PV power source is unavailable. Thus, a smart energy management algorithm offers

the scope for self-reliant and efficient allocation of resources to satisfy the power demand.

91



—=— Power delivered by Solar Module (W) 100 -
—e— Glazing Load Demand (W) —s— VRFB SOC(%)
—a—V/RFB Power flow (W) 95+
1500 4 —¥— Grid Power flow (W) 90 4

85 1
1000 80 4

754
500
70

65
60 -
500 4 3 55

50

VRFB SOC (%)

Power flow (W)

=1000 4 45
0600 0800 10:00 12:00 14:00 16:00 £ J " J " J i J " ) " J '
) i 06:00 08:00 10:00 12:00 14:00 16:00
Time (in hrs (24 hr format)) . .
Time (in hrs (24 hr format))
(a) (b)

Figure 5.6: Sunny weather condition. (a) Power sharing among the energy source (s), storage, local grid to

satisfy the building glazing load demand; (b) VRFB state of charge (SOC) over the time

Case 2 (Intermittent cloudy weather):

In this second case study, the performance of solar PV modules, VRFB storage and
distribution grid performance is investigated under the sudden appearance of the cloud. The
solar PV power fluctuates during the cloudy day because of the varying solar insolation profile,
as shown in Figure 5.7 (a). From 08:00 hrs to 09:30 hrs, VRFB storage supplies power to
satisfy the building glazing load demand when the available solar PV power is less than the
building glazing load demand. Similarly, the building glazing load demand is met by VRFB
storage between 15:00 hrs and 16:00 hrs.

Excess power obtained from solar PV modules after satisfying the building glazing load
demand and charging VRFB storage is exported to the distribution grid. During the overcast
condition, at 12:00 hrs, a peak power of 400 W is exported to the grid, which is lower than the
peak power exported to the grid during sunny conditions. VRFB SOC ranges between 47% and
68% during cloudy weather, as shown in Figure 5.7 (b). VRFB storage has not achieved the
maximum threshold charging limit of 90% during the overcast condition because of the regular

discharge of power to fulfil the switchable building glazing load demand.
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Figure 5.7: Cloudy weather condition. (a) Power sharing among the energy source(s), storage, local grid

to satisfy the building glazing load demand; (b) VRFB state of charge (SOC) over the time

Case 3 (Prolonged-cloudy weather):

During the prolonged-cloudy condition, solar PV power is inadequate to supply the building
glazing load demand during the time duration (06:00 hrs to 09:00 hrs and 14:00 to 16:00 hrs)
as shown in Figure 5.8 (a). Therefore, during these instances, the power scheduling relied on
the battery storage and the distribution grid to satisfy the building glazing load demand. In this
case, VRFB SOC varies between 10% and 14%, as shown in Figure 5.8 (b).

The range of VRFB SOC attained during the prolonged-cloudy weather scenario is of a
lower magnitude when compared with sunny and cloudy weather conditions. VRFB storage is
idle for the majority of the duration. From 11:00 to 13:00 hrs, charging of VRFB storage occurs
due to the influx of solar PV power. At 09:00 hrs, the power generated by solar modules is 380
W. To attain the building glazing load demand of 500 W, the remaining 120 W is imported

from the distribution grid.
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Figure 5.8: Prolonged-cloudy condition. (a) Power sharing among the energy source(s), storage, local grid

to satisfy the building glazing load demand; (b) VRFB state of charge (SOC) over the time

Case 4 (Worst Case scenario: both low solar availability and frequent grid outage):

In this case, the solar PV power availability is low and frequent grid outage persists. It is
challenging to satisfy the building glazing load demand during this uncertain and volatile
scenario. This worst-case scenario has been presented in Figure 5.9 (a). Here, VRFB storage
plays a vital role during power scheduling for demand management. When solar PV power is
inadequate, the building glazing load demand is powered by VRFB storage. It is to be noted
that the fast response of VRFB storage is helpful during instances of power deficit to satisfy
the building glazing load demand. After satisfying the building glazing load demand, the
surplus power from the solar PV module is further utilized to charge the VRFB storage. In this
case, the VRFB SOC varies between 46% and 62% throughout the day, as shown in Figure
5.9 (b). In this case, the power exported to the distribution grid is lower than in sunny and
cloudy conditions. A peak power of 200 W is exported to the grid at 07:00 hrs. During this
case, it can be inferred that the power scheduling involved utilizing all three power sources in
different instances to fulfil the power requirement of a switchable building glazing system in

an EV charging station.
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Figure 5.9: Worst case scenario weather condition. (a) Power sharing among the energy source(s),
storage, local grid to satisfy the building glazing load demand; (b) VRFB state of charge (SOC) over the
time

Further study has been carried out to establish the application of smart glazing window in
maintaining the desired temperature inside the EV charging station control room. According to
the Koppen climate classification, type A climatic zone is used to represent countries with
tropical and sub-tropical climates, whose average temperature of the coldest month is greater
than 18°C. The proposed system is meant to be useful for such countries as follows: South
American countries such as Brazil, Venezuela and Columbia; African countries such as Nigeria
and Democratic Republic of Congo; Asian countries including Southern part of India, South-
east Asian countries such as Thailand, Vietnam and Cambodia. In addition to the above, further
significant contribution of this work is towards the sustainable and green transportation

infrastructure by integrating solar-VRFB storage with EV charging station.

5.6 Conclusion

In this chapter, a grid interactive solar PV-VRFB integrated switchable building glazing
topology has been implemented for providing day-time passive HVAC facility in EV charging
station control rooms for the first time. Further, in order to satisfy the building glazing load
demand under real time dynamic environmental condition, an [oT based smart scheduling of
solar PV, VRFB storage and the local distribution grid has been demonstrated. The
performance of the proposed topology has been validated under four different transient
scenarios; sunny, intermittent cloudy, prolonged cloudy and low solar irradiance with frequent

grid outage. With the help of proposed smart power management algorithm, the SOC level of
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VRFB storage has also been maintained within the safe limit of 10% - 90% including all the
case studies, based on the scope of charge-discharge, solar PV availability, and building glazing
load demand. This will further take care of the battery life and optimize utilization of storage
in renewable power systems. The proposed solution is a generalized one and thus can be very

useful for upscaled capacity as well.
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Chapter 6

Conclusion

6.1 Conclusion

In this thesis, four major aspects of research and development work on Vanadium Redox
Flow Battery (VRFB) have been addressed considering the necessity of efficient interfacing of
VRFB storage with renewable energy sources and other power system applications. These

includes,

e Development of dynamic equivalent model of VRFB storage system for estimating its
capacity fade.

e Machine-Learning based prediction of VRFB storage system losses considering different
charge-discharge conditions.

e Optimization of VRFB storage system losses considering the dynamic operating
conditions.

e Development of a smart electrical interfacing system for long-life flow battery storage

integrated Solar- EV charging stations with switchable Building Glazing.

The works done in this thesis are summarized as follows,

In chapter 1, the introduction and the motivation of the proposed work has been discussed.
A detailed study on the modeling of VRFB storage has been analyzed and the significant

advantages of VRFB over the other potential batteries like Li-ion have been addressed.

In chapter 2, a MATLAB/Simulink based electrical equivalent model of VRFB storage has
been proposed with an objective of interfacing VRFB with renewable energy sources. The
impact of practical parameters like flow rate, self-discharge, pump power loss and charge-
discharge current profile has been considered for analyzing the VRFB storage system
performance. A comprehensive dynamic model for estimating the capacity fade of VRFB
storage system has been implemented. The dynamic behavior of vanadium ion concentration
in stack and tank has been considered in this work during the estimation of capacity fading of
VRFB storage. The dynamic behavior of electrolyte volume in stack and tanks has been

considered during the modeling. The optimization of electrolyte rebalancing has been proposed
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in this work to minimize the electrolyte volume loss during the operation. The proposed optimal
scheduling of electrolyte rebalancing is significant for minimizing the capacity fading of VRFB
storage in the long run. An optimal multi-objective flow management has been implemented

for minimizing the capacity fade and voltage loss of the VRFB storage.

In Chapter 3, the prediction of the overall system power loss of Vanadium Redox Flow
Battery (VRFB) using different machine learning (ML) algorithms has been demonstrated for
the first time. Under different operating current levels and electrolyte flow rates, the internal
resistance variation and pump power consumption of the practical 1kW 6kWh VRFB system
dataset have been considered for prediction. The prediction accuracy of ML algorithms has
been analyzed in detail based on the regression metrics such as correlation coefficient (R?),
mean absolute error (MAE), and root mean square error (RMSE). It is observed that the
Ensemble learning (EL) based Adaptive Boost (AdaBoost) algorithm is superior in predicting
VRFB system loss compared to that of linear regression (LR) and support vector regression
(SVR) algorithms. The prediction results obtained in this work claim to be beneficial for
designing optimised interfacing of VRFB storage with renewable energy sources and other

power system applications.

In Chapter 4, a kW scale VRFB storage system power loss optimization based on Nonlinear
programming, GA and PSO techniques has been compared. The global optimal solution
obtained from PSO technique is better in comparison to optimization results obtained from
Nonlinear programming approach and GA. The multi-variable optimization considering both
the VRFB pump power loss and stack power loss simultaneously has been executed in this
work. The electrolyte flow rate has been considered the control variable in optimizing the
overall VRFB system power loss. Charge-discharge operations of VRFB with four sets of
electrolyte flow rates at three different levels of stack terminal current have been taken to

validate the proposed work.

In Chapter 5, Solar-VRFB storage integrated switchable glazing topology has been applied
for providing daytime passive heating ventilation and air conditioning (HVAC) in EV charging
station control rooms. The EV charging station has been accompanied by a solar PV source
installed on its roof-top to promote green energy and sustainable transportation. Vanadium
redox flow battery (VRFB) has been integrated with the system to ensure energy security as a
long-life energy storage solution. To satisfy the building glazing load demand under real-time

dynamic environmental conditions, an Internet of Things (IoT) based smart scheduling of solar
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PV, VRFB storage and the local distribution grid has been demonstrated. The performance of
the proposed system has been validated under four different transient scenarios; sunny,
intermittent cloudy, prolonged cloudy and low solar irradiance with frequent grid outages. The
proposed solution is a generalized one and thus can be very useful for scaled-up capacity. The
results obtained in this work lead to further scaling up and implementation of VRFB storage

towards sustainable development goal.

6.2 Limitations in each chapter and the possible avenues to overcome those challenges

e In this study, Chapter 2 introduces an approach for estimating the capacity fade of VRFB
storage. However, the investigation into predicting the chemical aging of VRFB and
determining the remaining useful life of the storage system remains unexplored. The
integration of Artificial Intelligence (AI)/ Machine Learning (ML) techniques is a
promising avenue to address these prediction challenges.

e Chapter 3 proposes ML based prediction model for VRFB storage system power loss based
on machine learning. Notably, the exploration of deep learning methods for predicting
system power loss may further improve accuracy of prediction.

e Chapter 4 focuses on optimizing the electrolyte flow rate of the VRFB system, showcasing
techniques like PSO and GA. To enhance this optimization process, the potential
application of additional bio-inspired optimization algorithms warrants exploration.

e In Chapter 5, although the study delves into integrating VRFB storage integration with
renewable energy sources, but it leaves a scope of further research on the development and
optimization of suitable power electronic converters to efficiently interface VRFB storage

with renewable energy systems and other power system applications.
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Summary

Specific Contributions of the work

The specific contributions of the work are given below,

Chapter 1: Introduction to the need for Vanadium Redox Flow Battery (VRFB) storage in
renewable energy applications and its comparative performance analysis with reference to the
other contemporary battery storage systems (Lead Acid, Li-ion, NaS, etc.). An extensive study
and analysis of VRFB storage system modeling and interfacing of Vanadium Redox Flow

Battery with renewable energy sources.

Chapter 2: Development of dynamic electrical equivalent modeling of VRFB storage system.
A comprehensive capacity fade model of VRFB storage system proposed to estimate the aging
of VRFB storage. Experimental validation of the model performance by a practical 1kW 6h
VREFB system.

Chapter 3: The prediction of the overall system power loss of VRFB storage using machine
learning (ML) algorithms such as linear regression (LR), support vector regression (SVR), and
ensemble learning (EL) based Adaptive Boost (AdaBoost) algorithm has been demonstrated.
The ML-based predictive models have been trained and validated by experimental dataset of a
1kW 6h VRFB storage system under different stack terminal currents and electrolyte flow

rates.

Chapter 4: The optimization of a kW scale VRFB storage system power loss based on
Nonlinear programming, Particle Swarm Optimization (PSO) and Genetic Algorithm (GA) has
been compared. The proposed optimization techniques consider both the VRFB pump power
loss and stack power loss simultaneously to determine the optimal electrolyte flow rate at which
the VRFB system power loss becomes the minimum and hence VRFB storage system

efficiency becomes the maximum.

Chapter 5: Solar-VRFB storage integrated switchable glazing topology has been applied for
providing daytime passive heating ventilation and air conditioning (HVAC) in Electric Vehicle
(EV) charging station control rooms. The Internet of Things (IoT) based smart scheduling of
solar PV, VRFB storage and the local distribution grid has been demonstrated to satisfy the
building glazing load demand. The performance of the proposed system has been validated

under four different practical weather scenarios.
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Chapter 6: Conclusion of the work has been discussed.

Future scope of work

Considering the VRFB storage at utility scale and power system applications, VRFB storage
has the potential to be used in a variety of applications, including grid-scale energy storage,

microgrids and electric vehicle charging etc. This thesis work can be further extended to,

e Besides the machine learning (ML) based prediction of VRFB system power loss
demonstrated in this work, the ML based prediction of thermal behavior of VRFB,
prediction of chemical aging of VRFB, remaining useful life of VRFB etc. need to be
addressed to further improve the overall performance of VRFB system.

e In addition to the demonstrated optimization techniques for determining the optimal
electrolyte flow rate of VRFB system such as PSO, GA; further implementation of more

such bio-inspired optimization algorithms can be explored.

Considering the revolutionary growth of power electronics in the field of renewable energy
applications, it is important to address the selection criteria and design of suitable power
electronic converters for energy storage interfacing. In the existing literature so far, extensive
study on the suitable power electronic converter design for VRFB storage integration with
renewable energy sources has not been discussed in detail. Hence there is a scope for further
research and development in selection of suitable and optimized power electronic converters

for efficient interfacing of VRFB storage with renewable energy systems.
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