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Abstract

Green energy transition is pressing global demand for renewable energy solutions, leading
to extensive research in the field of energy storage technologies in order to integrate them
with intermittent renewable energy sources. In this context, redox flow batteries (RFBs)
are significantly relevant due to the characteristics they can offer, including scalability, long
cycle life, low degradation, high depth-of-discharge and ability to decouple energy and power.
Therefore, RFBs can provide large-scale, flexible, and long-duration energy storage solutions
that do not suffer as much degradation as other technologies from intermittent operation.

An alternative design for traditional RFBs are micro-scale membraneless redox flow reactors
(MRFB), whose development has been led by the advances in microfabrication together
with the growing interest in microfluidics. These designs are defined by the absence of a
membrane, which is possible by passing the electrolytes through the reactors in a laminar
regime which prevents the flows from mixing and creates an interface between the two species
that minimizes the advective mixing. The lack of membrane reduces costs and optimizes the
battery performance, as it decreases internal electrical resistance. Besides these advantages,
microfluidics also allows to raise the efficiency and rate of electrochemical energy conversion
through enhanced mass transport. Similarly, using microfabrication provides a flexible cell
design using a cheaper and simpler manufacturing method.

However, MRFBs also have drawbacks and unfavourable intrinsic characteristics that have
stopped their industrial application. They need a very precise control of the electrolyte
interface within the reactor. Otherwise, their mixing and self-discharge losses are significantly
larger than for conventional RFBs due to crossover, plummeting their coulombic efficiency,
reactant conversion ratio and cycle life. In order to handle this, it is necessary to deal with
inherent microfluidics behaviour: limited instrumentation, stochasticity and changes in system
properties. All this casuistic is why, regardless several designs and scientific works being
developed in the last decade, until recently there was not any of them that proved a complete
true battery system (continuous charge and discharge cycles with electrolyte recirculation).
The project in which this thesis takes place in the form of industrial PhD has been the first to
accomplish this milestone and its currently working towards its scaling and industrialization.

Modelling of batteries is a key factor to study its properties and response. Battery models
are valuable from design research and optimization until its integration in an electric grid.
Therefore they should cover a wide range of dimensions (electrochemical, thermal, fluidic,
electrical). This works has been done for traditional RFBs, but for MRFB it has been bounded
to study its primary electrochemical processes and its design optimization. Hence, there is a
lack of this models in the membraneless micro scale scenario, whose peculiarities do not allow
to extend the ones from conventional RFBs.

Electrical modelling allows to characterize the electrical output of batteries under different
working conditions. It can be used to compare and optimize these working conditions and
the control applied. These models parametrize charge and discharge cycles and give and
equivalent electrical model useful also for future grid integration.
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Fluidic dynamic modelling is critical in any system using moving liquids for the purpose of
guaranteeing safe and proper operation. In the context of batteries is even more important
due to energy efficiency considerations of the pumping system. Moreover, MRFB depend on
proper positioning of the liquid interface between electrolytes in a microscale reactor with no
physical separation. This makes the MRFB case unique, and its modelling vital. This model
shall be used to characterize response to different working conditions, and to optimize its
fluidic control. Fluidic control strategies that optimize the modelled fluidic dynamics define
the efficiency of the whole battery system, reaching the point of making the battery viable or
not, and limiting its possible applications. Strategies can vary from flowing the electrolytes at
the fixed maximum flow to assure always maximum power availability, to model-free strategies
(such as basic PID algorithm) or model based (different optimal control algorithms, predictive
control).

The objective of this thesis is to propose MRFB models that precisely represent their behaviour
and can be used for its working conditions effects study, reactor design optimization, grid
integration and fluidic control design. These models are applied to its electrical and fluid
dynamics characteristics. Electrical model defines an equivalent electrical circuit, studying the
parametrization of the elements of this circuit, and measuring its fitness with electrochemical
tests. It also accounts for the fluid dynamic influence on this electrical part. Besides, the
fluid dynamic model presents equations describing flows at the reactor based on system active
elements action. In summary, the final goal is to obtain a fluidic model that can be used to
design a proper control strategy of the operation of the active elements, and to validate it
with the electrical model which also is needed for the future grid integration of the battery.

The methodology used in this work has consisted in, first, defining the fluidic system architec-
ture to work with the battery cells. To do this it was necessary to study the state of the art
previous works and their microfluidic setup, together with the instrumentation ready to use
in the market and adapt or develop any missing element. When these devices were already
integrated in a working microfluidic solution, other topics were reviewed in the state of the
art. These topics include existing fluidic models for MRFB, electrical equivalent circuits for
RFB, greybox modelling, parameter identification, real time correction and estimation filters,
and control strategies. Then, electrochemical experiments were performed to learn about
the electrical behaviour and propose an electrical model for the equivalent circuit, and to
model metrics such as power and mixing and self-discharge losses. Equivalently, for the fluidic
modelling there was an experimental and data gathering phase, followed with the proposal of
the dynamic equations. For this model, there was also a real time correction study, based on
heuristics and from stochasticity observed that is incorporated to the model with estimation
filters. Fluidic model is used to design new state-space control strategies, which are then
compared and evaluated using the electrical model.
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Resumen

La transición energética está presionando la demanda mundial de soluciones de energía
renovables, lo que ha dado lugar a una amplia investigación en el campo de las tecnologías
de almacenamiento de energía con el fin de integrarlas con aquellas fuentes de energía
renovables intermitentes. En este contexto, las baterías de flujo redox (RFB) adquieren una
relevancia significativa debido a las características que pueden ofrecer, como escalabilidad,
larga ciclabilidad, baja degradación, alta profundidad de descarga y capacidad para desacoplar
energía y potencia. Por lo tanto, las RFB pueden proporcionar soluciones de almacenamiento
de energía a gran escala, flexibles y de larga duración que no sufren tanta degradación como
otras tecnologías durante el funcionamiento intermitente.

Un diseño alternativo a las RFB tradicionales son los micro reactores de flujo redox sin
membranas (MRFB), cuyo desarrollo se ha visto impulsado por los avances en microfabricación
junto con el creciente interés en microfluídica. Estos diseños se definen por la ausencia de
membrana, lo que es posible haciendo pasar los electrolitos a través de los reactores en un
régimen laminar que impide que los flujos se mezclen y crea una interfaz entre las dos especies
que minimiza la mezcla advectiva. La ausencia de membrana reduce los costes y optimiza
el rendimiento de la batería, ya que disminuye la resistencia eléctrica interna. Además de
estas ventajas, la microfluídica también permite aumentar la eficiencia y la tasa de conversión
electroquímica de energía gracias a la mejora en el transporte de masa. Del mismo modo,
el uso de microfabricación proporciona un diseño de celda flexible utilizando métodos de
fabricación más baratos y sencillos.

Sin embargo, las MRFB también presentan inconvenientes y características intrínsecas desfa-
vorables que han frenado su uso a escala industrial. Necesitan un control muy preciso de la
interfaz de electrolitos en el reactor. De lo contrario, sus pérdidas por mezcla y autodescarga
son significativamente mayores que las de las RFB convencionales debido al cruce de especies,
lo que desploma su eficiencia coulómbica, la relación de conversión de reactante y la cicla-
bilidad. Para mitigar esto es necesario lidiar con problemática inherente a la microfluídica:
instrumentación limitada, estocasticidad y cambios en las propiedades del sistema.

Toda esta casuística es la razón por la que, a pesar de que en la última década se han
desarrollado varios diseños y trabajos científicos, hasta hace poco no había ninguno de ellos
que demostrara ser un verdadero sistema de batería completo (ciclos continuos de carga y
descarga con recirculación del electrolito). El proyecto en el que se enmarca esta tesis, en
forma de doctorado industrial, ha sido el primero en lograr este hito y actualmente trabaja
para su escalado e industrialización. El modelado de las baterías es un factor clave para
estudiar sus propiedades y su respuesta. Los modelos de baterías son valiosos en todo el
ámbito de trabajo, desde la investigación del diseño y su optimización hasta la integración en
la red eléctrica. Por lo tanto, deben abarcar una amplia gama de dimensiones (electroquímica,
térmica, fluídica, eléctrica). Estos trabajos se han realizado para las RFB tradicionales,
pero para las MRFB se han limitado a estudiar sus procesos electroquímicos primarios y la
optimización de su diseño. Por lo tanto, existe una carencia de estos modelos en el caso de
los diseños micro sin membrana, cuyas peculiaridades no permiten extender los de las RFBs
convencionales.

vi



El modelado eléctrico permite caracterizar el rendimiento eléctrico de las baterías en diferentes
condiciones de trabajo. Puede utilizarse para comparar y optimizar estas condiciones de
trabajo así como el control aplicado. Estos modelos parametrizan los ciclos de carga y descarga
y proporcionan un modelo eléctrico equivalente útil también para la futura integración en red.

El modelado fluidodinámico es fundamental en cualquier sistema que utilice líquidos en
movimiento para garantizar un funcionamiento seguro y adecuado. En un contexto de uso
en baterías es aún más importante debido a las consideraciones de eficiencia energética del
sistema de bombeo. Aún más, las MRFB dependen del posicionamiento adecuado de la
interfaz líquida entre electrolitos en un reactor micro sin separación física. Esto hace que el
caso MRFB sea único, y su modelado crítico. Este modelo se utilizará para caracterizar la
respuesta en diferentes condiciones de trabajo, y para optimizar su control fluídico.

Las estrategias de control fluídico para optimizar la fluido dinámica modelada definen la
eficiencia del conjunto del sistema de la batería, hasta el punto de hacerla viable o no, y limitar
sus posibles aplicaciones. Las estrategias pueden variar desde hacer fluir los electrolitos a un
caudal máximo fijo para garantizar siempre la máxima disponibilidad de potencia eléctrica,
hasta estrategias de control sin modelo (como un algoritmo PID básico) o basadas en modelo
(diferentes algoritmos de control óptimo, control predictivo).

El objetivo de esta tesis es proponer modelos de MRFB que representen con precisión su
comportamiento y puedan ser utilizados para el estudio de los efectos de las condiciones
de operación, la optimización del diseño del reactor, la integración en red y el diseño del
control fluídico. Estos modelos se aplican a sus características eléctricas y fluidodinámicas.
El modelo eléctrico define un circuito eléctrico equivalente, estudiando la parametrización de
los elementos de este circuito, y midiendo su idoneidad con ensayos electroquímicos. También
tiene en cuenta la influencia fluidodinámica en esta parte eléctrica. Además, el modelo
fluidodinámico presenta ecuaciones que describen los flujos en el reactor en función de la
acción de los elementos activos del sistema. En resumen, el objetivo final es obtener un
modelo fluidodinámico que pueda ser utilizado para diseñar una estrategia de control adecuada
del funcionamiento de los elementos activos, y que es validado con el modelo eléctrico, que
también es necesario para la futura integración en red de la batería.

La metodología empleada en este trabajo ha consistido, en primer lugar, en definir la
arquitectura del sistema fluídico para trabajar con las celdas de la batería. Para ello fue
necesario estudiar el estado del arte de trabajos previos y su configuración microfluídica,
junto con la instrumentación en el mercado y adaptar o desarrollar cualquier elemento que
faltase. Cuando estos dispositivos ya estaban integrados en una solución microfluídica en
funcionamiento, se revisaron otras temáticas del estado de la técnica. Estas temáticas incluyen
los modelos fluídicos existentes para MRFB, los circuitos eléctricos equivalentes para RFB, la
modelización de caja gris, la identificación de parámetros, los filtros de corrección y estimación
en tiempo real y las estrategias de control. A continuación, se realizaron experimentos
electroquímicos para conocer el comportamiento eléctrico y proponer un modelo eléctrico
para el circuito equivalente, así como para modelizar métricas como la potencia y las pérdidas
por mezcla y autodescarga. De forma equivalente, para la modelización fluídica hubo una fase
experimental y de recopilación de datos, seguida de la propuesta de las ecuaciones dinámicas.
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Para este modelo, también hubo un estudio de corrección en tiempo real, basado en heurísticos
y a partir de la estocasticidad observada, que se incorpora al modelo con filtros de estimación.
El modelo fluídico se utiliza para diseñar nuevas estrategias de control en espacio de estados,
que luego son comparadas y evaluadas con el modelo eléctrico.
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Chapter 1

Introduction

This chapter describes the context and motivation of this thesis. First, an introduction of the
global energy transition context and the vital role energy storage plays is detailed, reviewing
different technologies with the focus on redox flow batteries and their working principles.
Second, membraneless redox flow batteries are introduced, briefly detailing their background
(that is covered more in depth in chapter 2) and delving deeper into the challenges of their
design and operation. It is also identified which of them are solved within the scope of this
thesis. Finally, the content of the thesis is outlined.

1.1 Energy storage
Human prosperity depends on our capacity to harness higher amounts of energy and utilize it
efficiently. During the last century, the significant rise in living standards was fuelled with
fossil resources [1]. However, with the advent of the 21st century and growing concerns about
climate change, coupled with the declining cost and competitiveness of renewable power
sources, the electrical mix has progressively increased the share of these new technologies
[2]. Wind and solar energy, being the fastest-growing sources, are inherently intermittent [3].
Thus, the need for large-scale energy storage becomes critical to align the availability of their
generated power with energy demand [4].

Energy transition is being pushed not only technologically but also institutionally, especially
to fight climate change. Conference of the parties (COP) is the annual United Nations
Climate Change Conference (UNFCCC), where negotiators and delegates from around the
world gather to discuss climate-related issues and negotiate agreements. The COP conferences
have resulted in significant milestones, such as the adoption of the Kyoto Protocol in 1997
and the Paris Agreement in 2015, which set international targets for reducing greenhouse
gas emissions and promoting global climate action. They have emphasized the importance
of reducing reliance on fossil fuels and transitioning to cleaner and more sustainable energy
sources to mitigate the impact of climate change. This integration of renewable energy sources
has led to a more decentralized and distributed energy system, where power generation occurs
at various locations, including rooftop solar panels, community wind farms, and small-scale
hydro plants.
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Figure 1.1: Wind and solar increase in global energy production [5].

Energy storage systems plays a crucial role in this new grid paradigm. They store excess
energy generated during peak times and release it when demand is high or when renewable
energy generation is low. This helps stabilize the grid, ensure a steady and reliable energy
supply, and maximize the utilization of renewable energy resources.

Figure 1.2: Centralized vs decentralized electricity grid system [6].

Moreover, energy storage facilitates the integration of renewable energy into the grid, as it
enables grid operators to overcome the challenges posed by variable generation. By deploying
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energy storage systems strategically, grid operators can optimize the use of renewable energy,
reduce curtailment (wasting excess renewable energy), and enhance the grid’s flexibility and
resilience.

Figure 1.3: Daily supply and demand with storage of renewable energy, 11–17 July 2007,
Minnesota as referenced in [7].

At the same time, COPs have also emphasized the importance of electrification and the
decarbonization of various sectors, such as transportation and heating. The new grid paradigm
envisions a shift towards electrifying these sectors, relying on electricity generated from
renewable sources and stored in energy storage systems. This transition not only reduces
carbon emissions but also increases the efficiency and sustainability of energy use across
different applications.

Energy storage technologies are diverse, and they can be classified by their underlying
principles, which defines the form of their stored energy. The main forms are mechanical,
electrochemical, electrical, chemical and thermal.

Figure 1.4: Classification of energy storage technologies by the form of stored energy [8].
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Mechanical Energy Storage

Mechanical storage systems store energy in the form of potential or kinetic energy and they
rely on mechanical processes to convert and release stored energy as needed. These systems
have been utilized for centuries and are among the most established and efficient methods of
large-scale energy storage.

Pumped Hydro Storage (PHS) consist of two water reservoirs at different elevations. During
periods of excess electricity generation, surplus electricity is used to pump water from the
lower reservoir to the higher reservoir. When electricity demand rises or during peak hours,
the stored water is released back to the lower reservoir through turbines, generating electricity.
PHS is the most widely deployed and mature form of large-scale energy storage. It offers high
round-trip efficiency, typically exceeding 80-90%, making it an essential component of grid
stability and peak load management. PHS can quickly respond to fluctuations in demand,
acting as a reliable and cost-effective method to balance supply and demand.

Compressed Air Energy Storage (CAES) use excess electricity to compress air and store it
in underground caverns or above-ground tanks. During periods of high electricity demand,
the compressed air is released, expanded through turbines, and used to generate electricity.
CAES is another large-scale energy storage option that provides grid flexibility and can help
manage intermittent renewable energy sources. Advanced adiabatic CAES systems aim to
increase efficiency by capturing and reusing waste heat during the compression and expansion
processes.

Flywheel Energy Storage (FES) systems store energy as rotational kinetic energy by spinning
a rotor at high speeds. When electricity needs to be stored, the motor accelerates the rotor,
and during discharge, the rotor acts as a generator, slowing down and releasing the stored
energy as electricity. Flywheel energy storage provides fast response times, high power density,
and high efficiency. It is often used in short-duration energy storage applications and can
help regulate frequency and voltage on the grid, particularly during transient events.

Electrical Energy Storage

Electrical storage systems store energy in the form of an electrical or magnetic field. These
systems use various principles, such as charge separation, magnetic induction, or supercon-
ductivity. Supercapacitors store electrical energy by the separation of charges at the interface
between an electrode and an electrolyte. They store energy through electrostatic forces and
do not involve chemical reactions like batteries. Supercapacitors are known for their rapid
charge and discharge capabilities, making them suitable for applications requiring high-power
performance and short-duration energy storage. They are commonly used in conjunction with
batteries to enhance their performance.

Superconducting Magnetic Energy Storage (SMES) store energy in the magnetic field created
by a superconducting coil. The coil is cooled to extremely low temperatures, allowing it to
conduct electricity without resistance, resulting in minimal energy losses. SMES systems offer
high-power densities and ultra-fast response times, making them valuable for applications that
require quick and precise power delivery, such as improving power quality and grid stability.
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Chemical Energy Storage

Chemical energy storage involves converting electrical energy into chemical potential energy
through chemical reactions and then converting it back to electrical energy when needed.
Hydrogen is the most common compound due to its potential as an energy carrier, a source
of other storage chemicals like methane, and a feedstock for the chemical industry. Chemical
storage shows promise for large-scale seasonal storage required for future high levels of
renewable energy generation and applications that benefit from its high energy density.
However, it has drawbacks, such as low energy efficiency in successive conversion steps.
Electrolyzers and fuel cells are essential in hydrogen energy conversion. Electrolyzers use
water electrolysis to produce and store hydrogen, while fuel cells generate electricity through
redox reactions of fuel (hydrogen) and oxidant (oxygen). Fuel cells offer high theoretical
energy densities (over 400 Wh kg-1) but have low power density (60 W kg-1), limiting their
energy storage applications. Their specific energy cost is low due to external tank storage.
However, the need for two reactors and expensive electrochemical cells hinders their feasibility
and efficiency.

Thermal Energy Storage

Thermal energy storage is a method of storing and releasing thermal energy for later use.
Aquiferous systems store thermal energy by injecting water into an underground aquifer
during the cooling season and extracting it during the heating season. The stored water acts
as a thermal reservoir, absorbing or releasing heat as needed. ATES is commonly used for
heating and cooling buildings, providing a sustainable and efficient solution for temperature
regulation.

Cryogenic thermal energy systems store thermal energy in the form of cryogenic fluids, such
as liquefied air or nitrogen, at extremely low temperatures. During the discharge phase,
these cryogenic fluids vaporize and expand, releasing stored energy. It is employed in various
industries, such as Liquefied Natural Gas (LNG) plants, where excess cold energy during
liquefaction is stored and later used for power generation or cooling.

Phase Change Material (PCM) store thermal energy by undergoing a phase change (e.g., solid
to liquid or liquid to gas) at a specific temperature. During charging, the PCM absorbs heat
and changes its phase, and during discharging, it releases heat while transitioning back to its
original phase. PCMs are used in building envelopes, solar thermal systems, and electronics
cooling to maintain temperature stability and enhance energy efficiency.

Concentrated Solar Power (CSP) concentrate sunlight onto a receiver, heating a heat transfer
fluid (e.g., molten salt or oil). The hot fluid is then stored in a thermal energy storage
system and used to generate steam, driving a turbine and producing electricity when needed,
including during periods without sunlight. CSP with thermal energy storage is utilized in
large-scale solar power plants to provide continuous and dispatchable electricity generation,
even after sunset, improving grid stability and renewable energy integration.
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Electrochemical Energy Storage

Electrochemical energy storage systems are a class of energy storage technologies that utilize
reversible electrochemical reactions to store and release energy. These systems involve the
conversion of electrical energy into chemical energy during charging and the reverse process
during discharging.

Lead-acid batteries use lead plates as electrodes and a sulfuric acid electrolyte to store energy.
During charging, lead oxide and lead react to form lead sulfate and store electrical energy.
During discharging, lead sulfate is converted back to lead oxide and lead, releasing stored
energy. Lead-acid batteries are commonly used in automotive applications, backup power
systems, and renewable energy storage for smaller-scale applications.

Nickel-based batteries, such as nickel-cadmium (NiCd) and nickel-metal hydride (NiMH)
batteries, use nickel-based compounds as positive electrodes. During charging, nickel oxide or
hydroxide is formed, and during discharging, it reverts to nickel ions, releasing stored energy.
NiCd batteries were widely used in portable electronics, but their use has declined due to
environmental concerns. NiMH batteries are still used in some consumer electronics and
power tools.

Sodium-based batteries, such as sodium-sulfur (NaS) batteries and sodium-ion batteries,
use sodium compounds as active materials. During charging, sodium ions are stored in the
anode material, and during discharging, they migrate to the cathode, releasing stored energy.
Sodium-ion batteries are being researched as potential alternatives to lithium-ion batteries
for large-scale energy storage due to the abundance of sodium.

Lithium-ion batteries use lithium-based compounds (e.g., lithium cobalt oxide, lithium iron
phosphate) as cathode materials and carbon-based materials as anodes. During charging,
lithium ions move from the cathode to the anode, and during discharging, they move back
to the cathode, releasing stored energy. Lithium-ion batteries are widely used in portable
electronics, electric vehicles, renewable energy storage, and grid-scale energy storage due to
their high energy density and efficiency.

Redox Flow Batteries (RFBs) store energy in chemical solutions (electrolytes) in separate
tanks. During charging and discharging, the electrolytes flow through electrochemical cells,
where reversible redox reactions occur, converting chemical energy to electrical energy. This
technology is the base for the microscale membraneless reactors explored in this thesis, and it
is further discussed later on. They are suitable for large-scale energy storage applications,
especially in grid-scale storage and renewable energy integration, due to their scalable and
flexible nature.

Hybrid Flow batteries combine aspects of RFBs with other types of electrochemical cells. They
use different active materials for the positive and negative electrodes, leading to improved
energy density and performance. They are being researched as potential solutions for long-
duration and high-power energy storage applications.
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1.1.1 Redox Flow Batteries

This technology has been exploited for the last few decades and it is experimenting a remarkable
increase in interest, but its research and development process has been ongoing since the
beginning of the previous century.

During the first half of the 20th century there were several experiments of systems using
metal-ion couples for energy storage. For example, Kangro’s experiments [9], particularly in
the late 1950s, using redox pairs as chromium, iron, titanium, and chlorine showcased the
reversible nature of the electrochemical processes, as metal ions transitioned between different
oxidation states. Although these early experiments were conducted on a relatively small scale,
they provided crucial insights into the principles of redox reactions as a means of storing and
releasing energy.

Similarly, Piper’s work [10] delved into the exploration of iron-based redox reactions as a
potential avenue for energy storage. Piper’s research focused on understanding the electron
transfer mechanisms. These investigations not only contributed to the fundamental under-
standing of redox reactions but also highlighted the challenges associated with efficiency and
practical application.

A significant turning point in RFB development occurred during the 1970s with NASA’s
research on regenerative fuel cells for space applications. Lawrence Thaller and his team at
NASA’s Lewis Research Center investigated RFBs that could store energy for space missions
[11]. Their work led to the development of the first practical redox flow battery, which utilized
a chromium and iron couple, and first introduced the term “redox flow battery”.

In the late 1980s, Dr. Maria Skyllas-Kazacos, an Australian researcher, made significant
contributions to the advancement of RFB technology [12]. She introduced the use of vanadium
as a symmetric redox couple (symmetrical redox flow battery makes that physical crossover
of electro-active species does not result in permanent battery damage and simplifies charge
rebalancing). Vanadium Redox Flow Batteries (VRFB) designs use four different oxidation
states on carbon-based electrodes. This work refined the design of the VRFB and investigated
various chemistries, including the use of sulfuric acid and other supporting electrolytes.
Her research laid the groundwork for the commercialization of VRFBs and their potential
applications in large-scale energy storage systems. Vanadium is now the most common
electrolyte in these applications.

After this significant milestone, the research on RFBs gained momentum and expanded into
various directions. One significant direction of research involved optimizing RFB designs and
system components to enhance overall efficiency and durability. This included developing
advanced electrode materials, ion-selective membranes, and flow cell configurations that could
enhance reaction kinetics, minimize crossover, and improve energy conversion efficiency.

Furthermore, research efforts aimed at addressing challenges related to scalability and cost-
effectiveness. As RFBs moved from lab-scale demonstrations to practical applications, re-
searchers worked on developing manufacturing processes that could produce reliable and
cost-efficient components for large-scale deployment.

The integration of RFBs into renewable energy systems, grid applications, and microgrid
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scenarios also gained attention. Researchers aimed to demonstrate the compatibility of RFBs
with intermittent renewable energy sources, such as solar and wind, by enabling energy storage
and grid stabilization. This work contributed to the RFB’s role in enhancing the reliability
and resilience of modern energy infrastructure.

Simultaneously, efforts were directed towards optimizing system control, monitoring, and
management to ensure efficient operation and maximize the lifespan of RFB systems. The
development of sophisticated control strategies, state-of-charge estimation algorithms, and
predictive maintenance techniques further improved the overall performance and economic
viability of RFB installations.

However, research of non-vanadium chemistries has continued. Different redox-active species,
such as organic molecules [13], metal ions, and other transition metals, are currently being
developed at laboratory scale, and used in new non-aqueous [14] or hybrid solutions [15].
These efforts aim to identify chemistries that could offer improved performance characteristics
while potentially reducing material costs.

Other remarkable research lines are the use of redox mediators [16] that use a solid active
material introduced into the external tanks in order to increase energy density, or the concept
used in this thesis of membraneless reactors for redox flow batteries.

Redox Flow Batteries Working Principles

It has already been introduced that RFBs consist of two electrolyte solutions containing
different redox-active species. Electrolytes contains a pair of redox couples: one species capable
of being oxidized (losing electrons, gaining positive charge) and another species capable of
being reduced (gaining electrons, losing positive charge). These redox couples should undergo
reversible reactions with minimal degradation over many charge-discharge cycles.

An RFB cell typically consists of two compartments separated by an ion-selective membrane.
Each compartment contains one of the electrolytes with its corresponding redox species. The
electrodes, usually made of porous materials are placed in contact with the electrolytes on
either side of the membrane.

During the charging process, electrical energy from an external source is used to drive the
redox reactions. At the positive electrode, the positive species in the electrolyte undergoes
oxidation (vanadium goes from oxidation state 4+ to 5+), releasing electrons and forming an
oxidized species. Simultaneously, at the negative electrode, the species in the other electrolyte
undergoes reduction, gains electrons and forming a reduced species (vanadium goes from
oxidation state 3+ to 2+). This process store energy in the form of an electrochemical
potential. These reactions are represented in the following expressions:

V (V )O2 + 2H+ + e− → V (IV )O2+ + H2O E0 = 0.99V (1.1)

V 2+ → V 3+ + e− E0 = −0.26V (1.2)

The ions (protons) generated during the redox reactions move through the ion-selective
membrane that separates the two compartments. The membrane allows only ions to pass
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Figure 1.5: RFB structure during charge process [17].

Figure 1.6: Detail of reactions taking place in the RFB cell during charge [18].

through, preventing the mixing of the two electrolytes. This movement of ions balances the
charge and maintains electrical neutrality in both compartments.

During discharge, the process is reversed. At the positive electrode, the positive species in
the electrolyte undergoes reduction (vanadium goes from oxidation state 5+ to 4+), gaining
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electrons. While at the negative electrode, the species undergoes oxidation, donating electrons
(vanadium goes from oxidation state 2+ to 3+). This process releases energy in the form of
an electric current.

The reactions take place at the electrode surface, so its active area is directly proportional
to the amount of species that react per unit of time, and therefore is a key element defining
cell power. Electrodes are typically carbon based to not be damaged by the acid media of
the electrolytes [19]. Also, the electrode electric conductivity conditions the internal ohmic
resistance, together with the contact between these electrodes and the current collector that
drives electrons out of the reactor to the electric circuit. There is also a trade-off between
active area (usually linked to material porosity) and pumping consumption, as the energy
needed for pumping the liquids may increase significantly [20].

The hydraulic system of the battery keeps the electrolytes at the cell being continuously
renewed with new liquid from the tank. This is made using pumps which inherently increase
energy losses and which operation conditions system efficiency. However, this liquids flow
provides RFB with the capacity of decoupling energy capacity and power, which is one of
the significant advantages of this systems. The amount of energy stored is determined by
the volume of the electrolyte tanks, allowing for easy scalability and adjustment of capacity
without affecting power output, which is defined by reactor design and number of them.
This also makes RFBs suitable for applications requiring long-duration energy storage, as
electrochemical potential in the tanks can be isolated one from an another, and therefore
energy preserved.

Their intrinsic properties make RFBs able to undergo numerous charge-discharge cycles
without significant degradation, making them suitable for applications requiring frequent
energy storage and retrieval. This is caused by the mentioned symmetry of the electrolytes
for the vanadium case, where liquid mixing between the circuits causes state of charge loss
but not a permanent damage to the electrolytes. This mixing can happen because membrane
damage or just during normal operation, as these membranes have certain permeability
to the species, and this permeability is also different between them, so that the reagents
concentrations become unbalanced over time. Rebalancing the tanks by mixing completely
them and compensating their volume to be equivalent would make the battery electrolytes
ready to be used again.

Besides pumps, that require a preventive maintenance, membrane are the elements that suffer
the most damage. As the polymeric membrane is continuously exposed to the oxidative
and acidic environment of the vanadium electrolyte it may suffer deterioration over time.
This deterioration results in poorer membrane selectivity towards vanadium permeability,
which causes faster discharge times and less efficiency of the battery [21]. The quality of
the membrane also determines internal electric ohmic resistance of the cell, which not only
increases energy losses but also limits maximum power of the reactor. This resistance is related
with ionic conductivity, which increases with larger pore size, higher pore interconnectivity,
lower thickness, and higher hydrophilicity [22]. The lower resistance can result in higher
voltage efficiency, but if it also leads to lower selectivity it may sacrifice columbic efficiency.

All cited membrane casuistic makes them be responsible of much share of the battery system
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costs. Total system costs can be divided in capital cost and life cycle cost that include
operation and maintenance, replacement and end of life costs. The membrane percentage cost
can reach more than 40% of the capital cost [23]. Total costs are a critical point for battery
selection criteria for industrial applications and therefore should be carefully analysed.

Figure 1.7: The cost breakdowns of all-Vanadium battery systems [23].

Life cycle cost takes into account not only the initial capital investment but also the ongoing
costs associated with the entire life span of the RFB system. These costs are subject to
more different factors and their analysis methodologies are more diverse [24]. This includes
operational and maintenance costs, as well as replacement of components that might wear
out over time, so preventive maintenance becomes indispensable. Another forward approach
for saving life cycle costs is increasing efficiency. RFBs energy efficiency depends on factors
such as redox couples, electrode materials, and system design, so optimizing these aspects
can improve overall performance.

Other important share of capital cost is represented by active materials. Therefore, capital
costs can not only be decreased with reductions of cell stack materials costs, but also with
higher power densities. The power density can be raised using other chemistries and also
increasing species concentration in the electrolyte. This concentration is defined by redox
species solubility, as high concentrations reach a limit where solid precipitation occurs [25].
Although there are efforts in improving its solubility and stability, vanadium solubility is
low and it results in specific energy densities around 20-25 Wh kg-1, which is substantially
lower than other technologies [26]. This limits its applications and is another reason why it
has been implemented for stationary solutions, as integration with renewable energy sources,
where space is not so limiting.

To summarize, RFBs are battery system that need a complex operation system, and which
energy density is limited. Nevertheless, they offer a low degradation, high cyclability, long
cycle life and safe solution, that do not suffer at high depths of discharge, that can be
rebalanced to regenerate its electrolytes, and a flexible solution as they are highly scalable,
cost-effective and their energy and power are decoupled.

A comparison of its main properties with respect to other extended battery technologies is
provided in the following table.
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Battery Type VRFB Lithium Lead Acid NiCd Ni-MH
Life Span 15-25 years 3-5 years 2-3 years 5-7 years 7-10 years

Power-Energy Decoupl. Yes No No No No
Number of Cycles 10,000+ 1000-2500 300-700 300-1000 700-2000

Depth of Discharge 100% 80% 50% 50% 40-50%
Energy Density (Wh/l) 20-25 300-600 50-90 50-70 40-75

Cost ($/kWh) 200-400 120-300 600-1000 400∼ 83∼
Operational Risk Low Mod.-High Moderate Moderate Moderate

Coulombic Efficiency 80-95% 95-99% 70-85% 70-90% 95-98%
Energy Efficiency 75-90% 85-95% 70-80% 70-80% 80-90%

Table 1.1: Battery technologies comparison. Own elaboration based on
[27],[28],[29],[30],[31],[32]. Note that values are approximate to give a comparative
reference since the sources differ from each other and the technologies are in continuous
evolution.

1.2 Membraneless Redox Flow Batteries
RFBs are already implemented in many large-scale applications, and they can be considered
a mature technology. However, research is currently not limited to improve performance
of these designs and their integration, but also different alternatives are being studied [33].
These alternatives include the research of chemistries beyond vanadium (inorganic such as the
bromine-hydrogen RFB [34], or organic such as the methyl viologen–TEMPO designs [35]).
Another line of research is the inclusion of solid materials, such as the already mentioned
mediators/boosters [36] or using suspension of solid particles to increase power density [37].
Alternative reactor concepts and configurations are also being studied, pursuing to surpass
traditional RFB limitations, such as manufacturing and materials costs, energy density or
resistive physical barriers.

Membraneless redox flow batteries are one of these remarkable designs that can extend
traditional RFB properties. They are defined by their reactor lacking a physical barrier
between the two electrolytes, this is removing the ion selective membrane. There are two
main strategies for maintaining electrolytes separated even without this barrier, the use of
immiscible liquids for the electrolytes and the use of laminar flow.

Immiscible concepts rely on the use of a biphasic system that is constrained by the chemistries
used for the redox species and their solvent properties. Therefore, this concept can also be
applied to certain chemistries, which excludes for example the all-vanadium one.

Laminar flow allows to create an interface of two liquids through a channel. This interface
allows to keep the two electrolytes separated and to dispense with the membrane. Microfluidics
operate with laminar flows and is a field that has raised interest and progress in the recent
years. Together with advances in microfabrication has allowed to create micro scale reactors
and RFB designs without membrane, extending traditional concepts properties. This concept
has no chemistries limitations, and although it should be adapted for each specific liquid
properties it can be used with the most common species. Such is the case for vanadium that
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Figure 1.8: a) Schematic representation of a membraneless battery design based on immiscible
redox electrolytes b) Membrane-free flowbattery with a horizontal design to favor the formation
of the two immiscible phases [38].

is the most extended and is the one used in this thesis.

Figure 1.9: (Left) Schematic of the microfluidic reaction cell with electrolytes interface
(diffusion is not depicted) and electrodes. (Right) Actual cell during operation.

Microfluidic membranesless RFB benefit from avoiding membrane use, hence, saving the high
costs of this element, reducing electrical internal resistance, and increasing power density.
Moreover, there are advantages of using a microfluidic scale reactor: higher surface to volume
ratio, enhanced mass transport and more flexible design.

It has been mentioned that traditional RFB can be scaled-up for large scale applications. How-
ever, scaling down their design for smaller grids integration is more complex. Microfabrication
of membranelles reactors can overcome this limitation by reproducing and stacking multiple
single simple reactors. It also provides miniaturization and on-chip integration capabilities,
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and a simpler and cheaper manufacturing method.

Microfluidic membraneless RFB face some intrinsic problems as diffusive self-discharge and
mixing within the reactor, or distribution of the reactants among the stacked cells. However,
the factor that has been limiting their performance the most has been the imprecise microfluidic
operation. The lack of proper microfluidic instrumentation and complete fluid-dynamics
modelling is responsible for this. As it is further reviewed in Chapter 2, state of the art works
have been using imprecise instrumentation such as syringe pumps, in an open-loop control
strategy that does not allows to adapt liquid flows at the reactor. Obviously, these strategies
do not rely on any microfluidic modelling. What is more, proper fluidic operation influence
on electric response has not been modelled in previous works. This has caused that it has not
been reported before any work that both continuous recirculates electrolytes and is able to
make a complete battery operation (charge and discharge).

This works covers the mentioned problematic. Hence, it presents for the first time and electric
model, including an equivalent electrical circuit for future integration and an analysis of
the fluid dynamic influence on this electric response. It also provides a microfluidic model
that represents electrolytes flow within the reactor and their response to active elements
instrumentation of the microfluidic circuit. This adaptive model considers inherent microfluidic
variability and stochasticity. Finally, it presents several control strategies based on this model
to assure that microfluidic operation is optimal for the battery, using the electrical model to
analyse quantitatively them.

These efforts have led the project where this thesis takes part to become the first reported
microfluidic membraneless complete battery, able to recirculate electrolytes for several charge
and discharge cycles.

1.3 Thesis Outline
In summary, the main ideas that motivate this thesis are:

• Climate change and energy transition is accelerating the adoption of renewable energy
sources. Wind and solar sources are experiencing the faster increase in their deploy.

• These are intermittent energy sources that need energy storage solutions to synchronize
production and demand, stabilizing the grid.

• Redox flow batteries have properties such as power-energy decoupling, high cyclability,
low degradation, high depth of discharge, scalability, cost-effectiveness and long cycle
life, that make them an excellent solution to work with this intermittent energy sources.

• Redox flow batteries have some limitations such as low energy and power densities
that are trying to be extended with different approaches. One alternative concept is
membraneless redox flow batteries, which can also benefit from saving material and
manufacturing costs.

• Microfluidic membraneless redox flow batteries rely on a precise control of the liquid
interface by adjusting the electrolytes flows to keep them separated.
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• There are no existing models of the microfluidic dynamics and influence on the electrical
response, which has led to inappropriate microfluidic instrumentation use and operation.

The research questions that this thesis tries to solve are:

• is it possible to obtain an equivalent electrical model of these batteries that includes
microfluidic influence on its electrical response?

• is it possible to obtain a microfluidic model that reproduces electrolytes flow behaviours
in the reactor from instrumentation operation?

• is it possible to design control strategies that optimize microfluidic operation based on
previous dynamic modelling and evaluate and compare them with the electrical model?

In this context, this thesis explores a methodology to obtain an electrical equivalent circuit,
and electrical and microfluidic dynamic models, design microfluidic control strategies and
evaluate their suitability. It is divided in the following chapters:

• Chapter 2 studies the state of microfluidic membraneless RFB, general RFB existing
models, modelling identification techniques, and control design methods.

• Chapter 3 explains the system configuration used in this work, and the instrumentation
selected. It also explains the electronics development needed for its operation and the
hardware and software implementations made.

• Chapter 4 proposes a new equivalent electrical circuit for membraneless RFB. It also
analyses the influence of microfluidic operation on three key metrics of the electrical
model (power steady state, power dynamics and mixing and self-discharge losses).

• Chapter 5 introduces equations that model microfluidic dynamic response. It proposes
an adaptive modelling methodology where these equations are corrected in real time
with some factors that account for stochasticity. The real time estimation filter for these
factors is also explained.

• Chapter 6 present different control strategies for microfluidic control. It is studied
keeping electrolytes at maximum flow renovation, traditional model-free strategies, or
advanced techniques using the proposed microfluidic model from Chapter 5.

• Chapter 7 details the performance of the different control strategies, evaluating and
comparing them based on the electrical modelling of Chapter 4.

• Chapter 8 summarizes the contributions, future work and the importance of the work
presented in this thesis.
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Chapter 2

Study of the state of the art

This chapter details the state of the art in the topics concerning this works. Therefore, it
reviews the main microfluidic membraneless redox flow batteries, describing their reactor
cell designs and their system instrumentation and operation. It also explains existing RFB
models, divided in the physical process they represent and distinguishing between microfluidic
and traditional ones. Then, model identification techniques are reviewed to show the different
available modelling approaches. Finally, there is a discussion of the main control techniques in
the literature that can be applied to microfluidic control, whether or not a model is available.

2.1 Microfluidic Membraneless Redox Flow Bateries
Microfluidic membraneless RFB have been a disruptive design that has showed interesting
performance metrics at the laboratory scale for the last two decades. Here, it is presented a
review of the main works in this technology, explaining how their reactor design, and with
special focus on their operation, describing the pumping system (its instrumentation and
configuration).

It should be noted that some of the microfluidic membraneless reactors are described as “fuel-
cells” even when their chemistry (redox couple species) could operate in charge-discharge cycles.
This is because they only use these redox species as fuels that discharge through the reactor
in a single pass. They are limited by its own reactor design and mainly by the microfluidic
system that is not able to control a continuous recirculation. This is a clear indicator of the
need to develop a more precise microfluidic system, including its instrumentation, modelling
and control.

2.1.1 Previous Designs: Cell Reactors and Microfluidic System
First Reactor Design with Planar Electrodes (Syringe Pumps at the Inlets)

The first development of a microfluidic electrochemical reactor removing membrane by using
flow streams in a laminar regime was presented by Ferrigno et al. [39] in 2002. This
development was inspired by the use some years before of these low Reynolds number flow
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streams for microfabrication [40]. This first electrochemical reactor used vanadium pair
(charged in states 5+ and 2+) as a fuel to be discharged through an “Y” shaped channel with
planar electrodes.

Figure 2.1: Shematic design of the first microfluidic membraneless cell, presented by Ferrigno
et al. in [39].

It can be observed that this reactor design mixes the two electrolytes after being discharged
through the electrodes. This means it can only be used to discharge and in a single pass, as
the amount of charge left after this single discharge is lost when liquids mix at the output.
Therefore, although using vanadium as chemistry the scope of the work is only to prove it as
a fuel-cell, explicitly explaining that coupled regeneration of the fuels is not demonstrated.

The microfluidic system for this work operation is only described as using alternatively syringe
pumps or gravity for injecting the solutions at the inlets. Therefore, there is not any control
of the laminar interface and its proper positioning within the reactor. This, together with the
use of low active area planar electrodes, makes that using three of these cells only supplies
192mW/cm2, the amount of power used to light a Light Emitting Diode (LED).

Other Design using Planar Electrodes (Syringe Pumps at the Inlets)

Two years later, in 2004, work by Choban et al. [41] used the same “Y” shaped reactor to
operate as a conventional hydrogen fuel cell, using formic acid as the fuel. The electrodes
were also plain but in this work were catalyst covered. It explained the formation of depletion
boundary layers near the electrodes, as well as the diffusional crossover.

Although this design removed all typically associated to the proton-exchange membrane (PEM)
as drying out, it questioned the viability for practical applications, due to fuel conversion
efficiency and to pumping and recirculation issues. These issues, together with the mentioned
depletion and diffusion layers formation, make the authors explicitly highlight the need for
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Figure 2.2: Schematic of the membraneless fuel cell [41], with regions of fuel/oxidant depletion
and diffusional fuel/oxidant crossover indicated (not drawn to scale). Double syringe pump
PHD2000 by Harward Apparatus also represented to show injection at the inlets.

a precise microfluidic control. However, the microfluidic setup only consisted again in the
technology available at that time, the use of syringe pumps at a fixed injecting speed in
an open loop. They used the model PHD 2000 of Harward Apparatus working 0.3 and 0.8
ml/min.

First use of Porous Elctrodes (Syringe Pumps at the Inlets)

Other remarkable work in fuel cells was [42], in 2005. Although again being adjusted to work
as a traditional fuel cell with formic acid, the importance of this design for membraneless
microfluidic reactors is being the first to use porous electrodes. Particularly, it used a Gas
Diffusion Electrode (GDE) at the cathode, in an attempt to avoid limitations of oxygen
solubility in the oxidant. It increased the current density until 130 mA/cm2 using an “F”
shaped reactor where two liquids enter the cell from one side and are mixed at the output,
preventing any possible recirculation. The “F” shaped reactor tries to help to avoid that one
electrolyte reaches the opposite electrode, as the microfluidic system is limited again to use
the same PHD2000 Harward Apparatus syringe pumps.

Graphite Rods within the Channel (Syringe Pumps at the Inlets)

Next development continued with the idea of migrating from planar electrodes to three
dimensional structures. This was the case for the first design by Kjeang et al. group [43]
where 0.5mm graphite rods formed an array within the cell cavity. There, they were used as
electrodes and also as separators as some of them were not electrically connected at the end
plate. This central rods space is the path for the co-laminar flows of the electrolytes, that
were again vanadium as in the first microfluidic reactor in [39]. This design demonstrated an
increase of almost one order of magnitude in power density compared to a planar electrode
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design, and reached a 78% of fuel utilization.

Figure 2.3: Microfluidic membranelss cell with three-dimensional vanadium-based microfluidic
fuel cell with the graphite rods architecture [43]

This work microfluidic setup consisted of using again syringe pumps (PHD 2000; Harvard
Apparatus, Holliston, MA) and not controlling the electrolytes at the outlets producing their
mixture and making recirculation impossible.

Flow-Through Porous Electrodes (Syringe Pumps at the Inlets)

Following this previous work, Kjeang et al. also presented a new design using three dimensional
structures, and carbon porous electrodes [44] for vanadium. It was first presented a flow-
through design where electrolyte is forced to pass through the porous electrodes before going
into the central channel where the liquid interface between them is created. This design
allows to avoid concentration boundary problems since electrochemical species are forced to
be renewed continuously. It reached an improved power density of 131 mW/cm2 and a fuel
utilization of 94%.

This design was operated using again syringe pumps PHD2000 by Harward Apparatus, flowing
in the range from 1 to 300 µl/min. The microfluidic outlet is again just one evacuating the
waste, and therefore it is not possible to recirculate and operate as a battery. However, in this
work it was first demonstrated reversible operation by using the pumping microfluidic system
in reverse, and proving that waste was converted again to the original charged electrolytes. It
reported a current density of 45 mA/cm2 in this operation mode, and it explicitly explained
that complete integration of regenerative mode and investigation of its roundtrip efficiency
“will require development of supporting infrastructure beyond the scope of this work” [44].
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Figure 2.4: Schematics of design and operation (left) of the microfluidic membraneless cell
with flow-through electrodes, and cross-sectional geometry (right) of the architecture [44]

Gold Current Collector (Syringe Pumps at the Inlets)

Next work [45] was focused on improving electrical contact of the porous electrodes to the
external electrical circuit, specifically using improved gold current collectors for the vanadium
microfluidic cell reactor of [44]. The use of this current collector induced to an increase of the
78% in power density, boosted by a decrease in ohmic contact resistance of 7.9Ω.

Figure 2.5: (a) Exploded view; and (b) assembly of the proposed microfluidic cell with gold
current collectors (not to scale) [45]

There was no improvement in the microfluidic setup of [45], using just a different model of
syringe pump (MA1 70-2209, Harvard Apparatus).

First Charge-Discharge Cycle: X shaped cell (Syringe Pumps at Inlets and
Outlets)

Improvement in the design and operation that led to the first battery mode operation (charge
and discharge) was developed in [46] in 2013. In this work the reactor structure is modified to
a dual-pass one where electrolytes go through the porous electrodes two times within the cell.
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Also, now there are two outlets so each electrolyte can remain separated at the output. This
separation at the outlet, together with the symmetric “X” structure of the cell that make
inlets and outlets interchangeable, are key to allow a charge-discharge process. This cycle for
the all-vanadium chemistry used is reported to have an efficiency of around 20%, and the
power density of the reactor is 300 mW/cm2.

Figure 2.6: Scheme of the microfluidic pumping system and annotated image of the microfluidic
redox battery operating from [46] in discharge mode.

The microfluidic system of this work incorporates syringe pumps at the outlets, withdrawing
electrolytes separately. This withdrawing syringe pumps work simultaneously with the inlet
ones, and when operation changes from charge to discharge the ones injecting start to withdraw
and vice versa. This is an approach that allows to use two single-pass operations together to
operate like in recirculation, although electrolytes are not really going back to the same tank.
Obviously, it is not possible neither to make electrolytes flow through the cell several times
for a charge or discharge alone. The use of syringe pumps also has the limitations of adding
pulsation to the flow, and working in an open-loop not having feedback of the real flow rate
produced. Flow rates used in this work are in the range 1 to 10µl/min. In conclusion, this
microfluidic system and control is still rudimentary and have problems that limit operability
and efficiency of the battery.

Design to Enhance Mass Transport (Syringe Pumps at the Inlets)

After this milestone, later designs continued to use the “X” shape for the reactor. This is the
case for [47] in 2017, where herringbones pattern structures in the cell channels are used to
enhance mass transport. This work also tests new chemistries for the microfluidic design, as
organic anthraquinone and iron as electrolytes. It obtained a peak power density of around
24,4 mW/cm2.

The operation of this design is again as a fuel cell, and therefore it only uses syringe pumps
at the inlets, and considering waste at the outlets although there are two of them, one for
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Figure 2.7: Microfluidic setup and cell from [47], with herringbone pattern promoting mass
transport, “X” shape cell structure and syringe pumps at the inlets.

each electrolyte. The model used for the syringe pumps are Cetoni neMESYS equipped with
two glass syringes (SGE Analytical Science, 25ml). Flow rates are in the range from 0.48 to
3.6ml/min.

Other X Cell Design (Syringe Pumps at Inlets and Outlets)

Other contribution is the one presented in 2017 in [48]. This is a continuation of the work
from [46], where carbon nanotubes are dispersed in the solution of the vanadium electrolytes,
boosting power densities up to 2W/cm2. The cell is “X” shape and electrolytes go through
the porous electrodes only one time in this design.

This work does not include any enhancement or difference in the microfluidic setup, using
the same structure of syringe pumps as in [46]. The model used in this work was Harvard
Apparatus MA1 70-2209, with injection and withdrawn operated in unison at flow rates
ranging from 10 to 200µl/min. However, this work does not report it usage in charge-discharge
cycles, as it is only focused on enhancing discharge power.

Theoretical studies for membraneless microfluidics reactors have also been applied, not covering
or giving any information about microfluidic setup, such as in [49].
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Figure 2.8: Real time image from [48] of the cell discharging the vanadium electrolytes.

Other Chemistries for Flow Batteries (Peristaltic Pumps at the Inlets)

Since the work from [46], there has been other works using different approaches as not using
vanadium but other chemistries. This is the example of [50] that uses bromine/hydrobromic
acid as the oxidant through a porous media and hydrobromic acid solution flowing through
an open channel.

The microfluidic setup of this work does not use syringe pumps but regular peristaltic pumps
(Harvard Apparatus, MA), which introduce much more pulsation. Nevertheless, this kind
of pump could be used for recirculation, although in this work it was used a single pass for
charge and another single pass for discharge. The flow rates used are from 0.6 to 2ml/min.

Other recent work using other chemistry is [51], consisting in a Hydrogen-Iron battery. In this
work one of the reaction components is a gas (the hydrogen), so there is a liquid-gas interphase
to control at the cell. This work also uses a peristaltic pump (Cole Parmer Masterflex L/S)
for the liquid electrolyte.

Other Microfluidic Reactor Examples (Capillary flow)

Other later examples of microfluidic membraneless reactors worth mentioning are electrolyzers
[52], metal-air batteries [53], or paper-based electrochemical flow cells [54]. These designs
use capillary forces for self-pumping reactant flows, so the reaction volume is limited by the
absorbent pad capacity.
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Figure 2.9: Schematic of the flow battery architecture demonstrated in [50], with dotted lines
indicating the possibility of using the peristaltic pumps for recirculating.

Figure 2.10: Membraneless microfluidic rector used in [54] with absorbent pad to create a
capillary flow.
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2.2 Redox Flow Batteries Models
Membraneless microfluidic redox flow batteries are complex systems that can benefit from a
precise modelling of their processes. In this section, it is studied the existing models in the
state of the art, applied to different relevant dimensions of these batteries.

Models refer to microfluidic membraneless works, but there are references to other conventional
RFB works in case the discussed dimension has not been thoroughly studied, and these
conventional models are the closer examples.

2.2.1 Electrochemical
Battery performance is mainly described by the electrochemical process during charge and
discharge, storing and releasing energy in an electrical-chemical energy conversion. Therefore,
most of works are focused on this dimension when presenting a new reactor design or
demonstrating an enhancement on existing ones.

Here, main used methodologies for these electrochemical models, together with several
examples of applying them are described. The main electrochemical processes modelled are
fluid flows for concentration profiles, mass transport (species transportation), and the diffusive
mixing in self-discharge reactions, which described together can model the electrochemical
response of the microfluidic RFB and the evolution of its state of charge.

Fluid Flows for Concentration Profiles

Reactor concentration profiles are usually modelled with a 2-dimensional approximation of
the cell geometry. This geometry tries to model the concentration of the species in the liquids
interface and at the walls/electrodes where depletion zones appear.

Finite elements methods are used to numerically obtain solutions to the model where analytical
expressions for the reactions and the boundary conditions are used. Concentration profiles
use fluid flow Computational Fluid Dynamics equations (CFD) for a representation of the
distribution of the liquids within the cell.

The equations defining the analytical solution are standard steady-state continuity and
Navier-Stokes equations for incompressible flow with constant physical properties.

∇.v⃗ = 0 (2.1)

∂v⃗

∂t
+ (v⃗.∇v⃗) = −1

p
∇p + µ

ρ
∇2v⃗ (2.2)

When porous electrodes are used, the Darcy equation for continuity and momentum becomes
relevant:

∇.p = − µ

K
.v⃗ (2.3)
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In these expressions v is the superficial fluid velocity vector, p is the pressure in the liquid, µ
is the dynamic viscosity and K is the permeability of the electrode material in the in-plane
direction. Some examples of works using this CFD numerical methodology are [49], [55], [56].

Figure 2.11: Schemes of fuel concentrations profiles at different flow rates from the model
from [56].

Mass Transport

Mass transport of the species is modelled expressions that represent diffusion of the species
within the electrolytes, its concentration, the velocity components (from the fluid flow model
part), and the electrochemical potential from the reaction. These reactions are again for the
vanadium case:

V (V )O2 + 2H+ + e− → V (IV )O2+ + H2O E0 = 0.99V (2.4)

V 2+ → V 3+ + e− E0 = −0.26V (2.5)

Then, for diffusivity there are more than one option, as the model of diluted species with
constant diffusivity, used in [49] and [57], that is based on the statement:

v.∇.c = 4
Pe

.∇2c (2.6)

Where c is the dimensionless molar concentration of the species and Pe is the Péclet number.
The convection-diffusion equation for each species is defined in works as [58] with the equation:

∂ct

∂t
= −∇ − [Di∇ci + ci.u] (2.7)

where ci is the concentration of the ith species, t is the time, Di is the diffusivity of the ith
species and again v is the velocity flow field. Then, boundary conditions of the concentration
are defined depending on each reactor design, including fixing the constant concentration at
the inlets or concentration impermeability at the walls.
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Figure 2.12: Scheme of a reactor with the mass transport of the species represented with
colours and distances of the reactor indicated, from [49].

The transportation of mass relies on these convection and diffusion mechanisms, so various
approaches benefit from these models to enhance this transport. This may include raising the
mean flow velocity and reactant concentrations, minimizing the average distance a reactant
molecule needs to travel to reach the electrode surface, or utilizing reactant species with
higher diffusivity [59]. In cases where mass transfer is restricted by a depletion boundary layer,
this limitation can be rapidly restored by increasing the flow rate, especially in single-pass
systems. This higher flow rates also aid in the removal of bubbles. However, there’s a limit to
increasing flow rates to maintain laminar flow conditions. Fuel crossover can also be analysed,
together with its diffusive mixing zone.

Introducing new flow configurations for fluids reaching the electrodes offers an avenue for
enhancing fuel utilization and power density within the cell. Several works on mass transport
use the knowledge and conclusions from these models to perform a geometry optimization
such as in [60].

Diffusive Mixing in Self-Discharge

Estimation for the crossover rates can help complete the electrochemical modelling of the
microfluidic membraneless RFBs. These losses can be explained by the combination of active
species diffusion and homogeneous self-discharge reactions [61], and some works include this
mechanism as part of the electrochemical model.

Diffusive mixing is studied partially when analysing mass transport, but it is usually limited
to the charge/discharge associated reactions. Nevertheless, there is a diffusive mixing region
between the two laminar flows. For the microfluidic membraneless case, assumptions made
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for the conventional models that this self-discharge is instantaneous [62], [63], [64] or is not
considered [65], are not enough. Proper modelling of this process can help understand how
design and operation can be enhanced.

Figure 2.13: Schematic of a reaction cell with planar electrodes and detail of the studied
mixing region in a 2-dimensional model in [61], where effects of the self-discharge diffusion on
concentration change are indicated.

Experimental measures of the crossover losses have been made in order to complete and
validate the models. For example, in [66] experimental measurements were performed to
study the viability of the reactant recirculation. These measurements are repeated at different
equal inlet flow rates and state of charges. The measurements of the self discharge loss are
made using open circuit potential (OCV) values from a saturated calomel reference electrode
(SCE, Fisher Scientific) and compared to previously measured titration curves. This OCV
measurements have limited precision due to impurities in the reference electrode, temperature
variations and the instability of its potential [67],[68].

2.2.2 Hydraulic
This section is focused on the models representing hydraulic behaviour along all the liquid
circuit, from the tanks to the pumping method and through the reactor. Note that in previous
section electrolytes behaviour within the reactor has been already discussed, but considering
ideal flow at the inlets and not disturbances or pressure differences at the outlets.

This topic has not been studied in depth for the microfluidic case, since published works
relevance was acquired by enhancing the reactor properties, and consequently the efforts
have been made to improve its inside flow distribution. Models considering how the pumping
system can help to maintain this proper distribution have not been reported previously.

However, for any device that uses pumping liquids, as any RFB, pumping power and active
fluidic modelling are very relevant. Conventional RFB models are the most similar reference
available, so they are used for these state of the art description when microfluidic membraneless
are not available.
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Figure 2.14: Experimental measurements of the self-discharge losses from [66], at different
equal inlet flow rates from 0.1 to 300 µL/min and at 90% states of charge.

Pumping Power

Pumping power models use pressure drop metrics and pumping power curves for modelling
power consumption and optimization. Microfluidic membraneless RFB works have studied
the first ones, pressure drop of the cell and how it changes in its different designs. Specifically,
it has been analysed in the context of using porous materials for the electrodes [69]. In this
work, a channel width optimization of pressure drop losses versus ohmic electrical losses
between electrodes is also given.

Equations defining pressure drop are Navier-Stokes (2.2) and the Brinkman equation, that
states:

ρ(v.∇)v 1
ϵ2 = −∇p + µ

ϵ
∇2.v − ( µ

K
+ βϵρ |v|)v, β = ci√

K
(2.8)

where, v is the superficial flow velocity, p is the pressure, ρ is the density, µ is the dynamic
viscosity, ϵ is the porosity, K is the permeability of the porous medium, and Ci is the
concentration of the ith species (mol/m3). Therefore, it can be deduced that the power loss
due to the pressure drop of the porous media is:

Ppd = µA |v|2 h

K
(2.9)

where |v| is the average velocity of the reactant entering the porous area, A is the cross-
sectional area of the channel/porous electrode, and h is the length of the channel. Nevertheless,
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microfluidic works do not include in the model the active pumping element curves, that
typically show a non-linear relationship between its power consumption and the pressure drop
power to push. This is obviously highly dependent on the chosen pumping system and the
active elements, which as it has been discussed has been typically syringe pumps that are not
a valid solution for recirculating circuits.

Conventional batteries have studied abundantly this pumping losses including the real pump
power, with its performance curves and efficiency taken into account to make economic cost
estimations [70], [71].

Fluidic Control of Active Elements

For the membraneless microfluidic case, as it has been explored in the state of the art section
dedicated to its previous developments, microfluidic operation has been based in open loop
operation of pumps, with no model or feedback of the actual flow rates through the cell. Also,
analytical electrochemical models considered flowrates at the inlets and outlets ideal, with no
deviation to the desired setpoint and no pulsation. However, it is known that microfluidics
requires precise control of its active elements to obtain this proper operation, and that is
subject to high variability and stochastic processes [72], [73]. Consequently, for a precise
operation in recirculation of reactants electrolytes, with charge and discharge cycles of a
microfluidic membraneless RFB, fluidic dynamic modelling of the behaviour of the microfluidic
active elements and its effect in the cell response are needed. This is one of the motivations
and contributions of the current thesis as it is explained in subsequent sections.

Figure 2.15: Charts from [74] demonstrating battery performance enhancement from flow
rate variable operation. (Left) Different constant and variable flow configurations. (Right)
Charge-discharge reactor voltage versus time for different flow rates.

Conventional RFB use a membrane to keep electrolytes separated in the cells, however it
is still important as in the microfluidic case to control pressure of the pumping system to
make sure crossover is minimized (small volumes that cross the membrane are increased
with higher pressure differences), avoid damage in the membrane and specially to optimize
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pumps consumption. Therefore, model of this fluidic response has been done and there are
conventional works available as the only reference in literature. However, these models are not
control oriented, but more focused on power optimization. This is due to the difference between
conventional and microfluidic operation requirements, as large-scale RFB flow operation can
operate without precise control and models, and microfluidic reactors need very accurate ones.

For example, in [74] it is studied how adapting the flow rate actively can improve not only
power consumption but also cell performance, concluding the importance of a sophisticated
flow control system even for large-scale RFB. Similarly, in [75] a dynamic model strategy
for adapting the flow rate during operation is presented to optimize the power losses during
varying charge and discharge conditions.

Other example for conventional RFB is [76], where a hydraulic model including pumps
operations is presented in an space-state representation together with the thermal response.

2.2.3 Thermal
Microfluidic membraneless RFB properties make them suitable to remove heat by flowing
the electrolytes through the area to cool down. This idea of using the electrolyte has both
an energy carrier and as a coolant has been explored in some works [47],[77],[78], which are
oriented to its integration with electronic microprocessors that can benefit from both uses. In
these works, a study of the electrolytes specific heat is performed to estimate the overall heat
removal capacity.

Figure 2.16: Figures from [78], where the microfluidic RFB with heat dissipation concepts is
represented (left) and the relationship between heat dissipation and power delivered is plotted
(right).

Conventional RFB have made more exhaustive studies including thermal models as part of the
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hydraulic and efficiency analysis, and also as an electrolyte temperature estimator [76],[79].

2.2.4 Electric
Before this thesis work there was not any existent model including the electrical response or
an equivalent electrical circuit for future integration of the microfluidic membraneless RFB,
since these devices where still in a research stage where efforts where focused on improving
the reactor response. Hence, one of the main contributions of this thesis has been to propose
the first electric model for this battery type, including an equivalent electrical circuit and an
analysis of the microfluidic operation on it.

In order to make a study of the most similar existing electric models, works on conventional
RFB are presented. Equivalent circuit models of several references are presented below,
considering the structural differences with microfluidic membraneless designs.

One of these conventional models is [80], where the electric circuit includes elements including
voltage source representing cell power depending on State Of Charge (SOC), current sources
that are equivalent to diffusion and shunt losses, two set of impedances representing each
half-cell physical structure, and an auxiliar model that derives part of the output power to
the pumping system and correlates it with the SOC.

Figure 2.17: Electrical equivalent model from [80].

Similar to this model, in [81] it is proposed an equivalent circuit that modifies the two current
sources with one resistor and one current source accounting for all parasitic losses, also
changing the disposition of these loads, and joining the sets of resistances and capacitors for
each cell in just one equivalent set.
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Figure 2.18: Electrical equivalent model from [81], with two half cells equivalent impedances
joined in one equivalent group, and parasitic loads represented with one resistance and current
source.

In [82], diffusion and shunt losses are not represented with current sources as in [80], but with
resistances. Also, this works couples the electric circuit with a thermal model that modifies
the voltage source that depends on the cell SOC and temperature.

Figure 2.19: Electric and thermal coupled models from [82].

A simplified stack electric model is presented in [83], where a simple cell equivalent circuit is
repeated the same number of times as the number of cells there are.

In [84], a different approach is presented. As seen in 2.21, Ud is the open-circuit voltage of the
cell, id is the terminal current, ipump is the pump current equivalent source, Vstack is the stack
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Figure 2.20: Stack electrical model from [83] where a simple cell equivalent circuit is repeated.

voltage, Celec is the dynamic response capability, Rreac is the resistance caused by reaction
kinetics, R is the fixed resistance losses, and Rres is the resistance caused by mass migration,
membrane, electrode, and bipolar plate.

Figure 2.21: Equivalent electric circuit from [84].

Finally, the last presented model is [85], where self-discharge and shunt losses are represented
again as current sources, and internal cell resistance with RSOC . The set of impedances
also includes a resistance RCT R standing for the charge transfer resistance that can simulate
electrode degradation.
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Figure 2.22: Equivalent electric circuit from [85] for the battery, with load connected and
indications for where terminal voltage and cell current are measured.

2.3 Model Definition and Identification Techniques
Modelling can be divided using several different types of categorizations. For physical system
modelling, it can be classified depending on the prior knowledge about the system and the
experimental data used. This criterion is the one used for explaining the different possible
approaches to be applied to the microfluidic membraneless RFB. It is also important to
introduce the existing methodologies for real time adaptation of the system model, this is
filters and estimators to adjust the parameters or structure of the offline defined expressions.

2.3.1 Analytical Models
Classical definition of a system comes from using all available knowledge from the system
internal principles and defining all physical processes that are responsible for the system
behaviour. Therefore, system’s physics laws, principles, and governing equations are explored,
and an analytical solution is proposed. They are also called white-box or transparent models.
White box modelling aims to provide insights into the inner workings of a system and is often
used for in-depth analysis, optimization, and understanding causality.

This approach can be applied to multiple dimensions of the system, and often requires the
integration of more than one of these dimensions due to the coupling of the physical processes
involved. All previous existing model described in Section 2.2 used this approach to explain
at low level system processes, and as it could be deduced they are applied to electrochemical
dimensions, hydraulic, electrical, thermal, etc; or to more than one simultaneously (electrical-
thermal [82]). These models are transparent in that they provide a clear understanding of
how different factors contribute to the system’s behaviour. Also, this prior knowledge can be
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extract backwards from relationships and equations used in the model, as they are explicitly
known and understood.

Although it is based on fundamental principles, it may still involve simplifications and
assumptions to make the model mathematically tractable. Including all involved processes
would make the model not manageable, so boundary conditions are defined. These assumptions
need to be carefully considered for their impact on model accuracy. Other limitation is that
they can become complex, especially for systems with intricate interactions and nonlinear
behaviour. Simulating them may require extensive computational resources, depending on
the complexity of the equations involved.

They can provide accurate and precise predictions when the underlying principles are well
understood. However, they are still highly dependent on the assumptions made, and the
fidelity of the underlying physics. As in any model they can not represent precisely real
behaviour if input data has noise in the measurement or is biased.

White box models applicable when a deep understanding of the system’s behaviour is required
or defined mathematical equations want to be evaluated. They can be used to gain insights
on the working principles, perform sensitivity analyses, or optimize designs.

2.3.2 Blackbox Model Techniques
Opposite to the analytical approach, blackbox model techniques are based on available data
from the real system. In this approach, the internal workings or mechanisms of the system are
not explicitly known or modelled. These models use data to fit a mathematical structure that
should reproduce the output of the system when it is excited with the same input. Hence,
there is not any internal knowledge of the system that is reproduced in the internal model
definition, but it is just acting as a black box that provides the desired output for the specific
inputs. It captures the relationships between inputs and outputs without understanding the
underlying processes.

It is a strategy that has been used in various fields beside modelling, including machine
learning, deep learning and data analysis and classification.

It relies heavily on data, and the real experiment performed to collect it. The obtained dataset
contains input-output pairs from the system working in the regions to be modelled. The
mathematical representation should describe patterns, trends, and relationships in the data
that can be used to make predictions or decisions reproducing real system behaviour.

Unlike analytical descriptions, black box modelling does not aim to understand or represent
the internal mechanisms of the system using equations or known principles of its mechanisms.
It’s just concerned with mapping inputs to outputs. However, they can capture complex
and nonlinear relationships between inputs and outputs that might be difficult to represent
analytically. This makes them suitable for systems with intricate interactions.

Black box models can handle diverse types of data and problems. They can be applied to a
wide range of problems and domains, and they are not constrained by the need for explicit
expert or physical laws knowledge.
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Nevertheless, this opacity in their internal structure can be a problem when it is desired any
interpretability. Their lack of transparency makes it challenging to explain why a certain
output response was made.

Other problem, common to machine learning or any data driven fitting algorithm, is the pos-
sible overfitting. This happens when the model is configured to fit perfectly the experimental
provided to it. This can lead to measurement noise reproduction in the model, becoming
a high order dimension model that is too flexible and reproduces not desired patterns, and
makes the model bad for generalization. It can be reduced with regularization of the data,
and proper dataset selection, that cover all the workspace and divided for cross-validation.
Therefore, these models heavily rely on data quality, as inaccurate or biased data can lead to
misleading results, and its previous treatment and selection.

The mathematical structure for the model can vary. Some of the commonly used are:

• Transfer Functions: Expressions in the Laplace domain that are ratios of polynomials
relating the output to the input in a linear time-invariant system. Their structure is
defined by its number of poles and zeros, and then the blackbox model identifies their
values.

• Polynomial Models: Simple polynomial equations can be used. to capture relationships
between variables. The polynomial order is defined and then the value of each term is
identified.

• State-Space: These representation takes system in terms of state variables, input, and
output. The, the relation matrices are identified in the blackbox algorithm.

• Differential Equations: Differential equations describe how variables change with respect
to time or other variables and their derivatives. The order of the equations is defined
previous to the identification of the parameters.

• Difference Equations: Similar to differential equations, but used in discrete-time systems
instead of continuous time.

• Auto-Regressive (AR) Models: A type of time-series model where the output variable is
modelled as a linear combination of past outputs and inputs. The polynomial order is
defined and then identified.

• Moving Average (MA) Models: Another type of time-series model where the output
depends on a linear combination of past output errors and input errors.

• Auto-Regressive Integrated Moving Average (ARIMA) Models: Combines AR and MA
models with differencing that can handle non-stationary time-series data.

• Neural Networks: Artificial neural networks are used for linear and nonlinear system
identification. The structure of the network and number of neurons is defined and then
trained with a back-propagation algorithm.

• Nonlinear Differential Equations: For systems where linear models are insufficient,
nonlinear differential equations can capture more complex behaviour.
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• Wiener, Hammerstein, and Wiener-Hammerstein Models: They consist of the combina-
tion of simpler linear and nonlinear models to compose a structure that represents a more
complex nonlinear system. They can be a nonlinear model followed by a linear model,
a linear model followed by a nonlinear one, or a structure of a linear-nonlinear-linear
models respectively.

• Time-Delay Systems: System that incorporate delays to reproduce inherent time delays
in their responses.

Also, partial models can be combined to cover different working points, using fuzzy logic,
polytopic structures or other aggregation operators that follow rules or conditions to decide
with of the single model of combination of them are applicable every instant.

After the model structure is defined regression algorithms are used for the identification of
the parameters. Depending on the structure or other desired properties of the identification
some of the algorithms are: linear regression (least square method [86]), generalized linear
models (Gaussian [87], Poisson [88]), nonlinear regression [89], regularized regression (Lasso,
Ridge, Elastic Net) [90], kernel regression [91], Support Vector Regression (SVR) [92], Partial
Least Squares (PLS) regression [93], neural network regression [94].

2.3.3 Greybox Model Techniques
Greybox modelling is an intermediate solution between the analytical and blackbox model.
In this solution, some knowledge of the system is used and expressed in the mathematical
equations of the system and is corrected or completed with data driven identification.

Analytical model can be limited or imprecise for several reasons, as it was discussed in
its previous section. Therefore, completing the model for the unknown physical processes,
hidden variables that are approximated with new expressions, or parameters identification of
properties that are not accessible, can be very useful for many real practical systems [95].

Grey box models can adapt to different levels of available information. They can start with a
basic understanding and refine the model as more data is collected. They strike a balance
between the complexity of analytical box models and the flexibility of black box models to
capture intricate patterns. It also allows to leverage both domain expertise and data-driven
insights to create models that lead to better results than both approaches.

There are several ways for combining both sources of knowledge: physical laws and data. One
classification of them is provided in [96]:

• Constrained black box: It uses a black box identification where specific parameters are
constrained based on physical laws and known relations.

• Semi Physical Modelling: It uses of physical insights to transform the input and outputs
variables to new variables where the regression is applied.

• Mechanistic Modelling: Starts from fundamental knowledge of the process and then
some of the parameters are unknown and are estimated from experimental data. In
some cases, not only parameters but also some of the structures are redefined.
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• Hybrid Modelling: It is the combination of analytical and blackbox models. The
configurations can vary: serial, parallel or a combination of them.

• Distributed Parameter Modelling: Spatially distributed phenomena are important in
many chemical and biochemical processes, and include for instance any process involving
mass or energy transport by convection or diffusion. For such processes, a priori
knowledge will result in a model structure involving partial differential equations (PDE).

Greybox models use all the mathematical structures and regression algorithms already cited
for the blackbox case.

2.3.4 Real Time Filters and Estimators
Estimators and filters are crucial components in real-time correction of models to adapt
and update them based on incoming data. These techniques are often used to improve
the accuracy of predictions and ensure that the model remains relevant as new information
becomes available. They can be necessary due to model imprecision or to correct parameters
or condition that change over time in a stochastic or unpredictable way.

The primary objective of the estimation task is to reduce the error associated with state
or parameter estimation, all while maintaining resilience in the face of uncertainties and
disturbances. These uncertainties and disturbances naturally emerge during the measurement
process, stemming from instruments and environmental factors. System uncertainties, on
the other hand, typically are caused by inaccuracies in process modelling, approximations,
nonlinearity, and variations in the physical attributes of the system.

There are plenty of filters and estimating algorithms that can be used for real time correction,
as discussed in [97]. Some of the most common are detailed as follows. The choice of
estimator or filter depends on the specific characteristics of the system, the available data,
and the requirements of the real-time correction process. Each technique has its strengths
and limitations, and selecting the most suitable one requires careful consideration of the
application context.

Bayes Estimator

Bayes estimator involves using prior information, often represented as a prior probability
distribution, to make inferences about unknown parameters in a statistical model based on
observed data. Bayesian estimation incorporates prior knowledge, handles complex models,
and quantifies uncertainty in parameter estimates. It provides a principled framework for
making statistical inferences that goes beyond point estimates and probability values, allowing
for a more complete understanding of the uncertainty inherent in modelling [98].

This prior information, knowledge before observing any data, is quantified in the form of
a prior probability distribution. The prior distribution encapsulates beliefs, assumptions
or uncertainties about the parameter’s possible values. Then, a likelihood function that
represents the probability of observing the data given different parameter values is formulated.

Bayes’ theorem is used to relate the prior distribution, the likelihood function, and the
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posterior distribution. It is expressed as:

P (θ|x) = P (x|θ) · P (θ)
P (x) (2.10)

P (θ|x) is what we want to estimate, the posterior distribution of the parameter θ given the
observed data x. P (x|θ) is the likelihood function, representing the probability of observing
the data x given a specific value of the parameter θ. P (θ) is the prior distribution, representing
your prior beliefs about the parameter θ. P (x) is the marginal likelihood or evidence, which
acts as a normalizing constant.

Finally, the posterior distribution is the updated probability distribution of the parameter of
interest after observing the data. It can be used to obtain point estimates and measures of
uncertainty for the parameter. The process is repeated iteratively.

Recursive Least Squares (RLS)

It is a method that also updates model parameters iteratively, adapting to changing data. It’s
useful when the model parameters themselves change over time. It estimates the parameters
of a linear model in the form:

y = Xθ + ϵ (2.11)

Where y is the observed data or output, X is the matrix of input features, θ is the vector of
unknown parameters to be estimated, and ϵ represents the error or noise.

RLS estimator processes data sequentially and updates parameter estimates at each time
step. It maintains an estimate of the parameter vector θ with new data measurements. At
each time step the RLS algorithm performs a prediction of the next observation based on the
current estimate and a correction updating the estimate based on the prediction error (the
difference between the predicted and observed values) and the information from the new data
point.

The recursive formulas to update the estimate are designed to minimize the mean squared
error of the estimates [99].

Wiener-Kolmogorov Filter

This estimator aims to extract an estimate of a signal sequence from an observable data
sequence. It is oriented with the goal of minimizing the mean square error between the
estimated signal and the true signal.

It’s a linear filter that operates in the frequency domain. It uses the power spectral densities
of the signal and noise to determine filter coefficients that optimize the trade-off between
noise reduction and signal preservation [100].
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The Wiener-Kolmogorov filter is typically non-recursive or non-sequential manner, it doesn’t
inherently maintain memory of past observations. It was the historical predecessor of the
Kalman Filter.

Kalman Filter

A widely used recursive algorithm that estimates the state of a dynamic system while
accounting for measurement noise, combining predictions from a system model with real
measurements to provide optimal and continuously updated estimates.

The state represents the system’s current condition or configuration and the prior knowledge
about its uncertainty. Then, the prediction step, a known mathematical model of the system’s
dynamics predicts how the state will evolve from the previous time step to the current time
step. It also estimates its uncertainty. In the update step, measurements from real data are
made, the predicted state with the actual measurements are compared and the state estimate
adjusted. At this step the estimate of uncertainty is also updated. It works recursively,
continuously updating the state estimate with new measurements, and maintaining a running
estimate of the state and its uncertainty.

In the prediction and correction steps, the filter minimizes the mean squared error of the
state estimate, making it an optimal estimator.

Figure 2.23: Kalman Filter scheme with state X at different time steps (k, k-1).

Extended Kalman Filter (EKF)

It is an extension of the Kalman filter to be used with nonlinear systems by linearizing the
system dynamics around the current estimate. EKF takes dynamic nonlinear equations and
calculates its linearized jacobian matrix, that is used in the prediction and correction steps,
and allows to use the same mean square error optimization as in the regular Kalman Filter
[101].
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Unscentend Kalman Filter (UKF)

Another extension of the Kalman Filter that tries to reproduce the system nonlinearity using
the unscented transform for substituting linearization with this sampling technique [102]. It
is useful for system that need to reproduce strong nonlinearities, where this methodology
tries to preserve mean and covariance of the nonlinearities.

Particle Filter (Monte Carlo Filter)

This filter estimates the state of the system by representing it with a set of particles or
samples. Each sample represents a possible value for the state. It is a probabilistic estimation
that maintains these several states using Monte Carlo methods [103]. It propagates them (the
equivalent to the prediction for a single estimation), and then in the correction step weights
each state depending on how different to the real measurements is each one. For the next
step a resampling is made, emphasizing particles with higher weights and discarding the ones
with lower performance.

H∞ Filter

This approach is specifically designed to deal with the possibility of an imperfect model, by
minimizing the effects of the worst-case scenario of disturbances and uncertainties. While the
workflow is again like the one described for the Kalman Filter, but the function to minimize
is not a least square error, but instead is the H∞ norm. The function to minimize, as in [104],
is defined as:

J∗ = min
(x̂k)

max
(x0,wk,yk)

J (2.12)

J =
∑N−1

k=0 ∥zk − ẑk∥2
2

∥x0 − x̂0∥2
2 +∑N−1

k=0

(
∥wk∥2

2 + ∥vk∥2
2

) (2.13)

where the tracked target is Zk, and its estimated value is ẑk, x0 represents the initial state,
and x̂0 denotes the estimation of x0 . Then, wk and vk are the input and measurement noises
respectively.

Variable Structure Filter (SVF)

This estimator uses the common workflow to make an estimation of the state restricted to
a subspace in the vicinity of the actual system states [105]. This is made by defining a
hyperplane or switching surface between two or more subspaces or structures. The asymptotic
stability condition of this switching surface forces the error in state estimation to be reduced,
and therefore the estimated states to move closer to the actual system states.

This is possible by switching between the different subspaces and applying for each its control
law. This may lead to chattering due to fast switching from one to another, that can be
filtered defining a boundary layer increasing the switching surface [105].
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Gauss Hermite Filter

The Gauss-Hermite filter assumes that both the process noise and the measurement noise are
Gaussian in nature and have zero mean and unit variance, which implies that, on average,
the noise does not introduce any bias into the system [97].

The probability density functions of the filter state and measurements are expressed with
Hermite polynomials, which are a sequence of orthogonal polynomials that approximate
Gaussian distributions accurately. These polynomials can be operated with the Gauss-
Hermite quadrature method, an efficient numerical method for evaluating integrals whose
terms are in this polynomial form [106].

Finally, like all the other filters, it uses a recursive estimation process, first formulating the
predicted state of the system based on the previous one and then updating the estimation
with new measurements. This estimation propagates the shape and spread of the probability
density functions defined with the Hermite polynomials. It also accounts for uncertainty by
keeping an estimate of the error covariance.

2.4 Control Design Methods
Automatic control and its associated control design techniques are a fundamental pillar of
modern engineering, technology, and industrial processes. In a world increasingly dependent
on complex systems and automation, the ability to regulate optimally processes, machines,
and devices efficiently is vital. Automatic control, or control engineering, encapsulates a wide
array of methods, tools, and strategies designed to manipulate and manage actuators and its
variables, ensuring that systems operate reliably, safely, and with optimal performance.

Regarding micro membraneless RFB, control methods must be used for the regulation of the
pumping actuators, and its proper operation is crucial for the stabilization of the two liquids
interface, and in consequence maximization of the power of the battery, minimization of the
mixing and self-discharge losses, and optimization of the energy consumption and utilization.

Automatic control involves the manipulation of actuators in a system to maintain desired
states with changing conditions or achieve specific different ones. The goal of automatic
control is to ensure that a system’s output remains within predefined limits or follows a
predetermined trajectory, regardless of disturbances or uncertainties.

It must be considered that control techniques are system dependent, and it does not exist a
single methodology that can be applied to every system with the most optimal performance.
They are tailored to the specific needs of the system they govern and how the optimal
response is defined for it: in a trade-off between fast response, stability, robustness, or power
consumption depending on how each one is weighted in the particular system. Also, the
control methodology is selected based on system characteristics, such as the existence of
a model for the system, the presence of noise and disturbances, the existence of delays,
stochasticity of system variables or other unpredictability, inertias and complexity among
other characteristics.

These control techniques can be broadly categorized depending on some general characteristics
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they may meet:

Continuous time vs Discrete Time: The first evident classification for any control method
is whether it uses continuous or discrete time. In continuous-time control, the system’s
state and control inputs are considered as continuous functions of time. The controller
continuously adjusts the control input to maintain or optimize the system’s behaviour in
real-time. Naturally physical systems such as analogue electronics or mechanical systems
operate in continuous time. Discrete-time control, on the other hand, implies dividing time
into discrete intervals or samples. At each time step, the controller calculates and applies
control inputs based on the system’s discrete-time state measurements. This is the natural
time for digital systems or any computer-based control. The choice between discrete and
continuous-time control depends on various factors, first of all the nature of the system, but
also computational resources available, and the desired control performance. In practice, may
continuous-time systems are discretized for digital control implementation, with time steps
balancing between accuracy and computational power.

Single/Multiple Input/Output: The number of inputs that can be operated in a control
system, and the number of outputs to be regulated define the control strategy to apply. Single
Input Single Output (SISO) systems are the simpler applications where one input is adapted
to make the output match the reference. Multiple Input Multiple Output (MIMO) systems are
the other end of complexity as more than one input should be operated to control more than
one output. These systems have complex interactions between multiple variables. Sometimes
they can be simplified using the approach to divide one MIMO system in multiple SISO
ones. Also, they can be divided into Single Input Multiple Output (SIMO) or Multiple Input
Single Output (MISO) systems. SIMO systems may have problems of control compatibility
between the multiple outputs or trade-off conflicts for some specifications of their responses.
MISO systems on their behalf, may have problems of coordination of the different inputs, or
determination as there are more than one combination that leads to the desired reference.
Regarding modelling, MISO and MIMO systems are more difficult for identification, as it is
necessary to isolate the action of each input.

Feedback vs Open Loop Control: This is the most common form of control, where a
system continuously compares the actual output to a desired reference and adjusts the control
input accordingly. Open loop strategies do not measure the output to rectify the action of the
actuators, just operate the system inputs depending on the reference and assume the output
will be the expected based on models, operation tables or actuator curves.

Linear vs Nonlinear: Based on the mathematical expression describing their behaviour this
distinction can be made. Linear control systems have relationships between inputs, outputs,
and the system’s dynamics described by linear mathematical equations. The principle of
superposition holds, meaning that the response to a sum of multiple inputs is the same
as the sum of the responses to each input individually. The system’s transfer functions,
state-space equations or differential equations are linear with respect to the variables involved.
They have the advantages of mathematical simplicity, well-established theory and predictable
behaviour. However, there might be systems that exhibit a more complex or nonlinear
systems which are not able to represent correctly even after using linearization around the
working point. In this scenarios, nonlinear control models are used. Nonlinear control systems
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do not hold superposition, meaning that the response to a sum of multiple inputs may be
significantly different from the sum of responses to individual inputs. They can also exhibit
other complex behaviours, including oscillations, chaos, and bifurcations. These allow to a
more accurate and flexible representation of real-world systems. On the other hand, using this
type of representation means higher efforts in mathematical analysis, more limited analytical
techniques and tools, and they may exhibit more sensitivity to initial conditions and parameter
variations, requiring robust control strategies.

Feedforward Control: It is an option for incorporating system state measure to the
regulation, just as feedback control, but these designs use measures that anticipate disturbances
or changes in the system and applies corrective actions before they affect the output. This can
be done through modelling and measure of system conditions that will influence the response
in the near future and are not still present.

Optimal Control: Optimal control is any technique that operates seeking to find the best
possible control input to minimize a predefined cost function. The cost function can consider
the previously mentioned properties (error to reference, input power, etc) weighted depending
on the particular application requirements.

Robust Control: Robust control techniques are defined as any approach that deals in its
design with uncertainty explicitly, this is incorporating it to the modelling of the system or
input control. They are focused on maintaining system performance under uncertainty and
variations, assuming some variables are unknown (although they are bounded to some limits).

Adaptive Control: These methods continually adjust their control parameters based on
real-time measurements and system dynamics. Like robust control, adaptive control approach
can deal with uncertainty and variations, but it always implies a dynamic modification of the
control parameters, while robust control usually has a static control policy. This is useful
in situations where the system’s characteristics change over time, due to aging or wearing,
evolving environmental conditions or stochasticity due to non-measurable or known variables.

Predictive Control: This approach considers not only the current state of the system but
also its expected future behaviour. This technique goes beyond simple feedback control by
employing the model of the system to predict future outputs of the system and optimize
control inputs by comparing the real with the modelled results. Like in optimal control, a cost
function defines the system’s performance goals, and the controller then calculates control
inputs over a future prediction horizon, aiming to minimize this cost function while adhering
to system constraints. Now, an introduction of some relevant and extended control strategies
is presented and its application in RFBs discussed. However, the previous characteristics
are not used for classification but just for describing the strategies. Since this work proposes
for the first time a microfluidic dynamic model for micro membraneless RFB, the review on
control techniques and methods is divided based on strategies that require this modelling and
model-free methods that could be applied to the system control without the need for a model.
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2.4.1 Model Free Methods
Usually, in practical engineering problems the knowledge about the system is limited and
it is difficult to have a precise model of the plant [107]. In other applications, noise and
disturbances may produce that model differs from real behaviour and any control technique
based on a model not considering them may have stability and robustness issues. Therefore,
many control techniques are not based on any model or use an over simplified one. Other
recent works rely only on input-output data and a continuously updated local relation for
them.

Classical Proportional-Integral-Derivative (PID)

Classical approach of Proportional-Integral-Derivative (PID) is the simplest technique for
model-free control. It is true that it can also be designed more precisely with a complete
model of the plant, but it is a good alternative when the system knowledge is reduced and it
is used a simplification. Design, tunning and implementation have been extensively studied
and it’s a well-stablished and known method that do not requires further examination. Many
references as [108] can be found for more detailed information.

u(t) = kpe(t) + ki

∫ t

0
e(τ)dτ + kd

d

dt
e(t) (2.14)

In equation 2.14 it is presented the general equation for the control action u when an error e
of the feedback signal to the reference is used, and the constants for proportional kp, integral
ki, and derivative kd are adjusted.

Intelligent PID (i-PID) Techniques

It is considered an intelligent PID controller (i-PID) any method where unknown parts of
the plant are considered for control and gains calculation and adaptation without any plant
modelling [109].

The techniques for adapting the control gains are numerous and wide, and have been proposed
since the first approaches of using Ziegler-Nichols formula [111], to use genetic algorithms
[112], particle-swarm optimization [113], neuronal networks [114], or fuzzy logic composition
[115].

Other Modern Approaches

There are multiple modern approaches for model-free scenarios. These techniques have gained
significant attention and relevance in recent years, especially in applications where system
dynamics are complex, poorly understood, or constantly changing.

One of the strategies is use reinforcement learning. These methods rely on defining a state
representing the internal conditions of the plant, the possible actions of the actuators, and
a reward mechanism that evaluates how each action contributes or not to reach the desired
outcome. A learning algorithm is proposed based on this architecture to weight the set of
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Figure 2.24: Control scheme for an i-PID approach from [110] using an optimization algorithm
for a high order system. This scheme is general to any i-PID methodology by substituting
the optimization algorithm with the concrete adaptation technique and applying it to the
specific plant.

available actions for each state, and then the control algorithm uses this training to select the
best action at each time. An example of this method is described in [116].

Similar control schemes that use a previous learning can use genetic algorithms [117], neuronal
networks [118] or other machine learning methods, where the learning or training can be
applied to different control law architectures.

Other common approach is the Model-Free Predictive Control (MFPC), where only using
input and output data a mathematical relationship is constructed to work as a model identified
in real time. Then, predictive control is applied similar to a Model Predictive Control (MPC)
that is discussed further on in the text. A complete review on its principles and some
applications is featured in [119].

Also, some methods that do not require previous learning or training are the use of fuzzy
logic together with linguistic variables that mimic human expertise rules [120], or systems
that resemble collective behaviour by using multiple agents, such as in particle swarm or ant
colony optimizations [121].

2.4.2 Model Based Strategies
Control design can be more precise when a model of the system is available or the modelling
efforts are reasonable. Also, these techniques can be used to guarantee an optimal response
and a more efficient use of computational resources. Also, it is easier to make stable and
robust controllers with the model information, and their response can be easier predicted,
what is paramount in safety-critical applications.
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Linear Quadratic Regulator (LQR)

This wide used technique is designed for linear dynamic systems and can optimize input control
to a cost function that considers the output error and the input power used. This optimization
achieves desired performance objectives while taking into account system dynamics and noise.
It is characterized by the use of quadratic cost functions to formulate control objectives, which
LQR controllers are designed to minimize. The most typical cost function for the discrete
time case is:

J =
∞∑

x=0
((X(k) − Xr)T Q(X(k) − Xr)) + (U(k)T RU(k)) (2.15)

Where X is the state represented in space-state in the time instant k, U is the control action,
and Q and R matrices are defined to weight error versus action in the cost function. Therefore,
this cost function combines control effort and system state deviations from desired values.
The resulting control law provides a mathematically elegant and efficient means of regulating
dynamic systems.

However, in the presence of model imprecisions, disturbances or any other uncertainty this
method can not guarantee zero steady-state error. Therefore, there are some control techniques
that incorporate an integral action to the LQR control to compensate for this possible deviation
[122].

Model Predictive Control (MPC)

This is the name for a range of control methods, that make a prediction of the system response
in a time restricted horizon by considering the effect of the applied inputs into a model of the
system. Using this model dynamics, a defined cost function and current state knowledge it
calculates the optimal future actions on the manipulated variables to reach the desired state.

It is also known as receding horizon control or moving horizon control because each time step
the prediction time frame and the control action for the next period are updated for the next
equivalent time.

The control action and state are usually constrained to stay in certain limits that assure the
safety operation of the plant. The cost function can be defined in several ways, although for
reference it can be considered a similar function to the one defined in (2.15) for the LQR
case. This function together with how precisely the model captures the system dynamics will
condition the controller response.

In summary, MPC uses a explicit model to predict the plant output along a future time
horizon, calculates a control sequence optimal to a defined cost function, and updates the
time horizons with a receding horizon strategy, so that time frame is moved towards the
future (including the control action applied during this horizon).

There exist modifications of the simple method, that include using a nonlinear model [124] or
using an adaptive strategy for the model [125].
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Figure 2.25: Time horizon strategy for MPC as depicted in [123], with the moving prediction
and control horizons, the set of control actions u, the measured and expected outputs (y and
ŷ) and the state constraints w.

Robust H∞ Control

H∞ control is a robust control methodology that consist of using the definition of the closed
loop system with a control gain applied to the state feedback so that the controller is stable
and satisfies a H-infinity norm constraint [126]. The controller has the form:

U(s) = kX(s) (2.16)

The transfer function of the system with the feedback control (W (s)) must satisfy that its
h-infinity norm is smaller than an index γ, which implies that the maximum gain of the
system over a range of frequencies (the h-norm) is minimized under a certain value, ensuring
robustness to disturbances:

∥W (s)∥∞ < γ (2.17)

This implies solving a mathematical optimization problem to find the minimum h-infinity
norm and the feedback control gain that satisfies it. It also can be fixed a higher index which
implies less robustness to improve performance.

This control aims to minimize the "worst-case" scenario in terms of system performance and
robustness. It considers the most unfavourable combination of disturbances and uncertainties
to ensure that the controlled system remains stable and performs satisfactorily under all
conditions.
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Fuzzy Control

Although first historical controllers using fuzzy logic emerged to be used without model and
based on expert knowledge (Mamdami controllers), it can also be used to combine several
subspaces models and their different control laws based on rules and the fuzzy composition
(Tkagi-Sugeno controllers) [127]. This composition can be helpful to deal with nonlinearities
and changing conditions thanks to its adaptability.

In general, fuzzy control is a control that defines a set of fuzzy submodels and membership
functions and assigns a weight to each submodel depending on the values of the states of the
systems. The membership to each model is defined using rules of the type IF-THEN. Then,
the membership is not all or nothing but gradual using fuzzy logic, this is a logic that allows
to have degrees of membership between 0 and 1.

As several fuzzy sets may be present at the same time these controllers perform a fuzzification
process (convert variables to fuzzy set values), rule evaluation to activate each submodel,
aggregation of all the active outputs, and defuzzification (converting fuzzy sets to a composed
output).

Figure 2.26: Fuzzy system process scheme from [128] where an input variable is converted
to a fuzzy value that may be composed by several sets, evaluated following the rule-based
inference, and then defuzzified to a composed output variable.

Fuzzy controllers can apply the process from fig. 2.26 to compose parameters of models with
similar structure and then calculate one control action to the result, to aggregate different
control laws depending on the state to the same model, or directly to compose the control
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actions based on different models. In any case, these are generally considered model-based
fuzzy controllers. There are also other methods for composing more than one model or control
law.

Variable Structure Control (VSC)

Other strategy for combining different control strategies for the same plant, as fuzzy logic
controllers, is Variable Structure Control (VSC). This technique consists of high frequency
switching between two or more control structures in a discontinuous way. The switching is
based on prior knowledge of the system, and it is specified using laws [129]. The VSC control
can define a sliding surface in the state space, where the switching occurs and to guide the
state to the desired target. This is typically called the sliding mode of the controller.

Figure 2.27: Representation of the switching mechanism for the VSC from [130], with the
trajectory on the state space, the sliding surface and the chattering produce around the
switching region.

The high frequency switching can lead to producing chattering, this is excessive commuting
between the different controllers. In order to reduce it, the sliding area can be defined wider
around the switching region.

2.5 Conclusions
In this chapter a complete revision of the state of the art is presented. First, all relevant
previous works on microfluidic membraneless RFB are described, explaining the different
designs, studies and chemistries, with emphasis on describing their microfluidic setup and
operation. This gives important context about how the instrumentation selection, its lack of
model and control, and limited ability to recirculate has constrained these previous works and
prevented them to achieve a full battery process: charge-discharge cycles with electrolytes
recirculation. In this thesis, the microfluidic operability is the first problem to be addressed
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so that the whole project where this thesis takes place can work and iterate with its designs
of reactors.

Then, previous modelling on the different dimensions of RFB is reviewed. This includes
electrochemical, hydraulic, thermal and electrical previous models. These models are usually
specific for microfluidic membraneless batteries, but when there are no references available
(such as for the electrical dimension) conventional RFB models are described. This allows
to have the closer references for the electrical and microfluidic dynamics modelling that will
be performed in this thesis. These models are vital for future electrical integration and
microfluidic operation respectively.

Following modelling state of the art, identification and model categorization are detailed based
on the knowledge and transparency of the system physical internal processes. Analytical
models using physical laws and principles, blackbox composed of mathematical expressions
with no internal relation, and greybox as a hybrid approach are presented. Identification
tools and methods for blackbox and greybox techniques are also mentioned. This thesis uses
a greybox approach for its modelling, where equations from system behaviour knowledge are
proposed and then completed with parameters identified from real data. Also, a review on real
time estimators and filters is introduced. These filters allow to adjust in real time some model
parameters and adapt their values and state estimation. In order to deal with microfluidic
stochastic and variable nature, microfluidic dynamics model uses correction factors adjusted
in real time using this filtering in this thesis.

Finally, control techniques are reviewed, explaining general properties that controllers can
meet. Then, control design methods are divided into model-free and model based, so that it
can be understood the alternatives that having a precise modelling allows. Relevant control
techniques are briefly introduced, as specific controllers developed for microfluidic control will
be further discussed and detailed later in this thesis.

The review presented in this chapter about the topics related with this research
is one of the contributions of this thesis.
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Chapter 3

System configuration for microfluidic
membraneless redox flow batteries
operation

This chapter introduces the complete microfluidic setup developed for the microfluidic mem-
braneless RFB operation. It starts by detailing the cell reactor design used for all experimental
test and measures, and for which the instrumentation and setup has been selected and opti-
mized. Its dimensional and manufacturing properties do not only condition the operation
ranges, but also must be taken into account when selecting the pumping instrumentation
principles (watertightness, pressure drop and endurance). After that, the microfluidic in-
strumentation is described, and its selection compared to other alternatives justified. This
includes pumps, valves, tanks (and its monitoring) and flow and pressure sensors. Electronics
integrating all this instrumentation is also described. First, for the hardware, the developed
electronic board interfacing with the pumps and valves drivers and the sensors is sketched.
Then, the software scheme is also presented briefly, both the embedded in the board and the
System Control And Data Acquisition (SCADA) in the monitoring and logging computer.
The full microfluidic setup is shown in a final scheme with all elements.

3.1 Cell Reactor
In the previous chapter (Section 2.1) different designs for the reactor cell of a microfluidic
membraneless RFB are described. Here, the one used in this thesis is explained in more detail,
and its manufacturing process and the different elements that are part of it are presented.

The design is a continuation of the work already done in [66], specifically what is called
Y-junction single pass cell in this paper. The flow distributor of the cell is made using
PolyDiMethylSiloxane (PDMS), a silicone polymer optically clear, inert, non-toxic and non-
flammable. This characteristic made it one of the most common materials used in microfluidics.
This polymer is synthetized in liquid state, but after a curing process it becomes solid, so it
maintains the shape of its recipient. Therefore, precision and resolution of the flow distributor
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made on this PDMS block will depend on the ones of the recipient used as mould.

Figure 3.1: Soft lithography in PDMS process.

This moulding for the PDMS is manufactured using 3D additive printing. The most resolution
and precision for this task is offered by Digital Light Processing (DLP) printers. These
printers are based on the selective exposure of the liquid resin to a light source (a laser or
most commonly a digital image projector) that induces polymerization in a photosensitive
liquid resin. This polymerization forms solid and very thin layers that are stacked to create a
solid object. This is how the negative block of the flow distributor is made.

Figure 3.2: Microfluidic membraneless redox flow cell negative mould made with 3D DLP
printing additive manufacturing, and PDMS block after curing in this mould.

This flow distributor also has a space where the porous electrodes are placed and go out to
the external electric contacts. These porous electrodes are cut from a carbon paper bigger
sheet.

Figure 3.3: Carbon paper-porous sheets that are cut to obtain the electrodes.
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Then, the PDMS block is sealed to a glass sheet with the electrodes putted inside. This
process is made with plasma-bounding, which can produce a permanent bond between PDMS
and glass by applying an oxygen plasma to the surfaces to be in contact. This plasma
treatment in PDMS increases hydrophilic groups (-OH) on its surface, that eventually form
strong covalent bonds with glass. The covalent bonds form the basis of a strong seal between
the two materials that avoids leaking and also improves hydrophilicity and therefore flow on
the PDMS.

Figure 3.4: Plasma cleaner used for bounding and its inside process with oxygen plasma.

Finally, electrical contacts are made using wires glued with silver epoxy to the porous
electrodes, and microfluidic tubing inserted in the PDMS orifices used as inlets and outlets
for the electrolytes.

Figure 3.5: Mould, PDMS block and complete reactor cell for the microfluidic membraneless
RFB.
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3.2 Instrumentation selection and development
The microfluidic instrumentation, especially the pumping method, conditions not only battery
performance but also limits how it can be operated. Other elements for control and monitoring
as valves and sensors are also vital for this practical implementation. As it has been discussed,
previous state of the art references had a limited operability, so in order to build a complete
workbench, it was necessary to evaluate, select and combine all the new instruments from
scratch.

3.2.1 Pumps
Electrolyte recirculation was a major requirement for the battery operation. This makes
syringe pumps to be problematic since the setup becomes more complex in order to allow the
recirculation. Nevertheless, it was tested using New Era Pump models and dual check valves
for two syringes at each circuit. These valves allow to withdraw and infuse into different
lines, which produce a circular fluidic circuit. This a very complex setup, that suffers from
pulsation in the flow because of the pumping principle and at the switching instant between
infusion and withdraw. This switching also produces desynchronization between the negative
and positive circuits as liquid can cross from one circuit to the other in the cell and syringes
may empty at different times.

Figure 3.6: System microfluidic setup for recirculation with syringe pumps (left) and long
term flow rate for one electrolyte, with pulsation and switching discontinuities (right).

As an alternative it was considered to use gear pumps. This technology allows for an ease
close fluidic circuit, but commercial products were not suitable for use with the vanadium
electrolyte (which is dissolved in sulfuric acid), as they have wetted metallic materials. Some
prototypes were designed and manufactured using the DLP 3D printer so that the gears were
polymeric and did not have any damage. However, the gears did not have a proper interlock,
and the produced flow was not smooth (either the flow rate range is oversized or the flow was
intermittent).
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Figure 3.7: Gear pump prototype and design made with DLP 3D printer.

In microfluidics, generally it is considered the most precise and modern pumping system the
ones that generate a Pressure Driven Flow (PDF). This method consists of pressurizing with
air the tanks or the liquid reservoirs so that the liquids will start flowing out through the
circuit. This is obvious to have drawbacks for the recirculation. Similar to syringe systems,
it is necessary to use two tanks for each circuit that alternatively produce the pressure and
receive the flow, and some valves that change the circuit configuration. Even knowing this it
was acquired one system from the company Elveflow to test if the high precision of the flow
compensated for the complex setup.

Figure 3.8: Pressure driven flow (PDF) pumping principle (left), and setup for recirculation
with valve (right), from Elveflow products.

The experience was that the flow was certainly more precise than using syringe pumps.
Complexity of the operation and setup was a problem, but the characteristic that discarded
even more this alternative was the problems for controlling the pressure of the tanks receiving
the electrolytes. This pressure determines the flow at the outlets of the cell, and interacted
with the pressure at the inlets making the interface instable. This instability produced mixing
and tanks desynchronization for the switching manoeuvre, which itself produced more mixing.

The last alternative was to try a special type of micro-peristaltic pumps. This kind of
pump uses a piezoelectric to produce small displacement and high frequency pulsations on a
membrane in contact with the liquid, and therefore propelling it. Classical peristaltic pumps
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suffer from pulsation that would make the flow at the interface in the reactor oscillate and
therefore produce mixing. However, this actuators from the company Bartels Mikrotechnik
GmbH take advantage of this small piezoelectric displacement (in the order of micrometers)
and high frequency (>100Hz), to produce small pulsation that the fluidic tubing itself can
damp. They have two piezoelectric in series acting alternatively as peristaltic forces, which
increases their working force, and produce less pulsation that it would make only one (there
are other products as the ones from Takasago Fluidics Systems that use only one piezoelectric
and has been checked to produce more pulsation).

Figure 3.9: Piezoelectric pump from Bartels Mikrotechnik GmbH (left) and working principle
steps (right).

Figure 3.10: Piezoelectric pumps flow response compared to syringe pumps and PDF systems,
tested at different flowrates in the range of 1-1000µL/min, and stability test for several days.
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Testing and experimental data showed the best flow response, with easy recirculation, low
pulsation and precise flow when integrated with flow sensors for a closed loop, and commercial
drivers properly operated as it will be discussed in the electronic hardware section. These
pumps also offer a reduced price compared to other systems, smaller size, higher and more
flexible integrability, and lower power consumption.

3.2.2 Valves
Interface control in the reactor cell requires to control not only the flow at the inlets but to
make sure that the outlets have the same flowrate. For this task, it was tried to regulate the
flow using piezoelectric pump similarly to the inlets. However, they created perturbances
when they suck from the reactor, especially at the joints of the PDMS block with the external
tubing they can introduce air, as this joint is not perfectly watertight. Consequently, it was
decided to use valves that equal the pressure drop at the outlets and therefore the flow rates
can be adjusted and the interface is more easily controlled.

Available commercial valves were not proportional but all or nothing, so they can not be
used for regulating directly. Nevertheless, some valve technologies have some proportional
behaviour although are meant to be used as full open-close. This is the case for Shape
Memory Alloy (SMA) technology, that use a shape memory alloy material as a membrane,
changing it shape with temperature. Some units of this type of valve were tested from the
company Memetis. They were operated heating them using electrical current and varying their
deformation regulating this current. Using a closed loop with flow or pressure sensors feedback
it was possible to achieve intermediate positions of the membrane, increasing pressure drop
in the line but not closing completely it. Unfortunately, the intermediate positions were not
stable, and even with the feedback, due to temperature and mechanical hysteresis, produced
inertias in the positioning. Specifically, when it was needed to cool down the actuator it was
not controllable in the short term.

Figure 3.11: Scheme of the pneumatic valve including liquid inlet (1), air inlets (2) and
membrane (3) (left) and young modulus calculations and real experiments measurements
(right).

61



Alberto Bernaldo de Quirós Sanz

Although not commercially available, there are plenty of references of pneumatic activated
valves that use some membrane or flexible material to narrow hydraulic conductions [131].
Based on this principle, it was studied and designed some prototypes of this type of valve, but
using a slightly more rigid material that allows to control intermediate strangling proportionally.
Using 3D DLP printing the membrane between pneumatic and hydraulic channels was
iteratively adjusted, testing also different printer resins. During this testing, young modulus
was selected to fit the estimated optimal.

The pneumatic line for actuating the designed valve was generated using TTPVentus micro
air compressor. Based also on piezoelectric high frequency movement, these air pumps are
able to regulate the applied pressure in the range 0-800 mBar. Their driver was integrated in
the electronic board where all actuators are embedded.

3.2.3 Sensors Selection
The main variables to measure in a microfluidic membraneless RFB are flow, pressure and
temperature. The most critical is flow, and flow sensors from the company Sensirion were
integrated. This product works in the desired range of 0-1000 µl/min, and it is cheaper than
the other available alternative that are Coriolis flow sensors. Their working principle is based
on thermal measurements. They calculate thermal gradient measuring temperature before
and after a microheater. Flow through this microchannel modifies this gradient that can be
transduced into a flow rate estimation.

Figure 3.12: Thermal working principle of liquid flow meters, from [132].

These sensors are precise enough, with 0.2% of the full-scale accuracy and 0.02% repeatability.
They are calibrated for water, and since the temperature gradient is specific heat dependant,
they were calibrated for the different used electrolytes. This calibration process consisted of
maintaining a continuous stable flow through the sensor for a period of time, and collecting
the volume in a high precision weighing scale. This process showed little but significant
deviation between vanadium electrolytes and water, and more importantly that this deviation
does not barely change with state of charge changes.

Pressure sensors have been used for measuring the air pressure applied to the valves (Honeywell
models for air in the range 0-1 Bar), and to measure the inline pressure of the liquid pipes
(TE Connectivity model MS5837-30BA Ultra-Small 0-2 Bar). This second measurements
have been mainly used to check that there are not clogging during operation or any other
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problem in the reactor when first used. For example, the porous electrodes blocking the flow
conductions.

Regarding temperature, both flow and pressure sensors have internal temperature measure-
ments to compensate for the possible deviation on their main variables, and these values can
be accessed. Therefore, there is no need to add extra sensors. Other variables that could be
relevant to measure, as viscosity or electrochemical potential (both of which can be used for
state of charge estimation) have been tried to measure. There has been attempts to develop
prototypes from own designs, but the results were not satisfactory yet.

3.2.4 Tanks Monitoring

Regular different glass recipients have been used as tanks at different stages of the work.
When it was not certain enough that sensors calibration was stable during long periods of
time, microfluidic control was not adjusted to avoid mixing, or evaporation or leakages were
not discarded, it was useful to have a continuous monitoring of the tanks level.

A simple computer vision application was developed that automatically calculated the tanks
level. It compares the real time level of the tank with the initial, and extracts calculation
of a possible leakage if the total volume has decrease. It also compared the relative change
between the tanks with the one expected from the flowmeters measures (integrating the flow
rate differences for a volume estimation) and calculates a compensation factor to be applied
to the flowmeters of one line if necessary.

Figure 3.13: Tanks monitoring application with real time calculation of leakage and flowmeters
compensation.
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3.3 Electronics
All described instrumentation has been integrated by developing the proper electronics. This
is the hardware including the electronic board where all actuator drivers and sensors are
connected for power and data, and the software including the embedded in the board and a
computer application to be used as system control and data acquisition (SCADA), with the
regulation algorithms and the logging.

3.3.1 Hardware: Electronic Board
Components hardware have been tested using prototyping boards separately, and after
being commissioned they have been integrated in a control board designed ad-hoc for this
purpose. The selected microprocessor has been the Atmel SAM3X8E ARM Cortex-M3 CPU.
The selected USB to serial converter for communication with the external computer is the
ATmega16U2.

This board includes the connection and spaces for the actuator drives. In the case of the
piezoelectric liquid pump, there are two drivers simultaneously integrated. This is because
the manufacturer offers two models, one with an output voltage range of 0-150V, and the
other within the range 77.5-260V. In order to have the wider operation range both are ready
to be used, and activated. One is interfaced using an analogue signal from a digital-analogue
converter of the microprocessor, and the other using I2C communication protocol. This
protocol is also used to read the flowmeters. Regarding the air pump manufacturer driver,
UART protocol is used.

Figure 3.14: Hardware scheme of the board developed for the microfluidic setup integration.
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Figure 3.15: Image of the control board, with the drivers for the piezoelectric pumps (1 and
2), the piezoelectric pump itself connected (3), the flowmeters with their connections (4), the
air pump driver (5) and the micro pump itself (6), and the micro USB connector (7).

One board has all the elements to control one microfluidic circuit, therefore there will be two
of them. These boards are also configurable to connect other different sensors via I2C, such
as pressure sensors, and the connectors are already prepared for adding them. Also, in all
connectors the power for the element can be switched off/on to use the board in different
configurations.

3.3.2 Software: Embedded and SCADA
The two control boards are programmed to interface with the sensors, read their values and
send them to the computer after applying filters to the raw measurements. The value for the
actuators to the boards comes from the computer, and the boards communicate with the
actuator drivers with these references. The internal loop for the board takes less than 20ms.

The computer receives data from both boards, applies the control algorithms and sends them
to the boards. The communication loop is fixed to last 200ms, as microfluidics dynamics are
not very fast and need this time to see changes. The software for the computer application is
developed as a Windows Form in the Microsoft .NET framework using C#. The application
is prepared for using up to eight processes at the same time to parallelize battery testing.
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Also, it logs all the data involved and its graphs can be visualized in real time. It is prepared
to manage auxiliar sensors as the pressure ones when they are added to the boards.

Figure 3.16: Screen capture from computer SCADA application during operation of the
microfluidic membraneless RFB. Values from actuators, sensors, control and operation config-
uration and logging are shown.

3.4 Full Microfluidic Setup
The complete setup develop is shown in the following figures as a scheme and a real image of
the system.
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Figure 3.17: System scheme, with actuators and flowmeters for both electrolytes circuits.
Flows at the negative and positive inlets are Q1 and Q2, and Q3 and Q4 at the outlets.

Figure 3.18: Real image of the system, with reaction cell, liquid pumps, air compressor pumps,
valves, flowmeters, tanks, control boards and electrical contacts highlighted.
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3.5 Conclusions
This chapter details the complete developed microfluidic setup needed for the membraneless
battery operation. First, the design of the reaction cell is described, with references to previous
works on which it is based. The manufacturing process is detailed, explaining the different
elements that form the reactor and the machines and methods needed for each of them. The
characteristics of the assembly are described.

Then, the study and the selection of the instrumentation and its electronics is presented.
The liquid pumps are the most critical elements of the microfluidic system, and the one that
conditions more its performance. Hence, alternatives tested (syringe and gear pumps and PDF
systems) are briefly mentioned to explain their particularities and distinctive features, which
helps to comprehend the decision of using for the first time in this type of batteries piezoelectric
peristaltic pumps. Results of stability, regulation and pulsation tests are presented for these
pumps.

Valves have been selected for having control not only of the flow at the inlets but also at the
outlets of the cell. Again, commercially available options are briefly mentioned to explain
the reason to develop an own design that has proportional regulation of the narrowing of the
liquid channel. The 3D printing additive manufacturing method for the valve is cited, and
the use of a micro air pump as compressor for activating pneumatically it is also described.

Flow sensors are the most compact, integrable and cost-effective solution available in the
market, with enough precision and accuracy. They have integrated measure of temperature,
as it also has the pressure sensors which have been used for measuring the air pressure for
the valves and the liquid inline pressure in the tubing. Flow sensors are calibrated, and a
small computer vision application has been developed to check for any unexpected volume
that could mean leakage or flowmeter decompensation.

An electronic control board has been designed to integrate all the instruments of each
electrolyte circuit, and the two of them are controlled with the SCADA application ready to
operate them via USB communication from a computer. Full system and hardware schemes,
together with real images of the system and hardware components are shown.

The selection of the pumping system, valve development and manufacturing, con-
trol board design, and integration and software programming of the instruments
in the proposed setup is an important contribution of this thesis.
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Chapter 4

Electrical model: fluid-dynamic
influence

It has already been discussed the lack of electrical models for the microfluidic membraneless
RFB, and the similar existing references for conventional models. In this chapter, it is
proposed an equivalent circuit for this type of device. This circuit is proposed with special
focus on the microfluidic operation influence on its response. This can help to study the
importance of a proper regulation, by quantifying the available power differences between
different strategies or the mixing and self-discharge losses. It is also a key element in the
study of its possible future integration with dedicated power electronics, as the power dynamic
response is also modelled using this equivalent circuit. The methodology steps for making
this study will be proposing the equivalent circuit structure based on conventional references,
analyse experimentally the influence on the different elements of the circuits, experimentally
measure in changing conditions the desired metrics, include in the model the variations due
to the microfluidic response, and evaluate the model with experimental data.

4.1 Electric Equivalent Circuit
The most common architecture for conventional RFB, and the shared basic elements present
in the existing references, is proposed as the electric equivalent circuit basis for the microfluidic
design. In particular, the single cell architecture used in [83] is the one that applied for the
electric circuit elements distribution.

This circuit depicted in Fig. 4.1, consist of a voltage source that emulates the electromotive
force of the battery (Es), an ohmic resistance (R0), that models the internal ohmic losses of
all the electrical contacts (the electrodes, the electrolytes, and differently from conventional
models not the membrane in this case), and an impedance pair in parallel, consisting of a
resistance (Rat), that takes into account the concentration and activation overpotentials, and
a capacitance (Cdl), that models the electrical double layers at the contacts between the
porous electrodes and the liquid electrolytes. The voltage marked as Vc corresponds to the
accessible output of the battery cell. The used architecture is a simple model accounting for
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Figure 4.1: The proposed electric equivalent circuit for the microfluidic membraneless RFB.

the more straight-forward effects. It also considers that other processes like shunt currents and
auxiliary power consumption (mainly the pumping power), take place independently to this
equivalent circuit. This is the same strategy used in [83]. In addition, mass transfer diffusion
is excluded, which has been sometimes modelled with a Warburg impedance for other battery
models. Electromotive force (Es), is defined as a function of microfluidic flows configuration,
state of charge and time. Also, it is divided into the steady-state value (E0), that is dependent
on flows configuration and state of charge, and the time-dependent dynamics, described with
the transfer function (Dn). The functions and dependencies are justified in this chapter.

There are operating conditions that have an impact in the parameters of the circuit. For
example, temperature affects the voltage source (Es). State of charge and concentration also
influence not only the voltage source but can divert the resistance Rat and capacitance Cdl.
This can be seen in the expression for the value of the voltage source in open circuit. It is
specified by the Nernst´s equation, that in the simplified form as referred in [82] is:

EOCV = Eθ + 2RT

F
ln
(

SOC

1 − SOC

)
(4.1)

where Eθ is the standard reduction potential for the given electrode, R is the universal gas
constant (8.314 Jmol−1K−1), T the temperature in Kelvin, F the Faraday constant (96487
Cmol−1), and SOC the state of charge of the battery which varies from 0 to 1. This state
of charge present in the Nernst´s equation has to be defined. Usually, the definition for any
battery [133] is the stored capacity (Qstored) over the total theoretical capacity (Qtotal):

SOC = Qstored

Qtotal

(4.2)
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Experimentally, it can be measured in the negative electrolyte (SOC−) as the concentration
of the most negative vanadium oxidation state (Cneg) over the total concentration of all
vanadium species (Ctot−) in this negative electrolyte; or equivalently in the positive tank
(SOC+) as the concentration of the most positive vanadium oxidation state (Cpos) over the
concentration of all vanadium species (Ctot+) in the positive electrolyte:

SOC− = Cneg

Ctot−
(4.3)

SOC+ = Cpos

Ctot+
(4.4)

There might be differences between the two measurements. This can be explained because of
imbalances in the reaction. In the ideal scenario, with a device with membrane only protons
are exchanged across the membrane, so that concentrations vary at the same rate for both
electrolytes. This would be the case where the two equations should express the same SOC.
However, in real operation the mentioned imbalances, which are more pronounced in the
membraneless case, make the values of the SOC differ. This makes it useful to consider both
SOC calculations and use the more limiting one.

Regarding the other variables that modify the electric parameters according to the proposed
electric model, flow configuration is now studied in order to determine how best to incorporate
the microfluidic effects into the equivalent model structure.

Experiments varying the microfluidic configuration are performed, and to isolate its effects
from other operating conditions, the temperature and state of charge are considered constant.
Therefore, all the following experiments are performed in a controlled room temperature of
25 ºC and working with an electrolyte at the same state of charge (measured with an open
circuit voltage of 1.42 V in all experiments).

In order to identify the values of electrical elements of the equivalent circuit it is used
Electrochemical Impedance Spectroscopy (EIS). This experiment makes it possible to identify
them model by measuring the electrical impedance response ff a circuit under different
excitation frequencies. The measurements are usually presented on a Nyquist plot portraying
the real and imaginary part of the impedance. Using identification techniques, the parameters
of the selected equivalent electrical circuit architecture can be quantified to fit the curve.

EIS experiment can be used to see which of the circuit elements that modulate the impedance
response, i.e. R0, Rat, and Cdl, depend on flow configuration. For this aim, the EIS experiment
is repeated with several different flow configurations to compare their Nyquist responses in
15 excitation frequencies, starting at 20 kHz and lowering it until 1 Hz. This minimum
frequency is not set below because noise starts to be present in the measurement, with diffusion
effects becoming relevant, and therefore EIS values being not reliable for a reactor with flow
through it, as it is the case. This effect has already been reported in the literature, as for
example in [134], where frequency dependence of EIS measurement accuracy is explained.
Furthermore, this frequency range is the commonly used for EIS experiments with microfluidic
redox reactors [44].
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Figure 4.2: Nyquist plot of the collection of EIS experiments performed to measure the battery
response under different flow conditions.

The flow configurations and their EIS response are shown in Fig. 4.2 The flow configurations
are described by the negative and positive inlets (Q1 and Q2 respectively) and the difference
of the negative minus the positive outlets (Qout = Q3 − Q4). The microfluidic operation does
not include recirculation in this case to make sure the state of charge is constant between
measurements. It can be observed the effect of the noise for lower frequencies, and how at the
final values at the right of the graph there are some noisy values even before going below the
final frequency of 1 Hz. It is important to highlight that changes in the equivalent electrical
elements due to flow configurations would be expected to modify the impedance response
at different frequencies. Hence, the entire EIS curve would be distorted if flow configuration
affected them.

However, when observing the figure and comparing the data obtained at different flow
configurations, it is observed that impedance response is almost the same in all cases. Besides
some small deviation, that are common when performing EIS experiments even under the
same conditions, the tendencies and significant values of the curves are very similar. Moreover,
the identified values for the impedances (R0 = 75.33W , Rat = 50.96W , and Cdl = 12µF ) are
constant. This means that the fluid dynamics does not significantly affect the impedance
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parameters of the circuit.

It can be noted that the identified parameters for this EIS set of experiments give impedance
values very distant to the ones expected from an optimal reactor. This is because the cell
used for microfluidic evaluation is a control model different from the final design used in the
project in which the thesis takes part. As the main objective is to develop and validate an
electric modelling scheme and evaluate the relative microfluidic influence this is considered
substantiated.

Considering that in real operation it has been observed that changes in the configuration of
flow values and the fluid dynamics modify the electrical output prominently. As a straight-
forward demonstration for this it is designed a constant voltage discharge experiment. In this
experiment, all operation conditions are again constant except the flow values. These are the
same premises as for the previous EIS experiment. Also, in order to make sure that the state
of charge of the electrolytes does not change, the electrolytes are not recirculated to the tanks
at the cell outlets, so the volume and the concentrations in the tanks are not renewed.

Throughout the entire test duration, the discharge voltage is fixed at 0.7V (under the open
circuit voltage of 1.42V), and the output current is measured. Accordingly, current variations
stand directly for output power of the battery. Flow configurations are modified dynamically
in steps of around 30 seconds to ensure changes in current are observable.

In this experiment (Fig. 4.3), it becomes evident that there are electrical changes due to
flow configuration variations. Both steady state value and the transient time dynamics of the
current are driven by the flow steps. Given the electrical equivalent circuit, and since EIS
measurements from previous experiment did not show significant changes in impedance value
with varying flow configurations, microfluidic influence has to be modelled in the voltage
source. This is the reason why the flow was presented as a variable for the voltage source
function. Therefore, the current variations measured at the cell output terminals are explained
by this net power variation in the source.

4.2 Available Steady State Power
After it has been proven the influence of microfluidics on cell power, and that it can be
introduced as a variable for the voltage source function of the equivalent circuit, in this section
it is modelled how it affects the steady state value of this power.

I must be considered that the voltage source is also a function of the state of charge of
the electrolytes and the cell design. Flow configuration effects are isolated from these other
variables from the measurement. To do so, in each experiment the electric power variables
are converted to a relative measure from 0 to 1. This means dividing each value by the
maximum for that particular SOC and cell design. The maximum power values are measured
experimentally at the optimal flow conditions: those obtained with the electrolytes interface
cantered and with the maximum necessary electrolyte renovation in the reactor. It is considered
for this cell design that 800 µl/min is effectively above the maximum renovation needed.
Using these relative measurements allows to model the influence of fluid dynamics and how
flow operation affects battery performance, rather than modelling absolute power, which is
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Figure 4.3: Experiment showing microfluidic influence on electric response. Constant voltage
(0.7V) discharge, with different flow configurations represented on the left axis by the three
flows, and the maximum given electric current on the right axis.

out of the scope of this work and electric model.

On another note, measured power is different from the equivalent power at the equivalent
power at the voltage source of the equivalent circuit. This is because the steady-state power
measurements are made at the battery output terminals. Therefore, since experiments are
performed by measuring the current at constant voltage at the output terminals, the equivalent
steady-state source voltage is calculated using:

E0 = Vc + I.Zcircuit = Vc + I.(R0 + Rat) (4.5)

This means that for constant voltage experiments, both the influence of the fluid on the
steady-state source voltage and the battery power can be described and studied from the
response of the electric current to the fluid operation.

Model Based on Conventional Approach

Using conventional RFB approach and analytical electrochemical expression it is deduced an
expression relating electrical current to flow rate. First, the introduced Nernst´s equation (Eq.
4.1) describes the open-circuit source voltage of the equivalent circuit. Also, Faraday´s law
relates the amount of chemical reaction of the active species (i.e., the volume of electrolytes)
to the magnitude of the electrical charge passing through the electrodes. Faraday´s expression
can be applied to a time differential [135], and obtain an equation that defines the minimum
electrolyte flow for a given electric current:
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Q = 2bNcellI

zFcvanadiumSOCmin

(4.6)

where Q is the calculated electrolyte flow rate that guarantees the minimum species renovation
in the reactor for a desired electric current, b is a sign factor that is 1 for charging and -1
for discharging, Ncell is the number of reactor cells, i(t) is the net charge/discharge current,
z is the number of electrons in the reaction (1 for the vanadium RFB), and SOCmin is the
minimum state of charge of the electrolytes entering the reactor (in case they are different for
each electrolyte).

This expression can be rearranged to show that the maximum current is limited by the
minimum inlet flow rate of the electrolytes:

I = Qmin
zFcvanadiumSOCmin

2bNcell

(4.7)

Besides this, it is known that the maximum current for (4.7) must match the value obtained
from Nernst´s equation (4.1) for the open circuit voltage, and the expression in (4.5) rearranged.
Experimentally, as it has been already explained, it is measured using a high minimum inlet
flow rate (above 800 µl/min) so that it does not limit the reaction.

Imax = EOCV − Vc

R0 + Rat
(4.8)

The expression in (4.7) indicates that, at a specific state of charge, at any instant k, the value
of the current depends on the minimum input flow for the renewal of the electrolyte’s species
multiplied by a constant factor. Considering constant temperature and state of charge, the
relative current Ir is proportional to the minimum input flow by a factor KF . The relative
current is defined divided by the maximum current for the working state of charge.

Ir(k) = I

Imax

= Qmin(k)KF (4.9)

This approach only considers flow influence as a minimum value for species of the electrolytes
renovation. By using only expressions for conventional batteries. Nevertheless, it is intuitively
incomplete for microfluidic membraneless designs, where the flows configurations define
the interface depletion and positioning. It can be proven in a constant voltage discharge
experiment, without recirculation so that the state of charge of the electrolytes entering the
reactor remains constant, and where the minimum inlet flow rate is kept at a fixed value
while the ratio of the inlets is changed. In this scenario, the current is measured, and if the
expression from (4.9) is correct, it should be constant. The results are shown in Fig. 4.4.

It is demonstrated that equation (4.9) is incomplete for the microfluidic membraneless case.
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Figure 4.4: Constant voltage discharge experiment, with one of minimum inlet flow rates
constant and modifying the fluidic interface by changing the other inlet flow (left axis), and
relative current output (right scale).

Microfluidic Membraneless Model

It is deduced that minimum input flow is not the only variable that defines the reactor power
and flow analysis must be expanded for the microfluidic membraneless model. In this cell
designs, operating the different electrolytes flow at a correct ratio is critical to guarantee that
these laminar flows form a centred interface that avoids electrolyte mixing and minimizes
advective mixing. Moreover, previous experiment shows that interface deviation due to
changes in the ratio between the inlet flows influences the output current and, consequently,
the available cell power. Considering this effect, and similarly the effect that flows ratio at
the outlets may have, it is proposed an equation that includes interface effects for an instant
k relative to the maximum current:

Ir(k) = Qmin(k).KF − ratioIn(k) ∗ KratioIn − ratioOut(k) ∗ KratioOut (4.10)

where KratioIn and KratioOut are constants to empirically quantify the power losses caused by
interface deviation produced by inlet and outlet flow ratios respectively. These ratios at the
input and output are defined as:
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if

∣∣∣∣∣ Q1(k) − Q2(k)
(Q1(k) − Q2(k))/2

∣∣∣∣∣ > Threshold1 : ratioIn(k) =
∣∣∣∣∣ Q1(k) − Q2(k)
(Q1(k) − Q2(k))/2

∣∣∣∣∣
exp

else : ratioIn(k) = 0

(4.11)

if

∣∣∣∣∣ Qout(k)
(Q1(k) − Q2(k))/2

∣∣∣∣∣ > Threshold2 : ratioOut(k) =
∣∣∣∣∣ Qout(k)
(Q1(k) − Q2(k))/2

∣∣∣∣∣
exp

else : ratioOut(k) = 0

(4.12)

This expression tries to reproduce the empirical behaviour observed in experiment from Fig.
4.4, where it is observed that the interface deflection due to flow ratios differences does not
affect the output current until a threshold is reached, at which point an exponential loss
occurs. This threshold, as well as the exponential behaviour, and the constants of equation
(4.10) are identified from empirical experiments, using grey-box identification methods. The
result is a grey-box mechanistic model, which as it was presented in the introduction uses
fundamental knowledge of the process and then unknown parameters are estimated from
experimental data.

Results of Models

First, the unknown parameters of the greybox model are identified. The regression has been
implemented using the adaptive subspace Gauss-Newton search [95] included as a function
in the tools for system identification in Matlab. Also, it is defined a fitness function for
evaluating the models with real data, that is:

fit = 100
(

|y − y⃗|
|y − mean(y)|

)
(4.13)

where y is the actual output data vector used as a reference, and ŷ is the model output when
excited with the actual input data. Regarding the model from the conventional approach and
analytical expression from Faraday’s law and Nernst´s equation presented in (4.9), its fitness
is tested in the experiment from Fig. 4.5.

It is observed that the model only partially reproduces the trend of the actual relative power
and fails to model the real response. The best fit is not satisfactory, and even when small
corrections to the model (offset values) are introduced in an attempt to mitigate the deviations,
it still does no reflects the experimental steady-state power values. The percentage of fit
measurement is also low (≈30%).

It becomes evident the need for a more complete model, that includes quantification of the
interface positioning. The model proposed in this thesis, detailed in expressions (4.10) to (4.12),
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Figure 4.5: Simulated response for the model of equation (4.9) and real experimental data.
The goodness of fit measurement is performed and indicated in the legend in percentage.

includes the interface influence added to the factor accounting for the minimum electrolyte
renovation. The unknown parameters of the model are identified with the cited Gauss-Newton
regression algorithm. Table 4.1 presents the best-found values for the parameters and that
are used to evaluate the response with the same real data in Fig. 4.6.

Symbol Quantity
Kf 5.5423.10−4(µl/min)−1

KratioIn 0.0928
KratioOut 0.0781

Threshold1 0.5
Threshold2 0.5

Exp 4

Table 4.1: Values of the parameters of the proposed equations
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Figure 4.6: Simulated response for the proposed model from equations (4.10)-(4.12) with
parameters from Table 4.1, and actual steady-state relative current experimental data. The
fitness measure is indicated in the legend.

Figure 4.7: Simulated response for the proposed model from equations (4.10)-(4.12) with
parameters from Table 4.1, and actual steady-state relative current experimental data in
different experiment. The fitness measure is indicated in the legend.

The model with the identified parameters is able to accurately represent the actual relative
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current performance of the battery, with fit measurement of around 77%. These parameters
are cross-validated with data from a different experiments where flow operation is different
and performed to the same cell after hours of operation, which is represented in Fig. 4.7.

The fitness of this second experiment demonstrates that the identified model parameters are
extendable for different conditions and after hours of operation time. The fitness measure is
slightly lower than for the first experiment of identification and validation, but it is still of the
same order and much better than the conventional approach. The model response is considered
satisfactory and the parameter values adequate. It should be noted that microfluidic devices,
such as the reaction cell used in these experiments, suffer from inconsistency due to multiple
factors (bubbles in the porous electrodes, pressure fluctuations, substrate deformation, etc.)
[72], [73]. This reinforces the relevance of the proposed model, and the fitness measurements
validate the values of the identified parameters. The model is valid for estimating relative
electrical power from fluid dynamics operation data.

4.3 Power Dynamic Response
The dynamic response of the output power is studied separately from the steady state value.
Based on the proposed equivalent electric circuit, the set of impedances introduce a dynamic
response between the voltage source and the measured output. Beyond those dynamics, there
is also a dynamic response of the voltage source responding to the microfluidic configuration
that has to be modelled. This is because the steady state power values previously modelled
do not change instantaneously but are a time dependant function. Therefore, the dynamic
response function must include both impedance and voltage source to flow dynamics.

The importance of the dynamic model is that it defines how the fluid dynamics must operate
for any desired power transient response. This is how microfluidic operation must adapt to
make fast and stably power available in the battery (both supplying it in discharge mode
and converting it to energy storage when charging). This becomes all the more relevant in
applications that require frequent changes in power demand. This is the case typically for
intermittent energy sources such as wind and solar photovoltaic (very common applications
for RFB). The power electronics must be designed considering the model of the dynamic
response of the battery to integrate it into the particular application.

Regarding the first part of dynamic response, the impedances already defined in the equivalent
electric circuit, the transfer function is derived from the circuit from Section 4.1. As a
reminder, it is modelled by curve fitting the EIS measurement that parametrizes the resistor
and the capacitors of the circuit. This transfer function is:

E0(s)
I(s) =

R0+Rat

RatCdl
+ R0s

1
RatCdl

+ s
(4.14)

This transfer function of the impedance is used to transform the measured output current
function into the curve at the voltage source. Then, this data curve can be used for the
modelling of the voltage source dynamics in relation with the fluid dynamics. The transfer
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function proposed to model these dynamics is:

Dn(s) = Es(s)
E0(s) = 1

1 + τ.s
(4.15)

where Es is the instantaneous value of the voltage source, E0 is the steady-state value
corresponding to the power as modelled previously in the steady-state part, and τ is the time
constant. It has been empirically observed that the parameter τ is different for increasing
and decreasing flow rate changes. The equation (4.15) is proposed to imitate a low-pass filter
response, due to the experimental behaviour examined in the experimental data.

The proposed model for transient relative electric power dynamics is validated using experimen-
tal data. This data is generated performing periodic flow configuration steps. Consequently,
this creates power steps at the measured output current. The flow configuration steps are
made at different conditions of settling time stability so that the power dynamics are also
diverse. These different experimental conditions are used to find the optimal value of the
time constant defined in (4.15). Using again Gauss-Newton regression algorithm is found
that the fitness is improved when using different values for increasing and decreasing flow
dynamics (τ = 1 and τ = 1.333 respectively).

The fit to the different experimental curves is calculated. These experiments are represented
in Fig. 4.8, where the minimum inlet flow rate is also plotted graphically for each experiment.
This is displayed to better understand the different operating conditions and how their
dynamics translate into the power output.

It can be observed that the model fits satisfactorily the real response in the three different
experiments (each one representing a different dynamic). The fitness measurements are
calculated using equation (4.13), and they have values in the range of 70-80%. It is considered
demonstrated that the proposed dynamic model with the two different identified values of the
time constant reproduces well the real dynamic response, with overshoot and settling time
close to the real ones.
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Figure 4.8: Simulated responses for the dynamic model and three real experimental transient
power data. The fitness measure is indicated in each legend.
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4.4 Mixing Losses
Mixing and self-discharge losses affect severely the efficiency of membraneless RFB operation
and modify the state of charge, affecting the electrical response. Although the relation between
these losses and microfluidic operation is intuitively direct, previous works as explained in
Section 2.2.1 have considered the reaction cell to have always a perfectly centered interface
with equilibrated flow rates at the inlets and outlets. These works can provide analytical
expressions that bound the crossover diffusion losses [[61], or experimentally measure how the
resident time within different cell designs affect them [66], but do not evaluate how different
flow configuration and fluid dynamics modify the total capacity loss (due not only to the
diffusion self-discharge but also to mixing).

In this thesis, a first approach is made to correlate fluidic operation and mixing and self-
discharge. The approach is to consider the measured volume crossover directly proportional
to the mixing part of the losses and its change in species concentration in the electrolytes.
Diffusion mixing, which occurs at the interface of the two electrolytes due to the difference
in species concentration, is also considered and can be identified when the volume mixing is
zero. The diffusion part varies with the resident time, decreasing as flow rates increase and
this time is smaller. However, previous work from [66] indicates that it has an asymptotic
behaviour after exceeding the order of tens of µl/min. This can be observed in Fig. 4.9.

Figure 4.9: Experimental measurements of the self-discharge losses from [66], at different
equal inlet flow rates from 0.1 to 300 µl/min and at 90% states of charge, using logarithmic
scale.

Considering that flow rates used in this work are maintained always above 100 µl/min
the diffusion effect can be considered constant. Therefore, the equation correlating the
state-of-charge loss and self-discharge with volume mixing is determined as:
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SOCloss = Diff + %Vmix ∗ Km (4.16)

where Diff is the fixed self-discharge loss mainly due to diffusion, Km is a linear factor
representing the proportionality between the state-of-charge loss (SOCloss) and the percentage
of mixed liquid volume (%Vmix). This percentage is:

if(VOut1 − VOut2) > (VIn1 − VIn2) :

%Vmix = (VOut1 − VOut2) − (VIn1 − VIn2)
2 ∗ VOut1

∗ 100

else :

%Vmix = (VOut1 − VOut2) − (VIn1 − VIn2)
2 ∗ VOut2

∗ 100

(4.17)

Here, V indicates the volumes of the system, and the subscripts indicate whether the volume
is measured at the inlet or outlet, and the numbers whether they belong to the negative or
positive side (1 and 2 respectively).

The experimental scheme for model validation is illustrated in Fig. 4.10. This configuration
allows empirical correlation between volumetric mixing flowmeter data and the change in
state of charge provided by spectrophotometers. These devices provide species concentration
(state of charge) measurements using spectra calibration reference curves for each vanadium
species [67],[136]. Since the electrolytes at the inlets are known to be at a certain state of
charge, it is possible to calculate the change in species concentration.

In the experiments using this configuration, electrolytes at oxidation states V 3+ and V 4+ have
been used for the negative and positive side, respectively, to simplify the spectrum analysis.
Consequently, in order to be consistent with equations (4.3) and (4.4), the state of charge for
each electrolyte is calculated as the C3 and C4 concentrations of those two oxidation states:

SOC− =
(

C3

C3 + V4

)
(4.18)

SOC+ =
(

C4

C3 + V4

)
(4.19)

The loss of state of charge for equation (4.16) is calculated as the initial state of charge (that
is guaranteed to be equal in both electrolytes) minus the minimum of the SOC− and SOC+
measured at the outputs.

This proposed mixing experiment is performed with several different flow configurations
obtaining diverse electrolyte mixtures. For each configuration, the mixing percentage by
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Figure 4.10: System configuration scheme for correlation between flow and mixing and self-
discharge, with pumping system, reaction cell, flowmeters, and spectrophotometers. The cell
outlets are not recirculated to preserve SOC at the tanks.

volume measured integrating flowmeters values, and state of charges from spectrophotometer
are calculated. Considering that the electrolytes at the inlets are at full state of charge, the
state-of-charge losses are obtained by subtracting the limiting value of the two SOC values
from the spectrophotometer at the outlets.

Figure 4.11: Relation between SOC losses and mixed volume, with experimental points and
linear curve model fit indicated. Root-mean-square error and R2 measurements are shown in
the legend.
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The results of the experiments are shown in Fig. 4.11, together with the plot of the linear
equation (4.16) with the parameters Diff = 9.394 and Km = 0.678 adjusted to minimize
root-mean-square error (RMSE). The value for the R2 coefficient to the datapoints is close to
0.87, indicating a quality replica of the real response.

It is demonstrated that the model reproduces the actual behaviour of the losses. The volume
crossover together with the diffusion of active species can explain the main losses in the state
of charge. The constant loss due to diffusion is proved to be one of the main drawbacks of
membraneless operation. Furthermore, it is demonstrated that minimizing the volume error
with proper flow control is critical for optimal battery performance.

4.5 Conclusions
In this chapter an electrical model for microfluidic membraneless RFBs has been proposed and
validated experimentally, with special consideration to the fluidic influence on its response.
The main conclusions are:

• This works presents for the first time an electric equivalent circuit model for micro
membraneless redox flow batteries. The model is based on conventional RFB references
that present similar architecture for the electrical circuit.

• The equivalent circuit consists of a voltage source that emulates the electromotive force
of the battery (Es), an ohmic resistance (R0) accounting for the internal ohmic losses of
the electrical contacts (the electrodes and the electrolytes), and an impedance pair in
parallel, consisting of a resistance (Rat), that models the concentration and activation
overpotentials, and a capacitance (Cdl), that models the electrical double layers at the
contacts between the porous electrodes and the liquid electrolytes.

• The voltage source value is defined as a function of state of charge, flow configuration
and time.

• The state of charge of the battery is defined as a coefficient of the active species
concentration over the total concentration of all vanadium species for each electrolyte.
As there are two definitions (one for each electrolyte) that may differ due to unbalancing,
it is used the minimum of both in practice.

• The model studies the fluidic dynamic influence on its electrical response, and it
demonstrate how critical is for an optimal electric performance by empirically showing
high available power variability with respect to changing flows. It studies three metrics
specifically: steady state power, power dynamics, and losses due to self-discharge and
mixing.

• It demonstrates empirically which elements of the equivalent circuit are affected by
this fluid dynamics with electrochemical impedance spectroscopy. This EIS experiment
shows no change in the impedance response for a set of diverse flow configurations, which
demonstrates that impedances are not the cause for the power variability. Therefore,
the voltage source is the only possible element affected by fluidic operation that changes
available power.
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• Conventional approach for modelling fluidic influence on steady-state available power
considers Nernst´s equation and Faraday law. Nernst´s equation defines open circuit
potential based on state of charge (and temperature but it is considered constant in this
study). Faraday law can be used for correlating electric current with species renovation
in the reactor (minimum inlet flow).

• It is demonstrated that the conventional approach for steady state power is incomplete,
as for the membraneless scenario available power is not affected only by limiting inlet
electrolytes flow, but also by the generated laminar interface of the electrolytes through
the reactor.

• The microfluidic membraneless RFB proposed new model for steady state power considers
interface depletion using inlet and outlet flows ratios. The effect of the incorrect
positioning of the interface is null for small deviations and then presents an exponential
loss in the available power. This is a mechanistic greybox model that has some unknown
parameters that are identified using Gauss-Newton regression.

• The new proposed model with identified parameters shows a good resemblance for the
real steady-state power value. A fitness measurement based on the distance between real
and simulated data vectors is defined. The model performs with fit values of 68-77%,
more than the double for the conventional model.

• This work also models the dynamics of this available power. The model consist on the
dynamics due to the impedances in the defined equivalent circuit and identified with
EIS experiments, and the dynamics on the voltage source due to fluidic conditions. The
transfer function for the impedance is defined by the electric circuit, and the one for the
fluidics is proposed to have similar to a low-pass filter based on observed behaviour. The
time constant for this low pass filter is defined as different for increasing minimum inlet
flows than for decreasing ones. Both values are identified using Gauss-Newton regression
again, and model is validated under different operating conditions that produce different
power dynamics conditions in terms of stability and speed. Fitness measurements are
calculated using the same expression and are in the range of 70-80

• The third modelled metric refers to discharge losses, including diffusive self-discharge
and mixing due to volume crossover. The diffusion is considered constant as previous
works empirically demonstrated an asymptotic behaviour for the working flow rates
range. The rest of the state of charge losses are considered to be caused by volume
mixing. For this second losses data from flowmeters and spectrophotometry is correlated
in different single pass experiments, what allows to find the linear relation between flow
and SOC losses. The modelled equation joining diffusive constant losses and mixing
proportional ones is validated calculating the R2 coefficient to the real data points
(R2 ≈ 0.87).

• The proposed model can help for further studies on optimization of membraneless redox
flow batteries design and operation, and future power electronics integration.

The design of the proposed electrical equivalent circuit, the model considering
fluidic influence on its elements, and its experimental validation is one of the
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main contributions of this thesis.
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Chapter 5

Fluid dynamic modelling

In Chapter 4, it is studied the electrical model of the battery, and how the microfluidic
operation affects it. Now, this chapter is focused on developing a design methodology for a
microfluidic model that can emulate the real response of the micro laminar flows in regard to
the active elements of the instrumentation setup.

This modelling is important to predict the flow configuration based on the microfluidics
actuators operation. This flow configuration itself determines electrical response as previous
chapter has demonstrated. It is also relevant to design the control strategy of the active
pumping elements, allowing to simulate the system response and to mathematically calculate
and adjust the regulation parameters of the control design.

In this chapter, first the system variables are described based on the microfluidic setup
explained in Section 3.4. Input and output variables of the system are determined and
explained, as well as the state variables for the state space representation. Then, based
on theoretical analysis of microfluidics dynamics principles and empirical knowledge of the
system, equations describing state variables response are proposed. The unknown parameters
of the system are identified for the greybox model. Due to variability and stochasticity
of microfluidics, correction factors are proposed to adjust the equations. These correction
factors are calculated in real time using Extended Kalman Filter (EKF). The models with
and without the real time adjustment are validated experimentally.

5.1 System Configuration
In section 3.4 the system microfluidic setup is presented. As a summary, in this configuration
pumps are located at the inlets of the cell, pumping each of the electrolytes from its respective
tank in a regulated flow rate. These piezoelectric pumps introduce complexity in the control,
but provide flexibility to adapt pumping actions faster, and reduce pulsation compared to
syringe ones. The full control of the interface of the liquids is achieved controlling also the
flows at the outlets, placing one valve in each of them to regulate the pressure drop. The valves
are activated using air pressure regulated by varying the power of a micro air compressor.
The flows (inlet negative flow Q1, inlet positive flow Q2, outlet negative flow Q3, and outlet
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positive flow Q4) are measured using the microfluidic flowmeters in each of the inlets and
outlets.

The system is modelled in a state space representation, so first variables need to be defined.
The inputs are defined as the voltages of the pumps and the differential voltage of the valves,
and the state variables, which coincide with the outputs, as the inlets flows and the difference
between the outlet flows, as shown in (5.1) and (5.2). The reason for defining the system
variables as differences is trivial for the output: the sum of the input flows must be the
same as the sum of the output ones, then knowing only three of them fourth is also known.
Equivalently, knowing the inputs and the difference between the outputs, the two outputs
are calculated in a straightforward manner. The reason for choosing the third input as the
differential voltage of the valves is to introduce an additional constraint: at least one of the
valves must be always completely opened (power of the air compressor equal to zero). This
constraint makes the system compatible determinate (3 variables and 3 equations). The
solution of the system also becomes the one that requires least actuator power, as only one
valve generate pressure drop, so it is generated the minimum additional pressure drop for the
pumps.

U =

U1
U2
U3

 =

 Pump1V oltage
Pump2V oltage

V alve1Power − V alve2Power

 (5.1)

X =

X1
X2
X3

 = Y =

Y1
Y2
Y3

 =

 Q1
Q2

Q3 − Q4

 (5.2)

It should be noted that the system has some intrinsic problems that make its operation
complex. As it has been mentioned, it is common in stable flow microfluidic applications
[72], [73] that bubbles or variable wettability in the surfaces and in the internal porous media
of the cell modify the pressure drop across the fluidic channels and elements. Furthermore,
these issues produce micro actuators do not have a repeatable response. For example, pumps
do not impulse always the same flow at the same operation conditions (applied voltage) and
ambient conditions (same electrolyte, room temperature and humidity, etc.). The reason for
this is the explained bubbles and wettability, that in the case of the pumps is enhanced due
to the fact that they have internal passive valves in the chambers that can fluctuate their
micro internal position and response. Besides, the valves membranes have strong inertias and
deflection hysteresis. Together with these stochastic conditions, the dynamics also present
a nonlinear behaviour. Finally, external conditions of the system can change the dynamic
response of the actuators and the liquids, mainly the change in temperature or the state of
charge of the electrolytes.

5.2 Equations Definition
Three discrete equations are proposed describing the behaviour of the dynamic of the fluids
within the system. These are discrete equations based on theoretical analysis of microfluidics
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dynamics principles. The expressions are proposed consistently with momentum and mass
conservation principles as stated in continuity and Navier-Stokes equations [137], [138]. Also,
it must be considered that in microfluidics the gravitational force terms are neglected, so for
incompressible and isothermal fluids, the momentum equations are reduced to Stokes equation
[139]. The system is considered to work with incompressible viscous fluids in laminar regime,
and to have no changes in density or temperature. Them, the proposed expressions define the
relation between flow, viscosity inertia, pressure drop in the conduction and external pumping
work. The set of microfluidic ducts that compose the system converge in the reaction cell, so
there is influence of each on the others. This influence is related with heuristics and based on
experimental observations. Finally, all the relations are simplified in the proposed dynamic
equations:

Q1(k + 1) = Q1(k)a1 + U1(k)kV 1 − U2(k)kP 2 − |U3(k)|kP 3 − cP 1 (5.3)

Q2(k + 1) = Q2(k)a2 + U2(k)kV 2 − U1(k)kP 1 − |U3(k)|kP 3 − cP 2 (5.4)

(Q3 − Q4)(k + 1) = (Q3 − Q4)(k)a3 + U3(k)kV 3 + (Q1(k) − Q2(k))cQ3 + cP 3 (5.5)

The equations shown in (7.4)-(7.6) represent the discrete evolution of the three state variables,
defined also as outputs of the system. The defined parameters in the equations are described
in Table 5.1.

Symbol Meaning Quantity
KV 1 Gain U1 → Q1 1.1195(µl/min.V )
KV 2 Gain U2 → Q2 1.1904(µl/min.V )
KV 3 Gain U3 → Q3 − Q4 −0.0124(µl/min.V )
KP 1 Gain U1 → Q2 0.5317(µl/min.V )
KP 2 Gain U2 → Q1 0.3988(µl/min.V )
KP 3 Gain U3 → Q1∥Q2 0.0254(µl/min.V )
cP 1 Pressure Drop Q1 22.4132(µl/min)
cP 2 Pressure Drop Q2 1.1995(µl/min)
cP 3 Pressure Drop Q3 − Q4 24.7262(µl/min)
a1 Inertia-Viscosity ratio Q1 2.1114
a2 Inertia-Viscosity ratio Q2 0.7682
a3 Inertia between outputs Q3 − Q4 0.7905
cQ3 Inertia inputs-outputs Q1 − Q2 → Q3 − Q4 0.9709

Table 5.1: Parameters of the proposed equations

It can be observed that the equations describing the flow at the inlets (Q1 and Q2) are
symmetrical, and depend on the terms:

1. Inertia of the fluid at the same inlet, which is represented by Qi(k)ai, where the flow
at instant k + 1 is proportional to the flow at the previous instant k in the same inlet
multiplied by the inertia factor ai, that must be positive and less than 1 as friction
slows down flow (ratio between viscous force and inertia).
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2. Pump action at the same inlet, represented by Ui(k)kV i, where flow at k+1 is proportional
to pump voltage at instant k multiplied by gain factor kV i, that must be positive as
pump action tends to increase flow.

3. Pump pressure generated by pumping the other inlet, represented by −Uj(k)kP j, where
flow decrease at instant k + 1 is proportional to voltage of the pump at the other inlet
at instant k multiplied by a gain factor kP j, that must be positive as this pump action
tends to decrease flow.

4. Pressure drop from valves action, −∥U3(k)∥kP 3, where the flow decrease at instant k + 1
is proportional to the absolute value of input 3 (difference in the power of the valves) at
instant k multiplied by a gain factor kP 3. The valve action being a negative absolute
value is because moving away from zero (both valves fully opened) will increase pressure
drop, and inlet flows will be reduced. kP 3 must have a positive value to be consistent
with this.

5. Constant pressure drop of the cell inlet, represented by −cP i, where flow is decreased
by a constant factor. This term must be positive, and it is not valid when flow is close
to zero, as it represents a constant pressure drop at higher flows (the typical working
range for the cell).

The equation for the third state variable (Q3 − Q4) is different and has the terms:

1. Inertia of the fluids at the outlets, represented by (Q3 − Q4)(k)a3, where the difference
in outlet flows at instant k + 1 is proportional to the difference at previous instant k
multiplied by the inertia factor a3. This factor must have a value around 1, as the
difference in flows at the outlets tend to stay similar when no other term interacts.

2. Valves action, represented by U3(k)kV 3, where flow at instant k + 1 is proportional to
pump voltage at instant k multiplied by gain factor kV 3. This gain parameter must be
negative as valve action in one inlet tends to decrease flow at this inlet by closing and
narrowing fluid conduit, and therefore increase it at the other outlet.

3. Inlet to outlet inertia, (Q1(k) − Q2(k))cQ3, where difference of outlet flows at instant
k + 1 is proportional to flow difference at the inlets at the previous instant k multiplied
by the inertia factor cQ3. The cell structure favors that the negative electrolyte at
the inlet tends to flow through the negative outlet, and the same for the positive side.
Consequently, cQ3 value should be positive.

4. Constant pressure drop difference at cell outlets, represented by cP 3, where the difference
in flow is modified by a constant factor. This term can have any value, as it represents
tendency to flow preferably by one of the outlets due to the constant difference in the
pressure drop. It is not valid when the flow in the inlets is close to zero, as at this point
the difference would also be zero.

The values for these parameters of the dynamic equations (also shown in Table 5.1) are first
identified using nonlinear grey-box model identification, the same methodology as for the
unknown parameters of the electric model (Chapter 4). This methodology consists of using
the adaptive subspace Gauss-Newton search by means of Matlab. The nonlinearity that
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justifies using this method is raised in the equations by the absolute value term of (7.4) and
(7.5). It is important to note that the values identifies shown in Table 5.1 are coherent with
their definition as referred previously.

The response of the model with the identified parameters is expected to mimic very closely
the real response of the same data used for identification. However, when ambient conditions
change the system response and stochasticity becomes more evident, it is known that microflu-
idics models distance themselves from the experimental response, and the model becomes
imprecise. In any case, the model should maintain dynamic coherence, so that the grey-box
parameter identification is valid as a generalization of the response and consistent with the
measured data.

The results of using the proposed equations (7.4)-(7.6) with the identified values from Table
5.1 are shown in Fig. 5.1 and Fig. 5.2 These figures represent two different experiments,
the first experiment showing the results of the output of the model compared to the same
data used for the identification (with 0,2 s sample time), and the second experiment showing
the model compared to data from a different experiment. The experiments from the figures
are represented with a percentage value indicating the fitness of the model. This value is
calculated as in previous chapter, with the equation (7.4).

Figure 5.1: System output for model with grey box identified parameters compared to real
experimental data for the same experiment as used for identification. Fitness measurement is
indicated for each dataset.

The identified model shows good similarity to the same data used for identification, as
expected. The fitness values are between 75-90%, which shows that for all three outputs the
model follows the real flow dynamics. However, the second experiment repeated in the same
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Figure 5.2: System output for model with grey box identified parameters compared with real
data for a different experiment. Fitness measurement is indicated for each dataset.

electrolytes and ambient conditions but after several hours of operation, the model is more
imprecise. This is mainly explained due to microfluidics stochasticity: change in actuators,
wettability, or air bubbles. This second experiment have lower fitness values, especially for
the second and third output (which falls to 12%). The first output maintains a good fitness
value, which might be caused due to stochastic variability affecting this first output being
smaller. Also, it is observed for all outputs of the model to have dynamic coherence between
experiments and to real data, this is that although steady state values are not precise the
model outputs follow the real flow steps and increase and decrease together with real data.
Therefore, these two facts indicate that the proposed model equations are valid, and the
aim of this grey-box model identification to have a generalization of the response is proven.
However, it is also evident that the strong changing response of the microfluidics elements (as
specifically observed for the second and third output for the second experiment) make the
model imprecise, and the need of a model adaptation can be concluded.

5.3 Correction Factors Definition
To solve problems encountered in Section 5.2 for model response adaptation for different
experiments, it is proposed to add correction factors to the model. These factors should adapt
model response for different conditions and therefore make the simulated output more precise
to real measured data. The more pronounce variability is observed in the actuators, since it is
easily seen that the same actuators conditions do not reflect in the same flow rates. Therefore,
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the proposed correction factors are defined applied for the three actuators (f1,f2, and f3),
each one applied to negative and positive pumps and to the combined valves action. They
are introduced modifying previous parameters from equations (7.4) to (7.6), each one applied
to all the actions related with their respective actuator:

Pump1 :
{

kV 1f1
kP 1f1

}
(5.6)

Pump2 :
{

kV 2f2
kP 2f2

}
(5.7)

V alves :
{

kV 3f3
kP 3f3

}
(5.8)

These correction factors are introduced in equations (7.4) to (7.6), which are now modified
and expressed as:

Q1(k + 1) = Q1(k)a1 + U1(k)kV 1f1 − U2(k)kP 2f2 − |U3(k)|kP 3f3 − cP 1 (5.9)

Q2(k + 1) = Q2(k)a2 + U2(k)kV 2f2 − U1(k)kP 1f1 − |U3(k)|kP 3f3 − cP 2 (5.10)

(Q3 − Q4)(k + 1) = (Q3 − Q4)(k)a3 + U3(k)kV 3f3 + (Q1(k) − Q2(k))cQ3 + cP 3 (5.11)

These factors aim to solve the variability in the response of actuators, whether caused by
stochasticity or external conditions. Nevertheless, they can also compensate for nonlinearities
in the system, as the correction is applied to the linear terms of the expression and can
introduce nonlinear behaviour when adapted in real time.

The validity of the use of these factors for compensations is experimentally studied. In
order to compare the response of the model with and without the correction, the same data
from experiment of Fig. ?? is used. The model parameters are the ones already identified
and indicated in Table 5.1 Then, the value of the factors is determined in a new grey-box
identification regression for the equations (5.9) to (5.11), where previous parameters are now
introduced as known constants. Then, the response is compared in Fig. 5.3 , where real
measured data, model without introducing the correction factors, and model with them are
compared.

The identification algorithm determines that the values of the factors for the example of
the figure are: f1 = 1.0216, f2 = 1.0364, and f3 = 1.1471. The simulations comparison
demonstrates that the model adapted with the correction in the actuator factors has a more
accurate response of the system for this data. This is indicated by the fitness measurements,
which are improved for all three variables. This also means that the correction factors can
help to adapt the response with the changing stochastic response of the system. The values of
the factors are close to 1 (their initial value), which indicates that small changes in actuators
conditions modify notably the system response. Note that all factors affect all outputs, but
equations (5.9) to (5.11) indicate that factor f3 is mainly linked to the third output factor y3.
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Figure 5.3: Experimental data compared with models with and without factor correction
calculated in an offline regression. Fitness measurement is indicated for each dataset.

In this experiment, this output is the more distant in the model without correction, and the
factor f3 is the one with its value further from the initial value 1.

The system model can be rewritten as a state-space system based on dynamic equations
described in (5.9) to (5.11). The states are selected to be the same as the outputs, as already
defined in (5.2). Considering the nonlinear nature of the equations, the state space system is
described as two linear state spaces, each one describing each possible sign for the absolute
value. Therefore, the working space is divided in two halves, which are continuous for the
case where the action of the valves is equal to zero.

A =

 a1 0 0
0 a2 0

cQ3 −cQ3 a3

C =

1 0 0
0 1 0
0 0 1

D =

−cP 1
−cP 2
cP 3



if U3 < 0 if U3 ≥ 0

B =

 kV 1f1 −kP 2f2 −kP 3f3
−kP 1f1 kV 2f2 −kP 3f3

0 0 kV 3f3

 B =

 kV 1f1 −kP 2f2 kP 3f3
−kP 1f1 kV 2f2 kP 3f3

0 0 kV 3f3


(5.12)

This representation described in (5.12), can be used for the design of different control structures,
as it is explored in Chapter 6.
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5.4 Extended Kalman Filter Correction
The practical use of the defined correction factors for the actuators comes from adjusting
them in real time to adapt the response of the model. This adjustment in real time allows to
have a more exact estimation of the system state, predict more accurately the microfluidic
response, and it also can be used for the controller gains tuning. The chosen algorithm for the
calculation is the Extended Kalman Filter (EKF) that recursively approximates the nonlinear
set of equations by applying linearized equations in every iteration. It is chosen because
it generally works well with non-linear systems, although there are other good alternatives
such as the unscented Kalman filter, whose implementation is simpler as it avoids Jacobian
calculation but it usually has a higher computational cost [140]. Also, the system nonlinearities
are not severe, so the linearization of the EKF is expected to be enough.

EKF is an iterative method that considers a measurement, model and initial estimation
variances, with no need to store all previous states. The working flow chart has already been
presented in Section 2.3.4, in Fig. 2.23. The state of the filter, Xf(k), is defined as the set of
the correction factors, fi(k), and the process variables defining its evolution are the values of
the actuators and the previous values of the flows.

Xf(k) =

Xf1(k)
Xf2(k)
Xf3(k)

 =

f1(k)
f2(k)
f3(k)

 (5.13)

u(k) =



u1(k)
u2(k)
u3(k)
u4(k)
u5(k)
u6(k)


=



U1(k)
U2(k)
U3(k)

Q1(k − 1)
Q2(k − 1)

Q3(k − 1) − Q4(k − 1)


(5.14)

The measurement vector, Z(k), is built with the measurement of the flows from the sensors
in the current instant:

Z(k) =

 Q1(k)
Q2(k)

Q3(k − 1) − Q4(k)

 (5.15)

It is considered that the best estimation of state evolution, expressed in function g, is that
factors have the same value plus unknown random process noise w. Estimated variables are
noted with superscripted symbol ”−”. Symbol ” ˆ ” notes internal auxiliar variables of the
filter algorithm.

X̂f
−(k) = g(X̂f(k − 1), u(k − 1), w(k − 1)) =

f1(k − 1)
f2(k − 1)
f3(k − 1)

+ w(k − 1) (5.16)
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For the h function defining measures estimation, equations of the system from (5.9) to (5.11)
are used, since the prediction of the measure is that it will follow the proposed model dynamics
plus the measurement noise v.

Ẑ−(k) = h(X̂f(k), v(k)) =
u4(k − 1)a1 + u1(k)kV 1X̂f1

−(k) − u2(k)kP 2X̂f2
−(k) − |u3|kP 3X̂f3

−(k) − cP 1

u5(k − 1)a2 + u2(k)kV 2X̂f2
−(k) − u1(k)kP 1X̂f1

−(k) − |u3|kP 3X̂f3
−(k) − cP 2

u6(k − 1)a3 + u3(k)kV 3X̂f3
−(k) + (u4(k − 1) − u5(k − 1))c1 − cP 2

+ v(k)

(5.17)

Once variables and functions are defined and applying the definitions of the algorithm,
Jacobian matrices of partial derivatives are calculated. For the partial derivatives of equation
(5.16) it is obtained:

A[i,j](k) = ∂g[i]

Xf [j]
(X̂f

−(k − 1), u(k − 1), 0) = I (5.18)

W[i,j](k) = ∂g[i]

Wf [j]
(X̂f

−(k − 1), u(k − 1), 0) = I (5.19)

Where I is de identity matrix. Then, the partial derivatives of equation (5.17) are:

H[i,j](k) = ∂h[i]

Xf [j]
(X̂f

−(k − 1), 0) =

 kV 1u1(k) −kP 2u2(k) −kP 3|u3(k)|
−kP 1u1(k) kV 2u2(k) −kP 3|u3(k)|

0 0 kV 3u3(k)

+ v(k) (5.20)

V[i,j](k) = ∂h[i]

vf [j]
(X̂f

−(k − 1), 0) = I (5.21)

After defining all functions and Jacobian matrices, the steps of the algorithm are detailed.
First, the prediction step, where P −(k) is an a priori estimation of the covariance of the
error between estimated and real state vectors, P (k − 1) is the a posteriori estimation of
the covariance of the error between estimated and real state vectors from previous instant
k − 1, and Qf (k − 1) is the covariance matrix of process noise w. Also, considering the best
prediction using equation (5.16) with null noise (unknown), the equations are:

X̂f
−(k) = g(X̂f

−(k − 1), u(k), 0) (5.22)

P −(k) = A(k)P (k − 1)AT (k) + W (k)Qf (k − 1)W T (k) (5.23)
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After obtaining the value of the state in instant k, predicted from the values in k − 1, the
correction step is made. In this step, the calculated gain K(k) is applied to the estimation from
the prediction step to correct the state and Rf (k) is the covariance matrix of the measurement
noise v. The corrected state, that is the output of the filter, is calculated in this step:

K(k) = [P −(k)HT (k)(H(k)P −(k)HT (k) + V (k)Rf (k)V T (k))]−1 (5.24)

X̂f(k) = X̂f
−(k) + K(k)(Z(k) − h(X̂f

−(k, 0)) (5.25)

P (k) = (I − W (k)H(k))P −(k) (5.26)

The final step of the algorithm is updating the values for the next iteration, where values of
instant k become k − 1. Values for Qf (k − 1) = I ∗ 0.01 (covariance matrix of process noise)
and Rf(k) = I (covariance matrix of the measurement noise) are selected based on prior
confidence on process change and measurements respectively. The estimation algorithm and
model with real time adaptation are validated through two tests. For the first experiment,
the same real data already used in previous experiments in Sections 5.2 and 5.3 is again the
reference for comparing the accuracy of the model. Now, the response of the real-time EKF
application with its estimated factors is compared to the model without any correction. The
responses of this first experiment are represented in Fig. 5.4.

Figure 5.4: Comparison of real data system response with the model with online EKF factor
correction and the model without factor correction. Fitness measurement is indicated for
each dataset.
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It is demonstrated that real-time correction with EKF achieves a very precise simulation of
the real response. It has fitness measurements between 78% to 88%, which far outperforms
the model with no correction, and it also improves significantly the model with the correction
factors calculates offline. The second test consist of a simulated model built with equations
from (5.9) to (5.11). In this simulation the correction factor values change in real time by
externally forcing their value with white noise added. The model is excited with a sequence
of inputs in the actuators similar to the sequences from real experiments. In these conditions
the EKF estimation is applied. The random evolution of the factors values is compared with
the estimated values from the EKF to check how far from the introduced perturbations are
the values calculated by the algorithm. The results are presented in Fig. 5.5.

Figure 5.5: Random factor values fed to the simulated model of the system and EKF online
estimation of these values. Estimated values are adjusted precisely to random changes in the
factors fed to the model.

The result shows that the estimated values match the evolution of the factors fed to the model,
with almost no deviation. The estimation rapidly converges to the values and then is able
to mimic the introduced simulated perturbation. This means that the algorithm is able to
properly quantify the correction factors, and since the equations with the adjusted correction
factors reproduces accurately the real response, the methodology is proven to achieve an
enhanced modelling for the microfluidics of the membraneless RFB system.

5.5 Conclusions
In this chapter a microfluidic dynamic model for microfluidic membraneless RFBs has been
proposed and validated experimentally, proposing the dynamic discrete equations that describe
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the response, the correction factors applied to the actuators to account for stochasticity, and
the real time estimation algorithm for these factors. The main conclusions are:

• The system variables are chosen in the state space, and considering the microfluidic
setup presented in Chapter 3. The states and outputs are the flows at the inlets and
the difference of the flows at the outlets, since using one flow more would be redundant.
The inputs for the state space representation are the action of the two pumps, and
the combination of the valves action (one of them is forced to be always completely
open and the other one is regulated). Therefore, the solution for the operation of the
actuators for any desired microfluidic configuration is guaranteed to be the one with
minimum pumping power and is unique.

• The proposed equations reflecting the general dynamics of the system are based on
theoretical principles of mass and momentum conservation, and on relation between
actuators and cell flow rates observed empirically.

• The equations are based on terms accounting for pumping gains, valve restriction,
fluids inertia in each conduction, pressure drops caused by flows coupling influence, and
inertia-viscosity ratios terms. They are reflected in a multiple input multiple output
system with coupling between the different actuators and the state variables.

• The values for the specific terms are unknown and identified using Gauss-Newton
regression algorithm. The sign and order of the values are checked to have consistency
with the theoretical principles in which they are based.

• The equations with the identified values are proven to be a good generalization of
the dynamics, but to have deviation with different experiments after several hours of
operation time, when stochasticity due to wettability, actuators hysteresis, bubbles or
any other system condition effect becomes relevant.

• It is proposed to use some factors correcting proportionally the actuators effect. Conse-
quently, proposed equations are modified including these three correction factors, each
one associated with one actuator.

• The correction factors are calculated offline with a new regression. This allows to check
that the model augmented with the factors is able to adapt the response to the different
stochastic conditions.

• The real time calculation is performed using Extended Kalman Filter, linearizing the
system and defining the Jacobian matrixes of the partial derivatives of the proposed
augmented equations.

• The EKF algorithm is proven to be able to estimate the change in the factors in
simulation, and to experimentally adapt the model to adjust it to the real system
conditions.

• The model methodology performs a precise and accurate estimation of the microfluidic
response which can be used to simulate and estimate the derived battery electrical
response, and to design and optimize the microfluidic control and regulation method for
the actuators.
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The proposed microfluidic dynamic equations, the parameters identification,
the proposed augmented equations with the corrections factors, the real time
estimation of them, and the whole methodology experimental validation is one of
the main contributions of this thesis.
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Chapter 6

System control

Microfluidic operation has been demonstrated to be critical for optimal membraneless RFB,
as Chapter 4 electrical modelling shows its influence in the power, mixing and self-discharge
losses. Also, to operate the setup described in Chapter 3, which incorporates more elements
to have a deeper control of the flow configuration, a modelling methodology of the active
microfluidics elements and how they interact with liquid interface and its flow within the cell
has been presented in Chapter 4.

All this work leads to allows the design of a precise control strategy that allows to operate
in recirculation the battery with an optimal interface positioning and adapting to power
demands. This precise regulation can overcome problems and operation limitations of the
previous existing references, as explained in Section 2.1, and allow the project in which this
thesis takes place to demonstrate the first microfluidic membraneless RFB with recirculation
and charge/discharge cycling.

This chapter explores different control strategies and designs. First, it is detailed the operation
with no microfluidic modelling, using conventional Proportional Integral Derivative (PID)
controllers, and combining them as independent Single Input Single Output (SISO) systems to
make the multivariable control. Also, it is explained this strategy different possible approaches
of use. For example, to avoid operation changes with power demand, it can be chosen to flow
at a high constant flow rate so that there always enough species available at the reactor. This
mentioned approach drawbacks (higher pump consumption) and general problems of using
independent PID controllers (actuators coupling) are demonstrated and explained.

Consequently, and given the availability of the proposed microfluidic modelling, the main
object of study in this chapter is model-based control strategies. This multiple input multiple
output (MIMO) controllers using the state space designed model can be expected to perform a
better regulation. The proposed controllers include optimal LQR with integral action (LQRI),
optimal control with incremental state, and model predictive control (MPC), which is divided
into a nonlinear approach and an adaptive linearized one.

This chapter describes all these controllers and explains its designs. Their flow response
is tested in simulation and experimentally, and the microfluidic results are displayed. The
electrical performance resulting from each controller microfluidic operation is detailed in
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Chapter 7.

6.1 Model-Free Control Strategy
Model-free control methods are relevant in addressing control challenges in systems where
precise modelling may not be available or necessary, requires too many efforts, or is imprecise.
Their adaptability, robustness, real-time capabilities, and data-driven nature make them
valuable tools for real-world problems.

There are different modern control strategies that allow to design the system regulation
without a model. However, usually these techniques depend on complex methodologies
that rely on implementations to learn, adapt, and make control decisions without explicit
knowledge of the system’s mathematical model. These methodologies are often grounded
in machine learning and optimization techniques, as they need to cope with the inherent
complexity and uncertainty of real-world system.

PID control is notably simpler to understand and implement compared to many complex model-
free techniques. It does not require sophisticated algorithms or extensive data-driven training.
Also, PID controllers can be tuned with engineering expertise and practical experimentation.
In contrast, complex model-free techniques often demand extensive parameter tuning, data
collection, and algorithm development. Finally, PID also offers real-time responsiveness and
resource efficiency, as it typically involves low computational cost and can run on resource-
constrained hardware. This allows to use limited computing resources to provide immediate
real-time responses to system changes or disturbances. Some complex model-free techniques
may require significant computation time or offline learning before deployment.

6.1.1 Multiple Independent PID-Controllers
The model-free approach for the system using classical PID controllers is designed as several
independent PID controllers working as SISO systems. This is the initial approach for
controlling the flows within the cell. Besides evaluating it as a valid control strategy, this
structure also allows to have a fast first control design for different experiments and to collect
data. This has been used as the first basic control for the modelling experiments stated in
previous chapters. This architecture is shown in Fig. 6.1.

The architecture consists of three independent PIDs, each of them being a single-input
single-output (SISO) system that is adjusted alone and considered to work alone. It is true
that from the observed response of the system, it can be deduced that problems because
of coupling between controllers can occur: as the proposed equation from the microfluidic
modelling from Chapter 5 indicates, all inputs affect all outputs, and this state variables
are also coupled between them. Nevertheless, if influence of every actuator in each of the
outputs is observed, it is indicated that the first pump (U1) has the main influence on flow at
the first inlet (Y1 = Q1), the second pump (U2) in flow at the second inlet (Y2 = Q2), and
the combined action of the valves (U3), written as the difference between their power, has
a more direct relationship with flows at the outlets (Y3 = Q3 − Q4). These correlations can
be deduced from intuitive study of the system, but they are also demonstrated by equations
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Figure 6.1: Model-free control architecture based on three independent SISO PID controllers
by assigning one input for the actuators to one measured output of the system.

(5.9) to (5.11), and specially evaluating the values of the constants of the model obtained by
identification in section 5.2 and shown in Table 6.1. It can be checked that values of kV 1, kV 2
and kV 3 are significantly larger (2 or 3 times) than the rest of parameters that apply to each
flow. The discrete expression for each controller expressed as a Z transform is:

U(z) = Kp + ki
Ts(z − 1)
1(z − 1) + kd

N(z − 1)
(z − 1) + NTs

(6.1)

Where Ts is the sampling time, kp is the proportional gain, ki is the integral gain whose term
is calculated in the trapezoidal approach, and kd is the derivative gain whose term has the
constant N adjusted to act as a low-pass filter. Note that, as indicated in Fig. 6.1 the inputs
have saturations that limits the actuators to their working ranges.

Values of the PIDs are adjusted empirically by trial and error. They are written in Table
6.1. The process for this adjustment is: first in a real experiment get some broad values and
have the system working for collecting more data, second with the model and simulating the
response values are adjusted, and finally the values are validated in the real setup again and
slightly modified when needed.

Symbol PID 1 PID 2 PID 3
Kp 0.1 0.1 -0.2
Ki 0.2 0.2 -0.3
Kd 0.02 0.02 -0.1

Table 6.1: Values of the parameters of the proposed PID controllers

The method is validated in simulation using the proposed model (although this method
implementation was made before its development), and experimentally in the real system. In
both validations it is used a sampling time of 1ms, and N=10. However, it must be noted
that in following sections where the this set of PID regulators are compared to other control
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methods, the sampling time is 0.2ms in order to match the one use for them. Therefore, the
constant N is also changed to 1, and the low pass filter is implemented in the measurement
of the flow sensors directly. The results for an example of these experiments are shown in
figures Fig 6.2 and Fig. 6.3.

Figure 6.2: Simulated response for the control architecture with 3 PIDs controllers.

The response for the simulated and experimental response shows that the controller is not
optimal. It presents overshoot for the two first outputs, that stabilizes after more than
10 seconds. Regarding the third output it has a slow response with around 30 seconds of
settling time. The computational cost of this algorithm is very low (the whole computer
application acting as SCADA run with this control algorithm in less than 10ms). The results
for simulation are similar to the ones in the real experimentation, but the real system shows
more coupling between variables, which increases overshoot and extends settling time. Note
that for simulation is used the system model, although this control strategy does not require
it, and it was temporally earlier. It is true that system model can help in the parameter
tuning for PID controllers.

The overshoot of the response can be mitigated using other control gains, at the cost of
making response to slow (more than 20s of settling time for Y1 and Y2, and more than 50 s
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Figure 6.3: Real response for the control architecture with 3 PIDs controllers.

for Y3). This is the reason that has been chosen to present the result with these gains, as
those settling times do not comply with the system requirements, and, also, because here it is
easier to observe coupling between variables which as an important effect to understand the
need for a MIMO approach.

This 3-independent PIDs control architecture can be used in different ways. It can be
considered that since the response to changes in the setpoint is not optimal (whether it has
overshoot or is made too slow), it is better to minimize this require changed. This can be
done by equilibrating the interface with the maximum inlet flows so that it is not necessary
to rapidly adapt them to meet power demands. Obviously, this has the cost of using more
pumping power than required, which for experimental validation of the battery might not be
critical, but it is for real battery operation. These two approaches (using the PID controllers
and flowing at the maximum inlet flows) are analysed using the electrical model in order to
be evaluated and compared to the rest of the control designs.
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6.2 Model Based Strategies
The simplest approach has shown to have limitations to adapt the flow rates to reference
step changes. These steps are expected to be needed during operation of the battery to meet
power demands. Consequently, other control methodologies are explored taking advantage
of the proposed model. Since model capture the relationships between inputs, outputs, and
states, it provides a detailed understanding of how the system responds, and it can be used
for mathematically design and calculate control laws.

In this section, different control laws are explained and its implementation detailed, in order to
perform regulations that comply with each algorithm optimality function or specific objectives
of precision, speed and stability. The proposed algorithms are divided in optimal algorithms
with augmented system implementation added to compensate for steady-state error, and
model predictive controllers. Each control is validated in simulation and real experiments
individually, and finally all actions are compared by displaying them together (including the
model-free design from previous section).

6.2.1 LQR with Integral Action
The first proposed control method using the microfluidic model is an optima control based on
the linear quadratic regulator (LQR). This method is a widely applied and influential control
strategy in the field of control theory and engineering. LQR is designed to find the optimal
control action of linear dynamic systems, making it particularly well-suited for applications
considering precise control and performance optimization. At its core, LQR aims to find
control inputs that minimize a weighted combination of two key objectives: the control effort
(energy or cost) and the deviation of the system state from a desired reference trajectory. By
formulating the control problem in this way, LQR controllers can achieve a delicate balance
between achieving desired performance and minimizing control effort. However, this control
law is vulnerable to model deviations, and can not guarantee zero steady-state error when the
model differs even slightly from the real system [122]. Since it has been already discussed that
microfluidic systems in general and the membraneless RFB in particular have a stochastic
variability in their response, it is necessary to add an integral action that compensates for
these possible deviations in the steady-state besides the EKF correction of the model.

The most common strategy for addressing this limitation is augmenting the system matrix
with integration of error in the outputs, as described in [141]. This modification introduces an
additional term to the control law that integrates the error signal over time. This addresses the
inability of common LQR to eliminate steady-state errors in the system’s response. Integral
control is particularly effective in systems with non-zero setpoints or reference values. It
continuously accumulates the error between the desired and actual system states, gradually
driving the steady-state error to zero. This enhancement ensures that the controlled system
can achieve precise and accurate tracking of desired trajectories or reference signals, achieving
both optimal transient response and steady-state accuracy.

The augmented system introduces the integral error as a new system variable for the state
space representation of the system. This new state variable, ϵ, is defined as the sum of errors
as:

108



CHAPTER 6. SYSTEM CONTROL

ϵ(k + 1) = ϵ(k) + Ts(r(k) − C.X(k)) (6.2)

Where r is the reference setpoint vector of flows. And the augmented state space representation
is now written as:

[
X(k + 1)
ϵ(k + 1)

]
=
[

A 0
−C I

] [
X(k)
ϵ(k)

]
+
[
B
0

]
U(k) +

[
0
I

]
r(k) (6.3)

Therefore, system dynamics are now defined by augmented system matrices, Ã and B̃, that
are:

Ã =
[
A 0
C I

]
B̃ =

[
B
0

]
(6.4)

Optimal control for these new dynamics is calculated to solve the well known LQR process,
that minimizes the cost function J defined as:

J =
∞∑

x=0
((X(k) − Xr)T Q(X(k) − Xr)) + (U(k)T RU(k)) (6.5)

Where Q and R matrices are defined to ponderate error versus action in the cost. Then,
control action U is defined as a gain applied to the state:

U(k) = K(Xr − X(k)) (6.6)

The solution for obtaining the K gain is calculated as:

K = (R + B̃T PB̃)−1B̃T PÃ (6.7)

Where P is the solution to the discrete algebraic Riccati equation:

P = ÃT PÃ − (ÃP B̃)(R + B̃T PB̃)−1(B̃T PÃ) (6.8)

This process for obtaining the optimum control gain is calculated using augmented matrices
described in (6.3), and since state space representation is adaptive and changes in real time
with EKF estimation of the correction factors, solution of the Riccati equation has to be
found at every instant. Because of this the best approach is to have an iterative process that
approximates and converges to the solution. The used iterative equations derived from [142]
are:

K(k) = (R + B̃T (k)P (k − 1)B̃(k))−1.B̃T (k)P (k − 1)Ã(k) (6.9)
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P (k) = Q + KT (k)RK(+) + (Ã(k) − B̃(k)K(k))T P (k − 1)(Ã(k) − B̃(k)K(k)) (6.10)

Finally, reference tracking gain is added apart from the integral part to adjust the action to
the flow setpoints that are different from zero.

Kref (k) = K(k) − B̃(k)−1(Ã(k) − I) (6.11)

The scheme for this control architecture is shown in Fig. 6.4.

Figure 6.4: Control scheme of the LQR with integral action, with factors from the EKF
estimation for the adaptive model of the control calculation, and the iteratively calculated
control gains.

In the microfluidic membraneless RFB system, outputs are the state variables, so augmenting
state with output error is equivalent to incorporating error in states. Building new system
matrices with equations in (6.4) applied to state space definition from section 5.3 is written
as:
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Ã =



a1 0 0 0 0 0
0 a2 0 0 0 0

cQ3 −cQ3 a3 0 0 0
−1 0 0 0 0 0
0 −1 0 0 0 0
0 0 −1 0 0 0



if U3 < 0 if U3 ≥ 0

B̃ =



kV 1f1 −kP 2f2 kP 3f3
−kP 1f1 kV 2f2 kP 3f3

0 0 kV 3f3
0 0 0
0 0 0
0 0 0


B̃ =



kV 1f1 −kP 2f2 −kP 3f3
−kP 1f1 kV 2f2 −kP 3f3

0 0 kV 3f3
0 0 0
0 0 0
0 0 0



(6.12)

Figure 6.5: Simulated response for the LQR with integral action control architecture.
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Figure 6.6: Real response for the LQR with integral action control architecture.

The method is validated in simulation and experimentally in the real system. The values
for the system matrixes are selected by trial and error in simulation and then validated and
adjusted again if necessary in real experiment tests. The values are Q = I.10−3 and R = I.103,
as a more aggressive control action introduces instabilities and oscillations. The sampling
time is 0.2ms. The results for an example of these experiments are shown in figures Fig. 6.5
and Fig. 6.6.

The response for the simulated and experimental response shows that the controller is capable
to improve the model-free response. It presents a smooth response with less settling time for
all the outputs. For the two first outputs it stabilizes in less than 10 seconds. Regarding the
third output it has again a slower response with around 30 seconds of settling time, which is
not a remarkable improvement compared to the previous PID based controller. However, in
general the controller has a good response, faster and more stable with no coupling affecting
the transient response and producing big oscillation as in for the PID based case. The
computational cost of this algorithm is low (the whole computer application acting as SCADA
run with this control algorithm in less than 40ms).

The results for simulation are similar to the ones in the real experimentation, except for
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two differences. First, there are small perturbations in real operation that do not appear in
simulation, due to noise from real tests. Then, and more remarkably, there are differences
in the control action, especially for the third variable value. There, the simulated expected
value and the real control action differ in hundreds of units. The two first control action
variables are also different in tens of units. This is caused for all of them by the stochasticity
of the system. This variability changes the working point where the desired flow configuration
is achieved. This proves that the EKF correction of the model, which is linked mainly to
the actuators, is able to adapt the model in real operation in real time to adjust the control
action and have produce output dynamics as expected from simulation.

6.2.2 Optimal with Incremental State
The second proposed control technique based on system model is also an optimal control
augmented to incorporate a steady-state correction. In this case, it is an optimal control
with incremental state. It has similar characteristics to the integral action, as it combines the
minimization of a function cost index to find an optimal between error and control effort for
the dynamics, with an incremental implementation for a zero error for the steady state.

This incremental state optimal control uses the state space linear implementations from
Section 5.3. The state is expressed in an incremental form as presented in [143], for adding
an integral action that removes the steady-state error together with the dynamic response of
an LQR optimal control [144].

The general expressions of the converted state space are:

X̃(k) =
[

Y (k)
∆X(k)

]
Ỹ (k) =

[
I 0

] [ Y (k)
∆X(k)

]
(6.13)

[
Y (k + 1)

∆X(k + 1)

]
=
[
I CA
0 A

] [
Y (k)

∆X(k)

]
+
[
CB
B

]
∆U(k) (6.14)

The control action is defined also as an incremental function and control gain K separated
into two partial matrices (Kx and Ky):

U(k) = U(k − 1) + ∆U(k) (6.15)

∆U(k) = K(X̃r(k) − X̃(k)) =
[
Ky Kx

] [Yr(k) − Y (k)
−∆X(k)

]
(6.16)

X̃r(k) =
[
Y (k)

0

]
(6.17)

Where Yr and Xr are reference output and reference state (which increment part is zero). The
feedback gain is calculated with new state matrices that, as in (6.14), now are expressed as:

113



Alberto Bernaldo de Quirós Sanz

Ã =
[
I CA
0 A

]
=



1 0 0 a1 0 0
0 1 0 0 a2 0
0 0 1 cQ3 −cQ3 a3
0 0 0 a1 0 0
0 0 0 0 a2 0
0 0 0 cQ3 −cQ3 a3



if U3 < 0 if U3 ≥ 0

B̃ =
[
CB
B

]
=



kV 1f1 −kP 2f2 kP 3f3
−kP 1f1 kV 2f2 kP 3f3

0 0 kV 3f3
kV 1f1 −kP 2f2 kP 3f3

−kP 1f1 kV 2f2 kP 3f3
0 0 kV 3f3


B̃ =

[
CB
B

]
=



kV 1f1 −kP 2f2 −kP 3f3
−kP 1f1 kV 2f2 −kP 3f3

0 0 kV 3f3
kV 1f1 −kP 2f2 −kP 3f3

−kP 1f1 kV 2f2 −kP 3f3
0 0 kV 3f3


(6.18)

The optimal control for this new dynamic model is defined to minimize again the index from
(6.5), It is calculated, as already presented, using the same expressions (6.7) to (6.10) for the
discrete algebraic Riccati equation, but for the new K gain (divided afterwards in Kx and Ky

as (6.16) indicates). The scheme for this controller architecture is shown in Fig. 6.7.

Figure 6.7: Scheme for the optimal controller with incremental state, with factors from
the EKF estimation for the adaptive model of the control calculation, and the iteratively
calculated control gains.

The method is validated in simulation and experimentally in the real system. The values for
the system matrices are selected again with the same process: by trial and error in simulation
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Figure 6.8: Simulated response for the optimal control with incremental state architecture.

and then validated and adjusted again if necessary in real experiment tests. The values are
Q = I and R = I ∗ 102 as this implementation allows to use a more aggressive weights for the
control action than the LQR with integral action. The sampling time is 0.2 ms. The results
for an example of these experiments are shown in figures Fig. 6.8 and Fig. 6.9.

The response for the simulated and experimental response shows that the controller has a
good response. It presents a smooth and fast response with less settling time for all the
outputs, especially for the third output, than the LQR with integral action. For the two
first outputs it stabilizes in less than 5 seconds. Regarding the third output it has again
a slower response with around 20 seconds of settling time (10 in simulation), which is now
a significant improvement. In general, the controller has a good response, although in the
transient dynamics of the real response the oscillations are slightly bigger than for the LQR
with integration. The computational cost of this algorithm is low (the whole computer
application acting as SCADA run with this control algorithm in less than 40ms).

Again, there are small differences between real operation and simulation. The small perturba-
tions in real operation that do not appear in simulation, the mentioned different settling time
for the third output, and again the differences in the control action. These differences appear
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Figure 6.9: Real experiment response for the optimal control with incremental state architec-
ture.

in the second and third inputs, and again especially the third variable differs in hundreds
of units. The reason is again the stochasticity of the system, and the model capability to
adapt and the control to recalculate the control gains based on the EKF correction are proven,
producing a, adequate methodology for the microfluidic control.

6.2.3 Adaptive Nonlinear Model Predictive Control
It is proposed a control method that considers the trajectory of the states to control in a time
horizon. This is made using model prediction control (MPC), in this case using the proposed
model equations from Section 5.3 and its nonlinearity, and the real time correction for its
adaptation. Therefore, the architecture of the used MPC is an adaptive nonlinear model
predictive control (ANLMPC). Model predictive control is also an optimization problem,
that tries to minimize the defined cost function over a time horizon using a set of controlled
variables for a control time horizon, and with a set of inputs and states constraints. This is
represented in Fig. 6.10 as already presented in Section 2.4.1. Note that if the control horizon
is less than the prediction horizon the output predictions are selected by maintaining the last
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computed input.

Figure 6.10: Time horizon strategy for general MPC with the moving prediction and control
horizons, the set of control actions u, and the reference and expected outputs.

The nonlinear MPC defines an optimal control problem for every instant, solves it and updates
it moving the time horizons for the next instant implementation. The optimal control problem
has been detailed in many works as [145] and [146]. Here it is presented in the form:

min J

s.t. :
x(k + i) = f(x(k + i − 1), u(k + i − 1)) | x(k + 1) = f(x(k), u(k))
y(k) = h(x(k + i − 1), u(k + i − 1))
ymin ≤ y(k + i) ≤ ymax

umin ≤ u(k + i) ≤ umax

∆umin ≤ ∆u(k + i) ≤ ∆umax

(6.19)

Where the cost function J is defined as:

J = Jy + Ju + J∆u + Jε (6.20)

That is divided in four terms, each one considering one part of the total cost. First, Jy is the
cost of the reference tracking that is:
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Jy =
ny∑

j=1

p∑
i=1

{
wy

i,j.(rj(k + i|k) − (yj(k + i|k))
}2

(6.21)

In which k is the control interval, p is the prediction horizon, ny is the number of plant output
variables, yj(k + i|k) is the predicted value of jth plant output at ith prediction horizon step,
rj(k + i|k) is the reference value for jth plant output at ith prediction horizon step, and wy

i,j

is the tuning weight for jth plant output at ith prediction horizon step. Then, there is the
manipulated variable tracking term. This is used in some applications where it is desired to
keep selected manipulated variables at specified values. The term is written as:

Ju =
nu∑

j=1

p∑
i=1

{
wu

i,j.(uj(k + i|k) − (uj,target(k + i|k))
}2

(6.22)

Where nu is the number of manipulated variables, uj,target(k + i|k) is the target value for jth
manipulated variable at ith prediction horizon step, and wu

i,j is the tunning weight for jth
manipulated variable at ith prediction horizon step.

Also, there is a term accounting for variations in the manipulated variables, used for smoothing
the response of the actuators and produce smaller input steps. It is written as:

J∆u =
nu∑

j=1

p−1∑
i=1

{
w∆ui,j.(uj(k + i|k) − (uj(k + i − 1|k))

}2
(6.23)

Where w∆ui,j is the tuning weight for jth manipulated variable movement at ith prediction
horizon step. Finally, there is a term to reinforce constraints where there are situations that
made them unavoidable and is preferred to introduce them as this soft constraint conditions.
They are written as:

Jε = ρεε
2
k (6.24)

Where εk is the slack variable at control interval k and ρε is the constraint violation penalty
weight.

For solving this minimization problem, it is used the sequential quadratic programming (SQP)
algorithm as presented in [147], [148] . This SQP method divide the nonlinear optimization
problem in a set of iterative linear subproblems. For each of these subproblems it is used
a linearization of the constraints for a quadratic model. The subproblems are solved using
quadratic programming (QP), and the stop condition for the iteration is when it is considered
that the solution has converged with a stable value. The algorithm is considered a quasi-
Newton method as sometimes the Newton-Raphson steps cannot be computed directly, and it
decides a search direction and iterates until this step is achieved.

This minimization algorithm is made for simulation using the Matlab implemented function
‘fmincon’. This function is also exported to C code to integrate it in the developed SCADA
software by adding it as a dynamic link library (DLL) of the rest of the C# application.
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This method is applied to the microfluidic control of the membraneless RFB by using the
model equations from 5.3, defining the input constraints in the range of the real actuators as
explained in Section 3.2 (this is 0-260V for the pumps and -1000 to 1000 mW for the valves),
and the states constraints are defined to not allow negative flows (this means that the two
first states cannot be negative). As the minimization algorithm uses Jacobians of the f and h
functions, they are derived from proposed equations. As the states and outputs are the same,
for the h function the Jacobian is the identity matrix, and for the f function the Jacobians in
respect to the state and the inputs are:

∂f

∂x
=

 a1 0 0
0 a2 0

cQ3 −cQ3 a3

 (6.25)

if U3 < 0 if U3 ≥ 0

∂f

∂u
=

 kV 1f1 −kP 2f2 kP 3f3
−kP 1f1 kV 2f2 kP 3f3

0 0 kV 3f3

 ∂f

∂u
=

 kV 1f1 −kP 2f2 −kP 3f3
−kP 1f1 kV 2f2 −kP 3f3

0 0 kV 3f3

 (6.26)

The control architecture scheme is presented in Fig. 6.11:

Figure 6.11: Scheme for the adaptive nonlinear MPC, with factors from the EKF estimation
for the adaptive model of the control calculation, and the calculated manipulated variables.
Note that saturations for the inputs are marked to indicate that are not necessary since the
MPC calculation already considers the operation range as a constraint.

As it has been mentioned, for the practical implementation the constraints are defined. Also,
the weights for the different cost functions, the sample time, and the control and prediction
horizons. Since there are no references for the manipulated variables the weights for (6.22)
are zero, and for their rates taking account of their variability in equation (6.23) the values
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are w∆u
1 = 800, w∆u

2 = 800 and w∆u
3 = 200. For the outputs from functions cost (6.21) the

weights are wy
1 = 290, wy

2 = 290 and wy
3 = 40 respectively. Soft constraints are not used for

function cost (6.24) so there is no need to specify these weights. The sample time is 0,2 s, the
prediction horizon is 10 samples and the control horizon is 3 samples.

All these values are adjusted by trial and error in experimental test and cross-validated in
simulation. The results for the simulation and experimental response of the controller to an
example reference step are presented in Fig. 6.12 and 6.12.

Figure 6.12: Simulated response for the adaptive nonlinear MPC architecture.

The response for the simulated and experimental response shows that the controller is capable
to control fast the flows, but in real experiments appears a little overshoot that does not
appear in simulation. This can indicate a small discrepancy between the model and the
real system, or an exceeding change in the actuators due to stochasticity. The control can
be adjusted in real operation by modifying the used weights so that the increment in the
manipulated variables is smaller and the input action less aggressive. Besides this, in general
It presents a good response with a short settling time for all the outputs. For the two first
outputs it stabilizes in less than 5 seconds, although again the response is worst in the real
experiment and the zero steady state error takes a little bit more of time. Regarding the
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Figure 6.13: Real experiment response for the adaptive nonlinear MPC architecture.

third output it has again a slower response, but this time is close to the other with less than
30 seconds of settling time, which is a remarkable improvement compared to the previous
optimal with integral and incremental controllers. However, now this output presents a peak
at the start of the transient response, that although being short it represents a high error
than is expected to produce a significant mixing in the electrolytes. The controller has a good
response, improving previous ones in some features such as speed, but worsening in others like
the observed perturbations and its most reliance on an exact modelling. The computational
cost of this algorithm is high compared to the other (the whole computer application acting
as SCADA run with this control algorithm in about 95 ms).

The results for simulation are less similar to the ones in the real experimentation for this
controller than to the others. This is caused by the explained higher dependency of this
method on a precise modelling. This is a weakness that is present even when the correction
factors are applied in real time using the EKF estimation. As other methods, there are also
differences in the steady state values of the input actions. The chosen weights can be modified
to improve the overshoot at the cost of losing the gained speed, so the current ones are kept
to better show this method capability to accelerate the response, and to better observe the
problem of the differences between simulation and real response.
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6.2.4 Adaptive Incremental Model Predictive Control
Another methodology proposed for the microfluidic control based on model predictive control
techniques is made using the incremental implementation of the state space model, as it was
described in Section 6.2.2. This regulation strategy aims to add to the previous mentioned
advantages of MPC (an optimal search taking into account state, output and input trajectories,
with constraints definition, for a moving time horizon), an incremental approach that accounts
for an integral type of action. This incremental implementation is expected to help to reduce
the steady state error seen in the transient response of the previous nonlinear adaptive MPC.
Therefore, it should achieve faster the zero error than this previous regulation method where
modelling discrepancies made the controller to take significant time.

The MPC part of the regulation consist again in a moving time horizon optimization of a cost
function. The procedure representation is also depicted in Fig. 6.10, and the function cost to
minimize is described in equations (6.19) to (6.24). However, the state space representation is
now the one presented in equations (6.13) to (6.18) in Section 6.2.2.

Since the state space definition is now made using this equation (6.13) to (6.18), it can be
observed that the manipulated variables that are optimized within the process account for
the increment in the inputs of the original not augmented system (equation 6.15). Also, the
state prediction and measured are written as increments of the original ones. Consequently,
the control architecture is defined as represented in Fig. 6.14. Note that in this architecture
the external input saturations are now needed due to the explained usage of the manipulated
variables calculation within the MPC algorithm.

Figure 6.14: Scheme for the adaptive incremental MPC, with factors from the EKF estimation
for the adaptive model of the control calculation, and the calculated increment in the
manipulated variables.

The minimization problem is again solved using the same sequential quadratic programming
(SQP) algorithm. It once more divides the problem in a set of subproblems where a linearization
of the constraints and model are made. As it is applied for adaptive nonlinear MPC, the
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Matlab implemented function ‘fmincon’ is used for simulation and it is exported to C code
for the real experiments, where it is integrated in the application software as a dynamic link
library (DLL).

This method is applied to the microfluidic control of the membraneless RFB by using the
model equations from 6.18, defining now the input constraints as -10 to 10 for the increment
of the pumps values, and -20 to 20 as the range for the increment in the input regulating
the valves. The states as defined in (6.15) are constrained also for the output part of the
original system, in order to avoid negative inlet flows. The incremental part of the state have
no constraints. The Jacobians of the f and h functions from equation (6.19), as derived from
proposed equations, and are:

∂h

∂y
=
[
I
0

]
(6.27)

∂f

∂x
=



1 0 0 a1 0 0
0 1 0 0 a2 0
0 0 1 cQ3 −cQ3 a3
0 0 0 a1 0 0
0 0 0 0 a2 0
0 0 0 cQ3 −cQ3 a3


(6.28)

if U3 < 0 if U3 ≥ 0

∂f

∂u
=



kV 1f1 −kP 2f2 kP 3f3
−kP 1f1 kV 2f2 kP 3f3

0 0 kV 3f3
kV 1f1 −kP 2f2 kP 3f3

−kP 1f1 kV 2f2 kP 3f3
0 0 kV 3f3


∂f

∂u
=



kV 1f1 −kP 2f2 −kP 3f3
−kP 1f1 kV 2f2 −kP 3f3

0 0 kV 3f3
kV 1f1 −kP 2f2 −kP 3f3

−kP 1f1 kV 2f2 −kP 3f3
0 0 kV 3f3


(6.29)

The values for the weights, and control and prediction time horizons are adjusted by trial and
error in experimental test and cross-validated in simulation. This time, as the manipulated
variables are increments of the inputs of the real system, they have weights to limit the
increment, so the weights for (6.22) are wu

1 = 0, 1, wu
2 = 0, 1 and wu

3 = 0, 1. This values are
modulated with their rates, that take account also of their variability in equation (6.23) (the
variability of the increment) the values are w∆u

1 = 100, w∆u
2 = 100 and w∆u

3 = 20. For the
outputs from functions cost (6.21) the weights are wy

1 = 1, wy
2 = 1 and wy

3 = 1 respectively.
Soft constraints are not used for function cost (6.24) so there is no need to specify these
weights. The sample time is 0,2 s, the prediction horizon is 10 samples and the control horizon
is 2 samples. The results for the simulation and experimental response of the controller to an
example reference step are presented in Fig. 6.15 and 6.16.

The simulation and real experiment show a good response, with a fast stabilization and less
overshoot than the previous MPC method. For the two first outputs it stabilizes in less than
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Figure 6.15: Simulated response for the adaptive incremental MPC architecture.

5 seconds and the overshoot is below 5% in real experiments (in simulation is even smaller
although still present). Regarding the third output, as seen in all controllers the response is
slower, but in this case is closer to the two first outputs, and this cause a small oscillation.
These oscillations are larger and longer in time for the real experiment, but it is still the best
obtained response for this variable. Also, regarding this output, the observed peak at the
start of the transient response for the adaptive nonlinear MPC is smaller in this controller.
The controller has a good response, improving previous ones in most features specially for
the third output where it is faster and despite appearing small oscillations, they are less
pronounced than previous MPC. This also proves less reliance on an exact modelling for this
control method. The computational cost of this algorithm is high but lower than previous
MPC (the whole computer application acting as SCADA run with this control algorithm in
about 70ms).

The results for simulation are very similar to the ones in the real experimentation. The
oscillations and overshoot for the two first outputs of the real experiment exceed slightly the
ones from simulation. However, it is the third output the one that shows higher discrepancies
in these values, and more significantly the period time of this oscillations. This difference in
the period of oscillations is also observed in the third input, where a similar tendency occurs.
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Figure 6.16: Real experiment response for the adaptive incremental MPC architecture.

These input values, as it is seen in other methods, show differences in the steady state values
due to the stochasticity that the models adapt with the correction factors of the actuators.

6.3 Conclusions
In this chapter several control methods are proposed, its implementation described and tested
in simulation and real experiments. These results are explored through all the chapter, but
hereunder are presented together to better compare them in an step example. The simulations
and real experiments for all of them are depicted in Fig. 6.17 and Fig. 6.18 respectively. Also,
a sequence of references steps is presented in Fig. 6.19, so that result to different changes are
also shown in a longer real experiment. The conclusions deduced from these comparisons and
from the study of each of them are summarized as follows:

• Model free strategy based on independent PIDs acting as SISO systems can be im-
plemented. This is a simple approach that do not requires high implementation or
computational effort and can make the system converge to the desired references with
zero steady state error. However, the transient response is not good, with oscillations,
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high settling time and high overshoots.

• There are several control strategies than can be designed based on the model proposed
in Chapter 5 and its real time factor correction based on EKF.

• One of these techniques is a LQR with integral action, which is proposed as a control
strategy. This method considers a classical LQR approach for the augmented state
space system to include the integral action for accounting for the steady state error. It
improves the oscillations of the independent PIDs, showing a smooth but slow response.
The implementation is easy with a limited computational cost.

• Other adaptive method based on an optimization is the adaptive incremental optimal
control. This method modifies the state space system by written it in an incremental
form. This is a similar to integral action that drives the system to a zero steady state
error, and it is able to accelerate to a small extend the transient response compared to
the LQR with integral action. The computational cost is also limited.

• The model with the real time correction is also used in model predictive approaches
where for a moving time horizon the trajectory of the states, outputs and manipulated
variables are considered for optimizing a cost function with explicit constraints.

• The first implementation of the MPC approach uses the nonlinear adapted model as it
is to minimize the cost function. This allows to obtain a fast response that differs in
real experiments more from simulation than other controllers. This is caused by model
inaccuracies that are more critical in this method that relies on more on the model.
This dependency causes that real response has oscillations and peak that produce errors.
Also, the algorithm implementation is more computationally costly.

• The second MPC implementation is based on the incremental augmentation of the state
space representation. This incorporates an integral like action to the MPC algorithm.
The control architecture has to be reorganized to consider state, input and outputs as
increments. The obtained response has a speed in the same order as the previous MPC,
but sacrifices it slightly to be able to reduce errors due to oscillations and peaks, and
achieves more smoothly zero steady state error. The computational cost is similar but
lighter than previous MPC.

• The electrical response of using each controller is evaluated in next chapter so that they
can be selected based on an electrical battery performance criterion.

The design of the five proposed control strategies, its simulation using the proposed
fluidic model, and its experimental validation is one of the main contributions of
this thesis.
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Figure 6.17: Simulated response to a single reference step. Comparison of all the proposed
control methods.
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Figure 6.18: Real experiments response to a single reference step. Comparison of all the
proposed control methods.
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Figure 6.19: Real experiments response to a sequence of different steps. Comparison of all
the proposed control methods.
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Chapter 7

Control strategies evaluation

The results of the control strategies presented in Chapter 6 have been only evaluated with an
example step change in their reference and showing their flows and inputs responses. However,
this can only give an approximate idea of the battery performance during operation with
each of these regulation methods. It is necessary to evaluate the electrical response of the
battery when the microfluidic dynamics are determined by each controller, and to do such
task the electrical model from Chapter 4 is used in this chapter. This way, different measured
real flow responses can be evaluated electrically applying the electrical model, without the
need for real electrical measurements. These electrical measurements have the problem that
they would be influenced by other variables and would need long operation times so that the
measurements obtained with each control strategy would be considered valid and analogous.

The control methods are going to be evaluated using a benchmark power profile that would
determine the required flow configuration. Within this benchmark, the strategies are going
to be evaluated testing their available power response, the SOC losses due to mixing and
self-discharge, and finally a microfluidic actuators power consumption term is also evaluated.

7.1 Power Profile Definition
Membraneless RFB must adapt their flow configuration to maintain the liquids interface
properly positioned while renewing the electrolyte species within the reactor. Therefore,
with changing power references the flow configuration setpoints also vary. These changing
references during the charge or discharge process depend on the application where the battery
is used. As it has been explained in the introduction of this thesis, RFB properties made them
especially useful in applications with intermittent operation, where their long cycle life, depth
of discharge and low degradation made them outperform other energy storage technologies.
This is the case of renewable power sources, the most common application for RFB that are
characterized for their continuous power variability. An example of this intermittent available
source power is presented in [149], where an example of rooftop photovoltaic installation is
analysed, and the power profile for a sunny and partially cloudy day are presented.
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Figure 7.1: Profiles from [149] where energy production, load, energy import, and export are
presented for a sunny day of July 2020 (a) and a partly cloudy day of July 2020 (b).

In Fig. 7.1 and the referenced work it can be observed that even for sunny days there are
heavy intermittent changes that require a significant change in the power of the hypothetical
battery working with this source. In the case of the microfluidic membraneless RFB, that
would be mean either flowing continuously over the required minimum inlet flow for species
renewal to assure battery power is always available (increasing pumping losses), or adapting
the flow configuration to each condition using the designed microfluidic control methods.
Therefore, to evaluate these methods and based on the observed typical variability it is defined
an example power setpoint steps profile. This profile is shown in Fig 7.2.

The proposed power profile considers relative power from the cell, as considered in the
modelling from Chapter 4, and defines power steps around one third to two thirds of the
maximum power of the cell. The sequence of step is defined for 450 seconds and is defined
with steps 100 seconds apart from one another. These time ranges are selected to be as
frequent as they could be in a real intermittent application, and separated enough to make
sure all control strategies are settled in their setpoints.

This power profile determines an equivalent flow configuration profile that is the one that acts
as the setpoint for the controllers. These flow setpoints are derived from equations (4.10) to
(4.12) that establish a minimum inlet flow for each demanded power value, and the ratios of
the inlets and outlets to stay within the limits that do not generate any power loss. Therefore,
the flow configuration profile has the same shape as the power profile from Fig. 7.2 but with
the equivalent flow rate for the inlets, and the proper difference ratio between the outlets.
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Figure 7.2: Benchmark power profile defined for control strategies electric evaluation.

7.2 Control Strategies Evaluation
Given the defined power benchmark, the strategies are evaluated testing their available
power response, the SOC losses due to mixing and self-discharge, and their actuators power
consumption.

7.2.1 Available Relative Cell Power
The first electrical measurement that control strategies must comply with is adapt the
microfluidic configuration to the required power. In this section, it is analysed how fast
and stably can the different control methods adapt their available power. Based on these
responses, it must be defined the power electronics transient actuation, a safety factor for
the flow to over provide the minimum species renewal, or other actions to consider battery
response limitations. However, in this evaluation the control strategies references are set to
the instantaneous power demand to evaluate their response before any engineering factor is
afterwards applied to comply with real operation requirements. This way, it can be better
observed which strategies are able to meet the power demands more efficiently.

Electrical model equations (4.10) to (4.12) give the relative power steady state value for
determined SOC and temperature, while equations (4.14) and (4.15) define the dynamic
transient response of this relative power. Using the values for these equations identified in
Chapter 4, and using the same setup for the different control strategies, the measured flow
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configurations are introduced as the input for the electrical model, and the power outputs are
obtained as presented in Fig. 7.3.

Figure 7.3: Benchmark power profile with the relative power response of each of the control
strategies.

This figure shows that the different controllers adapt the power similarly, with differences in
the transient responses and some more evident instabilities. These instabilities are mainly
seen in the PID controller with the power oscillating, and the adaptive nonlinear MPC where
available power distances from the reference at specific moments. These errors in the nonlinear
MPC are explained by the previously mentioned stronger reliance of this method in an exact
modelling which causes it to be affected more severely by stochasticity. It can be also observed
that for the steps increasing the power the differences between controllers are more pronounced
and more critical, since for the steps of decreasing power the power dynamics themselves are
slower and there is no problem in the available power being over the required one except for
the pumping power surplus. As a detailed view for better observing the transient response,
single steps increasing and decreasing power are presented in Fig. 7.4 and Fig. 7.5.

The increasing power demand shows that the adaptive incremental MPC has the fastest and
more precise response, combining the MPC trajectory optimization with the incremental
representation for adding an integral action. Nonlinear MPC shows a slow response, with
power increasing rapidly but taking quite time to settle to the reference exactly. This is
caused by the peak error at the flow of the outlets and despite the flows at the inlets showing
a fast response. This controller also shows the mentioned problems with stochasticity. The
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Figure 7.4: Detail of the benchmark power profile with a single step increasing the reference
and the relative power response of each of the control strategies.

PID controller shows a oscillated response, but the oscillations in this case are smaller than
shown in the flows in previous chapter due to power dynamics damping (the model dynamics
in equation (4.15) act as a low pass filter). Both LQR with integral action and optimal with
incremental implementation show a smooth power response like their flow responses.

The decrease in power reference shown in Fig. 7.5 shows similar results than the increase
in power reference but with important differences in the responses and its and implications.
Adaptive incremental MPC still has the best power response, although the peak in the
increasing step is now converted in a valley that would produce an available power the
required. That would be solved using a safety factor for the minimum inlet flows as already
explained. The nonlinear MPC is again slow but is not a problem more than an excessive
pumping power usage for a limited time. The three independent PID controllers working
together now produce a higher oscillation that significantly influences available power even
with the damping of the intrinsic power dynamics. LQR with integral action and the optimal
with incremental state control have a consistent smooth response like in the power increase
steps. It can be deduced that besides each controller response, it could be used parameters
for each of them that slow down their response, decreasing available power gradually and
with a limited pumping power excess.

In order to quantify the fitness of the controllers, it is measured the relative percentage of
power that each controller is under the required one. This index is defined in equation (7.1).
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Figure 7.5: Detail of the benchmark power profile with a single step decreasing the reference
and the relative power response of each of the control strategies.

Ii =
∫

Pu,i(t)∫
Pref (t) .100

if Pref (t) > Pi(t) else

Pu,i(t) = Pref (t) − Pi(t) Pu,i(t) = 0

(7.1)

Where Ii is the index for each control strategy i, Pref is the reference power from the power
profile benchmark, and Pu,i is the relative power under Pref for each controller i. This value
is only used as a reference, as it has been explained that safety factors and slower decreasing
response would be implemented in real operation to limit available powers under the demand.
However, this value is useful to compare the controllers. The result of applying this index to
the defined power profile benchmark are presented in Table 7.1.

This index shows again that the adaptive incremental MPC has the minimum value of power
under the reference. It is remarkable the adaptive nonlinear MPC which apparently had a
slow response, has a good value. This is because its power increases fast and then there is
an error until reaching the reference in steady state, but this error is small and therefore its
integral value is limited. The LQR with integral action has the worst index due to the slow
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Indep. PIDs LQR
with Integral

Optimal with
Incremental State

Adaptive
Nonlinear MPC

Adaptive
Incremental MPC

0.92% 1.08% 0.87% 0.69% 0.54%

Table 7.1: Percentage of power under demanded reference power for each control method

power response and bigger settling time. The optimal control with incremental state improves
the PID response but still is conditioned by the smooth increase in power. This independent
PIDs have an unexpectedly good index value, since as mentioned before the implicit power
dynamics damp the oscillations of this controller. These oscillations do affect mixing losses as
detailed in the next section and are important in the whole evaluation of the designed control
methods.

7.2.2 Mixing Losses
Losses in the state of charge due to diffusion and mixing are an important metric to consider
when evaluating control strategies to be used in the microfluidic membraneless RFB. These
losses affect directly battery efficiency as state of charge losses is energy that is not stored.
Also, it has to be considered that volume mixing generates tanks volume unbalancing, what
reduces total energy capacity (net usable volume is reduced), and also reduces time before a
balancing cycle is required. This balancing is a maintenance process that is required after
some operation time to compensate for the differences of volume in the tanks and reset the
electrolyte species to their original oxidation states. Reducing the mixing and postponing
this maintenance can translate into saving costs.

The control strategies are evaluated for this criterion using the same benchmark power profile
experiments, and now measuring the volumes mixed from the flowmeters. Using the expression
from (4.17) the volume mixed is calculated integrating flowmeter instantaneous values and
considering the outlet where the mixing is occurring. The evolution of the mixing for the
different control methods is presented in Fig. 7.6.

The final mixing values for the benchmark experiment are presented in Table 7.2. It must
be noted that these results are for a limited time and limited reference steps, and hence the
mixing volume would increase with time as Fig. 7.6 tendency shows, and it would be more
pronounced the more intermittent or variable power the application requires.

Indep. PIDs LQR
with Integral

Optimal with
Incremental State

Adaptive
Nonlinear MPC

Adaptive
Incremental MPC

77.46µl 68.40µl 44.18µl 12.88µl 9.3µl

Table 7.2: Volume mixed during benchmark operation for each control method

This table shows that independent PIDs have the more amount of volume mixed, and observing
the curve from Fig. 7.6 and the previous flow response it can be explained to oscillations in
the inlet flows and slow response in the flow of the outlets. This same slow response at the
outlets is the same one that causes that LQR control with integral action to also have high
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Figure 7.6: Volume mixed evolution in benchmark power profile experiment for the different
designed control strategies.

volume mixed. Actually, for these two control methods have a similar mixing evolution except
when PID oscillates, where its mixing volume increases faster. The optimal control with
incremental state has again a reasonable value with a significant improvement to model free
and LQR with integral regulations. Both variants of MPC control have a really low mixing
value. Incremental implementation for MPC is again the best control method for this metric.
Adaptive nonlinear MPC produces a small mixed volume despite its problems dealing with
stochasticity, what can be explained because the errors in flow although being quite frequent
are of a small value.

Regarding state of charge losses linked with the volumes mixed, it is used the modelling from
(4.16) to calculate the equivalent loss. The values are presented in Table 7.3.

Indep. PIDs LQR
with Integral

Optimal with
Incremental State

Adaptive
Nonlinear MPC

Adaptive
Incremental MPC

0.26% 0.22% 0.15% 0.04% 0.03%

Table 7.3: Increment in state of charge losses during benchmark operation for each control
method

The values show a similar distribution compared to the table of mixed volumes, as equation
(4.16) shows the linear proportionality term between them. The conclusion and causes for

138



CHAPTER 7. CONTROL STRATEGIES EVALUATION

each of them are hence the same. It must be again noted that these are values for the limited
running time and reference steps of the experiment. Therefore, these losses would be much
more significant with more frequent reference steps, which are the conditions where the main
volume mixing occurs, as seen in Fig. 7.6.

Another consideration that must be analysed is the relative impact of the mixing in the state
of charge losses. Even if limiting the mixing is critical to avoid tanks unbalancing, regarding
SOC losses it is more influential the diffusion term. This diffusion is considered constant
for the working flow ranges as explained in Section 4.4 and as stated in equation (4.16),
and with an impact of around 5% to 10% (from experimental measurement in this thesis
and in previous works as [66]). Therefore, cell design that minimizes this diffusion term by
limiting contact area or any other strategy, can impact more the SOC losses reduction than
optimization from microfluidic control. However, looking into tanks unbalancing the control
optimization is still crucial for microfluidic membraneless RFB operation.

7.2.3 Actuators Consumption
Pumps and valves power affects auxiliar power and therefore condition battery efficiency. In
the laboratory scale where this thesis took part and to demonstrate the first microfluidic
membraneless RFB charge and discharge cycles with electrolyte recirculation, actuators
consumption was a secondary criterion, as proper operation and electrochemical and electrical
responses were prioritised. All efficiency calculations and optimizations in the project are
calculated excluding this auxiliar power. However, for future development of a prototype, and
for scaling up the battery design it is important to evaluate which control methods make a
more efficient use of the pumping system.

Hence, real operation is used for calculating pump consumption from input actions measure-
ments. For pump consumption evaluation first pump and valves consumption profiles are
obtained. For each actuators curves are obtained correlating input value (pump voltage or
valve power) with the consumption of its respective electronic driver. Note that as explained
in Section 3.3.1, there are two pump drivers used to extend the pump working range. The
values for the two pump drivers are presented in Table 7.4.

Voltage Low Driver Power High Driver Power
10V 60mW -
50V 80mW -
100V 120mW 650mW
150V 190mW 650mW
200V - 950mW
250V - 1275mW
260V - 1275mW

Table 7.4: Consumption of pump drivers

Electronic board always uses the low driver when possible, to minimize consumption, and
actually for the operation during the defined benchmark power profile this driver is always
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the one used. The driver for the high voltage range is usually only activated to overcome air
bubbles or any other transient clogging in the line. Hence, this driver usage does not distort
the consumption calculation. These measured values for the low driver are presented Fig. 7.7
together with the model curve for the pumps that is expressed in equation (7.2), where Ppump

is the power consumption of the pump driver in milli-Watts, and Upump is the used voltage of
the pump in volts.

Ppump = 0.005U2
pump − 0.125Upump + 59.54 (7.2)

Figure 7.7: Pump driver power data points and curve from equation (7.2).

An equivalent process is made for the valves action used as input in the state space represen-
tation of the system and the measured power of the micro compressor driver. These values
are presented in Table 7.5.

These measured values for the low driver are presented Fig.(7.8) together with the model
curve for the pumps that is expressed in equation (7.3), where Pvalve is the power consumption
of the pump driver in milli-Watts, and Uvalve is the used voltage of the pump in volts.

Pvalve = 1.1634Uvalve + 164.03 (7.3)

Using these two expressions (7.2) and (7.3) in the registered action of actuators during the
real experiment for the benchmark power profile the total power consumption of each control
method can be calculated. The real measured action curves are presented in Fig. 7.9.

140



CHAPTER 7. CONTROL STRATEGIES EVALUATION

Voltage Valve Driver Power Voltage Valve Driver Power
10V 180mW 550V 790mW
50V 240mW 600V 850mW
100V 290mW 650V 910mW
150V 345mW 700V 975mW
200V 400mW 750V 1035mW
250V 455mW 800V 1095mW
300V 505mW 850V 1155mW
350V 560mW 900V 1220mW
400V 620mW 950V 1290mW
450V 670mW 1000V 1345mW
500V 730mW - -

Table 7.5: Consumption of valve driver

Figure 7.8: Pump driver power data points and curve from equation (7.3).

The figure shows that the actions for achieving the same flow profiles are disparate. Since
these real measurements are affected by stochasticity and other conditions that vary between
experiments, the actuators actions are not equivalent between controllers. Therefore, the
measured consumptions are skewed. This is the cause for using the microfluidic model detailed
in Section 5.2, expressed in the equations (7.4) to (7.6) and the identified values shown in Table
5.1. This model is used inversely to calculate an equivalent voltage for the actuators based
on each controller real flows profile. These equivalent voltages are defined as the reference
voltages that each controller would use for producing its flow profile if all of them would have
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Figure 7.9: Inputs actions from all control strategies during real experiment performing the
benchmark power profile.

performed under the same ideal conditions for the actuators. The inverse expression to obtain
the equivalent values of the actuators for each of the flow profiles of the controllers are:

U3(k) = (Q3(k + 1) − Q3(k)a3 − (Q1(k) − Q2(k)cQ3) − cP 3)
kV 3

(7.4)

U2(k) =
Q2(k + 1) − Q2(k)a2) + [Q1(k + 1) − Q1(k)a1 + |U3(k)| kP 3 + cP 1] kP 1

kV 1
+ |U3(k)| kP 3 + cP 2

kV 2 − kP 1.kP 2
kV 1

(7.5)

U1(k) = Q1(k + 1) − Q1(k)a1) + U2(k)kP 2 + |U3(k)| kP 3 + cP 1

kV 3
(7.6)

Using these calculated equivalent flow rates, also equivalent power consumption is obtained
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from (7.2) and (7.3) expressions. The results for the equivalent power consumption during
the benchmark experiments are shown in Table 7.6.

Indep. PIDs LQR
with Integral

Optimal with
Incremental State

Adaptive
Nonlinear MPC

Adaptive
Incremental MPC

79.75mWh 79.66 mWh 79.64mWh 79.72mWh 79.69mWh

Table 7.6: Total equivalent action consumption for each control method

The table manifests that the optimal control with incremental state has the least actuators
consumption, as it has the smoother response. The LQR with integral action which has
also smooth transitory response in the steps, has the second lower consumption. The higher
consumption comes from the independent PIDs, which can be explained because its oscillations
where an excessive actuator power may be used until stabilising the outputs. Finally, both
MPC methods have an intermediate consumption, with the adaptive nonlinear design being
slightly higher, partially due to the correction it needs to apply when it loses the reference
promptly because stochasticity and its reliance on an exact model.

These results show that the power consumption for a single cell is too high, and in order to
achieve an effective working battery with a limited auxiliary pump power is necessary to either
reduce the pumping power by increasing pumps efficiency or scale up the cell power and the
number of cells. Another conclusion that is deduced is that the difference between controllers
is not very significant compared to the differences in performance due to volume mix or power
profiles, which are the most critical metrics for evaluating the control strategies. Although
not presented in the table, the strategy of fixing the inlets flows at the equivalent rate for the
maximum required power during the test is also calculated. This strategy allows to avoid flow
steps and transitory mixing, but in this case the energy used during the benchmark experiment
is 85,28 mW.h, what it is a significant difference compared to adapting the flow configuration
to the power demand with any of the control strategies (around 7% increase compared to the
worst control strategy in terms of consumption). If the inlet flows are fixed at the equivalent
flow rates for the maximum power of the battery, and not the maximum required for the
benchmark test, the consumption would be increased to 95,86 mW.h (20,2% more actuators
power than the worst designed control method). These values help to understand the energy
losses of using a fixed flow rates strategy, and why it is not feasible.

7.3 Conclusions
In this chapter, the designed control strategies from Chapter 6 are evaluated based on electrical
parameters of the microfluidic membraneless RFB. A benchmark power profile is defined to
be used as the reference for all the real experiments of the controllers, defining the power
requirements and hence the flow configurations profiles they use as setpoints. This benchmark
power profile defines power demand steps between one third to two thirds of the total battery
power during 450s of experiment. After measuring real responses from each control method,
the electrical model metrics proposed in Chapter 4 are calculated.
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The calculated electrical response includes the available power curve for each controller. Using
the steady state and transient dynamics of power from Section 4.2 and 4,3 respectively, power
curves are obtained from the microfluidic configuration in the benchmark experiment. These
curves can be used to observe the real time available power of each control and how each
control is able to meet the demand in terms of settling time and stability. These power
responses give an insight into the electrical power differences between controllers already
observed in the flow responses from Chapter 6. Also, a measure of the percentage of not
available power for each controller is obtained, so that the power adequacy intuited from the
curves is quantitatively expressed. The MPC strategies, especially the adaptive incremental
approach has the best performance for this metric. Optimal control with incremental state
also has an acceptable power profile, and the independent PIDs and the LQI with integral
action show the greater power losses.

When adapting the flow configuration to power demand step it is also important to avoid
volume mixing that produce state of charge losses and tanks unbalancing that shortens
maintenance times. This mixing is measured for the benchmark experiments, calculating the
crossover volume for each real response. The resulting values are that adaptive incremental
MPC has the least mixing, then the nonlinear MPC, the optimal control with incremental
state has again an intermediate value, and LQR with integral action improves the independent
PID that produce now the most mixing. Then, the model from Section 4.4 is used to obtain
the equivalent SOC loss for the mixed volumes. These SOC losses have the same distribution
as the volumes for the different controllers, however, the difference of percentage of loss is not
very significant, since diffusion losses are more prominent for this state of charge variation.

Finally, an actuators consumption metric is calculated. This metric is based on the pumps and
valves consumption curves interpolated from the different actuation points. These curves are
applied to equivalent values for the actuators from their flow profiles. These equivalent values
are used to erase stochasticity influence in working conditions during real experiments, that
may cause actuators output to be very different. Therefore, actuators actions are comparable.
Optimal control with incremental state has the lowest consumption due to its smooth flow
response, similar to LQR with integral action which has a close value. MPC strategies
have slightly higher consumptions, as well as independent PID which have the highest. The
consumption are higher and indicate the need for more efficient pumps, higher power density
cell or scale up them in stacks. Also, the difference between controllers is very low, but they
make a big difference compared to the strategy of fixing constant maximum inlet flows.

All the evaluated metrics are summarized in Table 7.7, and together with implementation
complexity and computational cost explained in Chapter 6 can help to select the best control
strategy. For example, using adaptive incremental MPC can result in the more precise control,
with less power and mixing losses, although being more complex and consuming slightly more
power and computational resources. Nonlinear MPC has good similar properties but slightly
inferior with the same complexity. Optimal control with incremental state has acceptable
properties for all metrics in a simpler implementation with less computational and actuators
consumption costs than the MPC approaches. Finally, the LQR with integral action have
modest properties that improve just slightly the independent PIDS, that although generally
having the worst values, are the simplest and lightest solution.
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Indep.
PIDs

LQR
with Integral

Optimal with
Increm. State

Adaptive
Nonl. MPC

Adaptive
Increm. MPC

% of Ploss 0.92% 1.08% 0.87% 0.69% 0.54%
Volume
Mixed 77.46µl 68.40µl 44.18µl 12.88µl 9.3µl

% of
SOC loss 0.26% 0.22% 0.15% 0.04% 0.03%

Aux. Act.
P. Consump. 79.75mWh 79.66 mWh 79.64mWh 79.72mWh 79.69mWh

Table 7.7: Summary of Control Strategies Electrical Evaluation

The electrical evaluation of the proposed control strategies, including power loss,
volume mixed, SOC loss and auxiliary power consumption, is one of the main
contributions of this thesis.
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Chapter 8

Conclusions and outlook

The main contribution of this thesis has been to develop a microfluidic modelling for a micro
scale membraneless RFB, consisting of an electric model including the microfluidic influence
and a microfluidic dynamics model that is used to also design different microfluidic control
strategies. The thesis is divided into four parts. The first part consists of a detail study of
the background of the topic. This background is explored in the introduction and the study
of the state of the art chapters. The second part focuses on the modelling of the microfluidic
membraneless RFB. First of all it dedicates a chapter to explaining the system configuration,
the actuators and sensors selection, and the electronics developments including hardware and
software. Then, an electric model for the battery is presented and experimentally validated
in another chapter. Finally, the microfluidic dynamics are addressed in the final chapter
of this part. Throughout the third part different control strategies are proposed, using the
microfluidic dynamics model for its design, and the electrical one for evaluating them. The
fourth and final part consists of the conclusions, contributions and future work descriptions.

The introduction explains the context of global energy transition, and the prominent role
that energy storage solutions play in the integration of renewable intermittent power sources.
Then, it explains the working principles and properties of redox flow batteries, and how
their cyclability, low degradation and long cycle life make this type of batteries very suitable
in this context. A comparison of this type of batteries to other technologies is offered.
Microfluidic membraneless RFB are also introduced, explaining how this concept can enhance
the performance and reduce costs. Their working and operation particularities are detailed.

These microfluidic membraneless RFB are explained more thoughtfully in the second chapter,
the study of the state of the art. Here, all previous relevant microfluidic cell reactor works
are detailed, explaining their cell design and their microfluidic setup and operation. The
limitations of each work and the reasons for not completing a battery capable of charge-
discharge operation with recirculation are explored. Secondly, there is a study on existing
model for membraneless RFB regarding electrochemical, hydraulic, thermal and electrical
dimensions. The electrochemical dimension includes works on concentration profiles, mass
transport, diffusive mixing and self-discharge; the hydraulic dimension works on fluid control
of active elements and pumping power; and the electrical dimension is focused on equivalent
electrical circuits. As previous works on microfluidic membraneless RFB models are limited,
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some of the dimensions include models applied to conventional RFBs as the more similar
existing reference. Then, study of the state of the art on modelling techniques is made. This
study classifies the techniques on analytical models, blackbox models and greybox models.
The characteristics of each approach are described, and in which applications each one is
more useful is explained. Also, real time filters and corrections for the models are introduce,
detailing different existing algorithms for this task. Finally, control design methods are
studied, first explaining how they are categorised and which general characteristics they may
have (continuous or discrete time, open or closed loop, linear or nonlinear, etc.). Some of
the more common control strategies are presented, divided in model free and model based
methods.

Chapter 3 describes the system configuration for microfluidic membraneless redox flow batteries
operation. It begins explaining the manufacturing process of the used cell reactor, in order
to better understand the parts it consist of and the internal structure. Then, the available
instrumentation is presented and the reason why each of them is selected are detailed. This
includes the pumping technologies, the regulation valves that need to be self-developed, and
the sensors (flow meters and pressure sensors). It is also detailed how tanks are monitored
for real operation. The developed electronics for the operation of the instrumentation are
described, both explaining hardware structure and the developed softwares (embedded and
SCADA computer application).

In Chapter 4 the modelling of the battery tackles the electrical dimension. It begins proposing
an equivalent electrical circuit. It is experimentally studied which elements of this circuit
are affected by microfluidic operation, for which electrochemical impedance spectroscopy
experiment are performed, testing impedance variation for different flow configurations. More-
over, electrical output response (current and voltage) is measured during flow variations
experiments. An expression for modelling steady state power value is proposed, substituting
conventional expressions based on Faraday´s law and Nernst´s equation. This proposed
expression includes liquid electrolytes interface positioning. Similarly, transient power dynam-
ics are modelled by joining impedance dynamics from the identified equivalent circuit and
proposed power source dynamics. These two models are validated with experimental data
and fitness measurements are calculated. A third electrical metric is modelled, the mixing
and self-discharge losses. This is achieved using spectrophotometry measurements that can
give a precise species concentration value (state of charge). This SOC information is then
correlated with volume mixing data in a non-recirculation experiment and it is modelled their
relationship. The modelled power and SOC losses are introduced into the equivalent circuit
as variables for the power source.

Chapter 5 continues with the battery modelling, now addressing the microfluidic dynamics
model. System variables are defined for the state space representation: inlet flows and
difference between the outlet flows are states and outputs of the system, and inputs are
defined as pumps voltages and difference between the valves actions. Then, the model is built
based on a set of proposed equations that combine the empirically observed behaviour of the
flow configurations and to be consistent with momentum and mass conservation principles as
stated in continuity and Navier-Stokes equations. The parameters of the terms of the equations
are identified from experimental data to complete this greybox approach. Stochasticity present
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in microfluidic applications makes the model deviate from real response when conditions
change, so correction factors are added to the actuator terms of the model. This correction
factors are proved to adjust the model response for different stochastic conditions, and they
are introduced as real time correction into the model calculating their value with the extended
Kalman filter algorithm. This real time adaptation is again experimentally tested.

The proposed model is used for designing different control strategies in Chapter 6. As a
baseline method, first it is designed a model free method, using independent PID controllers
as SISO systems. Then, the mentioned model-based techniques include LQR with integral
action, optimal control with incremental implementation, adaptive nonlinear model predictive
control, and adaptive incremental model predictive control. Each control method architecture
is presented, its implementation explained, and its working parameters selected and detailed.
Thus, for independent PIDs it is explained each SISO subsystem and the proportional, integral
and derivative terms of each one. Regarding the LQR with integral action and the optimal
control with incremental implementation, the weight matrices for output error and input
action are presented, beyond the particular system augmentation and state representation of
each one. Similarly, for the MPC approaches in addition to the algorithm sequence and their
cost functions, it is presented for each one their state and input constraints, their control
and prediction horizons, and their cost for their reference and manipulated variables tracking.
Simulated and experimental response of the microfluidic dynamics are shown for each control
strategy.

The measured experimental response of each control strategy is evaluated in more depth in
Chapter 7. In this chapter, the electrical model from Chapter 4. is used to obtain the power
response, mixing and self-discharge losses, and actuators consumption of each controller. All
control strategies are evaluated using a benchmark power profile that makes them comparable
and performs different step changes to reproduce the expected usage of the microfluidic
membraneless RFB when integrated with an intermittent power source.

In summary, this thesis has identified the characteristics of microfluidic membraneless RFB
and their possible impact in the energy storage sector in the global energy transition context.
Previous works and their microfluidic setup and operation are identified and explained. Also,
the different existing models for the different dimensions of the battery are studied. It has been
explained the limitations of this previous works and models. In this work, a new microfluidic
setup that allows to precisely control the microfluidic configuration within the cell and a
recirculation operation is presented. Then, an equivalent electrical circuit is presented for
the first time, together with a modelling of the microfluidic influence on the different circuit
elements. This model covers available power steady-state value and power dynamics, and
mixing and self-discharge losses influence in the state of charge. Also, a microfluidic dynamics
model is detailed, using proposed equations based on observed behaviour and consistent with
theoretical principles. This is an adaptive model that includes correction factors calculated
in real time to adjust system behaviour to existing stochasticity. Control strategies are
designed using this model and validated both at simulation and experimental levels. The
experimental response is further validated using the electrical model to obtain electrical
performance metrics.

As it has been justified along the thesis, the designed and implemented microfluidic setup
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allows to make a precise operation of the battery flows in recirculation. Moreover, the proposed
electrical model provides the first electrical equivalent circuit for this type of battery, and
it demonstrates which elements of the circuit are dependent on microfluidic configuration.
Microfluidic modelling and the control strategies designed allow for a precise flow control, that
as the electrical model can quantify, can enhance battery performance and its critical for future
integration. The proved enhancement, together with the microfluidic setup configuration,
allows the project where this thesis takes part to be the first to demonstrate a complete charge
and discharge cycling with electrolytes recirculation.

8.1 Summary of Contributions
The contributions of this thesis are:

• An exhaustive review of the previous works on microfluidic membraneless reactors, ex-
plaining their microfluidic setup and operation and how the condition the electrochemical
performance, and the existing models on the different dimensions of the membraneless
RFBs. The review also explores modelling techniques (analytical, blackbox and greybox
approaches and real time filter and state estimation algorithms), and control methods.

• The proposed microfluidic setup that allows electrolytes recirculation and precise op-
eration, including the selection of the pumping system, valve development and man-
ufacturing, control board design, and integration and software programming of the
instruments.

• The proposed electrical modelling, presenting for the first time an electric equivalent
circuit model for micro membraneless redox flow batteries, focused on fluidic dynamic
influence. Also, the empirically demonstration of which elements of this equivalent
circuit are affected by this fluid dynamics using electrochemical impedance spectroscopy.

• The electrical model demonstrates that for the membraneless scenario available power
is not affected only by limiting inlet electrolytes flow but also by the generated laminar
interface of the electrolytes. It also models the dynamics of this power and SOC
losses due to mixing and self-discharge, which are modelled using spectrophotometry
measurements.

• The first microfluidic dynamic model for micro membraneless redox flow batteries, based
on the proposed dynamic equations that describe general behavior of the micro-fluid
dynamics. This model relies on parameters whose specific values are identified from
experimental data, in a grey-box model structure.

• The correction factors to be added to the proposed general equations to correct the
system model due to microfluidic stochasticity, and the proposed methodology for real
time estimation of this correction factors.

• This modelling methodology experimental validation and its state-space representation
that allows for control design.

• The design of different control strategies and their simulation and experimental tests.
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These strategies include independent SISO PIDs, LQR with integral action, optimal
control with incremental state representation, adaptive nonlinear MPC, and adaptive
incremental MPC.

• The electrical evaluation and comparison of the designed control methods using the
proposed electrical model and obtaining different electrical quantitative metrics.

8.2 Future Work

The work started in this thesis can be continued in different aspects. First, regarding the
microfluidic setup, when the cell reactor design is considered mature enough to its scale up
into a stack of cells, it will be necessary to redefine the instrumentation architecture. Then,
the proposed methodologies for modelling and control can be replicated for this scenario.
The future planned expansion to new battery chemistries will also require to replicate this
proposed methodologies for the electric and microfluidics dynamic modelling and control.

Regarding the electrical modelling, as future work, it is proposed to refine the flow ratios
describing the interface effect on steady-state power by modelling minor effects such as
viscosity changes and small nonlinearities due to state-of-charge variations. For the equivalent
electrical circuit, it is also planned to study other equivalent circuit configurations, such as
fractional order-based models using other impedance terms as constant phase elements. For
mixing and self-discharge losses, further spectrophotometry experiments are planned to refine
the diffusion effects in the model and describe its smaller variations with state of charge.

For the microfluidic dynamics modelling, it is proposed to refine the proposed equations
with more complex relations, expanding some terms or also introducing more account for
nonlinearities, either explicitly or using a composition of subspaces (for example using fuzzy
or polytopic models) for combining terms and parameters values and create a nonlinear
space. This should also cause the need to redefine the correction factors and their filter
estimation. It will be analysed the effect of adding new parameters to model stochasticity. If
the model dynamics equations are modified and reflect stronger nonlinearities, other estimation
algorithms will be studied to modify the estimation algorithm, such as the unscented Kalman
filter that preserves mean and covariance of the nonlinearities in its calculations.

Besides, different new controllers can also be designed, or the same methods redefined to the
modified proposed model equations or the cell stack reactor. The electrical evaluation will
be contrasted with long real operation experiments when the cell real performance can be
considered consistent enough for long periods of time.

As a final consideration, the proposed microfluidic setup, electrical and microfluidic dynamics
models and control methods constitute the framework architecture that will be used for any
further research in other areas, such as testing other electrolytes chemistries different from
vanadium, other cell designs or perform any desired electrochemical experiment.
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8.3 Dissemination

8.3.1 Direct Contributions
Articles

• A. B. De Quirós, A. E. Quintero, A. Francés and J. Uceda, "Adaptive Microfluidic
Modeling of a Membraneless Micro Redox Flow Battery Using Extended Kalman Filter,"
in IEEE Access, vol. 11, pp. 100207-100217, 2023, doi: 10.1109/ACCESS.2023.3313416.

• A. B. D. Quirós, A. E. Quintero, A. Francés, A. A. Maurice and J. Uceda, "Electrical
Model of a Membraneless Micro Redox Flow Battery—Fluid Dynamics Influence," in
IEEE Access, vol. 11, pp. 46132-46143, 2023, doi: 10.1109/ACCESS.2023.3273927.

Conference Papers / Book Chapters

• A.B. de Quirós, M. de las Heras, A.E. Quintero, “Microfluidic Flow Rate Control Device:
From Concept to Product Through Additive Manufacturing” In: Lachmayer, R., Bode,
B., Kaierle, S. (eds) Innovative Product Development by Additive Manufacturing 2021.
(2023). Springer, Cham. https://doi.org/10.1007/978-3-031-05918-6_17.

8.3.2 Other Works and Collaborations
Patents

• Submitted patent: Microfluidic Flow Rate Control Device and Method. Micro Electro-
chemical Technologies S.L. Inventors: Alberto Bernaldo de Quirós, Alberto E. Quintero,
Beatriz Oraá. Submission number 300387703. Application number EP20382985.8. 13
November 2020. International application published under the PCT. International
publication number: WO 2022/101477 A1. International publication date: 19 May
2022.

• Submitted patent: Redox Microfluidic Energy Storage System and Method. Micro
Electrochemical Technologies S.L. Inventors: Alberto Bernaldo de Quirós, Alberto E.
Quintero, Beatriz Oraá, Miguel de las Heras. Submission number 300415349. Application
number EP21382584.7. 1 July 2021. International application published under the PCT.
International publication number: WO 2023/275349 A1. International publication date:
05 January 2023.

Conference Papers

• A.A. Maurice, A. Bernaldo de Quirós, S. Sevilla, V. Muñoz, P.A. Prieto-Diaz, A.E.
Quintero, M. Vera, “Monitoring the State of Charge Imbalance of Vanadium Redox
Flow Batteries Via Dual Online UV/Visible Spectroscopy”, ECS Meeting Abstracts,
MA2023-01 2493, DOI: 10.1149/MA2023-01462493mtgabs.

• B. Oraá-Poblete, A. Bernaldo de Quirós, M. de las Heras, B. Ruiz, J. Palma, A.
E. Quintero. “Microfluidics applied to redox flow batteries: a membraneless break-
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throug technology” IFBF—International Flow Battery Forum Virtual Conference from
19th—21st January 2021.

• B. Oraá, A. Bernaldo, E. Serrano, A. E. Quintero. Membraneless micro flow batteries:
a disruptive technology. EChemCONSTORE, I Meeting on Electrochemical Energy
Conversion and Storage Devices. January 2021.

• B. Oraá, A. E. Quintero, A. Bernaldo de Quirós, J. Palma, “Microfluidica aplicada a
baterías de flujo redox: una tecnología disruptiva sin membrana” V Workshop de la Red
E3TECH / I Workshop Iberoamericano a Distancia ‘Aplicaciones Medioambientales y
Energéticas de la Tecnología Electroquímica’) 28-31 October, 2020.

Projects

• Industrial Doctorate Program of the Comunidad de Madrid under Grant IND2018/AMB-
9616.

• NATO Industrial Advisory Group: Naval DC Power Systems Architecture (Study Group
244). Workshop Lines of Power Control and Energy Storage/Cogeneration. Funding
entity: NATO / OTAN Industrial Advisory Group (NIAG) Call: Year 2020.

• ESA Business Incubation Program. Madrid Region. Project: “Micro Fuel Cell”. Funding
entity: Fundación Madri+d. ESA BIC Madrid Region. Call: Year 2020.

• Research and Development Project. Project: Module Level Energy System – MLES
Identification file: EXP – 00111738. Funding entity: Center for Industrial Technological
Development (CDTI). Call: Year 2018-2020.
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