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Abstract 

 As a solution to combat climate change and environmental pollution, electrochemical 

energy systems such as Proton Exchange Membrane Fuel Cell (PEMFC) and Lithium-Ion Battery 

(LIB) are being developed as the replacement for fossil fuel-powered combustion engines, 

especially for ground transportation and aviation applications. These electrochemical energy 

systems must be able to operate independently and in conjunction with each other by 

complementing their advantages and limitations, such as efficiency, range, thermal behavior, 

aging, and operating environment. This interoperability requires accurate real-time computational 

models to control, diagnose, and adapt according to field requirements. A typical electrochemical 

energy system model needs to incorporate effects related to reactant concentrations, system 

overpotentials, thermodynamics, porous media mechanics, membrane dynamics, gas diffusion, 

electrode degradation, electrolyte status, ion transport, and chemical kinetics across various 

operating conditions, all of which result in complex interactions affecting the accuracy and 

reliability of the system.  

Today, both PEMFC and LIB use complex computational physics-based fluid dynamics 

models in the product development phase, which requires enormous computational power and long 

lead times for iterative prototype improvements. On the other hand, both PEMFC and LIB rely on 

simple lookup tables and semi-empirical equations as plant models that require intensive 

calibration activity to determine the mode of control and diagnosis for automotive applications. 

However, considering the present-day automotive propulsion systems, which operate in widely 

varied applications and geographic locations and have short product development cycles, these 

approaches are not able to comprehend the complexities, hindering the ability of these systems to 

operate at their full potential and leading to catastrophic failures (e.g., Thermal runaway).  Data-

based modeling techniques are one of the potential solutions, which is quite in contrast with other 

empirical or physics-based models where the entire input-output relations of the model are 

established primarily based on the data. Data-based models use aspects of statistics, probability, 

and network architecture, avoiding the complexities of physics-based models and intensive 

calibration, providing better accuracy in most cases, primarily where the complex mechanisms 

can’t be modeled using specific governing equations, and fast, efficient computation with much 

less computational resource requirement. 
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 This thesis focuses on data acquisition (identifying and collecting the relevant data) and 

data-based model development by incorporating machine learning algorithms and regressors to 

predict the system's performance, thermal behavior, aging, and faults in real-time (on-board 

diagnostics).  Data for these models is acquired through two approaches, the first approach being 

experimentation by utilizing the facilities of Fuel Cell and Green Energy Lab such as the 

Automated Battery Test Station (ABTS), G20 fuel cell automated test station, and by partnering 

with the relevant industry. In the second approach, data is generated by simulation of physics-

based models (CFD, Semi-empirical, equivalent circuit models) that are experimentally validated 

in the literature and developed within the research groups of UWaterloo. Development of a data-

based model includes the identification of feature vectors (inputs), prediction attributes (outputs), 

state estimates (internal parameters), non-linearity of the systems, correlation factors of various 

system entities, and application of machine learning techniques such as feed-forward artificial 

neural network, support vector machine classifier - regressor, along with their respective 

adaptations and calibration processes. The primary objectives of this study are to develop data-

based models for three main application areas: (i) Prediction of PEMFC performance, internal 

states of the membrane, cell voltage degradation, and system outputs. (ii) Prediction of LIB heat 

release rate during discharge and thermal dynamics of an open system during an exothermic 

reaction. (iii) Prediction of fuel cell battery hybrid electric vehicle’s system dynamics and thermal 

behavior. 

During this study, various data-based models were developed to tackle the problems 

encountered in fuel cell-battery hybrid systems, such as predicting the fuel cell performance, fuel 

cell voltage degradation, PEMFC membrane dynamics, lithium-ion battery thermal dynamics, 

thermal behavior during exothermic reactions and dynamics of fuel-cell battery hybrid system. 

The results presented in this study proved the data-based model’s applicability in surrogate 

modeling, real-time system monitoring, controls, and diagnostics of electrochemical energy 

systems both at the component level and system level. Additionally, the results implicate that the 

data-based model can serve as a complement and alternative to the traditional computational fluid 

dynamics models as well as complex physics-based and empirical models to predict thermal 

gradients and system internal states during multifaceted reactions.   
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Chapter 1 Introduction 

 

1.1 Background 

 Climate change due to greenhouse gas emissions is regarded as the most immediate threat 

to the planet, affecting every single entity and habitat in some or another manner, and one of the 

significant sources of greenhouse gas emissions is the transport sector (automotive, locomotive, 

shipping, and aircraft industries) [1], [2]. Especially the automotive vehicles (passenger and 

commercial vehicles), which are essentially the workhorses of the global economy, currently 

consume vast quantities of fossil fuels and emit large amounts of carbon, nitrogen oxide, and 

particle matter, thereby not only impacting climate change but also deteriorating the air quality in 

major cities [2].  The world has realized the impact of industrial and vehicular emission activity 

during the COVID-19 pandemic, where most countries have pledged in some manner to reduce 

the total carbon emissions and committed to an early phaseout of fossil fuel-based energy, 

propulsion technology that has been an inalienable part of the modern developed economies for 

over hundred years by moving towards renewable and hydrogen-based economies [3], [4]. 

 Many developing and developed countries worldwide are proposing energy policies 

focusing on developing, adopting, and commercializing electrochemical energy systems such as 

batteries and fuel cells as the centerpiece in their transition to green energy [3], [5], [6]. Both 

batteries and fuel cells are slated to gradually replace most fossil fuel-based combustion 

technologies due to their higher efficiency and almost nonexistent tailpipe emission in the transport 

sector, especially in passenger and commercial road transport vehicles [7], [8]. These 

electrochemical devices achieve this efficiency by electrochemical oxidation of reactants instead 

of typical combustion, leading to lower losses during the conversion of chemical energy. If the 

reactant has no hydrocarbon compounds, the resultant emissions are free of carbon and particulate 

matter [9]. Considering the uncertainty in oil prices and stricter emissions regulations, the high 

energy and power density of batteries and fuel cells make them ideal for electrified vehicles, as a 

promising alternative, and are in full-scale commercialization [10]. However, these 

electrochemical energy systems have their fair share of complex challenges when compared to an 

internal combustion engine, such as efficiency, range of operation, durability, and chemical, 
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thermal, and physical degradation affecting their long-term performance, especially considering 

the modern vehicle's operational environment [10], [11]. These challenges can be overcome by 

understanding, monitoring, operating, and controlling different internal states and the output 

attributes of these electrochemical energy systems in a defined operational zone. Pairing various 

electrochemical energy devices to meet the functional requirements can only be possible by 

developing an accurate model of these electrochemical energy systems that can predict dynamic 

behavior and estimate the state of internal parameters where measurement by a sensor is neither 

feasible nor economical [12], [13].     

 A fuel cell is an electrochemical energy conversion device that directly converts the 

chemical energy of reactants (fuels and oxidants) into electrical energy through electrochemical 

oxidation and reduction reactions. [14]. Fuel cell is an open system where reactants must be 

constantly fed into the system from the external environment (pressurized tanks and ambient 

surroundings) to produce electrical energy continuously. The reactants for fuel cells, typically 

hydrogen (fuel) and oxygen (oxidant), are fed into two electrodes, the anode and the cathode, 

respectively, separated by an electrolyte [14]. Fuel cells can be broadly categorized based on the 

fuel type, electrolyte, and operating temperature; however, this thesis focuses on low-temperature 

hydrogen Proton exchange Membrane Fuel cells (PEMFC).  PEMFC consists of a solid polymer 

membrane that transports protons from anode to cathode during electrochemical reactions and is 

one of the most widely used in automotive and portable power generation applications due to its 

efficiency and range of operating temperature, as well as technical maturity [10].   

 A battery is an electrochemical energy storage device that stores electrical energy in the 

form of chemical energy during charging and converts it back to electrical during the discharge 

process [15], [16]. A typical battery pack comprises multiple cells, and each cell consists of 2 

electrodes (anode, cathode), an electrolyte, and a separator.  Batteries are regarded as a closed 

system where reactants are stored internally, and the ions resulting from electrochemical reactions 

travel between the electrodes through the electrolyte during charge and discharge reactions. 

Batteries are typically classified based on their chemistry, and this proposal focuses on the 

Lithium-Ion Battery (LIB) system, which is the most widely adopted in electric vehicles and 

portable electronics due to its superior power density, energy density, and stability [7], [8], [10]. 
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During the charging and discharging process of a Li-ion battery, lithium ions are inserted or 

extracted from the interstitial space between the atomic layers of the electrodes [15], [16]. 

 In most practical applications, a PEMFC is designed as an energy conversion unit and is 

operated in conjunction with a battery module as a hybrid system to meet the energy demand and 

efficiency requirements. To effectively manage such a fuel cell hybrid system, especially in a 

vehicle environment, a robust fuel cell and battery model (plant model) is necessary to evaluate 

and calibrate the hybrid system behavior, performance, and efficiency over various operating 

conditions and to develop fault diagnostics. Accurate characterization and modeling of PEMFC 

and LIB systems are essential in designing the corresponding stack size, balance of plant, and 

control strategy to improve durability and interoperability [12], [17], [18], [19].  

 

1.2 Principle of Proton Exchange Membrane Fuel Cell (PEMFC)  

 The fuel cell principle was discovered in 1839 by William R. Grove, a British physicist 

[20]. PEMFC working on hydrogen is similar to other fuel cells, generating electricity (DC) 

through electrochemical oxidation of hydrogen and reduction of oxygen. PEMFC also incorporates 

the use of platinum as a catalyst (catalysis) to enhance the rate of reaction [14]. A polymer 

electrolyte membrane is sandwiched between anode and cathode, which only allows protons to 

pass through it, and electrons are then forced to travel through the external circuit, providing 

electric power to the load. Hydrogen (H2) is introduced at the anode, which is a porous electrode 

consisting of a catalyst layer where hydrogen is oxidized to form protons (H+) and electrons (e-); 

this reaction is referred to as hydrogen oxidation reaction (HOR).  Similarly, Oxygen (O2) is 

introduced at the cathode, another porous electrode also consisting of a catalyst layer thicker than 

the anode catalyst layer where the protons, electrons, and oxygen combine to form water and heat; 

this reaction is referred to as oxygen reduction reaction (ORR). The electrochemical reactions 

involved are listed as follows, and a schematic of PEMFC working is shown in Figure 1.1 [14], 

[21], [22]. 

At the anode:    𝐻2 ⇒ 2H+ + 2𝑒−   (1.1) 

At the cathode:  ½ 𝑂2 + 2H+ + 2𝑒− ⇒ 𝐻2𝑂  (1.2) 

    Overall:       𝐻2 + ½ 𝑂2 ⇒ 𝐻2𝑂 + 𝐻𝑒𝑎𝑡+ 𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑖𝑡𝑦     (1.3) 
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Figure 1.1 Working of proton exchange membrane fuel cells [23] 

 Typically, reactants are fed through the bipolar plate for uniform distribution; the porous 

gas diffusion layers comprise carbon fibers that facilitate reactants and product transport. The 

catalyst layers are made from platinum carbon particles (PTC), pore space, and ionomer material 

that help with the transport of ions, electrons, reactants, and products resulting from the catalysis 

[11], [14], [23]. The membrane in a PEMFC is one of the most critical components made from 

perfluoro sulfonic acid (PFSA), which has a similar PTFE-like polymer backbone and a sulphonic 

acid group. From an operational point, the PFSA membrane needs to be at 70-90 °C and optimally 

hydrated for the PEMFC to work efficiently [24], [25]. The membrane resistance increases as the 

membrane water content decreases, resulting in lower efficiency. Excess hydration will result in 

the flooding of fuel cells, leading to a catastrophic failure due to the collapse of reactant and 

product transport. The hydration of the membrane is typically controlled by adjusting the humidity 

and temperature of reactant gas flowing in along with the overall fuel cell temperature [26].  Due 

to the electrochemical oxidation, the product water is formed at the boundary of the catalyst layer 

and membrane, where the reactant gas interacts with the catalyst and electrolyte. The water formed 

should be removed efficiently as water accumulation decreases the number of sites for the gas 

exchange and chemical reaction [14], [26]. In short, the reactant flow rate, operational temperature, 

and gas composition (reactant + water vapor) affect the reactant partial pressure and humidity at 

the catalyst site, which needs to be controlled precisely.  The reversible cell voltage 𝐸0 of a 

PEMFC operating on hydrogen and oxygen at the standard pressure and temperature of 1 atm and 

25˚C is around 1.23V, derived from the Gibbs free energy change (∆g), the maximum available 
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energy for external work [14].  The Nernst equation incorporating the change in ∆g with respect 

to the reactant pressure and temperature, represents the reversible cell voltage 𝐸𝐶𝑒𝑙𝑙 under any 

operating condition, and is shown below:  

∆g = nF𝐸0;    𝐸𝐶𝑒𝑙𝑙 = 𝐸0 +  
𝑅𝑇

2𝐹
ln (

𝑃_𝐻2.𝑃_𝑂2

1
2 

𝑃_𝐻2𝑂
) (1.4) 

where n is the number of moles of electrons transferred during operation, F is Faraday’s constant, 

𝐸0 is the open-circuit voltage at the standard pressure and temperature, R is the universal gas 

constant (8.314  JK-1 mol-1), 𝑇 is the absolute temperature and 𝑃_𝐻2, 𝑃_𝑂2, 𝑃_𝐻2𝑂 are the partial 

pressures of the hydrogen, oxygen, and water vapor, respectively [27]. PEMFC voltage and current 

outputs under operation vary depending on the reactant concentration, membrane hydration, and 

operating temperature. As the operating temperature is increased, the catalytic activity increases, 

resulting in lower activation overpotential. However, the degradation rate and ohmic resistance 

can sometimes be impacted, resulting in performance issues.   PEMFC output characteristics are 

represented as a polarization curve, as shown in Figure 1.2. 

 

    

(a)                                                                             (b)  

Figure 1.2 Polarization curve of fuel cell:(a) Polarization regions  (b) Deviation from reversible cell voltage  [14], [26] 

 The polarization curve plots fuel cell output voltage versus fuel cell current density. The 

difference between reversible voltage (maximum theoretical) and actual voltage is referred to as 

overpotential. This overpotential can be classified into three categories, as listed.  
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a) Activation Overpotential – is caused by the resistance of electrochemical reactions (break and 

form bonds), which is highly influenced by the cathode reaction conditions and dominant in the 

region of low current densities  

b) Ohmic Overpotential – It is caused by the resistance of materials to the flow of electrons and 

protons. Membrane resistance to the proton conduction is the most dominant factor and it increases 

with the current density and is highly influenced by the operating temperature, the thickness of the 

membrane, and membrane water content  

c) Concentration Overpotential—This is due to the loss of reactant concentration at the catalyst 

site. At high current densities, the reactant consumption rate is higher than the replenishment rate, 

leading to an exponential decay of voltage due to the starvation of reactants. This is the 

predominant loss at high current densities (closer to the limiting current density). 

The final fuel cell voltage and overpotential can be mathematically represented as shown below.  

𝑣𝑓𝑐 = 𝐸𝐶𝑒𝑙𝑙 − 𝑣act − 𝑣ohm − 𝑣conc (1.5) 

where 𝑣𝑓𝑐  is the final fuel cell output voltage, 𝐸𝐶𝑒𝑙𝑙 is the reversible fuel cell voltage;  𝑣𝑎𝑐𝑡 , 𝑣𝑜ℎ𝑚,

𝑣𝑐𝑜𝑛𝑐  refer to the fuel cell activation overpotential, ohmic overpotential, and concentration 

overpotential, respectively. In practice, the final voltage output of a single PEMFC depends on the 

operating condition and is between 0 and 1V; typically, during a regular operation, it is around 

0.7V. Like other electrochemical energy devices, multiple cells are stacked to generate the required 

voltage, which is called stack voltage. Unlike other electrochemical energy systems such as 

batteries, there is no concept of charge or discharge, and it produces power if there is an adequate 

supply of reactants. The electrochemical reactions occur at the triple-phase boundary where (1) 

gases interact with the active catalyst (pore space), (2) the presence of a pathway to conduct 

electrons away from the catalyst site (Pt/C phase), (3) the availability of an ionic conductor to 

move the protons into the membrane (ionomer phase) [14], [23].  

To summarize, a PEMFC’s output voltage is determined by the operating conditions such 

as fuel cell temperature, reactants supply pressures, the status of membrane hydration (lambda), 

current density, the composition of the anode, cathode (catalyst, ionomer, pore space), evacuation 

of water, flow distribution in bipolar plates. Further, the durability of the fuel cell is determined 

by individual components such as bipolar plates, gas diffusion layers, catalyst layers, and 
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membrane health, all of which are impacted by operating conditions; therefore, an accurate model 

is necessary not only to monitor, control and operate efficiently but also to estimate the long-term 

performance, the total useful life of a fuel cell and diagnostics of the associated system.  

   

1.3 Principle of Lithium-Ion Battery (LIB)  

 The battery is the most prevalent electrochemical energy storage device that converts 

chemical energy to electrical energy and vice versa during discharge and charge [15], [16]. 

Lithium-ion-based chemistries are the most commercialized battery technologies in the automotive 

and portable electronics industry primarily due to their higher power density, energy density, 

stability, and minimal memory effect [28]. The charge and discharge process of the Lithium-Ion 

Battery (LIB) involves the insertion (lithiation) and extraction (delithiation) of lithium ions within 

the electrodes undergoing electrochemical oxidation and reduction. A typical LIB consists of 

multiple cells, and each cell is made up of two electrodes (anode, cathode), an electrolyte, and a 

separator [29]. An anode is regarded as the negative electrode during the discharge of the battery, 

where it generates the electrons (that pass through the external circuit) and lithium ions (pass 

through the electrolyte). It is oxidized during the electrochemical reaction, whereas the cathode is 

regarded as the positive electrode during discharge that accepts the electrons from the external 

circuit and lithium-ion from the electrolyte, completing the circuit and is reduced during the 

electrochemical reaction. The electrolyte facilitates the ion conduction medium while maintaining 

a low reactivity with other components and high thermal stability. The separator is a microporous 

layer that electrically isolates the electrodes during operation, and these pores in the separator 

collapse at high temperatures, ceasing the movement of lithium-ion across electrodes and reducing 

the probability of thermal runaway [29]. This thesis research considers the use of a prismatic 

LiFePO4 20 Ah  battery from A123 Systems for experimentation, and the electrochemical reactions 

involved during the charge and discharge process are as follows  [15] 

   At the anode:   LixC6 ⇒ C6 + xLi+ + xe-   (1.6) 

At the cathode:  Li1-xFePO4 + xLi+ + xe- ⇒ LiFePO4  (1.7) 

   Overall:   Li1-xFePO4 + LixC6 ⇒ LiFePO4 + C6  (1.8) 
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Under external load during the discharge, the reaction proceeds from left to right and in the reverse 

direction during the charging process. An illustration of the reaction mechanism during charging 

and discharging is shown in Figure 1.3. 

 

Figure 1.3 Illustration of reaction mechanism inside of a LiFePO4 cell [30] 

Similar to other electrochemical energy systems, Gibbs free energy (∆g) expresses the maximum 

available electric energy and can be coupled with the Nernst equation as follows to estimate the 

final voltage output of the battery [31]. 

∆g = nF𝐸0;   𝐸𝐶𝑒𝑙𝑙 = 𝐸0 +  
𝑅𝑇

𝑛𝐹
ln (

𝑎𝐶
𝑐 𝑎𝐷

𝑑  

𝑎𝐴
𝑎𝑎𝐵

𝑏 )  (1.9) 

where n is the number of moles of electrons transferred during operation, F is Faraday’s constant,  

E0 is the standard potential, 𝑅 is the universal gas constant, 𝑇 is absolute temperature, 𝑎𝐴𝑎 and 

𝑎𝐵𝑏 are the chemical activities of the reactants at the anode and cathode, respectively, and 𝑎𝐶𝑐 and 

𝑎𝐷𝑑 are the chemical activities of the products of oxidation and reduction at the anode and cathode, 

respectively, where chemical activities of the species depend on the battery chemistry ‘𝑎’ is a 

logarithmic function.  

Similar to fuel cell working, a polarization curve is used to depict the losses associated with battery 

voltage during operation, such as activation polarization, concentration polarization, and ohmic 

polarization, all of which increase with the current flow deviating from theoretical cell voltage as 

shown in Figure 1.4 [29].  Here, activation polarization is caused by the electrochemical reaction 

of the reactants at the anode and cathode. In contrast, concentration polarization occurs due to the 

mass transport resistance forming a gradient at the electrolyte and electrode interface. The ohmic 
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polarization is due to the battery's internal resistance to the current flow, and all of these 

polarizations cause electrical energy to be converted to heat, contributing to the reduction in final 

cell voltage. It can be expressed as follows:  

𝑣battery = 𝐸𝐶𝑒𝑙𝑙 − [𝑣act + 𝑣conc]anode − [𝑣act + 𝑣conc]cathode − IR (1.10) 

where 𝑣battery  is the final output voltage, 𝐸𝐶𝑒𝑙𝑙 is the open-circuit voltage, I is the current of the 

cell, and R is the internal resistance of the cell,  𝑣act, 𝑣conc  refer to the activation overpotential and 

concentration overpotential, respectively. A battery polarization curve depends on the battery type, 

chemistry, and operating conditions. It can be obtained by measuring the steady-state voltage 

response of the battery by systematically varying the current density. Stabilization time after each 

step change in current is essential for the system to reach a steady state with respect to voltage 

during data acquisition for an accurate polarization curve.  

 

Figure 1.4  Polarization curve of the battery [29] 

 Battery performance and thermal behavior (heat generation profile) depend on the 

characteristics of the polarization curve. To understand a battery’s performance, other attributes 

such as capacity, current charge or discharge rate, and State of Charge (SOC) [15] should also be 

considered. Capacity is a measure of the total charge or electrical energy that can be stored in the 

battery, often expressed as ampere-hours (Ah) or in watts-hours (Wh). Current charge or discharge 

rate is the input or output current of the battery during operation, measured as ampere. However, 

it can also be expressed as C-rate (h-1) (dividing the specified current by the battery capacity). SOC 
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is defined as the current capacity of a battery divided by the total battery capacity (maximum) 

measured as a percentage or expressed between zero (0) and one (1), zero being fully discharged 

and one being fully charged. Depth Of Discharge (DOD) is the opposite viewpoint of the SOC and 

can be expressed as follows:  

𝑆𝑂𝐶 + 𝐷𝑂𝐷 = 1; ⇒  𝐷𝑂𝐷 𝑜𝑓 0.2 = 𝑆𝑂𝐶 𝑜𝑓 0.8   (1.11) 

     LIB voltage output, heat output is similar to fuel cells and other electrochemical devices, 

which are governed by operating conditions such as temperature, reactant, and product 

concentrations (SOC/DOD, Capacity), operating current, and associated cell polarization factors 

(overpotentials). Therefore, an accurate battery model is necessary to monitor these operating 

conditions and estimate the internal states to effectively predict the battery performance and heat 

generation output. This will aid in the effective control and operation of efficient hybrid systems, 

the prediction of aging, and the diagnostics of the battery and associated systems.  

    

1.4 Modeling of Electrochemical Energy Systems      

A model refers to a virtual entity representing the actual system and emulating its behavior, 

which is also called a plant model. A well-built model will reflect all the system's characteristics 

in terms of output relations and sensitivities, depending on the requirements. In general, physical 

systems modeling can be broadly categorized into empirical models, consisting of equivalent 

circuit models, and mathematical models, which can further be divided into physics-based models 

and data-based models [32], [33]. Empirical models establish the relationship between the inputs 

and outputs of the plant through various coefficients based on experimental data and curve fitting. 

These empirical models neither represent nor consider the physical laws and operating principles 

involved [34], [35], [36]. Mathematical models are predominantly based on the governing 

principles of the system rather than curve fitting, where the physical laws or data relations are 

represented in their mathematical form to establish a relation between the inputs and outputs of 

the system [37], [38], [39]. Unlike empirical models, these physics-based and data-based models 

use sound architecture and fundamental theories to reflect the system's behavior and 

characteristics.   
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A typical electrochemical device plant model needs to incorporate effects related to various 

temperatures, reactant concentrations, operating current, environmental factors overpotentials, 

mechanics of porous media, polymer membrane (fuel cell), microscopic gas diffusion channels, 

reactant/product flooding, ion transportation & chemical kinetics across various operating 

conditions resulting in complex interactions affecting the accuracy of the plant model [11], [40].  

1.4.1 Empirical Models 

Empirical models/equivalent models do not accommodate actual system components and 

require intensive calibration, and are not suitable for performance prediction, especially when 

incorporating fluid, thermal management, gas dynamics, and material degradation aspects of the 

electrochemical system. Equivalent models are a perfect example of the empirical modeling 

technique of various equivalent fuel cell, and battery models in use, where they represent the 

behavior of the plant through a series of resistors, inductors, capacitors, and voltage sources, as 

shown in Figure 1.5 [19], [35].  

 

Figure 1.5 Equivalent Fuel Cell Model: Dicks- Larminie model [19] 

A change in current immediately changes the voltage drop across this resistor. The 

capacitor, C, acts as the charge double layer, which delays the dissipation of electronic charges 

near the electrolyte/electrode interface. A voltage source models the Nernst voltage. UC is the 

capacitor voltage [V], E and T are the Nernst instantaneous voltage [V], and absolute temperature 

[K]. In other words, the overpotentials are represented by various resistors, the voltage source 

represents the reversible voltage, and the capacitor simulates the charge storage (the 

electrochemical double layer effect at the interface between electrode and membrane electrolyte). 

Solving this circuit with appropriate values will calibrate the system to mimic the V-I 
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characteristics of the fuel cell system using the following equations [19]. These models are highly 

advantageous for analyzing the electrical aspect of the fuel cell and, therefore, are extremely useful 

for supervisory control purposes where the system's energy storage and distribution are the 

objective. These simple equivalent models can easily be integrated into an existing conventional 

or hybrid system to analyze the system energy balance and efficiency improvement aspects. A 

major disadvantage of such a model is that it has no physical interpretation, cannot be scaled, and 

requires intensive calibration effort for field application or minor modification [34], [35], [36]. 

 

1.4.2 Physics-based Models 

Physics-based models require a thorough understanding of the working mechanisms and 

component interactions considering time and spatial elements. These physics-based models can 

further be categorized based on dimensionality (1D,2D, and 3D), lumped, distributed, and time-

domain (continuous, discrete). However, modeling the physics behind complicated system 

interactions such as electrochemical reactions and electrode-electrolyte-membrane mechanics is 

extremely complex, experimentally tedious, requires a lot of sensors to validate, and is 

computationally intensive. However, this model does not require huge sets of data to build the 

model but requires a detailed understanding of the physics involved, fundamental information 

regarding material characteristics, reactant interaction mechanisms, representative math, and 

computationally intensive fluid dynamics calculations, all of which are limitations when it comes 

to real-time applications [37], [38], [39]. 

Zero-dimensional (0-D) models are a perfect example of physics-based models where the 

system is represented through a series of ordinary differential equations to establish the rate of 

change of parameters with time, disregarding the spatial distribution [1]. If the spatial aspects are 

considered, such as length, area, and volume, in addition to time, then such a system is represented 

with the partial differential equations resulting in 1-D,  2-D, and 3-D models, respectively. These 

physics-based models, when applied to mechatronic systems, provide us with a thorough analysis 

of systems performance and influencing mechanisms; thereby, further improvements and control 

mechanisms can be proposed [18], [26]. However, modeling the physics behind complicated 

system interactions such as electrochemical reactions and combustions is extremely complex, 
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experimentally tedious, and computationally intensive, presenting a bottleneck in terms of its 

usage for in-vehicle applications.    

1.4.3 Data-based Models 

Data-based models are quite in contrast with the physics-based models, where the entire 

input-output relations of the plant model are established primarily based on the experimental data 

using statistics, probability, and network architecture. Here, vast amounts of experimental data are 

required to train the mathematical algorithms to identify and validate the system dynamics. This 

modeling is already used in various industries for control and diagnosis purposes. Database 

modeling can be at the component or system level based on the data availability and the capability 

to measure certain states. Neural networks and fuzzy logic architecture were perfect examples of 

such data-based models. The number of neural layers and variables depends on target accuracy, 

computational power, and application. This kind of modeling is also called a black box model due 

to the lack of understanding of governing principles and interaction mechanisms behind the 

physical system.  

These models help us predict the outcomes of complicated system interactions, which can 

be useful for control and diagnosis but may not be that helpful in validating, improving, and 

simulating new mechanisms virtually. Data-based models help us avoid the complexities of 

physics-based models and intensive calibration and provide better accuracy in most cases, 

especially where the complex mechanisms cannot be modeled using governing equations [41], 

[42], [43], [44]. These models help us to have a quicker turnaround in the development phase, and 

multiple iterations are feasible relatively without adding to the development time and by avoiding 

complex physics, which can help in real-time system identification, controls, and diagnostics. 

Considering the electrochemical system commercialization timeline, it is essential to develop 

Data-Based Models to reap the maximum benefits in today’s age. Artificial Neural Networks 

(ANN) and Support Vector Machine (SVM) based classifiers and regressors are a few data-based 

modeling techniques prominent in energy systems and real-time automotive applications.  
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1.5 Objectives and Scope 

 Researchers across the globe are on the quest to develop and commercialize 

electrochemical energy systems (PEMFC, LIB) for automotive applications and green energy 

transition. However, the complex nature of these systems, especially the electrolyte membrane 

mechanics of PEMFC, thermal behavior of LIB, fault detection mechanisms, and electrochemical 

system aging, still needs to be fully understood. There is a pressing need for accurate modeling of 

electrochemical energy systems to unlock their full potential and improve their reliability and 

safety. The scope of this thesis covers the development of data-based models using virtual, 

experimental, and real-world data to predict electrochemical and thermal attributes of energy 

systems, which have the potential to monitor, control, and diagnose systems. This study directly 

addresses this need by focusing on developing accurate data-based models and correlations 

between operational attributes. The models developed have the potential to be applied in real-time 

to hybrid fuel cell systems, i.e., both PEMFC and LIB systems, making our research immediately 

relevant to the field. The objectives of this thesis study are as follows: 

1. Develop machine learning models (digital twins) to predict system performance, voltage 

degradation, system outputs, and internal states (component-level). 

i. Develop plant models based on the data derived from computationally intensive 

high-fidelity physics-based (CFD) or empirical models. 

ii. Formulate the voltage degradation behavior as a regression problem, a proposed 

alternative to time series models, by introducing the accelerated stress test (AST) 

cycles/electrode catalyst surface area (ECSA). 

2. Develop data-based models that accurately predict thermal behavior and spatial 

temperature gradients that can be used for real-time monitoring, controls, and diagnostics 

based on experimental data. 

i. Develop hybrid data-based models that accurately predict the instantaneous heat 

release rate, total heat output, and detect sensor faults.  

ii. Develop a comprehensive data-based model to predict spatial temperature 

distribution and temperature dynamics during exothermic reactions. 
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3. Develop an accurate and computationally fast data-based model for fuel cell-battery 

powertrain systems to monitor and predict hybrid system dynamics in real-time based on 

vehicle data. 

The chapters of this thesis are organized as follows:  

Chapter 2 discusses the background and numerical representation of data-based modeling 

techniques. It provides a detailed working description of the neural network and support vector 

regressor algorithm, along with the associated terminology and hyperparameter calibration 

process. Data nonlinearity, various activation functions, and the implementation of dropout 

techniques are also discussed in detail. Chapter 3 briefly discusses a few of the latest data-based 

models published in the literature, their associated applications for PEMFC and LIB systems, and 

their limitations. 

Chapter 4 meticulously evaluated the viability of the data-based models by using the data 

gathered from cell-level physics-based and semi-empirical models and simulated various fuel cell 

operating conditions in a virtual environment. This data was then rigorously analyzed, conditioned, 

and organized to develop data-based models that are essentially digital twins of the simulated 

physics-based models. The models developed in this study demonstrated exceptional accuracy and 

computational speed in predicting the fuel cell voltage and membrane internal states, faithfully 

replicating the nonlinear behavior of the computational fluid dynamics-based fuel cell model.  

 Chapter 5 delves into the usage of cell-level experimental data from the G20 to train and 

develop the data-based model. Here, a comprehensive multi-input-multi-output neural network 

model is conceptualized to simultaneously predict the fuel cell voltage degradation over time and 

the change in temperature and reactant attributes. Regression problem formulation, data 

preprocessing, and iterative model calibration process are discussed in detail.  The trained neural 

network model evaluation results are also discussed when predicting the cell output voltage, 

reactants' outlet pressure, and temperature.            

Chapter 6 introduces a hybrid data-based model, which is a combination of physics-based 

governing equations and machine-learning techniques. Here, a novel approach of using a neural 

network in combination with an extended Kalman filter was developed to accurately predict the 

heat generation rate of the LIB during discharge, where the experimental data generated from the 
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battery test station was used to train the neural network. The trained hybrid model predicted the 

heat generation rate of the LIB with great accuracy when compared to the experimental results, 

and the model was able to identify sensor faults by comparing the cumulative heat output value.   

Chapter 7 discusses a data-based modeling approach to predict thermal behavior and spatial 

temperature distribution during an exothermic reaction. As the availability of exothermic thermal 

runway data from the LIB system is limited, a diesel particulate filter was regenerated at various 

soot loads to generate exothermic data of an open system, similar to the state of charge of a LIB 

system, the soot level inside the filter served as the system's internal state, and additional parallels 

between cell temperature and filter bed and exhaust temperatures can be drawn for comparison 

purposes. Performance attributes of the trained neural network to predict spatial temperature 

distribution and peak bed temperatures during an exothermic reaction are elaborated.   

Chapter 8 discusses the development of a data-based model based on supervised machine 

learning to predict fuel cell hybrid power system dynamics in a Toyota Mirai vehicle—data 

acquisition process from the vehicle under various driving conditions, data analytics, conditioning, 

preprocessing, and formulation are discussed in detail. The performance and insights into the 

trained neural network’s prediction of the dynamics of hybrid power systems, such as minimum 

cell voltages, system temperatures, and hybrid system behavior, are discussed at length.  

In summary, the novel contributions of the thesis can be summarized as follows: 

1. Developed a surrogate data-based model (digital twin) to predict PEMFC performance and 

membrane dynamics based on data derived from the physics-based models. 

2. Developed a comprehensive multi-input, multi-output data-based model to predict the voltage 

degradation, temperature, and pressure dynamics of the PEMFC across various operating 

conditions based on experimental cell-level data. 

3. Developed a hybrid data-based model (a combination of Kalman Filter and Neural Network) 

to predict the thermal behavior of the LIB and demonstrated the applicability of controls and 

diagnostics. 

4. Developed a data-based model to predict the thermal gradient and peak temperatures during 

an exothermic reaction as an alternative to complex computational fluid dynamics models  

5. Conceptualized and developed a data-based model to predict the powertrain dynamics of a fuel 

cell battery hybrid vehicle across different drive cycles.  
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Chapter 2 Machine Learning Techniques for Data-

Based Modeling 

 

***This chapter is adapted from Legala, Adithya, et al. “Machine learning modeling for 

proton exchange membrane fuel cell performance.” Energy and AI, vol. 10, Nov. 2022, p. 100183, 

doi: 10.1016/j.egyai.2022.100183. 

Modeling physical systems involves solving multi-input multi-output (MIMO) 

problems that require advanced data-modeling techniques to capture the intricate relationships 

between system input and output variables. Although there are numerous supervised machine-

learning techniques, artificial neural network and support vector machine regressor are the most 

prominently used in the space of electrochemical and thermal system modeling. This chapter 

summarizes the working of neural network and support vector machine regressor and their 

associated attributes. Following background information is adapted from lecture notes and 

literature [45] [46]. 

2.1 Artificial Neural Network (ANN) 

An Artificial Neural Network (ANN) is a combination of neurons, which are the basic 

processing units that regulate computational activity based on the designated activation function 

and associated inputs. In terms of functionality, this architecture is a clone of the biological neuron, 

and with the help of a backpropagation algorithm, it can solve and model regressions accurately. 

With no loss of generality, let’s consider a neural network consisting of an input layer (𝑘 −

1), a hidden layer 𝑘 and an output layer (𝑘 + 1) as shown in Figure 2.1. Here the input layer (𝑘 −

1)  contains input data to the neural network, hence the output of the neurons in the input layer is 

simply the input data itself (without any processing). The neurons in the hidden layer (𝑘) process 

the data from the neurons in the input layer using their respective weights 𝑊𝑛𝑚
(𝑘)

(𝑚 = 1, 2, … , 𝑟), 

biases 𝑏𝑛
(𝑘)

 (𝑚 = 1, 2, … , 𝑟) and applies an activation function, to produce an output which is then 

fed into the neurons in the output layer. It might be pointed out that the weights and biases are 

normally different for each neuron, and the activation function can be also different for each neuron 

(the so-called heterogeneous networks), which is not standard neural network architecture, or 
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simply identical for all the neurons (the homogeneous networks). In this instance, a common 

activation function is considered for all the neurons. The output layer (𝑘 + 1) then takes the 

processed outputs from the hidden layer, applies the weights, biases, and activation function to 

produce the final predicted value of the network  𝐲̂. A schematic of the neural network is shown 

in Figure 2.1 where for the clarity of description on how such a network works only one neuron in 

the hidden layer is shown being connected to the neurons in the input layer, and likewise only one 

neuron in the output layer is shown being connected to the neurons in the hidden layer. In reality 

all the neurons in the hidden layer are connected to all the neurons in the input layer, respectively; 

and all the neurons in the output layer are connected to all the neurons in the hidden layer, 

respectively. 

 

Figure 2.1 Schematic of the nth neuron in the kth (hidden) layer and the pth neuron in the output layer of an artificial neural 

network, illustrating the network operation. 

Neural network processing can be divided into two distinctive phases: forward 

propagation, error calculation and backpropagation. First, neural network is initialized with 

weights 𝑊𝑛𝑚
(𝑘)

 and biases 𝑏𝑛
(𝑘)

 that are small random values (e.g., drawn from a uniform or Gaussian 

distribution), here 𝑊𝑛𝑚
(𝑘)

 represents the weight connecting neuron 𝑚 in layer 𝑘 − 1 to neuron 𝑛 in 

layer 𝑘, and 𝑏𝑛
(𝑘)

 represents bias of the neuron. In this case, let’s assume that the input layer (𝑘 −

1) has 𝑟 neurons that represent input features as  
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 𝐚(𝑘−1) = [𝑎1
(𝑘−1)

, 𝑎2
(𝑘−1)

, … , 𝑎𝑟
(𝑘−1)

]             (2.1) 

These inputs are fed into the network’s hidden layer ( 𝑘 ) where the input features are processed 

by using weights, biases, and an activation function resulting in outputs from the hidden layer ( 𝑘 

) represented as  

𝐚(𝑘) = [𝑎1
(𝑘)

, 𝑎2
(𝑘)

, … , 𝑎𝑟
(𝑘)

]     (2.2) 

These outputs of the hidden layer are further processed by the output layer (𝑘 + 1) to calculate the 

final predicted value represented as 

 𝐲̂ = 𝐚(𝑘+1) =  [𝑎1
(𝑘+1)

, 𝑎2
(𝑘+1)

, … , 𝑎𝑟
(𝑘+1)

]    (2.3) 

Forward Propagation:  

During the forward propagation phase, the outputs of each neuron in the hidden layer are computed 

first from the data from the input layer before applying the activation function.  

The pre-activation value for neuron 𝑛 in layer 𝑘 is: 

𝑧𝑛
(𝑘)

= ∑  𝑟
𝑚=1 𝑊𝑛𝑚

(𝑘)
𝑎𝑚

(𝑘−1)
+ 𝑏𝑛

(𝑘)
     (2.4) 

Here 𝑊𝑛𝑚
(𝑘)

 is the weight connecting neuron 𝑚 in layer (𝑘 − 1) to neuron 𝑛 in layer (𝑘), 

𝑏𝑛
(𝑘)

 is the bias associated with neuron 𝑛 in layer (𝑘), 

𝑎𝑚
(𝑘−1)

 is the activation (output) of neuron 𝑚 in the previous layer. 

The summation over 𝑚 indicates that the contributions from all neurons in layer 𝑘 − 1 are 

aggregated for neuron 𝑛 in layer 𝑘 and the activation function is applied over the resultant 

summation with the bias considered. 

The post-activation value is obtained by applying the activation function 𝜎 to 𝑧𝑛
(𝑘)

 : 

𝑎𝑛
(𝑘)

= 𝜎(𝑧𝑛
(𝑘)

)     (2.5) 

This is the output of neuron 𝑛 in hidden layer (𝑘), i.e., 𝑎𝑛
(𝑘)
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Similarly, the output layer  (𝑘 + 1), process the outputs of all the hidden layer neurons and 

calculates the final predicted value  𝐲̂ = 𝐚(𝑘+1). 

𝑧𝑛
(𝑘+1)

= ∑  𝑟
𝑚=1 𝑊𝑝𝑛

(𝑘+1)
𝑎𝑚

(𝑘)
+ 𝑏𝑛

(𝑘+1)
     (2.6) 

𝑎𝑛
(𝑘+1)

= 𝜎(𝑧𝑛
(𝑘+1)

) =   ŷ𝑛      (2.7) 

After the forward propagation the network calculates a predicted value 𝐲̂ which is then compared 

to the desired value or true value to calculate if the prediction is within the accepted tolerance 

(error) if not the error backpropagation is implemented to update all the weights and bias.   

Error Backpropagation: 

The primary goal is to minimize the loss function which measures the discrepancy between 

the predicted output of the network and the true target. This is achieved by adjusting the network’s 

parameters (weights and biases) using gradient descent. Once the predicted values 𝐲̂ are computed, 

they are compared with their corresponding actual (true) values to determine the error that might 

exist. If the error is less than a pre-specified tolerance, the predicted values are accepted, and the 

network is considered established. Normally the error would be larger than the tolerance, hence is 

required to be reduced to or less than the tolerance. Therefore, this error information is used to 

adjust (or revise) the weights and biases in the output and hidden layers in order to reduce the error 

to the acceptable level. This process is called error backpropagation, as described below. The error 

(or loss) for a single output neuron 𝑛 is defined as: 

𝐸𝑛 =
1

2
(𝑦𝑛 − 𝑦̂𝑛)2  (squared error loss for online training )   (2.8) 

where 𝑦𝑛 is the true value. Similarly, the total error for all the outputs from all the neurons in the 

entire output layer can be written as: 

𝐸 = ∑  𝑟
𝑛=1

1

2
(𝑦𝑛 − 𝑦̂𝑛)2  for online training, or    (2.9) 

𝐸 = ∑  𝑟
𝑛=1

1

𝑟
(𝑦𝑛 − 𝑦̂𝑛)2 for batch training     (2.10) 
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Both versions of the above error expressions can be used, depending on whether it is online 

training or batch training. In the case of online training, weights are updated immediately after 

each individual data point is processed i.e., after each error calculation and the factor 1/2 simplifies 

the derivative during backpropagation, in this case as it will become clear later when the 

backpropagation process is described. On the contrary during batch training weights are updated 

once per full dataset thereby the factor 1/r. In the batch propagation the cumulative error over all 

is calculated and the weights are updated by using the cumulative error. 

Error signal (δ) is a quantity that captures how much a neuron's activation (or pre-

activation) contributes to the overall loss of the network. It is the gradient of the loss 𝐸 respect to 

the neuron's pre-activation i.e., is the derivative of the error with respect to the pre activation, it 

calculates the impact of neuron's output on the total error. Error function is used to update the 

weights during backpropagation, guiding the network to reduce the error in subsequent iterations, 

which is a vector quantity i.e., one value for each neuron in every layer. 

Error signal for neuron n in layer (𝑘 + 1) is calculated as follows: 

The partial derivative of the loss with respect to the pre-activation 𝑧𝑛
(𝑘+1)

 : 

𝛿𝑛
(𝑘+1)

=
𝜕𝐸

𝜕𝑧𝑛
(𝑘+1) =

𝜕𝐸

𝜕𝑦̂𝑛
⋅

𝜕𝑦̂𝑛

𝜕𝑧𝑛
(𝑘+1)   (2.11) 

𝜕𝐸

𝜕𝑦̂𝑛
 is the sensitivity of the loss function to the output and 

𝜕𝑦̂𝑛

𝜕𝑧𝑛
(𝑘+1) is derivative of the activation 

function analyzing the impact of pre activation function on the output of neuron. 

𝜕𝐸

𝜕𝑦̂𝑛
=  −(

1

2
)(2) (𝑦𝑛 − 𝑦̂𝑛) = −(𝑦𝑛 − 𝑦̂𝑛)   (2.12) 

𝜕𝑦̂𝑛

𝜕𝑧𝑛
(𝑘+1) =  𝜎′(𝑧𝑛

(𝑘+1)
)     (2.13) 

For the squared error loss and activation 𝜎, the above equation becomes: 

𝛿𝑛
(𝑘+1)

= −(𝑦𝑛 − 𝑦̂𝑛) ⋅ 𝜎′(𝑧𝑛
(𝑘+1)

)    (2.14) 
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The chain rule allows us to break down this dependency step by step, layer by layer. Thereby the 

error signal for neuron 𝑛 in layer (𝑘) using the chain rule, the error propagates backward: 

𝛿n
(𝑘)

=
𝜕𝐸

𝜕𝑧𝑛
(𝑘)      (2.16) 

𝛿n
(𝑘)

= ∑  𝑟
𝑝=1

𝜕𝐸

𝜕𝑧𝑝
(𝑘+1) ⋅

𝜕𝑧𝑝
(𝑘+1)

𝜕𝑧n
(𝑘)     (2.17) 

Where 𝑧𝑝
(𝑘+1)

 is the pre-activation value of neuron 𝑝 in the next layer (𝑘 + 1) and 𝑧𝑛
(𝑘)

 is the pre-

activation value of neuron 𝑛 in the current layer 𝑘. The summation aggregates the contributions 

from all neurons in the next layer because the error signal of a hidden neuron depends on its 

influence on all neurons in the subsequent layer. The relationship between 𝑧𝑝
(𝑘+1)

 and 𝑧𝑛
(𝑘)

 is 

determined by the weights 𝑊𝑝𝑛
(𝑘+1)

 connecting the two layers: 

𝑧𝑝
(𝑘+1)

= ∑  𝑟
𝑛=1 𝑊𝑝𝑛

(𝑘+1)
⋅ 𝑎𝑛

(𝑘)
   (2.18) 

Taking the derivative: 

𝜕𝑧𝑝
(𝑘+1)

𝜕𝑧𝑛
(𝑘) = 𝑊𝑝𝑛

(𝑘+1)
     (2.19) 

The output of neuron 𝑛 in the hidden layer is: 

𝑎𝑛
(𝑘)

= 𝜎(𝑧𝑛
(𝑘)

)     (2.20) 

The derivative is: 

𝜕𝑎𝑛
(𝑘)

𝜕𝑧𝑛
(𝑘) = 𝜎′(𝑧𝑛

(𝑘)
)     (2.21) 

𝛿𝑛
(𝑘)

=
𝜕𝐸

𝜕𝑧𝑛
(𝑘) = ∑  𝑟

𝑝=1 𝛿𝑝
(𝑘+1)

𝑊𝑝𝑛
(𝑘+1)

⋅ 𝜎′(𝑧𝑛
(𝑘)

)   (2.22) 

where 𝑊𝑝𝑛
(𝑘+1)

 are the weights connecting neuron 𝑛 in layer 𝑘 to neuron 𝑝 in layer 𝑘 + 1. 
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Gradients are then computed to update the weights and biases during the training to update the 

weights and bias values that are used to reduce the error. Gradient for weight 𝑊𝑛𝑚
(𝑘)

 connecting 

neuron 𝑚 in layer 𝑘 − 1 to neuron 𝑛 in layer 𝑘 is calculated as follows: 

𝜕𝐸

𝜕𝑊𝑛𝑚
(𝑘) = 𝛿𝑛

(𝑘)
⋅ 𝑎𝑚

(𝑘−1)
    (2.23) 

For bias 𝑏𝑛
(𝑘)

 in layer 𝑘 : 

𝜕𝐸

𝜕𝑏𝑛
(𝑘) = 𝛿𝑛

(𝑘)
     (2.24) 

Once the gradients are computed the new weights are calculated by using the gradient descent   

𝑊𝑛𝑚(𝑛𝑒𝑤)
(𝑘)

= 𝑊𝑛𝑚(𝑜𝑙𝑑)
(𝑘)

− 𝜂
𝜕𝐸

𝜕𝑊𝑛𝑚
(𝑘)

    (2.25) 

𝑏𝑛(𝑛𝑒𝑤)
(𝑘)

= 𝑏𝑛(𝑜𝑙𝑑)
(𝑘)

− 𝜂
𝜕𝐸

𝜕𝑏𝑛
(𝑘)     (2.25) 

 

𝑊𝑛𝑚(𝑛𝑒𝑤)
(𝑘)

 and 𝑏𝑛(𝑛𝑒𝑤)
(𝑘)

 are the new weight and bias, respectively,  𝜂 is the learning rate,  

𝑊𝑛𝑚(𝑜𝑙𝑑)
(𝑘)

 and  𝑏𝑛(𝑜𝑙𝑑)
(𝑘)

 are the old weight and bias, respectively 

 Additional information, sample numerical and associated optimizers are available in the appendix 

A adapted from lecture notes [46].  
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2.1.1  Linearity and Non-linearity of the System 

  In the case of a PEMFC or LIB, the model must represent the device's linear and non-linear 

behavior, depending on the operational zone. The system characteristics are typically nonlinear 

(exponential) at low and high current density conditions, as shown in Figure 2.2.  

 

(a)                                                                      (b) 

 

Figure 2.2 Fuel cell polarization curve nonlinearity for (a) different pressures and (b) different temperatures. 

 

2.1.2 Activation Functions 

The activation functions dictate the non-linearity of the neural networks depending on the 

sensitivity of the input feature vectors. Various nonlinear functions are considered to model this 

neural network, and a quick mention of a few activation functions that are considered in this study. 

 

i. Sigmoid (Logistic function): The Sigmoid function was introduced to Artificial Neural Networks 

(ANN) in the 1990s to replace the step function, and the output is centered around 0.5, a graphical 

representation of the sigmoid function and its derivative is shown in Figure 2.3. The sigmoid 

function has a well-defined nonzero derivative, helping stochastic gradient descent to improve at 

every epoch. Significant issues are vanishing gradient and computationally expensive [47].  

 

ii. Hyperbolic Tangent (Tanh): Tanh has characteristics like Sigmoid and can work with Gradient 

Descent. Tanh function output is centered around 0; a graphical representation of the Tanh function 

and its derivative is shown in Figure 2.3. Like sigmoid, it is also subjected to vanishing gradient 

and is computationally expensive [47]. 
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iii. Rectified Linear Unit (ReLU): It is primarily implemented in deep learning, and the ReLU 

function is composed of two linear pieces to account for non-linearities; a graphical representation 

of the ReLU function and its derivative is shown in Figure 2.3. Unlike Sigmoid and Tanh, the 

output of ReLU does not have a maximum value, helping it address the vanishing gradient issue. 

ReLU is computationally easy as there is no exponential operation [47].  

    

   (a)       (b) 

 

(c) 

Figure 2.3 (a) Sigmoid function (red-colored curve) and its derivative (blue-colored curve); (b) Tanh function (red-colored curve) 

and its derivative (blue-colored curve); (c) Rectified linear unit function (red-colored curve) and its derivative (blue-colored curve) 

2.1.3 Dropout Probability 

  Certain neuron connections within the network are randomly disconnected based on a 

specific probability value to prevent overfitting during the neural network's training process. This 

specific probability number is called dropout probability and needs to be calibrated depending on 

the data, predicted parameters, and accuracy needs. Figure 2.4 Error! Reference source not f

ound.shows an example of a feed-forward neural network with and without dropout. The dropout 

probability uses a Bernoulli distribution (a probability distribution used with a parameter 1 − 𝑝) 

to model a binary random variable that takes on one of two possible outcomes: 1 (success) with 

probability 1 − 𝑝, and 0 (failure) with probability 𝑝. 

A Bernoulli random variable 𝑚 is defined by the following probability mass function (PMF): 

𝑃(𝑚 = 1) = 1 − 𝑝  (2.26) 
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𝑃(𝑚 = 0) = 𝑝   (2.27) 

𝑚 = 1 : The event occurs (neuron is retained in the dropout case). 

𝑚 = 0 : The event does not occur (neuron is dropped in the dropout case). 

 𝑝 : The probability of dropping a unit (dropout rate – calibrated). 

 

 

             

(a) (b) 

 

Figure 2.5 Neuron connections: (a) without dropout; (b) with dropout. 

 

2.1.4 Training and Calibration 

Parameters like learning rates, loss function, number of epochs, and correction factors are 

calibrated to prevent any overtraining or undertraining of the models by validating with the 

available testing data. All the iterations are ranked by quantifying the final error with the help of 

coefficient of determination (r-squared/R2) and root mean square error (RMSE), as defined below, 

in addition to mean absolute error (MAE) and mean squared error (MSE), 

 

R2 = 1 −
sum squared regression (SSR)

the total sum of squares (SST)
    (2.28) 

 

𝑅𝑀𝑆𝐸 = √
∑  𝑛

𝑖=1  ∥𝑦(𝑖)−𝑦̂(𝑖)∥2

𝑛
                  (2.29) 

where n is the number of data points, 𝑦(𝑖) is the i-th measurement value, and 𝑦̂(𝑖) is the 

corresponding value of prediction. 
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2.2 Support Vector Machine Regressor (SVR) 

Support Vector Machine (SVM) is one of the most used techniques to resolve classification 

problems. The SVM helps us to find a line/hyperplane (in multidimensional space) that separates 

two classes. A decision boundary serves as a demarcation line to split the classes from each other. 

Support Vector Machine Regressor (SVR) uses a similar concept to approximate mapping from 

multiple input feature vectors to output based on a training sample. Here, the objective is to 

consider the points within the decision boundary line and tune the SVR to incorporate the 

maximum number of points, parallelly minimizing the ||w|| = (|+ε|) + (|-ε|), where ||w|| is the weight 

vector norm and  epsilon ‘ε’ is a margin around the regression line where there is no penalty. ∣∣w∣∣ 

measures the complexity of the regression function and is minimized in the optimization, ‘ε’ sets 

the margin of tolerance for error and indirectly influences ∣∣w∣∣. The major tunable parameters are 

epsilon ‘ε’ and penalty factor ‘C’, here ‘C’ is the regularization parameter that controls the trade-

off between model complexity and tolerance for errors. ‘ε’ in the SVR model refers to the epsilon 

tube within which no penalty is imposed in the loss function for data points predicted within a 

distance 𝜉 from the actual value.  Figure 2.5 shows a sample data set along with the corresponding 

SVM and SVR implementation.  

                 

(a)                                                                 (b)  

Figure 2.6 (a) Classification of Support Vector Machine (SVM) [48] ; (b) SVM regression [49] 

 

Only data points lying outside the epsilon tube contribute to the error. The objective of the SVR is 

to minimize the following functions. 

Minimize 
1

2
∥ 𝐰 ∥2+ 𝐶∑𝑖=1

𝑚  (𝜉𝑖 + 𝜉𝑖
∗)  (2.30) 
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Complying with the following constraints  

𝒚𝒊 − (𝐰 ⋅ 𝐱𝑖) − 𝑏 ≤ 𝜀 + 𝜉𝑖                             (2.31) 

 

(𝐰 ⋅ 𝐱𝑖) + 𝑏 − 𝒚𝒊 ≤ 𝜀 + 𝜉𝑖
∗                            (2.32) 

 

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0, 𝑖 = 1, … , 𝑚                                     (2.33) 

where 𝐱𝑖 is the input feature vector, 𝒚𝒊 is the target variable (observed or actual output associated 

with 𝐱𝑖),  m is the total number of data points, and w, 𝑏, and  𝝃 are the pseudo hyperparameters, 

where w is the weight vector, 𝑏 is the bias, and 𝜉 is the distance from the boundary determined by 

the SVR based on the data and epsilon (𝜀) , regularization parameter C,  are the tunable parameters 

acting as design variables.  
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Chapter 3 Literature Survey 

 This chapter summarizes the available literature and recent data-based models that use the 

latest machine-learning techniques to address the problems of the PEMFC and LIB systems. 

3.1 Machine Learning Models for PEMFC System 

 A fuel cell is an open electrochemical energy system with a wide variety of feature vectors, 

almost like an internal combustion engine, with charge induction (reactant + fuel) and exhaust 

attributes that provide a wide range of data acquisition options. Machine learning applications to 

develop data-based models are relatively in an early stage for the fuel cell area. Wang [50] has 

summarized the recent application of neural networks and other machine algorithms to predict the 

performance, material selection, and durability estimation of fuel cells and their components. 

Figure 3.1 shows a feed-forward artificial neural network schematic, where current, temperature, 

pressure, flow rate, and humidity are used as feature vectors (inputs) to predict the fuel cell's 

voltage output.  

 

Figure 3.1 Schematic of artificial neural network architecture for fuel cell voltage prediction [50] 

 

Similarly, Kheirandish [51] used Support Vector Machine Regression (SVR) to model a 

PEMFC and successfully predicted the system's voltage, power, and efficiency aspects. The results 

and boundaries of the SVR algorithm are shown in Figure 3.2 which illustrates the correlation 

between ANN and SVR on the same dataset where both the algorithm’s prediction values are in 

agreement with each other.  
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Figure 3.2 Results of the support vector regression algorithm for fuel cell voltage prediction [51] 

 

Mehrpooya [52] had developed a hybrid neural network method to model a micro PEMFC 

which consists of a Group Method of Data Handling (GMDH) neural network and empirical 

equations incorporated with the help of a genetic algorithm where humidity (x1), temperature (x2), 

oxygen flow rate (x3), hydrogen flow rate (x4), current density (x5) are considered as input feature 

vectors [52]. Figure 3.3 shows the GMDH neural network and the input features (x1, x2,…x5).  

 

Figure 3.3 Representation of a group method of data handling neural network for micro fuel cell [52] 

Han has used a similar hybrid approach with the implementation of SVR to account for 

various operating conditions in combination with a voltage empirical equation to predict the 

PEMFC polarization curve [53] Figure 3.4 shows a schematic representation of the hybrid 

architecture, which combines SVM and an empirical equation for the fuel cell.  
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Figure 3.4 Fuel cell hybrid model consisting of support vector machine and empirical equation [53] 

Han also has conducted a comparative study of ANN and SVR to predict the performance 

of PEMFC operation and estimated the effects of varying reactant pressure and cell temperature 

across the range of operating conditions [54]. Deng has used a state-space system in combination 

with a recurrent neural network (RNN) to derive a new control-oriented data-driven model for 

PEMFCs and predicted the stack temperature, voltage, power, and other parameters with 

reasonable accuracy [55]. Figure 3.5 shows the final error values of various predicted fuel cell 

output attributes.  

 

Figure 3.5 Comparison of fuel cell attribute errors during validation [55] 

Khajeh developed a hybrid model by combining the physics-based catalyst layer model 

with neural networks where ionomer film covering the agglomerate, agglomerate radius, platinum, 

and carbon loading, membrane content, gas diffusion layer (GDL) penetration content, and catalyst 

layer (CL) thickness are used as input feature vectors to predict the activation overpotential[56]. 

A comparison between actual activation overpotential and model-predicted activation 

overpotential is shown in Figure 3.6.   
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Figure 3.6 Comparison of activation overpotential of fuel cell catalyst layer [57] 

 

Similarly, the durability aspects of PEMFC such as state of health and voltage over time can be 

predicted by an autoregressive neural network as shown by Mao and Jackson using 1200 hours of 

PEMFC operational data [57]. Figure 3.7 shows the accuracy of the voltage predicted compared 

with the test data over the fuel cell's life. 

 

X-Axis – Time (Hours); Y-Axis -Stack Voltage 

Figure 3.7 Autoregressive neural network result stack voltage (V) Vs. time (hours) [57] 

 

3.2 Machine Learning Models for LIB System 

 Similar to PEMFC, the LIB system is an electrochemical system that consists of complex 

chemical kinetics and ion transportation phenomena; however, since it is a closed system, there 

are no external reactant input or product exhaust parameters, relatively reducing the number of 
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available feature vectors to the model. There are four major measurement parameters in a LIB 

system, which are operating current, temperature, voltage, and total resistance/impedance 

typically, numerous machine learning models in this area are used to predict the internal states of 

the LIB, which cannot be measured by a sensor but needs to be estimated such as State of Charge 

(SOC) or State of Health (SOH).   LIB system operation generates heat due to the various 

overpotentials associated with charging and discharging; this heat, in turn, raises the temperature 

of the battery environment, affecting the system's overall performance unless dissipated 

appropriately using a thermal management system. Here is a quick summary of available data-

based models that study the aspect of the LIB thermal behavior modeling and its impact on 

performance    

Wang [58] has used a Convolution Neural Network (CNN) and linear regression to predict 

the internal temperature of the LIB pack, as shown in Figure 3.8. Here, the external temperature 

measurement was used as input feature vectors to predict the internal temperatures within the LIB 

pack in real-time with a mean square error of 0.047.  

 

Figure 3.8 Comparison of the measured internal temperature and the predicted internal temperature by CNN [58] 

 

Shashank has implemented a neural network-based model to predict the heat generated by 

a LIB under various ambient temperatures and nominal capacities as shown in Figure 3.9. This 

study considered the use of DOD, nominal capacity, ambient temperature, and discharge rate as 

the feature vectors for a feed-forward neural network with one hidden layer consisting of six 
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neurons and the Levenberg–Marquardt algorithm of MATLAB to predict the heat generated in 

LiFePO4 pouch cell with good accuracy [59]. 

 

Figure 3.9 Comparison of experimentally measured heat generation and predicted values at 1C discharge rate [59] 

 

 Qian [60] has optimized the heat dissipation aspect of the LIB system using a combination 

of neural networks and the computational fluid dynamics (CFD) method, where CFD is used to 

simulate the flow field and temperature field of the LIB at different battery spacings. These spacing 

parameters and resultant temperatures are used to train the neural network to predict the optimal 

battery spacing and temperature difference, demonstrating a correlation between battery spacing 

and temperature gradient across different cells; predicted temperature differences at various 

spacing combinations can be seen in Figure 3.10. 

 

Figure 3.10 Temperature difference of the battery pack under 18,639 different spacing combinations [60] 
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There are a few cases where both ANN and various versions of Kalman Filter (KF) have 

been used in conjunction to model LIB specifically to improve the estimation of SOC. Multiple 

versions of KF have already been adopted in the automotive industry and consumer electronics for 

LIB energy management. Wei and Nicholas [61] have used an ANN model to predict the SOC of 

LiFePO4 by using the current, voltage, and temperature of the battery, which is coupled with an 

unscented Kalman filter (UKF) to reduce the associated errors of ANN during operation a 

schematic of the integrated system is represented in Figure 3.11. 

 

Figure 3.11 Schematic of the SOC estimation based on the neural network & unscented Kalman filter  [61] 

 

Amin [5] has demonstrated using KF, EKF, and augmented Kalman filter along with ANN 

to accurately predict the LIB's SOC and state of health (SOH), where Kalman filter estimates the 

internal parameters of the equivalent circuit models. Similarly, both Chen [62] and Dao [63] have 

integrated the EKF (which estimates the SOC of the previous time step) with an ANN to predict 

the current SOC of the LIB. Schematics for both systems can be seen in the Figure 3.12 and Figure 

3.13 respectively.  
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Figure 3.12 SOC estimation based on the neural network & extended Kalman filter – 1 [62] 

 

Figure 3.13 SOC estimation based on the neural network & extended Kalman filter – 2 [63] 

This type of modeling with ANN and EKF can be regarded as a hybrid model as it 

incorporates both the characteristics of data-based modeling and elements of equivalent circuit, 

physics-based modeling. From the above examples, it is evident that SOC estimation through ANN 

and KF is an established technique that can be further modified to predict the thermal behavior of 

the LIB. Currently, most of the existing physics-based and data-based models in the literature focus 

on the accuracy of the SOC/DOD prediction or the thermal behavior of the LIB system. However, 

it is evident from the literature that both DOD and thermal behavior are interdependent. Therefore, 
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it is essential to develop a LIB model that simultaneously estimates the DOD and heat generation 

rate in real-time, and the hybrid data-based models are uniquely poised for this purpose. 

3.3 Limitations in the Existing Literature and Data-Based Models 

From the above literature, it can be concluded that a stand-alone neural network model and 

other machine learning algorithms can be used to develop detailed data-based models for various 

applications. However, almost all the models rely on vast sets of initial experimental data, which 

can be time-consuming and expensive to explore when implementing new algorithms. However, 

this problem can be solved if large sets of data can be generated by physics-based models validated 

by a relatively small number of experiments covering a range of operating conditions. This 

approach bypasses the tedious experimentation or at least during the initial algorithm development 

phase, serving as test data for performance demonstration.    

    Many algorithms are already in commercial use (battery management systems) to 

estimate the internal state of electrochemical energy systems (e.g., SOC) to optimize and manage 

the system's energy requirements.  After considering the catastrophic nature of thermal runaway, 

the critical need for a model to predict the thermal behavior of the electrochemical system, 

especially batteries, was identified. However, the research related to algorithms correlating the 

internal states with the heat generation rate (thermal behavior)  and performance of electrochemical 

energy systems, especially in real-time application, is not yet prevalent and the current focus of 

this study is to address this by a hybrid approach of combining an artificial neural network (ANN) 

algorithm predicting the heat generation rate supplemented with an extended Kalman filter (EKF) 

estimating the instantaneous internal state of the system (e.g., SOC/DOD of the LIB)  

Predicting the PEMFC thermal behavior and membrane mechanics is critical in optimizing 

thermal and water management in PEMFC to prevent uneven distribution of current, heat, aging, 

and membrane hydration. Dry membranes create excessive membrane resistance, and flooding 

creates reactant transport issues impacting cell performance and degradation. However, no data-

based models predict the spatial temperature distribution, membrane hydration state, or the 

associated resistance. This study proposes to develop a data-based model that can be applied in 

real-time to predict thermal gradients, cell aging, and membrane dynamics, improving the 

performance and durability of the PEMFC system and other energy systems. Considering the 
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projected scale and commercial usage, electrochemical energy systems require such models to 

prevent catastrophic failures and improve reliability.  

Although there has been a significant amount of research in developing databased and 

detailed physics-based models both in empirical and fluid dynamics domains to predict voltages, 

there have been very few studies that venture into the aspect of developing surrogate databased 

models based on the existing physics-based models that can accurately replicate their behavior. 

These surrogate models, also referred to as the digital twins of physics-based models, have the 

potential to be implemented in a real-time environment, making the best of both worlds in terms 

of accuracy and computational speed and removing their limitations. Based on the literature 

review, most studies focus on the cell degradation problem as a time-series event and require vast 

amounts of degradation data spanning over months. A few studies predict cell voltage degradation 

as a function of accelerated aging or based on electrochemical properties as a regression model 

and can be extremely useful as it reduces the tedious hours spent on aging studies by accelerating 

the aging process.  

Studies investigating the aspect of developing data-based models and hybrid data-based 

models to predict the thermal behavior and thermal gradients associated with electrochemical 

systems are minimal, especially when the explicit material properties of such systems are 

unavailable and by considering the need for such models both from a system controls and 

diagnostics perspective. Finally, almost no studies published in the literature to the best of our 

knowledge investigate the development of such data-based models based on actual vehicle data 

and the model's applicability in a transient environment when predicting the electrochemical or 

thermal attributes in a vehicle. Based on the identified research gaps, models, limitations, and 

unexplored research areas serve as the motivation for the current thesis.   



39 

 

Chapter 4 Predicting PEMFC Performance and 

Membrane Dynamics 

 

***This chapter is adapted from  Legala, Adithya, et al. “Machine learning modeling for 

proton exchange membrane fuel cell performance.” Energy and AI, vol. 10, Nov. 2022, p. 100183, 

doi:10.1016/j.egyai.2022.100183. 

 

This chapter discusses machine learning methods for developing data-based models to 

predict PEMFC performance attributes and internal states. Techniques such as Artificial Neural 

Network (ANN) and Support Vector Machine Regressor (SVR) are implemented to predict the 

cell voltage, membrane resistance, and membrane hydration level for various operating conditions. 

Varying input features such as cell current, temperature, reactant pressures, and humidity are 

introduced to evaluate the model's accuracy, especially under extreme conditions. This study 

considers two data sets acquired from a physics-based semiempirical model and a 1-D reduced-

dimension Computational Fluid Dynamics model. Data preprocessing and hyperparameter tuning 

procedures are investigated and extensively used to calibrate the artificial neural network layers 

and support vector regressors to predict fuel cell attributes. ANN clearly shows an advantage over 

SVR, especially on a multivariable output regression. However, the SVR is advantageous for 

modeling simple regressions as it greatly reduces the level of computation without sacrificing 

accuracy. Data-based models for PEMFC are successfully developed on both the data sets by 

adopting advanced modeling techniques and calibration procedures such as ANN incorporating 

the dropout technique, resulting in an R2 ≥ 0.99 for all the predicted variables, demonstrating the 

ability to build accurate data-based models solely on data from validated physics-based models, 

reducing the dependency on extensive experimentation.     
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4.1 Data Acquisition  

 The necessary data for data-based modeling is gathered from actual PEMFC testing or 

through the simulation of computer models that have been validated under a wide range of 

operating conditions and represent real-world behaviors. Here, in this case, the data is acquired 

from physics-based models validated using experimental data available in the literature. Dataset1 

is generated by simulating a semi-empirical physics-based model across different operating 

conditions in MATLAB [27]. Figure 4.1 shows a schematic of the inputs and output variables of 

the voltage module, where varying current, temperature, membrane hydration (lambda), and 

reactant pressures are used to predict the fuel cell's voltage output.   

 

Figure 4.1 Schematic of physics-based semi-empirical voltage module [27] 

 

 As the model has been derived from the physics-based formulas, the input feature vectors 

for the data-based model remain the same. A 1-D physics-based CFD model generates another 

data set (from here on referred to as Dataset2) [23] which had been experimentally validated. Here, 

varying currents, temperatures, and humidity are used to predict the voltage output, membrane 

resistance, and membrane hydration level at constant reactant concentration and operating 

pressures. Dataset 1 and Dataset 2, along with their ranges, data distribution, and cross plots, are 

illustrated in Appendix A. Semi-empirical equations used to reconstruct the model used for Dataset 

1 are also listed in Appendix B. 

 



41 

 

Dataset1 and Dataset2's feature vectors (input) and predicted variables (output) are listed 

in Table 4-1 and Table 4-2, respectively.  

Table 4-1 Inputs and output parameters of Dataset1 

Inputs (Feature Vectors) Output 

Current  

Fuel 

Cell 

Voltage 

Temperature  

Cathode Pressure 

O2 Partial Pressure 

H2 Partial Pressure 

Membrane Hydration (Lambda) 

 

Table 4-2 Inputs and output parameters of Dataset2 

Inputs (Feature Vectors) Output 

Current Fuel Cell Voltage 

Temperature  Membrane Resistance 

Relative Humidity Membrane Hydration (Lambda) 

 

The input and output attributes of the data-based models are chosen based on the governing 

physics of the system [64], [65], [66]. Since the objective of the present study is to develop a 

sufficiently accurate data-driven model for control, diagnostic, and prognostic purposes, that is, to 

predict fuel cell performance and internal states for a given design and construction of fuel cells, 

the six model inputs selected for Dataset1 to predict the voltage are the fuel cell operating 

conditions, which are also used as the input conditions for the physics-based models. The three 

model inputs selected for Dataset 2 to predict voltage, membrane resistance, and membrane 

hydration are cell output current, the temperature of the stack, and relative humidity at the cell 

inlet (assuming there is no change in reactant pressures to limit the iterable parameters in the 

simulation considering the tedious computational process), all of which have a direct correlation 

based on governing equations of CFD model and are necessary parameters to build a control or 

diagnostics model. Both datasets are independent, and membrane hydration (Lambda) is 

considered an input vector in Dataset 1 and as a predicted attribute in Dataset 2 as one is based on 
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semi-empirical equations and the other being a CFD predicted parameter; this shows the potential 

of the models to be cascaded if necessary. Each dataset consists of a total of 1100 data points, 

which are split into a ratio of 70:30 for training and validation. The data sets, and the range of 

operational parameters are given in the appendix. No data points are excluded as the validated 

physics-based model simulations generate the datasets without any measurement or process noise. 

 

4.1.1 Data Conditioning / Preprocessing: 

As all the input feature vectors and output vectors differ in scale, nonlinearity, and 

sensitivity to the model, normalization is necessary for both the input feature vectors and target 

output vectors before introducing them to the neural network and SVR algorithms. As all the 

feature vectors and output parameters are non-negative physical entities, it has been decided that 

normalization between 0 and 1 is appropriate. The normalization process is as shown below: 

x normalized = (x – x minimum) / (x maximum – x minimum)     (4.1) 

Dataset1 and Dataset2 are normalized between 0 and 1, and results after normalization of Dataset1 

and Dataset2 are also shown in appendix B. 

 

4.2 Neural Network Hyper Parameters 

 Hyperparameters are calibration entities of the neural network that depend on the system 

and input data; these attributes must be selected and tuned to successfully predict the output 

variable with sufficient accuracy while optimizing the computational time and power. This 

calibration will help to model the behavior of the output variable and calibrate the model sensitivity 

based on the operating condition; a few of these attributes are discussed as follows.    

4.2.1 Nodes & Hidden Layers 

 Based on the initial literature review and considering similar physical systems, it is 

concluded that a neural network with two hidden layers is a good starting point. Initially, 50 

neurons per hidden layer were considered for the model, but after repeated simulations with 

various neuron combinations, it was reduced to 10 neurons per hidden layer.    
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4.2.2 Feature Vectors  

As this data is generated from physics-based models, the inputs of these physics-based 

models can be used as input feature vectors for machine learning algorithms. So, for Dataset1, the 

feature vectors are PEMFC current, stack temperature, total cathode pressure, O2 and H2 partial 

pressures, and membrane hydration (lambda). For Dataset2, the feature vectors are PEMFC 

current, temperature and relative humidity normalized between 0 and 1. 

 

4.2.3 Loss Function  

Generally, Mean Square Error (MSE), Mean Absolute Error (MAE), and Huber are used 

to solve the regression in a neural network. In this case, both MAE and MSE are considered.  The 

mathematical representation of MAE and MSE is given below:   

MAE =
1

𝑛
∑𝑗=1

𝑛  |𝑦𝑗 − 𝑦̂𝑗|            (4.2) 

MSE =
1

𝑛
∑𝑖=1

𝑛  (𝑦𝑖 − 𝑦̂𝑖)
2            (4.3) 

where n = number of elements, 𝑦𝑗 is the actual (true value) 𝑦̂𝑗 is the predicted (output) value. 

 

4.3 ANN Architecture and Design Parameters 

Typically, a neural network can have any number of hidden layers or neurons, and a 

network with more than 2 or 3 hidden layers is considered a deep neural network, whereas a 

network with only 1 or 2 hidden layers is regarded as a shallow neural network. A deep neural 

network requires larger computational capability and training time, which is typically used for 

image or complex time series regressions and object classification [66], whereas a shallow neural 

network relatively consumes less computational power and training time and is primarily used for 

modeling regressions and pattern recognition. Considering that the current fuel cell output 

parameter prediction can be regarded as a mathematical regression, a shallow feed-forward neural 

network is chosen. A preliminary investigation of the neural network performance with multiple 

hidden layers ranging from one to four, each containing 50 neurons, is evaluated, and the network 

with two hidden layers provided the best value when considering the computational power 

required, network training time, and resulting accuracy after multiple iterations. Hence, it was 

decided to model the neural network with two hidden layers.  
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4.3.1 ANN for Dataset1 (Semi-Empirical)   

The following are the initial structural parameters of the ANN algorithm that is applied to 

the semi-empirical data (Dataset1), which consists of the following input features: PEMFC current, 

temperature, total cathode pressure, O2, and H2 partial pressures, and membrane hydration 

(lambda). These are listed in Table 4-3, and the initial ANN design for Dataset1 is shown in Figure 

4.2 Initial ANN design for Dataset1. 

Table 4-3 Initial ANN parameters for Dataset1 

Inputs feature vectors 6 

Output parameters 1 

Hidden layers  2 

Nodes/ Neurons  10 

Activation function ReLU-1,2 layer 

Linear - Final 

Loss function  ‘MAE’ / ‘MSE’ 

Learning Rate (Lr) 0.055 

Iterations/Epochs  100 

Momentum/correction  0.9 

Dropout probability  0 

 

 

Figure 4.2 Initial ANN design for Dataset1 
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4.3.2 ANN on Dataset2 (1D-CFD)   

The initial structural parameters of the ANN that are applied to the 1-D CFD data 

(Dataset2) consist of the following input feature vectors: PEMFC current, temperature, and relative 

humidity. The output parameters are the predicted corresponding voltage, membrane resistance, 

and membrane hydration (lambda). These are listed in Table 4-4, and the initial ANN design for 

Dataset2 is shown in Figure 4.3. 

Table 4-4 Initial ANN parameters for Dataset2 

Inputs feature vectors 3 

Output parameters 3 

Hidden layers  2 

Nodes  10 

Activation function ReLU-1,2 layer 

Linear - Final 

Loss function  ‘MAE’ / ‘MSE’ 

Learning Rate (Lr) 0.025 

Iterations/Epochs  100 

Momentum/correction  0.9 

Dropout probability  0 

 

 

Figure 4.3 Initial ANN design for Dataset2 
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4.4 Results and Discussion 

 

4.4.1 SVR for Dataset1 and Dataset2   

SVR technique is applied to Dataset1 with similar feature vectors to ANN, is used to predict 

PEMFC voltage, and comprises the following design attributes and hyperparameters as listed in 

Table 4-5, the final results of the SVR for Dataset1 during the training and validation are shown 

in Figure 4.4. 

Table 4-5 Initial SVR parameters for Dataset1 

Inputs feature vectors 6 

Output parameters 1 

Epsilon  0.025 

C  1.0 

Training data points 770 

Validation data points 330 

 

             

 (a) (b) 

Figure 4.4 SVR Results for Dataset1: (a) Training; (b) Validation. 
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The above plots show that R2 values are very close to 0.99 for both training and testing data. Thus, 

we can conclude that the SVR technique is executed flawlessly and can accurately predict the fuel 

cell voltage bearing a few extreme boundary conditions. Considering the relatively limited tunable 

parameters in SVR, the results are considered reasonably accurate and in agreement with the 

available literature [51], [54]. For Dataset2, which is a multi-output regression problem, the SVR 

could not accurately converge and is not complex enough to model the associated nonlinearity. 

However, independent SVR models can be developed and tuned to model each output vector of 

Dataset2. 

4.4.2 ANN for Dataset1 (semi-emp) 

The initial results of the ANN for Dataset 1, comprising six inputs, one output, two hidden 

layers, and hyperparameters, as listed in Table 4-3, with specific loss functions, are presented 

below. 

Case 1: Mean Absolute Error (MAE) With No Dropout 

After investigation, the optimal ANN model hyperparameters are determined to be as follows: 

Loss function = MAE; Lr = 0.055; no dropout; and number of neurons per layer = 10. The initial 

results of the ANN fuel cell model developed using Dataset 1 with MAE as a loss function and the 

hyperparameters mentioned above are shown in Figure 4.5. 

            

 (a)                                                                        (b)  

Figure 4.5 Case 1 neural network result for Dataset1 considering MAE as loss function and no dropout: (a) Loss function / MAE 

Vs Training Epochs; (b) Voltage prediction 
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As Figure 4.5 shows that the ANN is accurate and its structure (layers) is suitable for this 

regression. However, even after 100 epochs, the loss function is still unstable, with fluctuating 

MAE values. As such, there is a need to investigate other loss functions, such as MSE. 

 

Case 2: Mean Squared Error (MSE) With No Dropout 

After investigation, the optimal ANN model hyperparameters are found to be: Loss function = 

MSE, Lr = 0.055; no dropout; number of neurons per layer = 10. The results of the ANN with 

MSE as the loss function and with the hyperparameters mentioned above are shown in Figure 4.6. 

   

(a)                                                                          (b) 

Figure 4.6 Case 2 neural network result for Dataset 1 considering MSE as loss function and no dropout: (a) Loss function / MSE 

Vs Training Epochs; (b) Voltage prediction. 

The MSE loss function reduces quickly with the iteration epochs and without observable 

fluctuations; hence, it is considered stabilized and offers a good accuracy for the neural network 

with the R2 value of 0.989. However, it is slightly behind in terms of accuracy at extreme boundary 

conditions, i.e., Voltage values below 0.15 and above 0.85 – these extreme cell voltage values are 

normally outside the range of practical operation of PEMFCs. However, to improve the accuracy 

for these extreme voltage values, the number of neurons in each layer is increased, and the dropout 

technique is incorporated for both loss functions, which are presented next. 
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Case 3: Mean Absolute Error (MAE) With Dropout Consideration 

The optimal ANN model hyperparameters are determined through extensive analysis: Loss 

function = MAE, Lr = 0.055; number of neurons per layer = 20 in both hidden layers; dropout 

probability is 0.5 for both hidden layers. The corresponding results of the ANN with MAE as the 

loss function incorporating dropout in both hidden layers and with the hyperparameters as 

mentioned earlier are shown in Figure 4.7. 

  

(a)                                                                              (b) 

Figure 4.7 Case 3 neural network result for Dataset1 considering MAE as Loss function with dropout: 

 (a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction. 

  

Again, the MAE loss function is still unstable, as shown in Figure 4.7, but considering the 

encouraging results shown in Figure 4.6 with the improved accuracy (R2 value is increased to 

0.991), the loss function is replaced by MSE, and a similar dropout technique is introduced to the 

model by increasing the number of neurons and altering the drop probability, as shown next.  

Case 4: Mean Squared Error (MSE) With Dropout Consideration 

After considerable analysis, the optimal ANN model hyperparameters are determined as: Loss 

function = MSE, Lr = 0.055; number of neurons per layer = 30 in both hidden layers; dropout 

probability = 0.5 for the 1st hidden layer and 0.25 for the 2nd hidden layer. The results of the ANN 
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with MSE as the loss function incorporating varying dropout probability in both hidden layers and 

the hyperparameters as mentioned above are shown in Figure 4.8. 

  

(a)                                                                            (b) 

Figure 4.8 Case 4 neural network result for Dataset1 considering MSE as Loss function with dropout: 

 (a) Loss function / MSE Vs Training Epochs; (b) Voltage prediction. 

From Figure 4.8, it is noted that introducing the dropout technique has resulted in a 

considerable improvement in the accuracy of the predicted voltage, with the R2 value of 0.995, 

especially considering the nonlinearity in the extreme boundary conditions (voltage less than 0.15 

V and great than 0.85 V). Clearly, the use of MSE as the loss function and adoption of the dropout 

technique improves the accuracy of the results with fewer epoch levels (or iterations) needed to 

reach converged calculations. 

 

4.5 ANN Results for Dataset 2 (1-D CFD) 

The results of the ANN for Dataset2, comprising three inputs, three outputs, two hidden 

layers, and hyperparameters, as listed in Table 4-4, along with specific loss functions, are presented 

below.  

Case 1: Mean Absolute Error (MAE) With No Dropout 

The optimal ANN model hyperparameters are determined as following extensive investigation: 

Loss function = MAE, Lr = 0.025, no dropout, and number of neurons per layer = 10. The initial 
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results of the ANN fuel cell model developed using Dataset 2 with MAE as the loss function and 

the hyperparameters mentioned above are shown in Figure 4.9. 

      

(a)                                                                       (b) 

      

(c)                                                                      (d) 

Figure 4.9 Case 1 neural network result for Dataset 2 considering MAE as Loss function with no dropout: 

 (a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction; (c) Resistance prediction; (d) Lambda prediction 

Despite this being a multi-output regression problem, this neural network architecture has 

quite good accuracy for all three parameters, suggesting that the chosen design and 

hyperparameters are close to being ideal. The loss function (MAE) output is also relatively 

stabilized, though fluctuations over the level of epochs are clearly present after 100 epochs. The 

accuracy in the predicted lambda (R2 value of 0.969, as compared with R2 value of 0.996 and 0.998 

for the predicted cell voltage and resistance) can be improved further since most of the data points 
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are persistently located beneath the correlation curve. To achieve this the loss function is replaced 

with MSE for further analysis, similar to the cases for Dataset 1. 

Case 2: Mean Squared Error (MSE) With No Dropout 

After considerable investigation, the optimal ANN model hyperparameters are determined 

to be: Loss function = MSE; Lr = 0.025; no dropout; and number of neurons per layer = 10. The 

results of the ANN with MSE as the loss function and the hyperparameters mentioned above are 

shown in Figure 4.10. The hyperparameter values considered are precisely the same as in the 

previous case, except for the change in the loss function. 

        

(a)                                                                                (b)         

             

(c)                                                                      (d) 

Figure 4.10 Case 2 neural network result for Dataset2 considering MSE as Loss function with no dropout: 

 (a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction; (c) Resistance prediction; (d) Lambda prediction 
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As it is observed from Figure 4.10 The change in the loss function was counterproductive 

and did not fully achieve the desired results even after stabilizing the error value. The R2 values 

for the predicted three parameters, 0.995, 0.988, and 0.952 for cell voltage, resistance, and 

membrane hydration, respectively, are slightly smaller than in the previous case. After several 

iterations of hyperparameters resulting in no significant change, the dropout technique was again 

introduced by increasing the number of neurons for further investigation. 

Case 3: Mean Absolute Error (MAE) With Dropout Consideration 

After extensive investigation, the optimal ANN model hyperparameters are determined as follows: 

Loss function = MAE; Lr = 0.025; number of neurons per layer = 20 in both hidden layers; and 

dropout probability = 0. 25 for both hidden layers. The results of the ANN with MAE as the loss 

function incorporating dropout probability in both hidden layers and the hyperparameters, as 

mentioned earlier, are shown in Figure 4.11. 

 

                    

(a)                     (b)   
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   (c)                                                                                                       (d) 

Figure 4.11 Case 3 neural network result for Dataset2 considering MAE as Loss function with dropout: 

 (a) Loss function / MAE Vs Training Epochs; (b) Voltage prediction; (c) Resistance prediction; (d) Lambda prediction 

 

From the above plots, it can be observed that introducing the dropout technique on this 

ANN (Dataset2) has also significantly improved the accuracy of all the predicted parameters. 

Considering the minor fluctuations in the MAE error function, even after 100 epochs, the loss 

function is replaced with MSE for further analysis. 

 

Case 4: Mean Squared Error (MSE) With Dropout Consideration 

After extensive tuning, the epochs are increased to 1000, whereas the number of neurons per layer 

is reduced to 10 compared with the previous cases. This indicates that more time is needed for the 

training, but once it is trained, it is much easier to compute the various predictions from the trained 

model. The trained ANN model has the following optimal model hyperparameters: Loss function 

= MSE; Lr = 0.025; the number of neurons per layer = 10 in both hidden layers; and dropout 

probability = 0. 25 for both hidden layers. The results of the ANN model with MAE as the loss 

function incorporating dropout probability in both hidden layers and the hyperparameters 

mentioned above are shown in Figure 4.12. 
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(a)                                                                                                        (b)   

           

(c)                                                                                                           (d) 

Figure 4.12 Case 4 neural network result for Dataset 2 considering MSE as loss function with dropout: 

 (a) Loss function / MSE Vs Training Epochs; (b) Voltage prediction; (c) Membrane resistance prediction; (d) Membrane 

hydration (Lambda) prediction 

 

From the above results, it can be concluded that changing the loss function to MSE, 

increasing the number of epochs to 1000, and implementing the dropout technique improved the 

multi-output regression performance and can accurately predict all the output parameters. It is clear 

that MSE is reduced quickly without fluctuations over the training epochs (iterations), and the 

predicted cell voltage, membrane resistance, and membrane hydration have the best accuracy of 

all the models investigated so far, with the R2 value of 0.998, 0.999 and 0.999, respectively, and 

the MAE less than 0.01. 
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4.6 Summary  

 

In this study, artificial neural network (ANN) and support vector machine regressor (SVR) 

have been used as the machine learning methods to develop data-based models for the performance 

attributes and internal states of proton exchange membrane fuel cell (PEMFC). PEMFC operating 

conditions such as cell current, temperature, reactant pressures, and humidity are used as input 

feature parameters, while the output parameters include the predicted cell voltage, membrane 

resistance, and membrane hydration level for various operating conditions. The accuracy of the 

data-based models is evaluated, especially under extreme conditions. The data used for the present 

modeling study are acquired, respectively, from i) a physics-based semi-empirical model (referred 

to as Dataset1), and ii) a dimensionally reduced 1-D Computational Fluid Dynamics (CFD) model 

that has been validated with experimental results (referred to as Dataset2). A total of 1100 data 

points for each dataset have been generated that cover the entire range of PEMFC operations. 70% 

of the data points are used for training, while the remaining 30% of data points are used for 

testing/validation.  

It is demonstrated that ANN clearly shows an advantage in comparison with SVR, 

especially on a multivariable output regression. However, the SVR is advantageous for modeling 

simple regressions as it dramatically reduces the level of computation without sacrificing accuracy. 

It is further shown that the machine learning techniques incorporating the dropout technique can 

provide very accurate predictions with R2 ≥ 0.99 for all the predicted variables. This demonstrates 

the ability to build accurate data-based models solely on data from validated physics-based models, 

reducing the dependency on extensive experimentation. The final prediction accuracy in terms of 

R2, root mean square error (RMSE), and mean absolute error (MAE) for ANN and SVR algorithms 

after tuning for both the datasets to predict voltage, membrane resistance, and lambda is tabulated 

in Table 4-6 and Table 4-7 for comparison. 
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 Table 4-6 Voltage prediction accuracy of SVR and ANN on physics-based semi-empirical data (Dataset1) 

Algorithm Dropout R2 Value RMSE MAE 

SVR N/A 0.989 0.021 0.017 

ANN-MAE 
No 0.985 0.025 0.018 

Yes 0.991 0.019 0.014 

ANN-MSE 
No 0.989 0.021 0.014 

Yes 0.995 0.015 0.011 

 

Table 4-7  ANN prediction accuracy (using dropout) on 1-D CFD data (Dataset2) for all output vectors 

Algorithm Dropout Predicted Parameter R2 Value RMSE MAE 

ANN-MAE 

No  
Cell Voltage 

0.996 0.016 0.012 

Yes  0.998 0.011 0.008 

No 
Membrane Resistance 

0.998 0.009 0.006 

Yes 0.995 0.013 0.011 

No 
Membrane Hydration (Lambda) 

0.969 0.034 0.030 

Yes 0.999 0.007 0.006 

ANN-MSE 

No 
Cell Voltage 

0.995 0.017 0.014 

Yes 0.998 0.01 0.008 

No 
Membrane Resistance 

0.988 0.021 0.016 

Yes 0.999 0.007 0.005 

No 
Membrane Hydration (Lambda) 

0.952 0.042 0.035 

Yes 0.999 0.007 0.006 

 

The present study indicates that additional feature vectors such as electrochemical 

impedance, interfacial resistances between layers, poisoning effect, ageing, and catalyst leaching 

may be considered for better diagnostics and prognostics of PEMFC operation, including water 

flooding, reactant starvation, membrane mechanics, state of health, and remaining state of useful 

life. 
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Chapter 5 Modeling of Proton Exchange Membrane 

Fuel Cell Degradation Dynamics 

 

*This chapter is adapted from Legala, Adithya, et al. “Data-based modeling of proton 

exchange membrane fuel cell performance and degradation dynamics.” Energy Conversion and 

Management, vol. 296, Sept. 2023, p. 117668, doi:10.1016/j.enconman.2023.117668. 

 

This chapter delves into the use of the data-based modeling technique, artificial neural 

network (ANN), which was adopted to comprehend performance degradation and thermal and 

pressure dynamics. Experimental data consisting of polarization and cyclic voltammetry data are 

acquired after every 6,000 accelerated stress test (AST) degradation cycles as stipulated by the US 

Department of Energy guidelines. Over 40,000 test cases were considered for training and 

evaluating the neural network comprising data from 30,000 full-cell AST cycles. Fuel cell 

operating temperatures, pressures, flow rates, and relative humidities are varied to capture the 

entire spectrum of PEMFC performance characteristics. Parameters such as the number of AST 

cycles endured, or instantaneous catalyst electrode surface area, operating current density, reactant 

flow rate, relative humidity, system temperature, and pressure are considered as feature vectors 

(inputs) to predict cell output voltage, reactant outlet pressure, and temperature for both anode and 

cathode streams. Data preprocessing and batch learning are implemented in Python to improve 

prediction accuracy and computational time; considering the substantial nonlinear data sets, 

various Keras library optimizers and corresponding hyperparameters are investigated for better 

convergence. The trained neural network model is evaluated on 15,000 test cases resulting in an 

R2 ≥ 0.995 for all the predicted variables, demonstrating the capability of data-based models to 

accurately predict the nonlinear behavior of such electrochemical systems with minimal processing 

time, advocating for their application in real-time system monitoring, controls and diagnostics.  
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5.1 Introduction  

The impact of industrial and vehicular emissions on air quality and ecology has been 

recognized for a long time, especially during the Covid-19 pandemic [67], [68]. It is imperative to 

decarbonize our economies for climate change mitigation and energy security [69], [70]. The 

transport and energy sectors are at the forefront of undergoing this historical clean energy 

transition, and proton exchange membrane fuel cell (PEMFC) is one of the most commercially 

anticipated technologies projected to lead this transition [6], [10]. PEMFC is a complex 

electrochemical device that converts the chemical energy of reactants directly into electrical 

energy through a series of oxidation and reduction reactions [14]. PEMFC's high efficiency, 

specific energy, and power density with zero emissions at the point of use make it an ideal choice 

for heavy-duty transportation and remote power applications [71]. PEMFC, being a 

thermodynamically open system, unlike a battery, can continuously generate electrical energy if 

reactants are fed into the system, eliminating the device downtime for charging and avoiding the 

need for mammoth cell stacks [14], [71]. 

Like any other electrochemical system, the performance and efficiency of the PEMFC depend 

on its operation and design, such as fuel cell temperature, reactants supply pressures, the status of 

membrane hydration (lambda), current density, the composition and structure of the electrode 

(catalyst, ionomer, pore space), removal of water, flow distribution in cell structure and flow 

channels built on the bipolar plates [11], [24], [25], [72]. Further, its durability or degradation 

behavior is determined by the mechanical and chemical stability of individual cell components 

such as membrane, bipolar plates, and, most importantly, catalyst layers, which consist of precious 

metals, support, and ionomer, all of which are affected by operating conditions [11], [24], [72], 

[73]. The durability of these individual components affects the long-term performance, a fuel cell's 

total useful life, and associated system diagnostics. A PEMFC operating in a natural world 

environment is exposed to impurities such as sulfur, oxides of carbon, nitrogen, and metals either 

through fuel or air, which can cause catalyst poisoning or deactivation, leading to chemical 

degradation [11], [24], [72]. Similarly, thermal and humidity cycling under compression in the fuel 

cell causes hydrothermal aging where the membrane is subjected to excessive swelling and 

shrinking, which can lead to catalyst leaching, sintering, deactivation, and loss of structural 

membrane rigidity further leading to the formation of pinholes [73]. Loss of pore space due to 

disruption of the gas diffusion layer (GDL) structure can lead to mass transport resistance, causing 
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starvation and flooding inside the PEMFC electrodes. Constant voltage cycling throughout the life 

of PEMFC can cause electrochemical-related aging, leading to the degradation of metallic bipolar 

plates, catalyst layers, and membranes due to forming radicals. Depending on the operational 

environment, application, and calibration, these aging mechanisms can simultaneously occur in a 

fuel cell, leading to various degradation behaviors and characteristics [11]. Degradation in the 

PEMFC affects not only the output voltage (or efficiency) of the cell but also its pressure and 

temperature-related dynamics due to the deactivation of the catalyst, change in pore space, and 

membrane structural deterioration [74], which in turn impact the performance degradation and 

reliability of the cells.  

Additionally, unlike combustion engines, there are no significant visual or audible indicators 

during operation for an electrochemical system like PEMFC that can be used as an identifier to 

detect degradation or abnormalities before a catastrophic failure. Only the data from internal stack 

electrical, thermal, and pressure residual signatures can be used to identify degradation and 

malfunctions in the PEMFC; this is a significant safety challenge during the commercial operations 

of such systems [18], [75], [76]. Considering these PEMFC operational challenges, there is a 

definitive need for a PEMFC model that can accurately monitor the system response, predict the 

system performance, and estimate the degradation rate. The model must be able to predict output 

attributes not only from a voltage perspective but also from a thermal and pressure dynamics 

perspective at various levels of cell degradation for real-time diagnostics and prognostics.  

Traditionally, PEMFC uses the equivalent circuit models (ECM) to replicate the behavior of 

the fuel cell, predominantly for system controls [35], [36], [77], [78]; however, these models 

cannot comprehend the complete degradation or thermal or pressure dynamics. Computational 

fluid dynamics (CFD) models for PEMFC are robust enough to predict the fluctuations in the 

thermal and pressure domain; however, due to the fundamental assumptions in the model, 

considering all the degradation behaviors simultaneously over a long period of operations is 

challenging, especially without explicit material properties. Physics-based electrochemical models 

can predict the state of health degradation with an acceptable error but are limited to the aging 

mechanisms and assumptions considered [79], [80]. Modern-day hardware and computational 

limitations allow the deployment of ECM models, which are computationally simple on the 

embedded controller. However, due to their complex physics-based differential equations, the 
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three-dimensional CFD models cannot be used on any real-time embedded systems. Modeling 

these individual degradation behaviors through a physics-based or electro-chemistry-based model 

requires the availability of detailed material properties, design attributes, and a comprehensive 

understanding of every physical phenomenon encountered and their compounded effect of mutual 

interactions, which may not be possible at every instance leading to assumptions and default 

limitations of the model capabilities. This complexity and lack of transparency in fuel cell material 

properties make a case for adopting non-traditional techniques, such as artificial neural networks 

(ANN), to resolve such complex issues [57], [80], [81], [82]. 

Robust data-based models for PEMFC are in the early stage of development due to the inherent 

non-traditional modeling approach and limited availability of experimental or validated simulation 

data in the public domain; physics-based models dominate. However, the rise of computational 

power, data acquisition technology, and the complexity and interconnectivity of modern 

energy/propulsion systems are pushing for a data-based approach. Chang et al [83] proposed a 

non-linear recurrent dynamic neural network to predict the remaining useful life of PEMFC by 

estimating the PEMFC voltage at various time intervals by utilizing the PEMFC operational data 

of 150 to 650 hours; however, this approach involved the accumulation of large sets of 

experimental data (operating the PEMFC for up to 1000 hours) and also application of locally 

weighted regression to preprocess the data. Zuo [84] has used a long short-term memory network 

approach to predict the PEMFC degradation by estimating the cell voltage and this approach also 

consists of pre-conditioning the data by using a Savitzky-Golay filter to remove measurement 

noise. Ma et al [85] applied a grid long short-term neural network to predict long-term voltage loss 

in the PEMFC where operating current, voltage, and temperature are considered as feature vectors; 

however, utilizing this deep learning approach is computationally expensive to predict the cell 

voltage in an on-board diagnostic setup. Silva [86] has applied the adaptive neuro-fuzzy logic 

approach to solving the problem of PEMFC prognostics, focusing on real-time application to 

predict PEMFC voltage with great accuracy. However, this approach does not consider thermal 

and pressure dynamics. Simon [87]  has used the unique echo state network concept by replacing 

the hidden layers with neuron reservoirs and estimating the Hurst exponent in the ANN framework 

to predict cell voltage, but the algorithm needed to be more robust to comprehend the transitive 

behavior. Vichard [88] has also used the echo state network-based neural network architecture by 

considering the total electric charge applied to the system as a relevant input to accurately predict 
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the cell voltage over 5000 hours of PEMFC experimental data, but results show that no less than 

60% (3000 hours) training data is necessary for good accuracy. Pahon [89] demonstrated the 

application of signal processing techniques for fuel cell diagnostics and degradation by considering 

the relative entropy and output voltage; however, the thermal and pressure dynamics of the system 

are not considered limiting the possibility of detecting fuel cell flooding and hot spot formation. 

Chen [90] has combined the grey neural network model method with the particle swarm 

optimization technique to predict the degradation in the PEMFC by using a minimal amount of 

initial operational data but, only 50 hours of data is considered for the validation, and only the cell 

voltage is predicted with nominal accuracy. 

Most of the existing literature formulates the degradation behavior of the PEMFC as a complex 

time series problem and needs hundreds of hours of fuel cell operational data to capture the 

degradation behavior. To the best of our knowledge, no existing data-based model can track 

accurately the degradation behavior along with temperature and pressure dynamics of the PEMFC 

system that can be simultaneously used for diagnostics and prognostics. Therefore, the objective 

of this study is to tackle the above-mentioned gap in the literature by contributing the following: 

1. Development of a comprehensive multi-input multi-output data-based model that can predict 

the voltage degradation, temperature, and pressure dynamics of the PEMFC across various 

operating conditions.  

2. Formulating the PEMFC voltage degradation behavior as a regression problem, a proposed 

alternative to time series models by introducing the concept of endured accelerated stress test 

(AST) cycles and electrode catalyst surface area (ECSA). 

3. The proposed method and training technique avoid the need for any additional signal 

conditioning and data filtering techniques, demonstrating the model’s robust capability to 

predict voltage and pressure fluctuations.  

4. The proposed method is applicable for both steady conditions and during transition 

operations to predict temperature and voltage behaviors demonstrating the feasibility for on-

board diagnostic application.  

5.2 Experimental Procedure  

First, a customized membrane electrode assembly (MEA) for the fuel cell is manufactured in 

the lab using a commercially available 60% Pt/C catalyst. A homogenous catalyst ink is prepared 
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with ethanol, deionized water, Aquivion as an ionomer and a total Pt (catalyst) loading of 0.5 

mg/cm2. The membrane is uniformly coated with the catalyst ink and sandwiched between known 

porosity gas diffusion layers consisting of a microporous layer and a macroporous substrate, 

completing the seven layered MEA. The total active surface area of the MEA is around 45 cm2 

and is encapsulated between the bipolar plates and sealed under compression to prevent any 

leakage of reactants during operation, thus completing the PEMFC assembly. The entire 

experimental data is generated using the Automated Greenlight G20 fuel cell test station. The 

initial performance (baseline) of the prepared fuel cell is evaluated by capturing the data from the 

polarization curve of the fuel cell at various operating conditions, such as at various stoichiometric 

ratios obtained by changing the flow rate of both hydrogen (0.1 to 4.5 slpm) and air (0.65 to 9 

slpm), operating under various anode (0.5 to 270 kPa) and cathode (0.5 to 230 kPa) pressures, at 

different fuel cell and reactant temperatures (55 to 90 °C), under various reactants relative humidity 

conditions (20 to 100 % Rh). These PEMFC working conditions during the baseline evaluation 

are chosen to capture the data from the entire fuel cell operational spectrum where the sensitivities 

associated with each input parameter to the fuel cell output can be modeled [91], [92], [93]. After 

establishing the initial baseline, PEMFC is subjected to 30,000 accelerated stress test (AST) cycles 

to induce degradation of catalyst layers by cycling the voltage through the fuel cell as per the U.S 

Department of Energy guidelines[94]. The data from polarization curves and cyclic voltammetry 

are collected every 6000 cycles to analyze the system performance degradation and electrode 

catalyst surface area (ECSA). The crossplot of all the PEMFC's operating conditions (system 

inputs) and polarization curve data (outputs) during the baseline evaluation and after degradation 

evaluation collected during the experiment are shown in Figure 5.1. The data acquired during this 

experimental procedure consists of an acceptable signal noise level and is not subjected to any 

filtering or smoothening techniques to evaluate the algorithms' robustness. Figure 5.1 emphasizes 

the correlations between the various PEMFC experimental attributes using pair plots, which is a 

combination of multiple scatter plots (here, the nonlinearity of the data can be visualized and 

analyzed) and kernel density estimate (KDE) plot (diagonal plots illustrate the smoothed 

underlying data distribution). Scatter plots in Figure 5.1 help identify if two corresponding 

variables have linear or nonlinear correlations (e.g., exponential, logarithmic, etc.) or if it is random 

(no correlation). Gap data analysis (gaps in operating ranges) from KDE plots of various 

parameters illustrated in Figure 5.1 indicate that only reactant humidity and endplate temperature 
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attributes have a clustered distribution, whereas the rest are dispersed across the operational 

regime. Further, Figure 5.1 illustrates the variability of PEMFC outputs at different operating 

conditions and their respective nonlinearity and distribution with the operating current.  

 

(a) 
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(b) 
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(d) 

Figure 5.1 Cross plot of PEMFC operational parameters [experimental data] (a) Fuel cell inputs -1; (b) Fuel cell inputs – 2; (c) 

Fuel cell inputs – 3; (d) Fuel cell outputs  

 

5.3 Data-based Modeling 

After considering nonlinearity in the data set and the initial literature survey, the modelling 

aspect is formulated as a multi-input multi-output regression problem and feed-forward artificial 

neural network (ANN) architecture is chosen. The degradation aspect of the PEMFC is introduced 

into the model by either considering the number of AST cycles endured or the instantaneous ECSA 
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calculated by the cyclic voltammetry data as the input factor. Using the parameter of endured AST 

cycles/ECSA as an input indirectly introduces the concept of fuel cell run time into the model; 

here, a correlation between real-world fuel cell operational time and degradation associated with 

the number of AST cycles/ECSA is necessary, which varies on the type of application and system 

calibration that can be determined experimentally. This approach eliminates the need for complex 

time series-based recurrent neural networks or long short-term networks, reducing computational 

complexity and processing time to predict the degradation level and associated corrections.  

5.3.1 Feed-forward ANN 

Feed-forward ANN architecture is one of the most widely used data-based modeling 

techniques for supervised learning, which is inspired by the human biological neural network 

consisting of layers of interconnected neurons [95], [96], [97]. A neuron in an ANN is the 

fundamental processing unit, where it receives the information from other neurons, complies with 

an output depending on embedded mathematical functions (also referred to as activation 

functions), and transmits output to the next neuron. In a feed-forward ANN, the flow of 

information transmission is only in one direction, i.e., from the input layers (input attributes are 

introduced here) to subsequent hidden layers (which host interconnected neurons from multiple 

layers). Each node in the output layer is connected to the nodes in the preceding hidden layer, 

which provides a final output. A schematic of the neural network is shown in Figure 5.2. The error 

backpropagation process calibrates the weights and biases associated with each neuron based on 

the difference between the desired and targeted output. This error is then continuously propagated 

backward through each layer of the neurons to adjust their corresponding weights and biases until 

reaching the desired output that meets the specified accuracy.  

  

Figure 5.2 Schematic of the neural network and backpropagation [45] 



69 

 

The activation function embedded in the neurons introduces the nonlinear behavior to the 

model; the accuracy, training, and computational time requirements determine the number of 

hidden layers and associated neurons in each layer. Considering the nonlinearity of the data, 

training parameters such as learning rate, optimizers, and neuron interconnection probabilities 

should be calibrated. All these factors, from the structure of the neural network to the training 

attributes, are considered hyperparameters tuned to achieve the required level of accuracy. 

Detailed information on ANN architecture, activation functions, mathematical formulation, and 

calibration is discussed in Chapter 2 and Chapter 4. [45]. 

5.3.2 Data preprocessing 

Data preprocessing is necessary to transform the data in an organized way at specific scales 

without altering the fundamental nature of the data. aspects. This preprocessing can help improve 

the neural network’s performance by making Normalization one of the most common 

preprocessing steps implemented on the input data before it is fed into a neural network, as all the 

inputs and outputs correlate differently in nonlinearity and sensitivity learning the weights of the 

synapses (connections) between neurons easier. The Min-Max Normalization method is one of the 

most common ways to implement normalization on the data [98], [99], [100], [101], where the 

data scales to a fixed range, usually between 0 and 1. It is calculated by subtracting the minimum 

value from each data point and dividing the result by the range (maximum value minus minimum 

value) as shown below: 

𝑋𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑  =
(X– 𝑋𝑀𝑖𝑛𝑖𝑚𝑢𝑚)

(𝑋𝑀𝑎𝑥𝑖𝑚𝑢𝑚 – 𝑋𝑀𝑖𝑛𝑖𝑚𝑢𝑚)
 

In some cases, the decimal scaling method [98], [99], [100], [101] can be implemented where 

the data scales by multiplying each value by a power of 10 and rounding to the nearest integer. 

This method can be helpful for data with a wide range of values but a relatively small variance. In 

this case, the Min-Max normalization method is implemented as all the PEMFC operational input 

parameters and output attributes are non-negative physical entities with a smaller range.    
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5.3.3 PEMFC model feature vectors and prediction attributes 

In a neural network, the input dataset is typically organized into multiple individual input 

arrays, also referred to as feature vector arrays. These arrays of inputs represent the input variable 

characteristics at a particular sample or instance. For PEMFCs, feature vectors (input) are initially 

selected by considering the governing physics and chemical kinetics involved and further screened 

based on the ability to measure or estimate accurately and reliably. After deliberations, the 

following parameters are chosen as the feature vectors (inputs) for the PEMFC ANN model: the 

number of AST cycles endured or current electrode catalyst surface area, operating current density,  

anode fuel flow rate, cathode oxidant flow rate, anode reactant humidity, cathode oxidant 

humidity, anode operating pressure, cathode operating pressure, the temperature at anode bipolar 

plate, the temperature at cathode bipolar plate, the anode inlet temperature, and cathode inlet 

temperature. The target variables in an ANN, also called prediction variables, are the final outputs 

of the neural network, which can either be a classification decision or a regression value. For the 

PEMFC model, the prediction variables are chosen to capture the residual from electrical, thermal, 

and pressure signatures. The cell output voltage, outlet pressure, and temperature for both anode 

and cathode streams are chosen as prediction variables that can help diagnose abnormal behavior 

or estimate degradation performance. The feature vectors (inputs) and prediction variables 

(outputs) for the present PEMFC model are listed in Table 5-1, and the schematic of the neural 

network is shown in Figure 5.3. 

5.3.4 ANN Design and Hyperparameters 

The feed-forward ANN has multiple structural attributes and hyperparameters that must be 

optimized and calibrated to accurately model the PEMFC’s response in linear and nonlinear 

regions. The following hyperparameters and factors are considered during the initial ANN design 

and training phases. 

5.3.4.1 Activation Function  

Considering that the PEMFC polarization curve has both linear and nonlinear regions, the 

chosen activation function in the ANN should be able to comprehend both linear and nonlinear 

responses depending on the feature vectors. The activation function introduces nonlinearity into 

the network and allows it to learn more complex relationships in the data. Several different 

activation functions can be used in an ANN, each with unique properties and challenges such as 
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Sigmoid, Tanh, and Swish [102], [103], [104], [105]. However, most activation functions 

incorporate exponential operations, resulting in higher computational power and processing time.   

Considering the computational efficiency, a non-exponential activation function Rectified linear 

unit (ReLU) [102], [103], [104], [105] is chosen for the present PEMFC modeling after multiple 

iterations, as it is computationally simple and yields better results in both linear and nonlinear 

regions by addressing the vanishing gradient problem. Graphical representation and behavior of 

the ReLU function and its derivative are shown in Figure 5.4. 

Table 5-1 Feature vectors and prediction attributes for the present fuel cell ANN model 

Feature Vectors (Inputs) 
Prediction attributes 

(Outputs) 

ECSA / AST Cycles 

Cell Output Voltage 

 

Anode Pressure Out 

 

Cathode Pressure Out 

 

Temp Anode Out 

 

Temp Cathode Out 

Current Density 

Anode Fuel Flow  

Cathode Oxidant Flow 

Anode Humidity 

Cathode Humidity 

Anode Operating Pressure 

Cathode Operating Pressure 

Temperature at Anode Bipolar Plate 

Temperature at Cathode Bipolar Plate 

Temperature Anode In 

Temperature Cathode In 
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Figure 5.3 Schematic of the proposed fuel cell neural network-fuel cell degradation 

 

 

Figure 5.4 Graphical representation of Rectified linear unit function (red-colored curve) and derivative (blue-colored curve) 

[45] 

 

5.3.4.2 Hidden layers and nodes  

In the ANN, a hidden layer is defined as a layer of neurons that are not directly connected to 

the feature vectors or prediction variables of the network, whereas nodes are defined as the number 

of neurons in each hidden layer. ANN with less than two hidden layers is considered a shallow 

neural network, and a deep neural network has more than two hidden layers. The number of hidden 

layers and nodes significantly impacts the model's ability to learn and generalize to new data and 

requires experimentation to find the best configuration based on the required accuracy, available 

computational power, model robustness, model training time, and data set characteristics. 

Excessive hidden layers and neurons can lead to overfitting of the model, which regularization 
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techniques, such as dropout and weight decay can prevent. In this case, multiple iterations of 

hidden layers, neurons per hidden layer, are simulated with a common activation function to 

evaluate the accuracy, training time, and processing time. A few results of these iterations are 

discussed in the follow-up sections and illustrated in Figure 5.5.   

5.3.4.3 Optimizer, learning rate and epochs 

An optimizer is a mathematical algorithm that calibrates the weights and biases of the 

connections between neurons in an artificial neural network (ANN) to minimize the error between 

the predicted and true values. The learning rate is the main hyperparameter of the optimizer 

algorithm that needs to be calibrated, and this learning rate determines the step size at which the 

optimizer modifies the weights. Too big of a learning rate may lead to skipping the global minima, 

resulting in oscillation or divergence, and too small of a learning rate may lead to longer training 

times and processing power. Epoch represents a single iteration of the training dataset, during 

which the weights and biases of the connections between neurons are updated based on the error. 

The combination of learning rate and epochs should be balanced, as any deficiency might result in 

either underfitting or overfitting the model. 

Several different optimizers, such as Stochastic gradient descent (SGD), Adaptive Moment 

Estimation (Adam), and Resilient Propagation (RProp), are available in Python's Keras library for 

regression problems [106], [107], [108]. The performance of both SGD and Adam optimizers are 

evaluated in this study: SGD updates the weights based on the gradient of the loss function with 

respect to associated weights. SGD has the advantage of being easy to implement and fast to 

compute, but it is sensitive to the learning rate and may not always converge to a global minimum. 

On the other hand, the Adam optimizer combines the concept of SGD and momentum, where an 

exponentially decaying average of past gradients is used to scale the learning rate, which can help 

the model converge more robustly at a faster pace. For the Adam optimizer, both the learning rate 

and decay rate act as hyperparameters, providing further flexibility in calibration. The results of 

these iterations are discussed in the follow-up sections and illustrated in Figure 5.5.      

 

5.3.4.4 Batch learning vs Single-shot approach  

Batch and single-shot learning are two approaches to exposing the data set to the ANN during 

training [109], [110], [111]. The difference between both approaches is that in batch learning, the 
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model is trained using a fixed dataset, and the weights or biases of the connections between 

neurons are modified after processing the entire dataset. In single-shot learning, the model is 

trained using a single instance of the data and the weights and biases are updated immediately after 

each instance. Batch learning is used when the dataset is large enough to be processed in a 

reasonable amount of time and can be more computationally efficient, leading to a better 

generalization performance, as it considers the entire dataset when updating the weights. Whereas 

single-shot learning is applied on small datasets, allowing the model to learn and adapt more 

quickly to new data, it can be less accurate and more prone to overfitting, as it only considers the 

specific single instance to update the weights and bias values. Considering that the current data set 

has more than 40,000 test cases, a multi-input multi-output (MIMO) regression batch learning 

approach is implemented, where the impact of different batch sizes is investigated to compare the 

processing times and accuracy of the model. A batch learning approach with a batch size of 500 

to 5000 points resulted in a training time of under 10 minutes.  

The prediction results of a few ANN model iterations and associated hyperparameters are 

shown in Figure 5.5 and tabulated in Table 5-2. The iteration process is initiated with Iteration A 

(shallow neural network consisting of only two hidden layers and 50 neurons) with 0.25 dropout 

probability, and associated hyperparameters such as learning rate are tuned in an iterative process 

to achieve minimum acceptable prediction error. The initial results from the iteration for pressure 

attributes are excellent; however, voltage and temperature prediction accuracy could be better 

considering the normalized data. Based on this observation, a second Iteration B is investigated 

(deep neural network consisting of only three hidden layers and 150 neurons) with 0.5 dropout 

probability and similarly tuned with various hyperparameters. The performance of the neural 

network at extreme conditions is not adequate and, in some cases, worse than Iteration A.  Iteration 

C is built upon Iteration B by replacing the SGD optimizer with Adam and increasing the neurons 

per layer, which yielded a much better performance when compared to Iteration A and B. Iteration 

C despite demonstrating an excellent prediction accuracy is still a deep neural network with three 

hidden layers which takes a considerable amount of training and processing time, to resolve this 

Iteration D with similar Adam optimizer and increased dropout probability is configured on a 

shallow neural network consisting of only two hidden layers and associated hyperparameters are 

tuned. Iteration D performed relatively similarly to Iteration C, with minimal training and 

processing time for the neural network. 



75 

 

 

A. ReLU-2H-50N-0.25DP-0.025lr_0.9M_1000epch_SGD 

 

B. ReLU_3H_150N_50P_0.025lr_0.9M_1000Epch_1000Batch_Size_SGD 
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C. ReLU_3H_500N_0.5P_0.0025lr_0.9Beta1_1000epch_1000batch_Adam 

 

D. ReLU_2H_150N_0.75P_0.005lr_0.9Beta1_1000epch_500batch_Adam 

Figure 5.5 Results of the neural network hyperparameter iteration: A; B; C; D 
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Table 5-2 Neural network hyperparameter iteration details 

Iteration 
Hidden 

layers 

Neurons 

per layer 

Dropout 

Probability 
Optimizer 

Learning 

Rate 
Batch Size 

A 2 50 0.25 SGD 0.025 32 

B 3 150 0.5 SGD 0.0025 1000 

C 3 500 0.5 Adam 0.0025 1000 

D 2 150 0.75 Adam 0.005 500 

 

After considering the iteration results and computational efficiency, iteration D had the best 

overall accuracy, with an R2 value greater than 0.995, and was selected as the final architecture 

and hyperparameters of the ANN, as tabulated in Table 5-3. 

Table 5-3 Finalized neural network hyperparameters. 

Hyperparameters  Values 

Inputs feature vectors 12 

Output parameters 5 

Hidden layers 2 

Nodes / Neurons 150 

Activation function 
ReLU-1st ,2nd layer; 

Linear – final layer 

Loss function ‘MSE’ 

Optimizer Adam 

Learning Rate (Lr) 0.005 

Beta_1 (decay factor) 0.9 

Iterations / Epochs 1000 

Dropout probability 0.75 

Batch Size 500 

Training Time 5 Mins 
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5.4 Results and Discussion  

This section evaluates the PEMFC model performance after training by comparing the final 

prediction attributes to their actual experimental values (true values). However, it must be noted 

that the recorded experimental values can induce measurement noise due to instrumentation 

procedures and interference from another physiological process. The performance of the PEMFC 

model to predict output voltage, temperature, and pressure after various AST degradation cycles 

is discussed in sections 5.4.1, 5.4.2, and 5.4.3, respectively. Sample points and associated 

degradation conditions (AST cycles) and cell current are tabulated in Table 5-4 and represented in 

Figure 5.6. During the polarization curve evaluation, the varying feature vector (input) data to the 

PEMFC model are the operating cell current and the AST cycles, the relative humidity of reactants 

(which is maintained at 100%), the cell temperature (stabilized at 75°C), reactant inlet pressures ( 

maintained at 35kPag), and the flow rate of hydrogen (set at 4.5 SLPM ) and the air (set at 9 

SLPM). Section 5.4.4 discusses the PEMFC model's effectiveness over transient operating 

conditions at widely varied temperatures, pressures, flow rates, humidities, and current densities.  

Table 5-4 Sample points and fuel cell degradation levels 

Sample Points Cell degradation level (Endured AST Cycles) 

1-132 6000 

133- 262 12000 

263-404 18000 

405-534 24000 

535-668 30000 
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 (a)   (b) 

Figure 5.6 (a) Cell current at various sample points; (b) AST cycles at various sample points 

5.4.1 Prediction of PEMFC Voltage Degradation 

For the first 6000 AST cycles, there was no observable (statistically significant) degradation 

in the cell performance; as a result, the 6000th cycle is considered the new baseline. The 

polarization curve is evaluated every 6000 cycles under the same conditions, and the model shows 

an excellent correlation between the actual (true/experimental) and model-predicted value. The 

sample data points of polarization curves with their actual and predicted voltage values at various 

current densities are shown in Figure 5.7. As observed, the initial OCV at various levels of 

degradation is relatively unchanged. However, the cell voltage at mid to higher current densities 

shows considerable degradation in performance, and the model accurately captures the voltage 

degradation trend.  

 
(a)                                                                            (b) 
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Figure 5.7 ANN predicted voltage degradation. (a) Voltage vs sample points; (b) Voltage vs cell current 

5.4.2 Prediction of PEMFC Temperature Dynamics 

Similarly, the temperature of the outlet gases at both the anode and cathode is measured during 

the polarization curve evaluation every 6000 cycles. The AST cycles had a minimal effect on the 

temperature dynamics, as expected, due to the electrochemical aging process, which does not 

impact the structural properties of the membrane. Figure 5.8 and Figure 5.9 show that anode and 

cathode outlet temperatures exhibit different trend patterns and variations. Both exhibit 

temperature rises with increasing current density, but there is an observable dip on the anode side, 

suspected to be due to the back diffusion of water from the cathode to the anode at higher operating 

currents, reducing the anode outlet temperature. The relative variability in temperature dip between 

6000 cycles and rest can be attributed to the change in the water retention capacity of the membrane 

due to aging, impacting the water back diffusion process, thereby affecting the anode out reactant 

temperature at high current densities [112]. The temperature change is around 2°C to 4°C at normal 

operating conditions for a single cell; when multiple cells and stacks are considered, this 

temperature change will be more significant, especially if a hotspot is encountered due to PEMFC 

pinhole formation or due to any change in membrane ohmic resistance. Considering that the 

current model can predict similar minute temperature patterns at various operating conditions, this 

approach can be scaled up for diagnostic purposes to predict hot spot formation and membrane 

dehydration by recognizing the errors and patterns that deviate from normal behavior. It might be 

mentioned that the temperature anomalies observed in Figure 5.9 (b) around the sample point of 

400 at the temperature of around 75.5°C are due to the transition in the operating current, that is, 

the operating current has been reduced after the peak current condition, as this is also observable 

in both Figure 5.6 and Figure 5.7. 
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Figure 5.8  Fuel cell reactant inlet temperature profile 

 

                  (a)  (b) 

Figure 5.9 ANN predicted fuel cell temperature dynamics [ Red-Experimental Value; Blue–Predicted Value] (a) Anode reactant 

outlet temperature; (b) Cathode reactant outlet temperature 

5.4.3 Prediction of PEMFC Pressure Dynamics 

Similar to temperature dynamics, the PEMFC model can accurately predict pressure drop 

across the fuel cell, which changes with resistance to mass transport of reactants and products (all 

pressures are designated relative to gauge pressure). However, during a constant reactant flowrate, 

the fluctuations in reactant outlet pressures are minimal (only a few Pascals) unless there is a 

significant blockage due to water; Figure 5.10 and Figure 5.11 illustrate only a specific operating 

cycle with varying current and constant reactant flow rate (at various AST cycles), and the 

algorithm prediction performance echoes the AST cycling, as seen in early figures. This is because 

the current data-based model is predominantly tuned to predict pressure fluctuations at transient 
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conditions, for which it performs robustly with great accuracy, as shown in the following 

subsection (section 5.4.4). As such, the current model could be further tuned or optimized for this 

duty cycle of constant reactant flow rates, and the transient performance results at different 

operating pressure ranges are shown in section 5.4.4.  As expected, the pressure drop across the 

cathode is higher, resulting in lower cathode outlet pressures due to the high reactant flow rate. 

The AST cycles had minimal effect on the pressure dynamics as the degradation mechanism does 

not impact the gas diffusion layers, gaskets, and bipolar plate structure, which can be observed in 

the figures. A minute outlet pressure drop at high current conditions can be noted on the cathode 

side, indicating minimal flooding. However, similar to the change in temperature, pressure drops 

across multiple cells and stacks will be a magnitude higher and increase during flooding at higher 

current densities. Considering the current PEMFC model's performance level to track pressure 

drop across a single cell, it can be scaled up to detect flooding in PMEFC during abnormal 

operations.  

 

Figure 5.10 Fuel cell reactant inlet pressure profile 
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         (a)                                                                          (b) 

Figure 5.11 ANN predicted fuel cell pressure dynamics [ Red-Experimental Value; Blue–Predicted Value] (a) Anode reactant 

outlet pressure; (b) Cathode reactant outlet pressure  

5.4.4 Prediction of PEMFC transient dynamics and model robustness   

Although fuel cells are designed primarily to operate under steady-state conditions, the 

transient operating points are critical, and the PEMFC model must show good correlations during 

these transient conditions. The data acquisition system can also be subjected to measurement noise 

during these transition processes due to the inherent limitations of sensors and data sampling 

intervals. The experimental data has inherent measurement noise due to the limitation of current, 

voltage sensors’ precision (electrical interference), and the influence of water condensation on 

thermocouples and pressure transducers. The data-based PEMFC model can not only predict the 

system outputs accurately at different operating zones (high and low pressure, temperatures, and 

currents) but also has excellent robustness when dealing with sensor noise and unstable conditions, 

as shown in Figure 5.12 and Figure 5.13, advocating its suitability and adoption for on-board 

diagnostics applications.  The algorithm also accurately predicts the pressure fluctuation in 

transient operation relatively better than the steady state, as illustrated in Figure 5.13, across 

various pressure ranges.  The overall performance of the data-based PEMFC model’s prediction 

capability is evaluated across a wide range of operating conditions, including steady state, 

transient, low and high current densities, low and high reactant flow rates, pressures, and 

temperatures, and the associated error statistics across 41,255 data points are represented using 

histograms as shown in Figure 5.14. Most of the prediction attributes are within 5 % error, 
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emphasizing the algorithm's accuracy and robustness, especially considering that measurement 

data is not filtered. 

 
 

Figure 5.12 ANN voltage prediction during transient conditions with measurement noise 

 

 
 

Figure 5.13 ANN pressure dynamics prediction during transient conditions with measurement noise 
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 (a)                                                                      (b) 

   

(c)                                                                    (d) 

 

 (e) 

Figure 5.14 ANN prediction error histogram (a) Cell voltage; (b) Anode outlet pressure; (c) Cathode outlet pressure; (d) Anode 

outlet temperature; (e) Cathode outlet temperature 
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5.5 Summary 

In this study, a multi-input and multi-output data-based model for proton exchange membrane 

fuel cell (PEMFC) trained on experimental data using feed-forward neural network architecture is 

successfully developed to predict the voltage degradation, temperature, and pressure dynamics of 

fuel cell over various operating conditions. Twelve fuel cell operating parameters are considered 

as feature vectors (inputs) to simultaneously predict five prediction attributes (fuel cell outputs) 

that can be used to diagnose fuel cell operation and degradation. An experimental dataset 

consisting of over 40,000 test cases, including data from various degradation levels, is used for 

training and validation of the neural network and is purposefully not subjected to any data filtering 

or smoothening. The voltage degradation behavior is formulated as a regression problem, using 

the endured accelerated stress test (AST) cycles to input the neural network's degradation factor. 

Multiple iterations of model hyperparameters, optimizers, and batch learning are implemented to 

improve the accuracy and robustness of the neural network. The model demonstrates excellent 

accuracy with R2 ≥ 0.995 for all the predicted variables upon normalized and pristine data during 

the validation phase and on new data across multiple operating conditions, enabling the model to 

track voltage, temperature, and pressure patterns, a majority within 5% error.  The PEMFC neural 

network can track the voltage, temperature, and pressure fluctuation in the presence of degradation, 

measurement noise, and transition conditions, exhibiting excellent robustness and demonstrating 

the feasibility of such models for onboard diagnostic purposes. 
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Chapter 6 Hybrid Databased Modeling to Predict 

Thermal Behavior of LIB 

This chapter aims to demonstrate the capability of hybrid-based models to predict the heat 

generation rate of electrochemical systems, control the thermal management system and detect 

sensor faults in a battery management system  

*This chapter is adapted from Legala, Adithya, et al. “Hybrid data-based modeling for the 

prediction and diagnostics of Li-ion battery thermal behaviors.” Energy and AI, vol. 10, Aug. 

2022, p. 100194, doi:10.1016/j.egyai.2022.100194. 

The world has seen a significant emphasis on transitioning to green energy sources to 

combat global warming, and Lithium-Ion Battery (LIB) technology is at the forefront of this 

process. Lithium-ion battery (LIB) has been deployed for the electrification of the transport sector 

as a key strategy for climate change mitigation and adaptation. However, it has significant 

technical challenges, such as thermal runaway, requiring a good understanding and accurate 

prediction of the LIB thermal behavior (heat generation rate). In this study, a novel hybrid 

approach using an Artificial Neural Network (ANN) is developed for predicting the heat 

generation rate with discharge current, output voltage, ambient temperature, cell surface 

temperature, and Depth of Discharge (DOD) as the feature vectors (inputs); where the DOD is 

estimated with an Extended Kalman Filter (EKF), and direct Coulomb Counting (CC) method. A 

shallow neural network utilizing the Marquette-Levenberg algorithm is designed and calibrated 

using over 8000 cases of testing data. It is shown that the predicted heat generation rate of LIB 

agrees well with the experimental results with an accuracy of R > 0.995. Further potential of this 

hybrid data-based model is evaluated by simulating a thermal management system control and by 

introducing voltage and current sensor faults for diagnostic purposes. It is shown that, when 

compared to the experimental value, the relative error of the total heat output generated is less than 

2% when there is no sensor fault, and greater than 50% and 25%, respectively, with an induced 

failure of the current and voltage sensor, demonstrating the ability to build accurate models relying 

solely on LIB discharge data for sensor diagnostics. This study highlights the combination of using 

battery thermal behavior with machine learning for real-time battery system monitoring, controls, 

and field diagnostics. 
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6.1 Introduction 

Current uncertainty in oil prices, rising greenhouse gases, and vehicle emission regulations 

are significantly changing the automobile industry's market outlook. [1], [3], [69], [115].  The 

proposed changes intend to replace internal combustion engine vehicles with electrified vehicles, 

predominantly with battery electric vehicles (BEV) [3], [5], [7], [8]. The battery is the most 

prevalent electrochemical energy storage device that converts chemical energy to electrical energy 

and vice versa during discharge and charge operations, involving the insertion (lithiation) and 

extraction (delithiation) of lithium ions [8]–[10]. Lithium-ion-based chemistries are the most 

commercialized battery technologies in the automotive and portable electronics industries 

primarily due to their high-power density, energy density, stability, and minimal memory effect 

[11]. However, Lithium-ion battery (LIB) operation generates heat due to various overpotentials 

and electrochemical reactions associated with charging and discharging [116]. This heat 

generation of the LIB mimics a nonlinear function and also raises the temperature of the battery, 

which in turn increases exothermic chemical reaction, resulting in a further increase in 

temperature, leading to the phenomena referred to as thermal runaway [117], [118], [119], [120]. 

The battery heat generation rate knowledgis essential to designing an efficient thermal 

management system to improve the battery performance and associated fail-safe safety systems 

[121], [122]. LIB heat generation rate during discharge depends primarily on discharge current, 

voltage, ambient temperature, cell surface temperature, and the State of Charge (SOC)/Depth of 

Discharge (DOD) of LIB (which represents the currently available battery capacity) [59], [116]. 

Therefore, prediction, diagnostics, and prognostics of LIB thermal behavior are significant for safe 

and efficient operation in practice. 

Traditional battery thermal behavior models are dominated by physics-based models such 

as Computational Fluid Dynamics (CFD), lumped thermal models and heat transfer models which 

rely on material conduction properties, cooling system attributes and heat transfer mechanics to 

estimate the total heat output of the battery [123], [124], [125], [126].  These physics-based 

modeling techniques, though accurate, cannot be used in a real-time system for field monitoring 

or control due to the complex computation involved, thereby limiting their use only to the 

developmental phase. Data-based models (AI-based) are in contrast with the physics-based models 

where the entire input-output relations of the model are determined experimentally without prior 

knowledge of material conduction properties, and internal attributes and can also be implemented 
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in real-time on the field due to their fast computation [41], [42], [127].  Considering the advantages 

this study focuses on the hybrid approach of using data-based models supplemented with physics-

based/empirical-equivalent model techniques to predict the heat generation aspect of the LIB. The 

LIB system is an electrochemical system that consists of complex chemical kinetics and ion 

transport phenomena; however, since it is a closed system, there are no external reactant input or 

product exhaust parameters, relatively reducing the number of available feature vectors for the 

development of the data-based models. There are only four major measurement parameters in a 

LIB system: operating current, temperature, voltage, and total resistance/impedance, which are 

typically used in numerous machine learning models in this area to predict the State of Charge 

(SOC) or State of Health (SOH) [128], [129].  

This chapter discusses a novel approach to using an Artificial Neural Network (ANN) for 

predicting the heat generation rate coupled with an Extended Kalman Filter to estimate the 

corresponding SOC/DOD of the LIB, as shown in Figure 6.1. This type of modeling with ANN 

and EKF can be regarded as a hybrid model as it incorporates both the characteristics of data-based 

modeling and elements of equivalent circuit, physics-based modeling. From the literature, it is 

evident that SOC estimation through ANN and EKF is an established technique that can be further 

modified to predict the thermal behavior of the LIB.  

 

Figure 6.1 Schematic of the proposed artificial neural network architecture with EKF 
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6.2 2. Data Acquisition  

The data for the development and calibration of the ANN and EKF model in MATLAB is 

obtained experimentally by discharging a commercially available prismatic Li-ion battery 

(LiFePO4) from A123 at various operating conditions [36], [37].  The heat generation rate of the 

20 Ah LiFePO4 prismatic battery from A123 during discharge is measured with the help of a 

custom-built calorimeter using High-Density Polyethylene (HDPE) and a schematic of the 

experimental setup is shown in Figure 6.2 [36]. The charge and discharge cycles of the battery are 

controlled by Greenlight Innovations G12-200 multichannel battery test station also referred to as 

the Automated Battery Test Station (ABTS), with an accuracy of around 0.2 A and 0.05 V in 

source current and voltage control, respectively, and 0.03 A in current sink control, and 0.06 A in 

current measurement. The heat generation rate is calculated with the help of the convolution 

theorem, as described in the previous publication [36]. The battery discharge tests were conducted 

at various discharge rates (0.25C, 0.5C, 1C, 2C, and 3C) and various ambient operating 

temperatures (-10°C, 0°C, 20°C, 30°C, 40°C). Further description and explanation of the 

experimental setup are published in  [36]. The following test conditions are chosen to replicate the 

expected battery’s application environment and operating conditions.  

 

Figure 6.2 Schematic of the Lithium Ion Battery (LIB) experimental setup with the calorimeter  
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6.3 System Modeling 

The Artificial Neural Network (ANN) modeling of LIB thermal behavior requires either 

State of Charge (SOC) / Depth of Discharge (DOD) along with other parameters as the inputs to 

the ANN models. While other parameters such as battery voltage, current drawn from the battery, 

ambient temperature and battery surface temperature can be measured for the training and 

validation of the ANN models developed, in practice SOC/DOD cannot be measured directly, 

though can be estimated based on other directly measurable quantities. SOC/DOD can be 

estimated by the Coulomb Counting (CC) method however this CC method requires accurate 

knowledge of the initial SOC/DOD, solely relies on the current sensor and is highly subjected to 

sensor noises (error accumulates over time). Another approach to estimating SOC/DOD is by using 

the Extended Kalman Filter (EKF) technique which relies upon a voltage sensor and doesn’t 

require the knowledge of the initial SOC/DOD. This study presents a novel approach of using an 

Artificial Neural Network (ANN) for predicting the heat generation rate coupled with an Extended 

Kalman Filter (EKF) to estimate the corresponding State of Charge (SOC) / Depth of Discharge 

(DOD) of the LIB, parallelly an ANN coupled with a direct CC model is also developed in 

conjunction to aid in the controls and diagnostics process as shown in Figure 6.1. 

Two different EKF estimation models are designed based on the state equations derived 

from (i) the equivalent circuit model and (ii) the coulomb counting equation, respectively, to 

predict the SOC/DOD. The inputs to the system are discharge current, battery output voltage, 

ambient temperature, and cell surface temperatures. The predicted outputs are DOD, heat 

generated, and control system (cooling) output, represented by the radiator fan's status. A current 

and voltage sensor fault are virtually simulated by altering the respective data signal with an offset 

(bias) to evaluate the diagnostics aspect of the data-based model. SOC can be correlated to the 

depth of discharge (DOD) as it is an observation from an opposite perspective change in the current 

direction (charge vs discharge); the sum of SOC and DOD is always equal to 1 so that the DOD 

can be predicted by the SOC algorithms [131]. To simplify from here, DOD is the only entity 

stated in the formulation (modifying the existing SOC algorithms) to maintain commonality with 

the literature; physically, we are estimating DOD. The relation between the SOC and DOD is 

illustrated as follows: the summation of SOC and DOD is always 1, i.e., 𝑆𝑂C + DOD =1;  a DOD 

of 0.2 equals a SOC of 0.8. The representation of output current from the battery is represented as 

negative when referring to SOC and positive when referring to DOD. Under a constant discharge, 
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the SOC of the battery tends to zero, and the DOD of the battery approaches 1; for a fully charged 

battery, the initial SOC is 1, whereas the DOD is zero; SOC-DOD correlations are tabulated in 

Table 6-1.  

Table 6-1 Correlation of SOC and DOD 

Condition SOC DOD 

40% battery charge 0.4 0.6 

20% battery charge  0.2 0.8 

Battery fully charged 1.0 0 

Battery fully discharged 0 1.0 

 

This hybrid development for the prediction of heat generation can be mainly divided into 

two parts, the first one is the development and tuning of the EKF to predict the DOD, and the 

second one is to develop and calibrate the artificial neural network by using the output of EKF and 

other parameters to predict the heat generation rate. That is, (i) State estimation using EKF for the 

DOD, and (ii) Predicting the output using ANN with the output being the LIB heat generation.  

6.3.1 State Estimation using EKF 

Kalman Filter (KF) is one of the most prevalent and mature techniques to estimate the dynamic 

state of the linear system by correlating the system’s estimated output parameter with the sensor 

measurement value. The estimated state is more accurate than the sensor measurement value, 

which contains measurement uncertainties (or noise). The KF algorithm considers the input data 

and output data to estimate the system state (x̂k) such that it minimizes the mean squared error 

between the estimated system state and the true system state (xk). KF assumes that the process 

(state equation) noise and measurement (sensor) noise are independent and acts as the optimum 

state estimator for the system. In the case of a non-linear system, linearization of the system at 

every time step (discretized) is necessary for better approximation, this aspect of linearization 

followed by KF implementation is commonly referred to as Extended Kalman Filter (EKF). The 

discretization time is calibrated according to the system's requirements. The LIB system is 

considered as a non-linear system, and a non-linear system is modeled as follows  
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𝑥𝑘+1 = 𝑓(𝑥𝑘 , 𝑢𝑘) +  𝑤𝑘          (6.1) 

𝑦𝑘 = 𝑔(𝑥𝑘, 𝑢𝑘) +  𝑣𝑘              (6.2) 

where 𝑥𝑘 , 𝑢𝑘, and 𝑦𝑘 represent the state of the system, input to the system, and system output, 

respectively, at an instance 𝑘.  Equation (4.1) is referred to as the state equation, and Equation 

(4.2) is regarded as the measurement equation. 𝑤𝑘 and 𝑣𝑘 are the independent process noise and 

measurement noise whose covariance matrices are represented by Q and R. For the current LIB 

system, there is only one state that needs to be estimated, which is the DOD. Typically, DOD can 

be estimated by two methods: the first one is the coulomb counting (CC) method, which is a direct 

calculation of total charge relying solely on the current sensor reading: 

DODT = Initial_DOD + ∫  
𝑇

𝑡0

𝐼(𝜏)

𝐶
𝑑𝜏         (6.3) 

where t0 is the initial time, T is the total time, I(τ) is the  discharge current and C is the total capacity 

of the battery during operation. The second one is an estimation algorithm, in this case, the EKF 

algorithm serves this purpose where the state function which is in terms of DOD is expressed by 

either considering a physics-based coulomb counting (CC) derived state equation or an equivalent 

circuit model (ECM) based state equation coupled with a measurement equation derived from 

experimental data [132]. In this study, both approaches (state function) are modeled and explored. 

6.3.2 Physics-based state equation 

 The CC method can be modified accordingly to represent a state equation by monitoring 

the amount of current drawn from the battery, thereby calculating the total charge output and 

adding it to the previous DOD value [133] as follows: 

DOD𝑘+1 = DODk +  (
Δ𝑡

𝐶𝑛
) 𝑖𝑘 +  𝑤𝑘       (6.4) 

where DOD𝑘 is an inner state of the battery system, 𝑖𝑘is the measured input current, Δ𝑡  is the time 

interval, and 𝐶𝑛 presents the cell's nominal capacity 𝑤𝑘 is the process noise associated with the 

equation, and its associated covariance initially needs to be estimated and tuned. The nominal 

capacity is a function of the operating temperature and age of the LIB system, which are 

determined by the experimental results. 
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6.3.3 ECM-based state equation 

The equivalent circuit of the LIB is modeled as a voltage in series with a resistance and 

capacitor, as shown in Figure 6.3, relatively reducing the number of internal battery parameters, 

thereby reducing the associated computational complexity when compared to the first-order or 

second-order RC circuits  [134], [135], [136]. Capacitance and resistance values of the battery are 

obtained by experimentally evaluating the battery at specific temperatures and discharge rates. 

Where Voc is the open-circuit voltage, Rbatt is the internal resistance, and Qbatt is the total capacity 

of the battery, all of which are determined by experimental data, and output battery power (Pbatt) 

can be expressed as the difference between the reversible electrical power and power due to heat 

loss, mathematically expressed as follows [136]: 

Pbatt=VOCIbatt - Ibatt
2 Rbatt     (6.5) 

The battery DOD using the coulomb counting can be determined as follows 

𝑑DOD

𝑑𝑡
=

𝐼𝑏𝑎𝑡𝑡

𝑄batt
        (6.6) 

Considering the equations (5) and (6) the following DOD equation can be derived [136]: 

𝑑DOD

𝑑𝑡
 =

Voc − √Voc
2  − 4PbattRbatt

2RbattQbatt
+  𝑤𝑘     (6.7) 

where 𝑤𝑘 is the process noise associated with the equation and associated covariance initially 

needs to be estimated and tuned appropriately. Pbatt is also expressed as a function of DOD i.e., 

Pbatt=(𝑚 ∗ DOD + 𝐶), where 𝑚 and 𝐶 are determined from the experimental results (𝑚 = -5.096 

and 𝐶 = 66.488) during the implementation of the EKF algorithm.  

 

Figure 6.3 The equivalent circular model (ECM) consists of one resistance and one capacitance (RC) for a lithium-ion battery 

(LIB). 
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6.3.4 Measurement function 

The measurement function, which is the voltage output of the battery, is derived from the 

experimental data (discharge curve of LIB for a specific discharge rate and temperature), and an 

accurate equation is framed using MATLAB curve fitting toolbox (8th order polynomial) where 

the final voltage is expressed in terms of DOD as shown in Figure 6.4. This measurement equation 

can also be modeled by using the equivalent circuit equation; however, for the steady-state 

operation considered in this study, a direct measurement function is framed by using the 

experimental data as follows: 

𝑉𝑘 = 𝑃1𝑥𝑘
8 + 𝑃2𝑥𝑘

7 + 𝑃3𝑥𝑘
6 + 𝑃4𝑥𝑘

5 + 𝑃5𝑥𝑘
4 + 𝑃6𝑥𝑘

3 + 𝑃7𝑥𝑘
2 + 𝑃8𝑥𝑘

1 + 𝑃9 + 𝑣𝑘    (6.8) 

 

where 𝑥𝑘 represents the DOD at the time instant k, and the values of the measurement function 

coefficients are given below: 

 

𝑃1 = – 85.71; 𝑃2 = 232.6; 𝑃3 = – 203.6; 𝑃4 = 22.2; 𝑃5 = 65.77. 

𝑃6 = – 40.28; 𝑃7 = 9.509; 𝑃8 = –1.094; 𝑃9 = 3.311,  
 

and 𝑣𝑘 is the measurement (sensor) noise. 

 

 

Figure 6.4 Battery voltage during discharge expressed as a function of the depth of discharge (DOD) as the measurement 

function, based on the correlation of experimental results [34] in terms of an 8th order polynomial) 
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Here are the steps involved in the implementation of the EKF algorithm for the physics-based state 

equation in the determination of DOD [62]: 

Step 1: Predict a priori state DOD𝒌
−: 

DOD𝑘
− = DOD𝑘−1

+ + (
Δ𝑡

𝐶𝑛
) 𝑖𝑘−1      (6.9) 

The a priori estimate of the DOD at time k is predicted based on the previous DOD value DOD𝑘−1
+  

and the current  𝑖𝑘−1; Δt is the time step, and 𝐶𝑛 is the nominal capacity of the battery.  

Step 2: Predict a priori error covariance 𝑷𝒌
−at time 𝐤: 

𝑃𝑘
− = 𝑃𝑘−1

+ + Σ𝑤          (6.10) 

This step predicts the error covariance of the state estimate at time k, using the error covariance at 

time k-1 and the noise covariance Σ𝑤.       

Step 3: Compute the Kalman gain, 𝑲𝒈 : 

𝐾𝑔𝑘 = 𝑃𝑘
− ∗

𝐶𝑘

[𝐶𝑘∗𝑃𝑘
−∗𝐶𝑘+Σ𝑣]

(𝐶𝑘 =
𝑑[𝑉(DOD𝑘)]

𝑑[DOD𝑘]
|)

      (6.11) 

 

The Kalman gain is calculated to update the estimate of DOD optimally. It uses the predicted error 

covariance 𝑃𝑘
− and the measurement mode. 

𝐶𝑘 is the sensitivity of the measurement function V(DOD) to changes in DOD (a derivative of the 

voltage with respect to DOD).  Σ𝑣 is the covariance of the measurement noise. 
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Step 4: Update state estimation based on the observed voltage 𝑽𝒌
′  : 

DODk
+ = DODk

- + 𝐾𝑔𝑘 ∗ [𝑉𝑘
′ − 𝑉𝑘]

(𝑉𝑘 from equation (6.8))
   (6.12) 

The state estimate DODk
+ is updated by incorporating the difference between the measured voltage 

𝑉𝑘
′ and the predicted voltage 𝑉𝑘 from the measurement function. The observed voltage 𝑉𝑘

′ comes 

from the sensor measurement, while the predicted voltage 𝑉𝑘 is calculated using the measurement 

function. 

Step 5. Error covariance 𝑷𝒌
−update to 𝑷𝒌

+for the next time step: 

𝑃𝑘
+ = (1 − 𝐾𝑔𝑘 ∗ 𝐶𝑘)𝑃𝑘

−
                  (6.13) 

DODk+1 = DODk
+ + (

𝑖Δ𝑡

𝐶𝑛
) 𝑖𝑘 + 𝑤𝑘    (6.14) 

The DOD at the next time step k+1 is updated using the current DOD estimate and the current 

current 𝑖𝑘, 𝑤𝑘  represents the process noise 

DOD𝑘
−

, 𝑃𝑘
−

: Predicted DOD and error covariance at time k. 

DODk
+, 𝑃𝑘

+
: Updated DOD and error covariance at time k. 

𝑉𝑘, 𝑉𝑘
′ : Predicted and measured voltages. 𝑣𝑘: Sensor noise. 

𝐶𝑘: Sensitivity of voltage to DOD. 

Σ𝑤, Σ𝑣 : Process and measurement noise covariances 

  

6.3.5 ANN Modeling 

ANN is one of the widely used machine learning techniques based on the biological neuron, 

where a combination of neurons embedded with various activation functions process the 

computational activity to correlate the input and output attributes of the network. ANN model is 

designed for its architecture with respect to the number and type of hidden layers and nodes 

(neurons), the specific activation functions, training goals and numerical algorithms; and it is 

implemented by using the MATLAB NN toolbox, considering the ease of integration within 
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SIMULINK environment where over 8000 data points are being fed from LIB discharge curves 

(0.25C, 0.5C, 1C, 2C, and 3C) at various ambient temperatures (-10°C, 0°C, 20°C, 30°C, 40°C). 

It should be mentioned that for the 8000 data points used, 70% are used for training, 15% for 

validation and 15% for testing. After multiple iterations and optimization of the network structure, 

computational time, processing time, and hyperparameters, the ANN model is finalized with 2 

hidden layers consisting of 10 neurons, each hidden layer; iteration results are plotted in Figure 

6.5(a) and tabulated in Table 6-2.  Levenberg-Marquet algorithm is applied for error propagation 

using the MATLAB neural network toolbox [59], [137], [138]. Levenberg-Marquardt Algorithm 

combines the gradient descent method (for global search) with the Gauss-Newton method (for 

faster convergence near the minimum). It uses a parameter, 𝜆  to adjust between gradient descent 

and Gauss-Newton. The neurons in the hidden layers use Tansig as the activation function, and 

the last output layer uses the linear activation function. Tansig in MATLAB is just an 

approximation of Tanh (hyperbolic tangent function), which is defined as follows. 

 Tansig(𝑥) =  2/(1 + exp(−2 ∗ 𝑥)) − 1  (4.16) 

A schematic of the LIB ANN algorithm is represented in Figure 6.5(b), and a graphical 

representation of the tansig activation function and its derivative is shown in Figure 6.5(c); 

associated final ANN hyperparameters are tabulated in Table 6-3.  The instantaneous current and 

voltage of the LIB system are measured by the Automated Battery Test Station (ABTS), DOD is 

estimated from the EKF model, ambient temperature and cell surface temperatures (Surface Temp 

Ta – anode, Surface Temp Tc – cathode) are measured by the thermocouples. Both the anode and 

cathode surface temperatures are considered for better accuracy, as the anode and cathode 

temperatures might differ under practical operating conditions. There was no necessity for any pre-

processing or post-processing of data as the data acquisition system had minimal interference, low 

noise, and no outliers.  Fundamentals of ANN architecture, activation functions, and workings of 

error back propagation algorithm are listed here [46] 

Table 6-2 ANN Hyperparameter Iteration Results 

Iterations Hidden Layers Neurons R-value 

(i) 1 5 0.99285 

(ii) 1 20 0.99882 

(iii) 2 5 0.99206 
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(iv) 2 10 0.99911 

(v) 2 20 0.99973 

(vi) 3 10 0.99966 

 

 

(a)  

 

(b)  
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(c)  

Figure 6.5 ANN design and calibration (a) Regression plots of all the hyperparameter iterations tabulated in Table 6-2; (b) The 

artificial neural network (ANN) layout  for the lithium-ion battery (LIB) thermal model;(c) Graphical representation of Tansig 

function(red) and its derivative(blue)  

Table 6-3 Design parameters of the artificial neural network (ANN) for lithium-ion battery (LIB) thermal model 

Inputs feature vectors 6 

Output parameters 1 

Hidden layers 2 

Nodes / Neurons 10 

Activation function Tansig, Linear 

Iterations / Epochs 1000 

Training Goal 10 – 3 

6.4 Results and Discussion 

The EKF algorithm is carried out by calibrating the covariance matrix of the measurement 

noise (R) and process noise (Q) and determining the discretization interval. The higher the noise 

value, the lesser the confidence of that aspect; hence, initial covariance values should be estimated 

and tuned depending on the system process noise and sensor measurement noise. The EKF tuning 

process follows the calibration guidelines in the literature [139]. The sensor covariance is initially 

estimated by considering the covariance of the voltage sensor data with the depth of discharge 

from the experimental data and calibrated further. The measurement noise (R) matrix represents 

the uncertainty in the sensor measurements and can be determined by computing the variance of 
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the measurement noise of the sensor and adjusting iteratively.  The covariance for the process noise 

is estimated relative to the sensor noise and tuned during the process by observing the filter's 

performance to see if it's too sluggish or aggressive. As listed in Table 6-4, the following iterations 

(calibrations) of these EKF parameters are considered. 

Table 6-4 The extended Kalman filter (EKF) iterations and tuning parameters 

Iterations 

Covariance of 

Measurement 

Noise (R) 

Covariance 

of Process 

Noise (Q) 

Condition 

EKF Case 1 3.5E-2 1.25E-4 R > Q 

EKF Case 2 2.4E-3 1.25E-2 Q > R 

EKF Case 3 3.5E-2 1.25E-4 
R > Q (faulty state initialization 

– unknown initial state) 

 

Associated results of the EKF compared to direct coulomb counting (CC) and automated 

battery test station (ABTS) algorithm are presented in Figures 6.6, 6.7, 6.8, and 6.9 for the DOD 

changes as a function of discharge time. ABTS Corrected Value refers to the true DOD value 

measured by the test station, CC refers to the DOD value estimated solely from the coulomb 

counting method, EKF-ECM refers to the DOD value estimated by the EKF model using the ECM-

based state function, and EKF-Phy refers to the DOD value estimated by the EKF model using the 

physics-based state coulomb counting derived state function. 

 

6.4.1 EKF Prediction Case 1: Measurement noise > Process noise 

In the first case, the covariance of the measurement (sensor) noise is considered to be larger 

than the covariance of the process noise (state function). Here, both the physics-based and ECM-

based state functions are considered to have the same covariance of the process noise for 

comparison purposes. The initial state (DOD) is estimated as zero, which in this case is true as the 

cell is being discharged from full capacity.  As shown in Figure 6.6, the DOD estimated by the 

EKF-Phy and EKF-ECM correlates well with the direct Coulomb Counting (CC) and ATBS 

measurement with a slight initial undershoot and overshoot. It should also be mentioned that more 
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confidence is placed in the state function for the present results. Both EKF algorithms, despite 

using different state equations, end up with almost the exact DOD estimation after the initial tuning 

when the input process noise is the same for both state equations. This indicates a good correlation 

between the ECM and the physics-based state equation’s internal parameters.  

 

 

Figure 6.6 Comparison of the DOD estimation by the extended Kalman Filter (EKF) and direct coulomb counting (CC) method 

with the experimentally measured data by the automated battery test station (ABTS) for the case of the measurement noise larger 

than the process noise; magnified view on the right 

 

 

6.4.2 EKF Prediction Case 2: Measurement noise < Process noise 

In the second case, the covariance of the measurement (sensor) noise is considered to be 

less than the covariance of the process noise (state function), here both the physics-based, and 

ECM-based state function are still considered to have the same covariance of the process noise for 

comparison purposes. The initial state (DOD) is estimated as zero, which in this case is also true. 
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Figure 6.7 Comparison of the DOD estimation by the extended Kalman Filter (EKF) and direct coulomb counting (CC) method 

with the experimentally measured data by the automated battery test station (ABTS) for the case of the measurement noise less 

than the process noise; magnified view on the right 

 

In Figure 6.7 the estimated DOD is still in good correlation with the coulomb counting 

method and ABTS measurement, with a slight undershoot, especially around the mid and lower 

end of the prediction. It is also to be mentioned that for the present results, more confidence is 

placed on the measurement function. From Figure 6.6 and Figure 6.7, the change in prediction can 

be observed by tuning the covariance value of the process noise and measurement noise.  

 

6.4.3 EKF Prediction Case 3: Faulty initialization of the state  

One of the biggest drawbacks of the direct coulomb counting method or other bookkeeping 

methods is that the initialization and sensor measurement errors will accumulate, resulting in 

increased state error over time. This can be resolved by using these EKF-based state estimation 

algorithms, as shown in Figure 6.8 significantly incorrect state initialization can still converge to 

true values over time. In this case, the initial state (DOD) of ECM-based EKF is initiated as 1 and 

physics-based EKF as 0.5, which is incorrect (faulty initialization) as the cell is discharged from 

full capacity. This illustrates the advantage of using the EKF estimation method rather than the 

direct coulomb counting method. 
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Figure 6.8 Comparison of the DOD estimation by the extended Kalman Filter (EKF) and direct coulomb counting (CC) method 

with the experimentally measured data by the automated battery test station (ABTS) when the initial values of DOD are estimated 

significantly incorrectly; magnified view on the right 

 

Figure 6.9 Comparison of the DOD estimation by the extended Kalman Filter (EKF) and direct coulomb counting (CC) method 

with the experimentally measured data by the automated battery test station (ABTS) when the initial values of DOD are estimated 

significantly incorrectly, but the parameters in the EKF are properly tuned  

 

Figure 6.8 indicates that the initial convergence takes over 1000 seconds with the 

improperly tuned initial values of DOD used, and this is too long for automotive or consumer 

electronics applications. However, this situation can be resolved by further tuning of the 

parameters (modifying the covariance matrices, discretization time) in the EKF method, as shown 

in Figure 6.9, where the convergence to the true state is within 60 seconds, even though the initial 

DOD values are significantly off. If the EKF is too slow (lags behind changes), increase the Q to 

trust the model less and to react faster or decrease the R to trust measurements more. If the filter 

is too noisy (overreacts to measurements), decrease Q to smoothen the state estimate or increase 
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R to filter measurement noise. Considering the calibration procedure, and test cases it is concluded 

that the EKF is tuned appropriately and is accurately estimating the final DOD of the LIB despite 

faulty initialization and using different state functions.   

 

6.4.4 Heat Generation Rate Prediction  

From the above results and discussion, it might be concluded that the EKF performance is 

sufficiently accurate in estimating the DOD values of the LIB during discharge process. But before 

introducing the EKF estimation of the DOD, the ANN model performance is evaluated after 

training by comparing with individual data points (test data) and by also comparing the final heat 

generation rate predicted by ANN with the experimental value (true value) as shown in Figure 

6.10. Here the input to the neural network is exclusively from the experimental data, i.e., 

instantaneous discharge current, voltage, DOD (estimated by ABTS), ambient temperature and 

cell surface temperatures (Surface Temp Ta – anode, Surface Temp Tc – cathode). The EKF state 

prediction (DOD) is not yet introduced to the ANN model to evaluate the independent accuracy of 

the standalone ANN model (assuming the estimated DOD is perfect).  

           

 (a)                               (b)   

Figure 6.10 A standalone ANN model performance for LIB thermal behavior (heat generation rate): (a)ANN accuracy for 

individual data points; and (b) ANN prediction vs true value  

 

It is seen from the results presented in Figure 6.10 that the standalone ANN model 

prediction shows excellent performance, when provided with accurate DOD data as input, agreeing 
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well with the measured heat generation rate. Thus it can be concluded that the ANN model is 

designed and calibrated with sufficient accuracy. Figure 6.11 shows the final heat generation rate 

prediction of the ANN with the DOD estimation by the EKF in comparison with the DOD 

estimated by the direct coulomb counting method as well as the true value (experimental results). 

Notice that the curve CC-ANN refers to the predicted heat generation rate with the DOD calculated 

directly from the coulomb counting method and ANN hybrid model, and EKF-ANN refers to the 

predicted heat generation rate with the DOD estimated from the EKF and ANN hybrid model.   

  

(a) (b)   

 

(c) 

Figure 6.11 CC-ANN and EKF-ANN model performance for LIB heat generation rate: (a) instantaneous heat generation rate, 

(b) total heat output generated, (c) relative error of the total heat output generated between the ANN models and the 

experimental results 
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As observed from the results shown in Figure 6.11, the predicted instantaneous heat 

generation rate predicted by the EKF-ANN agrees with the predictions by the coulomb counting 

(CC) - ANN, and experimental results (true value). However, minor discrepancies can be observed 

as the experimental value is calculated at 20-second intervals, whereas the model output is 

calculated at every second. These discrepancies are nullified if the total heat generation value is 

considered over the entire period of battery discharge time; as Figure 6.11 indicates, a relative 

error of less than 2% is observed for both the CC-ANN and EKF-ANN model predictions when 

compared with the experimental value. The relative error between the two models CC-ANN and 

EKF-ANN predicted heat output value is around 0.39%. This demonstrates that both the EKF-

ANN and CC-ANN model predictions are sufficiently accurate, and this hybrid approach of using 

state estimation with neural network yields accurate results when these two hybrid models are 

designed and calibrated appropriately with relevant data.  

 

6.4.5 Simulated Thermal Management System Control  

This level of accuracy from the hybrid data-based model can aid in replacing multiple 

temperature sensors, where such a model can periodically calculate the necessary data required for 

preliminary control. A hypothetical control situation is considered further to simulate a control 

system based on the hybrid data-based model predicting total heat generation over a period. 

Consider a thermal reservoir that can maintain a maximum of 1000 joules of heat emitted from the 

LIB and any further excess heat needs to be dissipated to the environment using a cooling system. 

A switching case (acting as a thermostat) governed by the output of the hybrid model, can be 

deployed to control and engage the actuator (radiator fan) facilitating heat dissipation. The total 

heat output of the LIB over time is obtained by integrating the heat generation rate, cooling system 

performance and fan status based on the EKF-ANN model are shown in Figure 6.12 for the above-

mentioned control problem.  



108 

 

 

Figure 6.12 Thermal management system performance based on LIB thermal EKF-ANN model 

  

From Figure 6.12 the total heat in the thermal reservoir with no cooling (no heat 

dissipation) can be noted to be above 3000 joules and with controlled cooling (heat dissipation by 

radiator fan) is below 1000 joules. The ON/OFF state of the radiator fan representing the actuation 

of the cooling system can be inferred from the fan status, where the duration of radiator fan 

engagement and frequency is governed by the total heat output value generated by integrating the 

output from the hybrid data-based model (EKF-ANN). Here the radiator fan is actuated/engaged 

(ON) when the reservoir is close to its limit of thermal energy storage, which is determined by the 

coolant temperature. This control method helps us to forgo the need to measure the temperature of 

the coolant, eliminating a temperature sensor requirement for control purposes.   

6.4.6 Sensor Diagnostics 

Such data-based models can also be used for real-time diagnostics as they are accurate and 

require relatively less computational power to analyze the deviation or anomaly in a specific 

situation. A simulated case of the current sensor fault is analyzed as follows: the simulation is 

carried out by modifying the current signal with an offset of 5A (creating a bias fault). The fault is 

affecting the coulomb counting methodology, thereby deviating the estimated DOD; however, the 

EKF prediction is not affected by the current sensor, resulting in no change of the estimated DOD 

value as shown in Figure 6.13.  
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 (a)                               (b)   

 

 (c)                               (d)   

Figure 6.13 The performance of the ANN model predictions with current sensor fault through comparison with the respective 

experimental results; (a) DOD; (b) Instantaneous heat generation rate; (c) Total Heat output generated, (d) Relative error of 

total heat output generated 

The heat generation rate predicted by both the CC-ANN and EKF-ANN models also 

deviates from the experimental value as the ANN is still affected by the current sensor reading. 

However, there is a significant change in the relative error and pattern of heat generation rate, and 

total heat output as shown in Figure 6.13, when compared to the experimental value both the CC-

ANN and EKF- ANN models have resulted in relative error greater than 50% a significant increase 

from 2% (when there is no fault). The relative error between the CC-ANN and EKF-ANN 

predictions has also increased from 0.39% (when there is no fault) to 3.77%. Considering the 

deviation, the relative error among the models estimating the DOD, heat generation rate, and total 
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heat output a fault can be identified by establishing a threshold limit for the relative error by 

calibrating across various operating conditions. Similarly, when simulated with a voltage sensor 

fault (offset of 0.05V), the DOD estimation by the coulomb counting method is not affected, 

however, the EKF which depends on the voltage sensor measurement function loses the track and 

converges at the end. However, the deviation between the estimated DOD value of the CC-ANN 

model and the EKF-ANN model still is significant enough and can aid in fault recognition as 

shown in Figure 6.14.  

 

 (a)                               (b)   

  

 (c)                               (d)   

 Figure 6.14 Deviation of the ANN model with voltage sensor fault; (a) EKF DOD prediction, (b) Instantaneous heat generation 

rate for the CC-ANN and EKF-ANN output, (c) Total heat output generated, (d) Relative error of total heat output generated 
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Similar to the current sensor fault, the predicted heat generation rate from both the CC-

ANN and EKF-ANN models also deviates from the experimental value, as the voltage sensor 

reading will still affect the ANN. There is also a significant change in the relative error and pattern 

of heat generation rate and total heat output value, as shown in Figure 6.14; when compared to the 

experimental value, both the EKF-ANN and CC- ANN models have resulted in a relative error of 

48.7% and 27.9%, respectively, a significant increase from 2% (when there is no fault). The 

relative error between the CC-ANN and EKF-ANN predictions has also increased from 0.39% 

(when there is no fault) to 16.3%. Considering the deviation and relative error among the models 

estimating the DOD, heat generation rate, and total heat output, a voltage fault can be identified 

by establishing a threshold limit for the relative error by calibrating across various operating 

conditions. The following results are tabulated in Table 6-5 demonstrate the potential of such data-

based models, which can be implemented in real-time for onboard diagnostics by accurately 

calibrating the relative error between various data-based models. These models can also be further 

bolstered by utilizing pattern recognition algorithms for various sensors and operational faults. 

Table 6-5 Relative error for the final heat output prediction value of all the models 

Relative Error between the model No-Fault Current Sensor Fault Voltage Sensor Fault 

CC-ANN /Experimental Value 1.88% 59.9% 48.7% 

EKF-ANN/Experimental Value 1.48% 53.9% 27.9% 

CC-ANN/EKF-ANN 0.39% 3.71% 16.3% 

 

6.5 Summary 

In this study, a hybrid data-based model employing artificial neural network (ANN) 

architecture is developed to predict the heat generation rate and thermal behavior of lithium-ion 

battery (LIB) with battery discharge current, output voltage, ambient temperature, cell surface 

temperature, and depth of discharge (DOD) as the feature vectors (inputs), and the DOD is 

estimated with an extended Kalman filter (EKF), based on the state equations derived from the 

coulomb counting (CC) and equivalent circuit model (ECM), respectively, referred to as CC-ANN 

and ECM-ANN models. The EKFs are tuned accurately for faster convergence of state estimation 

to the true value irrespective of the state initialization. A shallow neural network utilizing the 

Marquette-Levenberg algorithm is designed and calibrated using over 8000 cases of the testing 
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data. It is shown that the predicted heat generation rate of LIB by both the CC-ANN and ECM-

ANN models agrees well with the experimental results with an accuracy of R2 > 0.995. When 

compared to the experimental value, the relative error for the total heat output generated is less 

than 2% for the case of normal sensor operation. Further potential of this hybrid data-based model 

is evaluated by simulating a thermal management system control and by introducing voltage and 

current sensor faults for diagnostic purposes. A switching logic emulating a thermostat operated 

by the output of the developed hybrid data-based model is integrated for the control of the thermal 

management system, effectively demonstrating the possibility of replacing additional temperature 

sensors. A simulated case of current sensor fault and voltage sensor fault is implemented and 

analyzed for the aspect of diagnostics by using CC-ANN and EKF-ANN model output. The 

relative error of the final heat output value predicted by CC-ANN and EKF-ANN models in 

comparison to the experimental value is greater than 50% with a current sensor fault and greater 

than 25% with a voltage sensor fault. This study has demonstrated the potential of such data-based 

models to monitor, control and diagnose electrochemical systems such as batteries on a real-time 

basis for field applications. 
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Chapter 7 Predicting Spatial Temperature Gradients 

During Exothermic Reactions 

 

The chapter aims to demonstrate the capability of data-based models to predict spatial 

temperature gradients and temperature dynamics during exothermic reactions like thermal 

runaway and combustion. Considering the unavailability of good battery thermal runaway data, 

the model is developed using the data from the diesel particulate filter regeneration activity that 

mimics the exothermic reaction of a battery thermal runaway. In the filter case, soot load behaves 

as the system's internal state during an exothermic reaction, similar to the state of reactants inside 

a battery. Further parallels between cell temperature and filter bed and exhaust temperatures can 

be drawn for evaluation purposes. 

***This chapter is adapted from Legala, Adithya, et al. “Modeling of diesel particulate 

filter temperature dynamics during exotherm using neural networks.” Frontiers in Thermal 

Engineering, vol. 3, Oct. 2023, doi:10.3389/fther.2023.1265490. 

Diesel Particulate Filter (DPF) in the diesel engine exhaust stream needs frequent 

regeneration (exotherm) to remove captured particulate matter (PM, or soot) without damaging to 

the porous DPF structure by controlling the peak temperatures and temperature gradients across 

the DPF. In this study, the temperature distribution in a DPF is measured at 42 strategic locations 

in the test DPF under various regeneration conditions of exhaust flow rates, regeneration 

temperatures, and soot loads. A data-based model with feed-forward neural network architecture 

is designed to model the thermal gradients and temperature dynamics of the DPF during the 

regeneration process. The neural network feature vector selection, network architecture, 

hyperparameter calibration process, measured data preprocessing, and experimental data 

acquisition procedure are evaluated. Over 7400 experimental data points at various regeneration 

temperatures, flow rates, and soot loads are used in training and validating the neural network 

model. It is found that the neural network model can accurately predict the 42 DPF bed 

temperatures simultaneously at different locations, and the time series analysis of both model-

predicted and experimentally measured temperatures shows a good correlation. This indicates that 

the currently developed neural network model can provide the spatial distribution of temperature 
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in the DPF and comprehend the nonlinearity of the temperature dynamics due to DPF soot load at 

exothermic conditions. These results demonstrate that the data-based model can predict thermal 

gradients within a DPF, aiding in determining a safer DPF regeneration strategy, onboard 

diagnostics, and DPF development. 

7.1 Introduction  

Internal combustion diesel engines have had a considerable impact on the modern world; on 

the one hand, diesel engines have been the workhorses of the global economies for almost a century 

and are known for their reliability and fuel economy, resulting in their widespread adoption in 

commercial vehicles, shipping, and energy industries. On the other hand, diesel engine emissions 

are a significant source of air pollution and global warming, and contributes to various 

environmental and health problems [140], [141], [142]. The World Health Organization (WHO) 

has classified diesel engine exhaust as a Group 1 carcinogen, meaning it is a confirmed human 

carcinogen. Besides the harmful gaseous emissions, the diesel engine has a relatively high 

particulate emission or trade-off NOx emission compared to gasoline engines [143], [144], [145]. 

The diesel particulate matter (PM) emission, also commonly referred to as soot, results from 

petrochemical combustion and consists of organic and inorganic particles [146], [147], [148]. PM 

has been linked to air quality issues, acid rain, and decreased visibility and can interact with other 

atmospheric pollutants to form secondary PM resulting in dense smog and a wide range of health 

problems[149], [150], [151]. In recent years, governments worldwide have imposed legislative 

regulations to reduce the emissions from diesel engines and compelled relevant industries to 

develop new technologies such as diesel particulate filters (DPF) and exhaust gas recirculation 

(EGR) [147], [152], [153], [154]. 

DPF is one of the leading emission control technologies that facilitate the modern diesel engine 

to meet the mandatory regulatory requirements by regulating the tailpipe out particulate emission 

[155], [156]. DPF is installed in the exhaust stream to trap the particulate emissions and is a critical 

part of the exhaust after-treatment system, usually located after the diesel oxidation catalyst. DPF 

consists of a porous ceramic filter (substrate) material, traditionally made of cordierite or silicon 

carbide, that captures the PM when exhaust gases flow through it [149], [157], [158], [159]. The 

filtration efficiency of the DPF increases with the trapped PM (soot) but also results in increased 

pressure drop across the DPF, which has negative consequences on the fuel economy and 
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eventually needs to be regenerated [160], [161]. DPF regeneration process removes the soot (PM) 

trapped by the filter where the PM accumulated is subjected to an oxidation process either 

passively (no fuel injection) or actively [161], [162], [163]. Passive regeneration occurs during 

regular engine operation, where the soot is removed with the help of NO2 at typical exhaust 

temperatures between 300°C to 400°C. In contrast, active regeneration is a unique engine 

operation mode where fuel is dosed into the exhaust stream to create temperatures of more than 

550°C to oxidize the soot with the help of O2 in a controlled exothermic process [164], [165]. Like 

any other chemical reaction, reactants (exhaust gas and fuel) composition, flow rates, and 

temperatures play a critical role in the characteristics of exotherm and thermal gradients during the 

regeneration process. The primary objective of active DPF regeneration is to quickly oxidize the 

PM from the filter without damaging it by controlling the exotherms of the regeneration process. 

However, these exothermic reactions inside the DPF during regeneration create localized thermal 

stress on the DPF, which leads to a thermal gradient across the DPF and can result in cracking, 

melting, and other forms of structural damage to the [166], [167]. Excessive exothermic reactions 

can be caused by improper fuel injection (quantity and timing), insufficient airflow, and 

overloading of the DPF with soot [168], [169], [170], [171]. The extent of damage will depend on 

the peak bed temperatures, thermal gradient, geometric dimensions of the filter and the durability 

of the substrate material [167], [172]. Damaged DPF may not only compromise the filtration 

efficiency but also create excessive back pressure (where the channels collapse) due to the 

blockage of exhaust flow resulting in catastrophic failure of diesel engines. Improper regeneration 

and localized spikes in bed temperatures result in shortening the lifetime of the DPF, requiring 

costly replacement and a tedious process [173], [174], [175]. This problem can be solved by 

modelling DPF exotherms and understanding the peak bed temperatures, temperature gradients 

during active regeneration at various regeneration temperatures, soot loads, flow rates, and exhaust 

fuel injection quantities [175], [176], [177]. Few of the existing modelling techniques to predict 

the DPF exotherms and temperature dynamics are discussed as follows: 

Bissett [178] developed a mathematical model for diesel particulate filter thermal regeneration 

using particle mass balance and energy balance equations where inlet gas temperature, mass 

velocity, oxygen mass fraction, and soot deposition thickness are considered model inputs to 

predict wall temperatures and temperature gradients. However, this mathematical model depends 

on many filter materials, exhaust gas properties and in-situ physical parameter correlation factors. 
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Hoon et al [179] modelled the uncontrolled soot regeneration inside the DPF in the presence of 

hydrocarbon slip by using a physics-based 0-D modeling technique to predict the transient thermal 

response, where the temperature, pressure and species concentration of the exhaust across the DPF 

is considered. In this case, the model assumes that the soot distribution and exhaust species 

concentration are uniform, which is impractical and relies on the DPF material, geometric 

parameters and exhaust gas properties. Boopathi [180] formulated a multi-zone model for 

electronic control units to predict substrate temperature by using the lumped model technique 

based on resistance node methodology; however, this model also assumes the soot distribution and 

soot inlet rate to be uniform and requires the concentrations and properties of exhaust gas species 

which is not ideal for the field application. Valeria [181] proposed a CFD-based soot regeneration 

model for catalyzed DPF; here, the model only deals with a single filter channel and is 

computationally intensive for field application. Aniseh [182] stimulated the active regeneration 

process inside the DPF to predict the temperature and differential pressure dynamics with the help 

of CFD techniques that rely on the filter’s geometrical parameters; however, the system considered 

only constant exotherm temperature profiles. Zhao [183] developed a 3-D numerical simulation of 

soot regeneration on the Fluent platform by considering different regeneration rates, soot loads 

and oxygen concentrations to predict temperature contours and differential pressure across the 

DPF. However, this study lacks experimental validation and relies on all the physical properties 

and chemical reaction kinetics which are difficult to acquire accurately and reliably. Mitesh [184] 

successfully demonstrated the application of neural networks to predict the exotherm temperatures 

during the DPF regeneration and to control the hydrocarbon injection rate during the regeneration, 

however, there was no emphasis on thermal gradient prediction. 

Most existing literature considers the DPF thermal behavior as a complex physics-based time 

series problem incorporating specific filter material, flow and soot depositions properties, and 

complex numerical and computational methods to capture the exothermic behavior. To the best of 

our knowledge, no existing data-based model can accurately track the complete thermal gradient 

along with the exotherm behavior of DPF during active regeneration. The focus of this study is to 

tackle the knowledge gap mentioned above in the literature by contributing the following: 
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1. Development of a comprehensive multi-input multi-output data-based model that can 

simultaneously predict multiple DPF bed temperatures during active regeneration at 

various soot loads and exhaust temperatures.  

2. Formulation of the DPF thermal behaviour as a regression problem, introducing the engine 

operating conditions, exhaust stream constituents and DPF spatial temperature data. 

3. The proposed model aids in developing a DPF regeneration strategy by accurately 

predicting the thermal gradient during regeneration across different soot loads, active 

regeneration temperatures, flow rates and fuel injection.  

7.2 Experimental Procedure  

The objective of the experimental setup was to generate a consistent PM (soot) from a diesel 

engine and capture the soot with the help of a DPF, followed by an active regeneration process at 

various conditions. A 15-litre commercially available heavy-duty diesel engine is the platform of 

choice, which is the most widely used in the transportation industry for class-8 trucks for long-

haul heavy-duty cargo logistics. The engine platform has a high-pressure exhaust gas recirculation 

(EGR) system and a variable geometry turbocharger (VGT) calibrated to attain a consistent target 

soot loading rate. The airflow to the engine is measured with the help of a laminar flow element 

(LFE), fuel flow is measured with a calibrated Bronkhorst flow meter, and the exhaust flow rate 

(EFR) is calculated by adding the airflow rate and fuel flow rate. All the measurement equipment 

was calibrated with a maximum allowable point error of 2%. The after-treatment system consists 

of a diesel oxidation catalyst (DOC), DPF and selective catalytic reduction (SCR) catalyst-

equipped with a diesel exhaust fluid (DEF) injector, all installed in the original configuration with 

instrumentation to acquire exhaust temperatures and gas composition data. The DPF is 

instrumented with multiple K-type thermocouples distributed spatially at critical locations to 

record bed temperatures. The exhaust gas of the diesel engine is partly then routed through a heat 

exchanger to further condition the soot to a specific temperature before being captured by the DPF. 

The soot loading rate (rate of soot captured by DPF) measured in grams per hour is closely 

controlled by attenuating the exhaust gas temperature, flow rate and oxygen percentage in the 

exhaust gas with the help of EGR and turbocharger. The following schematic, as shown in Figure 

7.1, illustrates the engine platform and subsequent auxiliary systems in the test cell. 
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Figure 7.1 Engine test cell schematic. 

The engine is mainly operated under stock calibration to generate power; however, specific 

actuators such as the EGR, VGT, and fuel injectors are controlled to reach a particular soot loading 

rate and regeneration rate. The experimental procedure is as follows: First, the DPF is entirely 

conditioned by subjecting the DPF to prolonged active regeneration at 625°C to remove any pre-

existing soot; this process is referred to as 'DPF Cleanout'. The DPF is weighed at 200°C to record 

the initial hot weight, called 'Clean weight', and is then loaded with soot (PM) at a predetermined 

exhaust temperature and O2. In this case, the exhaust temperature is maintained at 250°C with the 

help of a heat exchanger, and O2 concentration in the exhaust is maintained at 9% to ensure that 

the characteristics of the soot are consistent; this process is called 'DPF Loading', and it is ensured 

that the DPF loading rate is repeatable. DPF is then weighed after the loading procedure to 

calculate soot weight, which is the net gain in DPF weight. The soot load on the DPF is quantified 

by grams of soot per liter volume of DPF, and the DPF loading procedure is repeated until it 

reaches the desired target. Once the DPF is loaded to the desired soot load, the DPF inlet gas is 

raised to a specific temperature by using the engine post-injection fuel, thereby initiating an active 

regeneration followed by an immediate engine idling process at various conditions called 'AR-

DTI'.  AR-DTI refers to active regeneration (AR) followed by a drop to idle (DTI); the peak DPF 

inlet temperature before dropping to idle is referred to as AR-DTI temperature and is explicitly 

illustrated in Figure 7.2. The DPF spatial thermal gradient data is acquired during the DTI, where 

peak DPF exothermic reaction occurs due to fuel and oxygen availability during active 
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regeneration and engine idling. The entire experimental procedure is illustrated in Figure 7.2 as a 

process flow diagram and with a sample AR-DTI cycle.  

 

(a) 

 

(b) 

Figure 7.2 Experimental procedure: (a) Flow process, (b) AR-DTI Cycle. 

Considering the DPF to be cylindrically symmetrical, a quarter of the DPF is instrumented 

with 47 thermocouples to provide simultaneous spatial bed temperature data at various cross-

sections and radial locations; Figure 7.3 illustrates one of the instrumented cross-sections with 19 

thermocouples.  
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Figure 7.3 DPF Instrumentation Pattern where the radial direction is represented by X direction, and the dominant axial flow 

direction by Y direction. 

The test matrix for this experiment was developed to cover a broad spectrum of regeneration 

conditions without damaging the DPF by limiting the DPF bed temperatures to below 900°C 

during the exotherm. Table 7-1 summarizes the test matrix by tabulating various DPF soot loads 

and AR-DTI temperatures (Figure 7.2).  

Table 7-1 Diesel particulate filter (DPF) test matrix   

Test Case No Soot Load (g/L) AR-DTI Temperature (C) 

1 3 560 

2 4 550 

3 5 525 

4 5 560 

5 6 550 

6 7 525 

 

The data acquired during the AR-DTI process is obtained at a 1 Hz sampling rate totaling 

around 7,400 data points at various exhaust flow rates, temperatures, and pressures. A complete 

correlation study among the engine operation and exhaust parameters is executed to understand 

the dominant factors. Data quality is further analyzed to verify the repeatability and parameter 

trends using pair plots, which allow us to represent both the impact (correlation) and distribution 

of one variable with other operating variables. Kernel density estimate (KDE) illustrates the 
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diagonal plots data using a continuous probability density curve. The data analytics and parameter 

correlation results are illustrated graphically using the pair plot shown in Figure 7.4.  

 

 (a) 
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 (b) 

Figure 7.4 Cross plot for the operating parameters: (a) Exhaust flow parameters, (b) Exhaust temperature parameters. 

As shown in Figure 7.4, the DPF has been subjected to a wide variety of operating conditions, 

and the data collected during the exothermic active regeneration process shows a good correlation, 

demonstrating the data quality, i.e., free from measurement noise. 

7.3 Data-based Modeling 

Data-based modeling is a branch of machine learning that involves creating models based on 

large datasets and has been gaining popularity in thermal engineering for solving complex systems 

and heat transfer problems [185], [186], [187], [188]. The goal of data-based modeling is to 

identify patterns and relationships in the data that can be used to make predictions or gain insights 

into the underlying processes that generated the data [80], [189], [190]. Data-based modeling in 

engineering is a powerful tool for analyzing complex nonlinear systems where the established 

governing principles are too complex to model through equations and material properties. 

Considering the nonlinearity associated with the DPF exotherm data, a multi-input multi-output 

regression problem and feed-forward artificial neural network (ANN) architecture is chosen for 

the prediction of the DPF bed temperatures.  
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7.3.1 Feed-forward ANN 

A neural network is a machine-learning algorithm inspired by the human biological brain, 

which consists of interconnected nodes, or "neurons," that work together to process and interpret 

data [191], [192], [193], [194], [195]. There are many neural network architectures and the most 

widely used one for regression problems is the feed-forward ANN architecture consisting of 

multiple layers: an input layer, some hidden layers, and an output layer. The input layer receives 

data in numerical values, then processed through the hidden layers, and the output layer produces 

a final regression result. Each neuron in a neural network is connected to other neurons through a 

series of weights, determining how strongly the neuron responds to input from other neurons. The 

training is achieved through a process known as backpropagation, where the network adjusts its 

weights based on the difference between its predicted output and the actual output [196], [197]. 

By iteratively adjusting its weights in response to feedback, the network can gradually improve its 

accuracy and better predict future outcomes; these iterations are called ‘epochs’. The critical 

challenge in designing a feed-forward neural network is determining the optimal architecture for 

the application, which involves choosing the appropriate number of layers, nodes, and activation 

functions and tuning the network's hyperparameters iteratively. 

 The combination of the activation function in the neuron, the number of hidden layers, and 

the optimization function are collectively known as hyperparameters, which determine the 

performance of a neural network. The activation function decides the neuron’s active status based 

on the input from the previous layer and how it processes the information to the subsequent layers. 

The most crucial role of activation functions in the hidden layers is introducing nonlinearity to the 

network; without it, the model cannot mimic complex nonlinear relationships between the input 

and output. Activation functions also assist in avoiding the problem of vanishing gradients where 

the gradients become too small during backpropagation, leading to slow or no learning. Increasing 

the number of hidden layers in a neural network can help the network learn more complex patterns 

in the data. However, adding too many hidden layers can lead to overfitting, and computational 

complexity, where the network becomes too complex to process and starts to accommodate the 

noise in the data. The choice of optimizer can significantly impact the speed at which the neural 

network converges during training. Optimizers with adaptive learning rates like Adam (Adaptive 

Moment Estimation) can help avoid local minima problems and feature regularization issues [198]. 



124 

 

7.3.2 Data Preprocessing 

 Data preprocessing is essential to condition the data appropriately, involving filtering, 

normalization, standardization, feature selection and handling missing values by replacing them 

with the mean or median of the preceding data. The goal of preprocessing is to prepare the input 

data to be suitable for the neural network and improve its accuracy without altering the nature or 

pattern of the data. This study uses the normalization technique to scale the input data to a similar 

range to normalize parameter sensitivity, help the network converge faster during training, and 

improve model accuracy [199], [200]. The most common normalization technique is min-max 

scaling, calculated by subtracting the minimum value from each data point and dividing the result 

by the total range (the difference between the maximum value and minimum value). The data is 

not subjected to any further signal filtering (removing outliers) or data augmentation to improve 

the network robustness to field data.   

7.3.3 DPF thermal model feature vectors and prediction attributes 

The input feature vector is a set of input variables used to predict the output variable in a neural 

network regression problem. It should be chosen based on the domain knowledge of the problem 

and the data available from either experiments or validated simulations. The prediction attribute is 

the output variable the neural network tries to predict, also known as the target variable. It is 

essential to preprocess both the feature vectors and prediction attributes using techniques such as 

normalization to improve the neural network’s performance after considering the data correlations 

and governing physics of the internal combustion engine and after-treatment system.  

In this case, the temperature generated by exothermic reactions in the DPF is primarily 

governed by the process of igniting soot in the DPF; therefore, the soot load (amount of soot) 

present in the DPF directly impacts the temperature. The heat release rate will be governed by the 

amount (or the concentration) of fuel and oxygen in the exhaust flow that serves as reactants during 

this exothermic process and must be considered in the modelling. Change in fueling attributes can 

be incorporated from parameters such as total injected fuel quantity, including main injection and 

post-injection, the start of fuel injection (timing relative to crank angle), and total unburnt fuel 

exiting the DOC (raw fuel input to the DPF). During the exothermic process, the initial and 

subsequent temperatures of the exhaust gas feed in and out of the DPF also play a major role in 

dictating the heat generation rate and peak temperature inside the DPF. The differential pressure 
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across the DPF and turbine out pressure helps the model to incorporate some resemblance of soot 

distribution across the DPF because the same soot load can be distributed in various manners 

(channel plugs, wall deposits), affecting the temperature gradient. The physical attributes such as 

an instance of regen (time), exhaust flowrate and gas constituents are necessary for the model to 

incorporate all the changing thermofluid attributes and respective impacts. In addition, by 

considering the above phenomena, the wrapper method (to eliminate additional features iteratively 

based on performance) is used to finalize a total of 16 feature vectors (inputs) that are selected to 

predict bed temperatures accurately, consisting of engine operation and exhaust flow parameters, 

as listed in Table 7-2. It might be mentioned that engine out NOx strongly correlates with the 

engine out soot, and it might be included as an important feature vector as well. However, NOx 

emission in diesel engines is normally regulated with EGR based on engine out O2 sensor feedback, 

as in the present experimental study; so the impact is indirectly accounted for. As a result, the 

concentration of NOx is not considered as a part of the feature vector in this study, but instead, 

engine-out exhaust O2 concentration is included as one of the feature vectors, as shown in Table 

7-2. 

Table 7-2  Feature vectors for the present DPF thermal ANN model 

Feature Vectors (Inputs) 

Engine Speed Main Injection Fuel Quantity 

Engine Torque Start of Main Injection  

Exhaust Flow Rate Post Injection Fuel Quantity 

Turbine Out Temperature 
Engine Out Exhaust Oxygen 

Concentration (O2 %) 

Turbine Out Pressure DOC Out Total Hydrocarbon (THC) 

DOC Inlet Temperature DPF Outlet Temperature 

DPF Inlet Temperature Time  

DPF Differential Pressure (DPF dP) Soot Load  
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7.3.4 Hyperparameter Calibration   

The network's performance depends on the choice of hyperparameters, fixed design parameters 

set before training that cannot be learned during training, such as the number of hidden layers, 

neurons, activation function, learning rate, batch size, dropout probability and optimizers. A 

standard method for calibrating the hyperparameters is a grid or random search. In grid search, a 

range of values for each hyperparameter is specified, and the network is trained using all possible 

combinations of the hyperparameters. In random search, hyperparameters are randomly selected 

from the specified ranges, and the network is trained using these hyperparameters. The 

hyperparameters that yield the best performance on the validation set are chosen for the final 

model. After multiple trials and iterations, a combination of ReLU (Rectified Linear Unit), a non-

exponential activation function, and a linear activation function is chosen for DPF thermal 

modeling. ReLU is mathematically defined as f(x) = max(0, x); The ReLU activation function is 

computationally efficient, making it a preferred choice for deep neural networks [201], [202]. 

ReLU activation produces sparse representations because it only activates a subset of the neurons 

in the network, helping to reduce overfitting and to improve generalization. After considering 

multiple combinations of hyperparameters, the final ANN design attributes are tabulated in Table 

7-3. The final model prediction results are illustrated in Figure 7.5.  

Table 7-3 Final DPF ANN model hyperparameter values 

ANN Hyperparameters Final Value 

Feature Vectors (Inputs) 16 

Target Variables (Outputs) 47 Bed Temperatures 

Number of Hidden Layers 3 

Number of Neurons for Hidden 

Layers 
100 – 1st layer, 75 - 2nd layer, 50 – 3rd layer 

Activation Function ‘ReLU’ – 1, 2, 3 Hidden layers 

Optimizer Adam (Learning Rate – 0.0105, beta_1 = 0.925) 

Number of Data Points 
Total: 7457, Training data: 4445, Validation data: 

1905, Field Test Data: 1107 
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Batch Learning 100 

Dropout Probability for Hidden 

Layers 
0.55 – 1st layer, 0.35 - 2nd layer, 0.35 – 3rd layer 

 

As observed in Figure 7.5, the trained ANN model accurately predicts the bed temperatures 

with the hyperparameters given above. Here five-bed temperatures from the set of 47-bed 

temperatures are selected randomly as a quick method to verify the model's performance. In the 

normalized data, the highest temperature is represented as 1, and the lowest is defined as zero. This 

analysis helps us identify the model performance at extreme (nonlinear) and mid-temperature 

(relatively linear) sections. If the predicted and experimental values match, all the points plotted 

will be precisely on the marked trace line; anything below the line is under prediction and above 

is overprediction by the model, corresponding to an error. 

 

Figure 7.5 ANN model performance on normalized data after training: Error vs. Epochs and predicted five random temperatures 

chosen out of 47 presented here (output dataset). 
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7.4 Results and Discussion  

This section evaluates the DTI thermal model performance after training by comparing the 

model-predicted bed temperatures to their experimental temperatures (true values) during the 

exothermic reactions. Considering that the representation of all 47 temperatures in graphs is too 

complicated, a single rectangular cross-section of the quarter DPF with six temperatures at the 

periphery is used to evaluate the model performance across the various regeneration conditions, as 

illustrated in Figure 7.6. The six periphery thermocouples are also designated with alphabets  (A-

F) for reference in subsequent analysis, as shown in Figure 7.6. This is because these six 

temperature values at the periphery of the DPF, including the inlet and exit, centerline and outer 

cylindrical surface, tend to have the largest errors for the model prediction, arising from the largest 

impact by the fluid flow, heat transfer with the material properties and pore structures of the DPF, 

soot distribution, soot oxidation kinetics and heat release rate, and the ambient conditions. 

   

Figure 7.6 Illustration of DPF cross-section instrumentation with 18 thermocouples. 

 

Figure 7.7 illustrates the model performance on the contemporary data (denormalized data) 

from the periphery thermocouples, where the model-predicted bed temperatures are compared to 

the experimental values at these locations. The periphery location on the DPF exhibits the most 

significant gradient covering the highest and lowest bed temperatures during the regeneration 

process (exothermic reaction). Considering the R2 > 0.999, it can be concluded from Figure 7.7 

that the model prediction across the spectrum is accurate in modeling the thermal gradients. 
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Figure 7.7 ANN model performance on the DPF periphery locations (pristine data/denormalized). 

 

Figure 7.8 illustrates the model performance over the time series stitched together by 

combining various regeneration sequences; here, the model-predicted periphery bed temperatures 

are plotted against the respective experimental values. Each peak corresponds to an individual 

regeneration sequence at a specific temperature and soot load. Figure 7.8 shows bed temperatures 

at B and F, i.e., the DPF outlet periphery shows the highest exotherms. In contrast, A, C, and D, 

representing the DPF inlet periphery bed temperatures, show a relatively lower exothermic 

reaction. As the soot deposition pattern governs the exothermic response, these results agree with 

the literature, as the soot is predominantly deposited more towards the outlet side of the filter. 

Figure 7.8 also illustrates that the model accurately predicts the lower end of the temperature 

spectrum; however, there is a very slight underprediction at the peak exothermic case, which will 

contribute to some errors in the DPF thermal gradient calculation.  
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(a)                                                                              (b) 

 

(c) 

Figure 7.8  ANN performance in a time series prediction during multiple regeneration sequences measured vs predicted 

periphery temperatures at the location of (a) A & B; (b) C & E; (c) D & F. 

 

Plotting all the 18 thermocouple prediction data and comparing them with experimental data 

using a line plot at various conditions to illustrate model performance is graphically too intensive. 

This is resolved by creating a contour plot representing the DPF rectangular cross-sectional phase. 

X represents the radius of the cylindrical DPF, where 0 illustrates the center of the DPF. Y 

represents the length of the DPF (from the DPF inlet towards the outlet), and 0 defines the inlet 

cross-section; the contour plot's thermocouple/bed temperature locations are defined as 2-D 

cartesian coordinates, as tabulated in Table 7-4. 
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Table 7-4  DPF contour plot data presentation  

DPF bed 

temperature 

location 

X 

Coordinate 

Y 

Coordinate 

DPF bed 

temperature 

location 

X 

Coordinate 

Y 

Coordinate 

1 0 1 10 3.76 5 

2 0 4 11 3.76 6 

3 0 6 12 5.64 1 

4 1.88 1 13 5.64 4 

5 1.88 4 14 5.64 5 

6 1.88 5 15 5.64 6 

7 1.88 6 16 6.4 1 

8 3.76 1 17 6.4 4 

9 3.76 4 18 6.4 6 

 

The first six (6) DPF regeneration scenarios show the model performance when partial 

experimental data from these regeneration time series is used to train the model. Scenarios 1 to 6 

consist of data used for training and validating where the regeneration conditions vary from light 

to heavy soot loads (3-7g/L) at various DPF inlet temperatures (525°C -560°C). 7th scenario can 

be considered as the model performance on field data where none of the data is ever used for 

training or validating the model (the neural network model is entirely unexposed to this data). In 

these scenarios, the DPF is loaded with a predetermined soot level and subjected to an active 

regeneration process. The DPF inlet exhaust temperature is raised to a specific temperature, 

referred to as AR-DTI temperature, by injecting fuel into the exhaust stream and immediately 

dropped to an engine idling condition providing excess oxygen to initiate exothermic soot 

regeneration. The contour plots presented in Figure 7.9 to Figure 7.15 illustrate a specific instant 

in the regeneration time series where the peak bed temperatures and maximum thermal gradients 

occur.    

7.4.1 Scenario 1: Soot Load = 3g/L, AR-DTI Temperature = 560°C 

In scenario 1, a DPF regeneration is considered with a light soot load (3g/L) and a high DPF 

inlet gas temperature of 560°C before dropping to idle, as the soot load is relatively low, the 
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thermal gradients are not expected to be high. As observed from Figure 7.9, the ANN model 

explicitly predicts the DPF bed temperatures, illustrating an accurate depiction of the DPF thermal 

gradients at the low soot load of 3g/L; the maximum error between the predicted and experimental 

values is around 1%. This evaluation shows that the model can easily predicate the lower end of 

the thermal gradient spectrum with great accuracy as the relative nonlinearity of the exotherm 

across the DPF is low. 

 

Figure 7.9  Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 3g/L 

and the DPF inlet gas temperature of 560°C. 

7.4.2 Scenario 2: Soot Load = 4g/L, AR-DTI Temperature = 550°C 

Scenario 2 illustrates a DPF regeneration with a light to medium soot load (4g/L) and a high 

DPF inlet gas temperature of 560°C before dropping to the idle condition; as the soot load is 

relatively higher, the thermal gradients are also expected to be relatively higher when compared to 

the previous case, Scenario 1. Figure 7.10 presents the predicted and experimental DPF thermal 

gradient during the regeneration process, which is greater than Scenario 1; the model prediction 

performance in the regions where bed temperatures below 600°C is quite accurate (error < 1%), 

whereas the higher-end temperature prediction error, i.e., > 600°C, has increased to around 2% 

and also shows a slight gradient difference when comparing predicted against experimental 

thermal gradients closer to the DPF outlet. This difference in prediction and experimental data 

contours can be primarily attributed to the increased nonlinearity of the exothermic reaction at a 

higher soot load and higher DPF inlet temperature, for which the model seems not able to capture 

completely. 
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Figure 7.10 Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 4g/L 

and the DPF inlet gas temperature of 550°C. 

7.4.3 Scenario 3: Soot Load = 5g/L, AR-DTI Temperature = 525°C and Scenario 4: Soot Load = 

5g/L, AR-DTI Temperature = 560°C 

Scenario 3 and Scenario 4 are primarily considered to show the impact of DPF inlet 

temperatures on the thermal gradients during the regeneration. The soot load is kept at a constant 

5 g/L (medium soot load) in both scenarios, but the DPF inlet gas temperature in Scenario 3 is 

maintained lower at 525°C; in contrast, Scenario 4 has its DPF inlet at a higher temperature of 

560°C. This change in DPF inlet temperature of 25°C resulted in a peak bed variation of greater 

than 125°C, demonstrating the nonlinearity in the DPF temperature response to the inlet gas 

temperature during the exothermic reaction (regeneration). This is understandable since the rate of 

soot oxidation reaction; hence the heat release rate, is Arrhenius type having strongly nonlinear 

(exponential) temperature dependence. Similar to Scenario 2, the model prediction at the higher 

bed temperatures is prone to a minor error in Scenario 3, as observed in the thermal gradient 

contour plot shown in Figure 7.11. The maximum error between the prediction and experimental 

bed temperature values is still around 2%, even at the higher soot loads of 5g/L, demonstrating 

excellent model performance at the medium soot loads and lower DPF inlet temperature. Similarly, 

in Scenario 4, the model prediction error still holds perfect accuracy towards the DPF inlet region 

(at lower bed temperatures). However, the maximum error at the DPF outlet has increased to 

around 3% with a relative increase in contour plot distortion when comparing the predicted and 

experimental values, as shown in Figure 7.12, which can be again attributed to the model's 

limitation in capturing the nonlinearity completely.  
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Figure 7.11 Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 4g/L 

and the DPF inlet gas temperature of 525°C. 

 

 Figure 7.12 Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 5g/L 

and the DPF inlet gas temperature of 560°C. 

 

7.4.4 Scenario 5: Soot Load = 6g/L, AR-DTI Temperature = 550°C and Scenario 6: Soot Load = 

7g/L, AR-DTI Temperature = 525°C 

 Both Scenarios 5 and 6 represent the high soot load conditions (6g/L and 7g/L) at both 

relatively high (550°C) and low (525°C) regeneration temperatures. In both cases, the maximum 

error between the prediction and experimental value is around 1~2% even when the peak bed 

temperatures are more than 800°C. It is seen that the ANN model is effectively validated when 

compared with the experimental results shown, as the model accurately predicts the DPF thermal 

gradients, as shown in Figure 7.13 and Figure 7.14. However, it can be observed that in 

regeneration conditions at higher DPF inlet temperature (> 550°C), the model predictions (contour 

plots) tend to deviate from the experimental value slightly but still within the acceptable accuracy. 
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 Figure 7.13 Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 6g/L 

and the DPF inlet gas temperature of 550°C (Scenario 5). 

 

 

Figure 7.14 Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 7g/L 

and the DPF inlet gas temperature of 525°C (Scenario 6). 

7.4.5 Scenario 7: Soot Load = 4g/L, AR-DTI Temperature = 560°C (Field Data) 

Scenario 7 represents the field data (test data) where the model is entirely exposed to new data 

from the regeneration on the same DPF and engine platform but at a different DPF soot load and 

active regeneration temperature combination, i.e., 4g/L and 560°C. It must also be noted that the 

soot deposition pattern inside the DPF is slightly variable during each regeneration sequence. 

Figure 7.15 illustrates the predicted DPF thermal gradient with the experimental values resulting 

in an error of 8% at the higher temperatures (> 600°C) and around 3% at the lower temperatures, 

even when the model is not trained on any data from this particular case. Considering the 

exothermic nature of the DPF regeneration, the model accuracy is outstanding on the field data, 

here the error can be attributed to the model’s limitation in capturing the nonlinearity of the 
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temperature generated due to the exotherm at high DPF inlet temperatures and variability in soot 

distribution across the DPF. 

 

 

Figure 7.15 Contour plot for DPF thermal gradient: ANN prediction vs experimental measurement at the soot loading of 4g/L 

and the DPF inlet gas temperature of 560°C (Scenario 7 where the experimental data has not been used for the model training 

and validation, or the so-called unexposed or new data, and the experimental measurement is the field data where the soot 

distribution may not be as uniform as for the previous scenarios of laboratory tests.) 

 

The percentage error (%) at the various locations and scenarios is tabulated in Table 7-5, 

summarizing the DPF thermal ANN model performance as developed. In most cases, the highest 

error occurs at the peak bed temperature location, i.e., the midpoint of the radius at the outlet side 

of the DPF. This error is due to the extreme nonlinearity of the exotherm, where the change in bed 

temperature is quite substantial, even for the slightest change in any input parameter. However, at 

the lower soot loads and regeneration temperatures, the nonlinearity of the exotherm is lower, 

resulting in relatively lower peak bed temperatures, which the model can predict more accurately. 

Despite this limitation, an error under 10% is acceptable for non-critical onboard diagnostics or 

developing DPF regeneration strategies. 
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Table 7-5  A summary of the percentage error in the ANN predicted bed temperature 

 
 
 
 
 
 

X Y Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 

0 1 0% 0% 0% 0% 0% 0% -3% 

0 4 -1% -1% 0% 0% 0% 0% 2% 

0 6 -1% -2% -1% 0% 1% 1% -3% 

1.88 1 0% 0% 0% -1% 0% 0% -1% 

1.88 4 -1% -1% 0% 0% 0% 0% 4% 

1.88 5 -1% -1% -1% -2% -1% 0% 3% 

1.88 6 -1% -1% -1% 0% 2% 0% -4% 

3.76 1 1% 0% 1% 0% 0% 0% -2% 

3.76 4 -1% -1% 0% 0% 0% 0% 1% 

3.76 5 -1% -1% -1% -3% -1% 0% 0% 

3.76 6 -1% -2% -2% 0% 0% 1% -8% 

5.64 1 0% 0% 1% -1% -1% 0% -5% 

5.64 4 -1% -1% 0% 0% 0% 0% 0% 

5.64 5 -1% -1% 0% 0% 0% 0% 0% 

5.64 6 0% -1% 0% -1% 0% 0% 0% 

6.4 1 0% 0% 0% -2% 0% 0% -5% 

6.4 4 0% -1% 0% 0% 0% 0% 0% 

6.4 6 1% 0% 0% 0% 0% 0% 1% 
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7.5 Summary 

 

In this study, a comprehensive data-based diesel particulate filter (DPF) thermal model based 

on a multi-input multi-output neural network is successfully developed to predict the thermal 

gradients across the DPF during an active regeneration (exothermic) event. An experimental 

methodology is formulated to instrument the DPF and generate consistent DPF exotherm 

temperatures during the active regeneration events. Over 7400 data points across various exhaust 

flow rates, regeneration temperatures and soot loads are generated through experimentation and 

utilized in training, validating and testing the data-based DPF thermal model. The hyperparameters 

of the neural network model are calibrated to predict the 47 DPF peak bed temperatures 

simultaneously measured at various spatial locations with an accuracy greater than R2 > 0.999 in 

most cases. During the neural network performance evaluation, the time series analysis of both 

model-predicted and experimental bed temperatures shows a good correlation with slight under-

prediction at bed temperatures higher than 800°C, which can be attributed to the strong 

nonlinearity of the exotherm temperature. The thermal contour plots generated by the model-

predicted data across the first six scenarios result in an error of < 3 % when compared with the 

experimental data; however, the contour plot generated by the seventh scenario (field data), the 

model error rate approaches 10% at DPF outlet locations (bed temperatures > 700°C) and 2-3% at 

DPF inlet locations (bed temperatures < 600°C). These results demonstrate that the data-based 

model for DPF shows an acceptable level of accuracy in predicting thermal gradients across the 

spectrum, aiding in determining a safer DPF regeneration strategy, onboard diagnostics and DPF 

development. 
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Chapter 8 Predicting Fuel Cell-Battery Hybrid 

Power System Dynamics 

 

This chapter demonstrates the data-based model's capability to predict a vehicle's hybrid 

dynamics during various driving conditions.  

 

***This chapter is adapted from Legala, Adithya, et al. “Machine Learning Modelling for 

Fuel Cell-Battery Hybrid Power System Dynamics in a Toyota Mirai 2 Vehicle Under Various 

Drive Cycles.” Energy and AI, Aug. 2024, p. 100415, doi:10.1016/j.egyai.2024.100415. 

 

Electrification is considered essential for decarbonizing the mobility sector, and 

understanding and modeling the complex behavior of modern fuel cell-battery electric-electric 

hybrid power systems is challenging, especially for product development and diagnostics requiring 

quick turnaround and fast computation. This study develops a novel modeling approach, utilizing 

supervised machine learning algorithms, to replicate the dynamic characteristics of the fuel cell-

battery hybrid power system in a 2021 Toyota Mirai 2nd generation (Mirai 2) vehicle under various 

drive cycles. The entire data for this study is collected by instrumenting the Mirai vehicle with in-

house data acquisition devices and tapping into the Mirai controller area network bus during 

chassis dynamometer tests. A multi-input - multi-output, feed-forward artificial neural network 

architecture is designed to predict not only the fuel cell attributes, such as average minimum cell 

voltage, coolant, and cathode air outlet temperatures but also the battery hybrid system attributes, 

including lithium-ion battery pack voltage and temperature with the help of 15 system operating 

parameters. Over 21,0000 data points on various drive cycles having combinations of transient and 

near steady-state driving conditions are collected, out of which around 15,000 points are used for 

training the network and 6,000 for the evaluation of the model performance. Various data filtration 

techniques and neural network calibration processes are explored to condition the data and 

understand the impact on model performance. The calibrated neural network accurately predicts 

the hybrid power system dynamics with an R-squared value greater than 0.98, demonstrating the 

potential of machine learning algorithms for system development and diagnostics.  
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8.1 Introduction  

Transport sector, including land transportation, surface ships, and aviation, contributes to about 

one-third of the world’s anthropogenic greenhouse gas emissions [203], [204] and is recognized 

to be the most difficult to decarbonize due to its mobile, transient, and distributed nature and 

variable drive/load conditions as well as extensive infrastructure spread over large areas [205], 

[206]. Hence, electrification is essential for the decarbonization of the mobility sector, mainly 

through the development and deployment of battery electric, fuel cell electric, and fuel cell-battery 

electric-electric hybrid power systems – hybridization resolves range anxiety, offers fast refueling 

and fast load response, and alleviates the excessive degradation arising from variable load 

operations [207], [208], [209]. As a result, almost all fuel cell electric vehicles (FCEVs) are 

actually powered by fuel cell-battery hybrid systems, and the development and deployment of 

FCEVs will revolutionize sustainable transportation and address critical environmental challenges 

[210], [211]. 

The 2021 Toyota Mirai 2nd generation (hence often referred to as Mirai 2) marks a significant 

milestone in the development and commercialization of FCEVs, and its complex operational 

strategy, hybrid energy management, is regarded as a benchmark in the automotive industry [212], 

[213]. It is challenging to develop models of such complex fuel cell systems that can run in real-

time for diagnostics and system development using traditional empirical or physics-based models, 

especially if the system attributes and material properties are not available [72], [80], [214], [215]. 

The dynamic nature of power demands and the interactions between the fuel cell and battery during 

various driving conditions require sophisticated modeling techniques to capture transient 

behaviors accurately across the drive cycle [216], [217], [218], [219]. Components such as the fuel 

cell stack exhibit non-linear behaviors due to electrochemical reactions, temperature variations, 

and humidity levels, and these nonlinearities require advanced mathematical modeling and 

computational approaches [27], [37], [220]. The fuel cell's core involves electrochemical reactions 

influenced by numerous factors, including catalyst properties, membrane conductivity, gas 

diffusion layers, liquid flow within the fuel cell, and the associated manifolds, which are critical 

for performance prediction [11], [23], [92] Considering the onboard diagnostics/prognostics and 

product development applications for an FCEV hybrid power system, a computationally fast and 

accurate model is essential to predict system outputs such as fuel cell voltage, fuel cell coolant out 
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temperature, fuel cell air outlet temperature, battery pack voltage, and battery temperature over 

various driving conditions. 

Most of the existing literature on fuel cell-battery hybrid modeling and FCEV energy dynamics 

focuses on a cell level, small stacks, or a virtual environment; it is very limited for the development 

of models from a vehicle point of view and experimentally validating them on a drive cycle with 

the vehicle's data acquisition system and controller area network (CAN) bus signals. Mauro [221] 

developed an empirical powertrain model to understand and optimize the energy management in 

the Toyota Mirai based on the CAN data acquired from the vehicle while operating at Argonne 

National Laboratory. In this study, Mauro utilized multiple curve fitting models to somewhat 

replicate the behavior of fuel cell battery voltage dynamics but could not comprehend the thermal 

behavior. Such empirical models can help simulate the energy management strategy. Still, they 

cannot be used for diagnostics or system development as they lack a correlation with reactant 

pressures and flow rates. Venkata [222] has developed a fuel cell hybrid model to downsize the 

fuel cell stack and analyzed the behavior on various drive cycles in a MATLAB – SIMULINK-

based virtual environment; however, this lacks any experimental validation and consideration of 

thermal constraints. Markus [223] has experimentally investigated the aspect of reverse 

engineering the Toyota Mirai vehicle by collecting the data and investigating the behavior of the 

hybrid system over different driving profiles, providing valuable insights; however, the study 

lacked the model development aspect that can replicate the behavior in a virtual environment. 

Tsuyoshi [224]  published their research on developing a physics-based fuel cell control system 

for Mirai vehicles to address vehicle operation at sub-zero temperature conditions. This study 

considers the thermal aspects, water balance of the fuel cell hybrid system, and operational strategy 

but misses the role of battery dynamics, and most of the physical parameters needed for the model 

are not disclosed. Hasegawa [217] has comprehensively modeled the dynamics of the Mirai fuel 

cell system using the physics-based approach and considered all the reactant flow parameters and 

associated thermal attributes. However, such models cannot parallelly accommodate battery 

dynamics and will need another similar model to simulate hybrid dynamics. 

The objective of the present study is therefore to develop an accurate and computationally fast 

predictive model for fuel cell-battery electric-electric hybrid power systems for vehicles, that can 

be used for the development and diagnostics of such hybrid systems in real time. The dynamic 
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behavior of the hybrid power system is measured when the FCEV, Toyota Mirai 2, is on chassis 

dynamometer tests under various drive cycles covering a broad spectrum of vehicle operating 

conditions. Then machine learning algorithms, such as neural networks, are developed based on 

these vehicle test data to achieve a rapid computational model with accurate prediction of the 

critical outputs of the fuel cell and battery dynamics over a drive cycle. Correlations between the 

hybrid system operating parameters are identified, and the appropriate feature vectors and 

prediction attributes are developed. The machine learning model is trained on data obtained from 

various drive cycles having combinations of near-steady-state and transient driving conditions, and 

their prediction accuracy is evaluated. The developed machine learning model is accurate and 

computationally fast to be useful for real-time diagnostics or system development. 

8.2 Data Acquisition Procedure 

 The 2021 Toyota Mirai XLE, with the specifications listed in Table 8-1, was procured and 

instrumented with sensors to measure voltages, current, power, pressure, flow, temperature, and 

the OEM CAN signals. All signals were captured on state-of-the-art in-house data acquisition 

systems, and high-speed CAN signals from the non-OBD (on-board diagnostics) proprietary bus 

were reverse-engineered using SwRI intellectual property. A Yokogawa power analyzer was used 

to measure AC, DC, and power factor signals in the fuel cell, inverter, and motor. Wire routing 

had to be optimized to minimize electromagnetic interference between high-power motor power 

signals and data acquisition signals. The test matrix and vehicle instrumentation were focused on 

acquiring the vehicle data on relevant drive cycles using a chassis dynamometer. The driving tests 

extracted data on the hybrid operation of the fuel cell and battery during transient and near-steady-

state maneuvers as specified by the driving cycles. Test data was used to evaluate and understand 

the behavior of fuel cell stack, high-voltage systems, lithium batteries, and drive motors. 

Table 8-1  Specification for the 2021 Mirai 2nd generation fuel cell electric vehicle (FCEV) tested in the present study. 

Attribute Value  

Range 402 mi (647 km) 

Vehicle 

Specification 

Fuel Economy - 

City/Highway/Combined 

76/71/74 MPGe 

0 – 60 mph 9.0 s 

Maximum Speed 108 mph (175 km/h) 
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Fuel Hydrogen (H2) 

Purity of H2 99.97% 

Storage 3 x Type Four hydrogen 

tanks 

Tank Capacity 5.6 kg (12.3 lbs) 

Power Plant Fuel-Cell Electric 

Fuel Cell (FC) 

Stack 

Specification 

Number of Fuel Cells 330 

Specific Power Density 5.4 kW/l 

Power 128 kW (172 bhp) 

Aspiration Inlet Air Compressor 

Motor Location Rear wheel drive 
Transmission 

Specification 
Power 136 kW (182 hp) 

Torque 300 N-m (221 lb-ft) 

Battery Cells 84 

Lithium Battery 

(LIB) Pack 

Specification 

Nominal Voltage  310.8 V  

Energy Capacity 1.24 kWh / 4.0 Ah 

Peak Output 31.5 kW x 10 seconds 

Battery Pack Mass 44.6 kg 

Energy Density 27.6 Wh/kg 

 

Figure 8.1 illustrates the 2021 Mirai 2 FCEV powertrain architecture and the systems in the 

fuel cell (FC) compartment under the front hood. The air and hydrogen react in the FC stack to 

generate electrical potential, and the FC boost converter then steps up the FC stack voltage. The 

FC inverter with converter assembly receives power from the FC boost converter or the lithium-

ion battery (LIB), depending on the direction of the demand. When the traction drive motor 

demands power, the inverter inverts the power from DC to 3-phase AC and sends power to the 

drive motor. When the regenerative braking is active, the converter converts the power from 3-

phase AC to DC and sends power to the LIB to increase its state of charge (SOC). The LIB pack 

receives a charge from the FC boost converter when the SOC is low enough to accept a charge and 

when there is no drive motor demand on the LIB.  
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The chassis dynamometer tests were performed on a Horiba 48-inch single-roll chassis 

dynamometer. Chassis dynamometer coefficients and equivalent test weights were taken from the 

Environmental Protection Agency's (EPA) test car list. Dyno set coefficients were determined 

using test procedure SAE J2264 [225]. The vehicle was operated in dyno mode during all testing 

phases; following J2572 [226], the car was driven over the EPA Urban Dynamometer Driving 

Schedule (UDDS) [227] and the Highway Fuel Economy Test (HwFET) [227]. Vehicle data was 

acquired on UDDS, Federal Test Procedure (FTP) [227], Highway Fuel Economy Test (HwFET), 

Neutral Cycle (In neutral/idle), and Gradient Cycle (Grade Testing Cycle). The gradient cycle is a 

non-standard in-house cycle designed to record operational data by pushing the vehicle to 

maximum operating conditions. The Mirai vehicle was repeatedly operated at full pedal on the 

dyno at different loads and speeds during the gradient cycle until the vehicle changed operational 

strategies and finally hit a thermal derate. 

 

 

 (a)  



145 

 

 

(b)  

Figure 8.1 2021 Toyota Mirai 2 fuel cell electric vehicle. (A) Schematic of, and (B) the actual layout (under the hood) of, the fuel 

cell-lithium-ion battery hybrid powertrain system. 

8.3 Vehicle Data   

The operating parameters for the vehicle's fuel cell and battery system, such as stack current, 

voltage, reactant flow rates, reactant pressures, coolant temperatures, air temperatures, and vehicle 

speed, are acquired during the experimentation and illustrated using pair plots as shown in Figures 

8.2, 8.3, and 8.4. A total of over 21,000 data points are collected for the vehicle running on various 

drive cycles, including transient and near-steady-state driving conditions. The Mirai vehicle, 

similar to other light-duty vehicles, predominantly operates by utilizing less than 50 kW of power 

and maintains the fuel cell stack coolant temperature around 55ºC to 65ºC during normal driving 

conditions, be standard or near steady-state drive cycles. The battery pack is maintained around 

25ºC to 30ºC and at a state of charge (SOC) between 50% to 60 % when operated on standard 

drive cycles. However, during peak load conditions, i.e., during the gradient cycle, the fuel cell 

can produce close to 110-120 kW. The fuel cell coolant temperature rose close to 95ºC during the 

peak load, and exceeding this temperature resulted in a thermal derate condition to protect the fuel 

cell system; during these high loads, the battery pack's SOC also dropped to 20%, and the battery 

temperature rose to 35ºC. Figure 8.2 illustrates the correlation between the vehicle speed, fuel cell, 

and lithium battery operating parameters during various drive cycles; here, besides standard drive 

cycles, 'SS_45' and 'SS_60' refer to near-steady-state driving around 45 and 60 miles per hour, 

'Neutral' refers to the vehicle in neutral/idle condition after running for a while. It can be noted 

from Figure 8.2 that a wide range of vehicle speeds from idle to 100 km/h are covered under the 
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test matrix. The gradient cycle pushes the fuel cell into an unusually high load condition, 

facilitating data acquisition in extreme conditions to cover the entire spectrum of the powertrain 

operation. 

Figure 8.3 illustrates the thermal management system behavior of the fuel cell and battery; the 

data is very transient as the coolant and reactant flow attributes directly correlate to the vehicle's 

power demand, i.e., load on the fuel cell and battery. Neutral and gradient cycles are the two 

outlying conditions among all the drive cycles, as the load on the fuel cell is extremely low or high; 

this is reflected in the reactant and coolant flow rates being excessively high during the gradient 

cycle and the coolant temperature being very low during the idle (neutral) condition. 

Figure 8.4 illustrates the fuel cell stack's reactant flow attributes over different drive cycles. 

Similar to the electrical and thermal parameters, the gradient cycle stands out with respect to the 

reactant flow rates and pressures. The anode (H2) and cathode (air) reactant input follow 

stoichiometric correlation and exhibit transient behavior over the standard drive cycles.  
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Figure 8.2 The electrical attributes of the 2021 Toyota Mirai 2 fuel cell electric vehicle under various loading conditions, as 

represented by the data acquired in this study: (A) Fuel cell (FC) Stack; (B) Lithium-ion battery (LiB) Pack.  
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Figure 8.3 The thermal attributes of the 2021 Toyota Mirai 2 fuel cell electric vehicle under various loading conditions, as 

represented by the data acquired in this study: (A) Fuel cell (FC) Stack; (B) Lithium-ion battery (LiB) Pack. 

 



149 

 

 

Figure 8.4. The reactant attributes of the 2021 Toyota Mirai 2 fuel cell electric vehicle under various loading conditions, as 

represented by the data acquired in this study: (A) Anode; (B) Cathode.  

The bulk of the fuel cell stack's reactant and vehicle data is acquired through CAN, and one of 

the most taxing problems is signal noise, as the CAN bus operates in an electrically noisy 

environment, often leading to some signal interference. Despite the precautions to minimize 

electrical interference, some measurement noise is still present in acquiring the vehicle data in 

real-time during a chassis dynamometer test. It is thus challenging to use vehicle-level data to build 

advanced machine-learning algorithms to predict system dynamics by implementing data 

augmentation and signal-conditioning techniques. However, data such as system temperatures, 

reactant flow rates, and electrical attributes acquired through stand-alone data acquisition systems 

are relatively robust. As observed from the plots, the hybrid powertrain predominantly operates at 

the lower end of the spectrum when evaluated on standard drive cycles, and the gradient cycle 

helps us to capture the reactant flow data on the higher extremes. The pair plots illustrate that the 

data clusters and parameter correlations aid in understanding the system's nonlinearity; it can be 

concluded that the data acquired through vehicle testing covers most of the operating conditions 

for the fuel cell-lithium-ion battery hybrid power system (includes the vehicle operation data from 

idle to rated power and thermal derate conditions).  
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8.4 Machine learning models/Data-based Modeling 

Machine learning techniques are a subset of artificial intelligence that helps develop algorithms 

that learn and make predictions based on data by recognizing patterns and correlations embedded 

in the data. These algorithms are adopted in many industries, particularly in sectors or applications 

that do not have well-defined governing equations or where the process is too complex for 

mathematical representation and solution. Supervised machine learning involves training a model 

on a defined dataset acquired from the system, where the input data is paired with the output data 

during the training process, allowing the model to learn the relationship between inputs and outputs 

of the system once the training is complete, the developed algorithm mimics the behavior of the 

system that is trained on.   

Supervised machine learning, such as an artificial neural network, is particularly effective for 

regression prediction problems and is especially suited for multi-input - multi-output (MIMO) 

systems. Although there are different types of neural network architectures that can be considered 

for adoption, after analyzing the measurement noise and nonlinearity of the FCEV hybrid system 

parameters, a simple feed-forward neural network is considered for this study due to its robustness 

to noise compared to some time series networks. The structural schematic and working of a feed-

forward neural network is available in literature [45], [220], [228], [229]. 

8.4.1 Feature vector and prediction variable selection    

Accurately predicting the fuel cell voltage during various driving conditions purely with a 

physics-based model is a challenge from a vehicle point of view, and it is critical to understand the 

difference between the degradation profile and system fault. Similarly, predicting the thermal 

attributes, such as the fuel cell stack's coolant and air-out temperatures, is necessary to identify the 

formation of hot spots and system health before a catastrophic failure. Precise prediction of battery 

pack voltage and temperature not only helps from an energy management standpoint but also aids 

in identifying sensor faults and enhances the system's overall safety.  

Because of the reasons mentioned above, fuel cell voltage, coolant out temperature, air outlet 

temperature, battery pack voltage, and battery temperature are selected as the five prediction 

variables (model outputs). Considering the fundamental physics and operational principles of 

electrochemical systems and the basics of thermal management systems, the following feature 

vectors (model inputs) specified in Table 8-2 are selected. 
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 Table 8-2 Feature vectors and prediction variables adopted in the present study 

Feature Vectors (Model Inputs) Prediction Variables 

(outputs)  

Vehicle-Speed FC H2 Flow FC Avg Min Voltage 

FC Stack Current H2 Pump Speed FC Stack Coolant Out T 

FC Stack Coolant In 

T 

H2 Humidity Stream 

Temp 

FC Air Outlet T 

FC Stack Coolant 

Flow 

H2 Post Injector Pressure LIB Voltage 

FC Stack Air In T LIB Current LIB Battery Temp 

FC Stack Air In P LIB SOC  

FC Air Flow LIB Intake Air T  

LIB Coolant In Temp   

 

8.4.2 Neural network architecture and hyperparameter tuning     

Determining the architecture and hyperparameter for a neural network to mimic the system is 

the most critical step in model development. Understanding the parameter correlation and 

nonlinearity of the system is necessary to select the activation function, hidden layers, and number 

of neurons. Considering the computational resources, shallow neural network architecture (two 

hidden layers) is preferred for automotive applications as deep neural networks require greater 

storage and higher computational power. An iterative approach chooses the hyperparameters and 

optimizers and correlates the performance and resultant processing time. A non-exponential 

activation function, the Rectified Linear Unit (ReLU), is selected due to its computational 

efficiency, nonlinearity, sparsity, and relatively quick convergence during training. Optimizing 

neural network architecture and hyperparameters involves combining domain knowledge and 

systematic experimentation. Considering the noise in the CAN data and the system's nonlinearity, 

a feed-forward neural network is chosen, as described earlier. In contrast, advanced time series-

dependent neural network architectures may not yield any significant improvements and 

sometimes even lead to higher errors in prediction attributes when the data is noisy. The Savitzky-

Golay filter [230] is tried with various observation windows and polynomials to smoothen the data 

without distorting the fundamental behavior of the attribute. Early stopping feature is implemented 
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to limit the epochs, prevent overfitting, and reduce training time. Any extreme outlier data points 

and noisy data attributes during the data acquisition process are omitted from the data set to prevent 

any bias or misleading patterns. The feed-forward neural network architecture developed is 

illustrated in Figure 8.5 and the tuned hyperparameters for the network are tabulated in Table 8-3.  

 

Figure 8.5 Schematic of the input, output and architecture of the neural network adopted in the present study. 

Table 8-3 Neural network hyperparameters optimized for the present study 

ANN Hyperparameters Final Value 

Feature Vectors (Inputs) 15 

Target Variables (Outputs) 5 

Number of Hidden Layers 2 

Number of Neurons for Hidden 

Layers 
250 – 1st layer, 150 - 2nd layer 

Activation Function ‘ReLU’ – 1, 2 Hidden layers 

Loss Function Mean Square Error - ‘MSE’ 

Optimizer 
Adam (Learning Rate – 0.005, beta_1 = 

0.975) 

Number of Data Points 21,146 (Split: 70-Training/30 Validation) 

Batch Learning 50 

Dropout Probability for Hidden 

Layers 
0.5 – 1st layer, 0.5 - 2nd layer 

Loss function MSE – Mean Squared Error 
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After tuning the neural network with the hyperparameters as given above, the prediction results 

after normalization are illustrated in Figure 8.6; here, the model can predict the output attributes 

with an accuracy of R-squared value greater than 0.98. In Figure 8.6 the points line up on the 

diagonal when the prediction and experimental values match, and the presence of the scattered 

points away from the diagonal suggests that some predictions are less accurate, which can be 

attributed to both noise in the dataset and the limitations of the model. There is a more significant 

spread of points at higher values, which might suggest that the data's noise or variability increases 

with the values' magnitude; however, it should be noted that the model should not be predicting 

the system noise as it indicates the overfitting of the model. In this case, the initial observation of 

the loss plot shows that training and testing losses are low and stable, suggesting that the model 

has effectively learned the patterns in the data without overfitting, making the model reliable for 

these regression tasks. 

 

 

Figure 8.6 Prediction accuracy of the trained neural network for various hybrid system attributes 

 

8.5 Results and Discussion  

This section evaluates the performance of the trained model in the prediction of the dynamic 

characteristics of the Mirai’s fuel cell-battery hybrid power system operating under various drive 
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cycles. Once the iteration results during the training are satisfactory, the input data from HwFET, 

FTP, and Gradient drive cycles are fed into the model as a time series (sequential) to assess the 

accuracy and the capability of the model developed. 

8.5.1 HwFET Cycle (Highway Fuel Economy Test) 

 The HwFET cycle simulates the usual highway driving conditions, which is relatively stable 

compared to the FTP or Gradient cycle. The average speed is around 77.7 km/h, and the maximum 

speed reached during the test is approximately 97 km/h (60 mph), including the acceleration and 

deceleration phases to mimic real-world driving. The vehicle's operating parameters during the 

HwFET cycle are the model's input to predict the hybrid power system dynamics. The predicted 

values from the trained model compared to measurement are illustrated in Figure 8.7, from which 

it can be concluded that the model performance during the near steady-state or limited transient 

conditions is excellent. The model could predict minor changes in the system outputs but does not 

follow the system noise, demonstrating its robustness.  

As it is seen from the vehicle speed subplot shown in Figure 8.8, the Mirai vehicle during 

HwFET is subjected to a hard deceleration and subsequent acceleration event that occurred around 

800 seconds. During this deceleration, the vehicle speed was dropped to zero and accelerated to 

60 km/hr; in this instance, a rapid change is observed in the fuel cell-battery hybrid dynamics 

where the average minimal fuel cell voltage falls below 0.6 V when the vehicle approached idle 

as both the hydrogen flow and fuel cell stack current drops to zero. On the other hand, LiB stack 

voltage spikes during deceleration because of the battery regeneration, which can be inferred from 

the negative LiB stack current. In both cases at the same deceleration instance, the model 

accurately predicts the drop in fuel cell voltage and increase in battery voltage during the 

deceleration by correlating the change in vehicle speed, hydrogen fuel flow, fuel cell, and battery 

current. Similarly, as the vehicle is accelerated, the fuel cell recovers or reverts back to the standard 

operating voltage of 0.8 V as the hydrogen flow is turned back on proportionally to the vehicle 

speed, and the LiB stack voltage falls back as the battery stack current is utilized for the vehicle 

acceleration. The temperature dynamics are relatively unchanged in the HwFET cycle, and the 

model could accommodate these minor changes by tracking these subtle changes. These results 

demonstrate the capability of the model to accurately predict the hybrid system dynamics by 
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correlating the vehicle's operational parameters in a near-steady state condition and during 

challenging decelerate-accelerate events. 

 

 

Figure 8.7 The performance of the present neural network model for the vehicle operating on HwFET (Highway Fuel Economy 

Test) Cycle. 
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Figure 8.8 The fuel cell-battery hybrid power system dynamics and the prediction accuracy of the developed neural network 

model during a vehicle deceleration and acceleration event for the vehicle operating on the HwFET (Highway Fuel Economy 

Test) Cycle. 
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8.5.2 FTP Cycle (Federal Test Procedure) 

 The FTP cycle is a standardized driving test to evaluate emissions and overall performance 

of a vehicle operating under various driving conditions, which is a relatively more transient drive 

cycle when compared to HwFET presented earlier. The average speed throughout the cycle is 

around 34.1 km/h, and the maximum speed reached during the test is approximately 91.2 km/h, 

including a mix of idling, acceleration, deceleration, and cruising phases to simulate real-world 

urban and suburban driving conditions. Like the case for HwFET, the vehicle's operating 

parameters during the FTP cycle are used as inputs for the model to predict the hybrid power 

system dynamics during the transient operation. The prediction performance of the trained model 

is illustrated in Figure 8.9. It is evident that the model prediction accuracy in extreme transient 

conditions is outstanding, similar to physics-based models mentioned in the literature [231], [232]. 

The model can also distinguish the system noise in extreme transient conditions to a certain extent. 

The extreme transient part of the FTP cycle is illustrated in Figure 8.10, where the vehicle is 

subjected to high-frequency acceleration and deceleration events in a short period. As observed 

from the first minute of the illustrated time series (between 3500 and 3550 seconds), despite the 

the vehicle being idle, the measured fuel cell voltage is at 0.8 V, the fuel cell stack current is around 

20 A, and hydrogen flow fluctuates around 0.5 kg/hr while the measured LiB stack current is 

around -20A and rising LiB voltage indicates that the fuel cell is recharging the battery as 

determined by the supervisory controller. Here, the neural network model accurately identifies the 

battery regeneration event at idle during the start of the second FTP cycle and not only accurately 

predicts the fuel cell and battery pack voltage simultaneously, but also captures the rising 

temperature dynamics accurately. On the other hand, there are two more instances between 3560 

and 3750 seconds where the vehicle is idle, and there is no battery regeneration; here, the model 

accurately distinguishes and predicts the voltage dynamics similarly. 

In the second (3600-3700 seconds) and third phase (3700-3800 seconds) of the drive cycle, the 

high-frequency vehicle acceleration-deceleration events pushes the hybrid dynamics into another 

zone where the bulk of the transient power demand is fulfilled by the fuel cell, and the battery pack 

supplements and regenerates during the peak transient conditions. Here, the model again 

accurately correlates the changing transients of the vehicle speed and operating parameters, such 

as hydrogen flow rate and current outputs, to predict the voltage and temperature dynamics without 
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any time delay (lag) associated with the reactant transport and diffusion dynamics, demonstrating 

the potential of the developed model for real-time application. 

 

 

Figure 8.9 The performance of the present neural network model for the vehicle operating on the FTP (Federal Test Procedure) 

Cycle. 
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Figure 8.10 The hybrid power system dynamics and the prediction accuracy of the developed neural network model during high-

frequency deceleration and acceleration events for the vehicle operating on the FTP (Federal Test Procedure) Cycle. 
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8.5.3 Gradient Cycle      

 The gradient cycle is a non-standard in-house drive cycle developed to subject the vehicle 

to high loads and speeds, extracting the rated power to understand the powertrain system behavior 

at extreme conditions, as typical automotive drive cycles do not cover the entire operating 

spectrum of the vehicle. Gradient cycle pushes the system performance to its design limits, as in 

this case, the vehicle hits the thermal derate to protect the fuel cell system from being exposed to 

excessive high operating temperatures. This cycle combines idle, steady-state, and transient modes 

where the operating parameters of the vehicle are fed as inputs to the model for the prediction of 

the powertrain system output attributes in extreme conditions. The measured and predicted results 

are illustrated in Figure 8.11, where a wide range of fluctuations in the system attributes, such as 

rising system temperatures and dropping voltages during acceleration, can be observed. Figure 

8.11 shows that the model prediction is in good agreement with the experimental data, 

encompassing the entire fuel cell hybrid operational spectrum, even for extreme conditions. 

Figure 8.12 illustrates the final phase, or the most challenging part of the gradient cycle, where 

the vehicle is subjected to transient driving conditions almost at rated power. In the first half of the 

illustrated timer series (between 20500 and 20800 seconds), the vehicle is subjected to quick 

deceleration followed by rapid acceleration at a high load in the second phase (after 20800 

seconds). As observed from Figure 8.12, the vehicle is operated in extreme conditions at almost 

thrice the hydrogen fuel flow rate and fuel cell stack current with fuel cell temperature dynamics 

consistently over 85ºC to reach a vehicle speed close to 120 km/hr. Here, the neural network model 

identifies both the deceleration and acceleration events under these extreme operating conditions 

and accurately predicts the wide swings in the fuel cell and battery voltages along with temperature 

dynamics.  

 The rapid change in the fuel cell temperature dynamics can be observed at the end of the 

deceleration and the start of the acceleration phase (20600-20900 seconds), where both the fuel 

cell coolant out and air (cathode) outlet temperatures fall and rise between 65C and 95C coupled 

with the swings in fuel cell voltage and LiB stack voltage. Here, the model correlates the extreme 

operating conditions and predicts the fluctuations in temperatures and voltages across all the 

transient phases without any significant changes in the prediction accuracy and also avoids 
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replicating the measurement noise to some extent, demonstrating the robustness and applicability 

of such models across broad operating spectrums.     

 

 

Figure 8.11 The performance of the present neural network model for the vehicle operating on the Gradient Cycle. 
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Figure 8.12 The hybrid power system dynamics and the prediction accuracy of the present neural network model during extreme 

driving conditions at the rated power for the vehicle operating on the Gradient Cycle. 

It is crucial to consider a range of error metrics that provide a more comprehensive assessment 

of the model's prediction accuracy. Metrics like Mean Absolute Error (MAE), Mean Squared Error 

(MSE), Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE) offer 

valuable insights into different aspects of prediction accuracy. MAE provides a straightforward 

measure of average absolute errors, MSE emphasizes more significant errors due to its squaring 
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nature, RMSE offers a measure of error magnitude that is interpretable in the same units as the 

original data, and MAPE gives an understanding of the average error as a percentage of the actual 

values. Considering these metrics together, as shown in Table 8-4, a more nuanced and complete 

evaluation of a model's performance can be achieved, especially in complex, nonlinear, or transient 

data. 

Table 8-4  Error attributes for the model predicted fuel cell-battery electric-electric hybrid power system attributes over the 

different drive cycles investigated. 

Cycle Predicted Parameter MSE RMSE MAE MAPE 

HwFET 

Fuel Cell Avg_Min_Voltage (V) 0.001 0.028 0.014 2.17% 

FC Coolant Out T (C) 2.802 1.674 1.004 1.92% 

FC Air Out T (C) 1.532 1.238 1.001 1.82% 

LIB Pack Voltage (V) 0.224 0.473 0.348 0.11% 

LIB Battery Temp (C) 0.021 0.146 0.113 0.50% 

FTP 

Fuel Cell Avg_Min_Voltage (V) 0.001 0.032 0.021 5.06% 

FC Coolant Out T (C) 1.617 1.271 0.925 1.70% 

FC Air Out T (C) 1.183 1.088 0.799 1.54% 

LIB Pack Voltage (V) 0.289 0.537 0.422 0.13% 

LIB Battery Temp (C) 0.015 0.122 0.096 0.41% 

Gradient 

Fuel Cell Avg_Min_Voltage (V) 0.000 0.014 0.009 1.32% 

FC Coolant Out T (C) 0.622 0.789 0.545 0.73% 

FC Air Out T (C) 1.514 1.230 0.728 1.00% 

LIB Pack Voltage (V) 0.361 0.601 0.449 0.15% 

LIB Battery Temp (C) 0.018 0.135 0.102 0.37% 

MSE – Mean Squared Error; RMSE – Root Mean Squared Error; MAE – Mean Absolute Error; 

MAPE – Mean Absolute Percentage Error 

 

The above results suggest that the trained machine-learning model has accurately predicted the 

Mirai vehicle’s critical fuel cell hybrid power system attributes, even under extreme transient 

operating conditions with noisy measurement and limited signal processing. The computational 

speed for each time step is around 740 Microseconds, or ~ 0.00074s, when operated on a computer 

equipped with an Nvidia Graphic Card – RTX 3070, 12th Gen Intel (R) Core (TM) i9-12900, and 

32GB of RAM. Considering the model development time, computational speed, and excellent 

prediction performance, the developed machine learning model has great potential for use in 

diagnostics and product development.   
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8.6 Summary 

In this study, a full-fledged machine-learning model based on a feed-forward neural network 

has been developed to model the dynamics of the fuel cell-lithium-ion battery (LIB) hybrid power 

system implemented in the 2021 Toyota Mirai 2nd generation fuel cell electric vehicle. The data is 

acquired from the vehicle in real-time during a chassis dynamometer test under various driving 

cycles, including the US Environmental Protection Agency’s Urban Dynamometer Driving 

Schedule (UDDS) and the Highway Fuel Economy Driving Schedule (HFEDS), Federal Test 

Procedure (FTP), Highway Fuel Economy Test (HwFET), Neutral Cycle, and Grade Testing 

Cycle. During the training and validation phase, the model utilizes the data generated from the 

vehicle’s onboard controller area network (CAN) bus and other data acquisition systems. Over 

21,000 data points across the different driving cycles are acquired from vehicle testing to 

understand the dynamic characteristics and nonlinearity of the fuel cell battery hybrid powertrain 

system under various operating conditions. After analysis, 15 operating parameters are chosen as 

the feature vectors for the neural network mode to predict the average minimum cell voltage, 

coolant, and cathode out air outlet temperatures of the fuel cell, along with LiB voltage and 

temperature. The hyperparameters used for training the neural network, testing cases, and resultant 

data spread are analyzed, and the trained model demonstrates excellent accuracy in predicting the 

fuel cell-battery hybrid power system dynamics with an R-squared value greater than 0.98. The 

neural network model performance across the various drive cycles representing steady state and 

extreme transient operating conditions is outstanding and robust despite measurement noise, 

illustrating their applicability in system development and onboard diagnostic systems.  
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Chapter 9 Conclusions and Future Work 

 

This study successfully explored the aspect of using artificial neural network (ANN) and 

support vector machine regressor (SVR) to develop various data-based models for electrochemical 

devices and thermal systems. Various data-based models are designed to predict multiple attributes 

of a fuel cell battery hybrid system at the component and system levels. This chapter summarizes 

the key conclusions derived from the research.   

9.1 Conclusions 

This study demonstrated the feasibility of developing a data-based model for 

electrochemical and thermal systems using machine learning algorithms trained on data derived 

from virtual simulations and laboratory experimentation.   

The feasibility of building accurate data-based models by solely relying on data derived 

from physics-based models is proven, reducing the necessity of extensive experimentation. When 

developing the surrogate models (digital twins) for the PEMFC based on data derived from 

the CFD model, it was found that the ANN was advantageous over the SVR, especially for solving 

multivariable input-output regressions. ANN thereby provided a better way to replicate various 

feature vectors' complex nonlinearity attributes to predict multiple system outputs. In 

contrast, SVR was advantageous for modeling simple regressions as it dramatically reduced the 

level of computation without sacrificing accuracy, making it ideal for predicting a single entity of 

a complex system. It can be concluded that ANN is preferred for instances where a single model 

predicts multiple electrochemical system attributes simultaneously, and SVR is preferred for cases 

where the model predicts a single attribute, such as system voltage or resistance. 

The electrode catalyst surface area and the total number of accelerated stress test (AST) 

cycles strongly correlate with electrochemical system degradation. Based on the correlation, this 

study demonstrated that predicting voltage degradation behavior can be formulated as a regression 

problem. Here, the endured accelerated stress test (AST) cycles or electrode catalyst surface area 

can serve as one of the inputs to the neural network to determine degradation level, providing an 

alternative technique for existing time series modeling.  The proposed data-based model developed 

on ANN was accurate and robust, requiring no additional data filtration or signal conditioning to 
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predict system output attributes. These results validate the model's applicability for steady and 

transition operations to predict reactant temperatures, pressures, and electrical attributes without 

any computationally intensive processing, demonstrating the feasibility of real-time onboard 

diagnostics. 

The LIB battery's heat release rate strongly correlates with its depth of discharge, and 

a novel hybrid data-based model, which combines Kalman Filter and ANN, is developed based on 

this correlation to predict the LIB's instantaneous heat release rate. The hybrid model was able to 

predict the cumulative heat output from the battery and control the thermal management 

system, demonstrating the data-based model's capability. Further, the hybrid model could compare 

the cumulative heat output predicted by various hybrid models and experimental/measured data to 

detect multiple sensor faults, demonstrating the applicability of such algorithms for onboard 

diagnostics. 

The system’s internal state, such as soot load for a particulate filter or state of charge for a 

battery, and operating conditions strongly correlate with exothermic behavior and thermal 

gradients. This study has demonstrated that the data-based models can predict the complex thermal 

gradients and temperature dynamics during an exothermic with great accuracy and fast 

computational speed by considering the system's internal state and operating conditions. These 

thermal gradient prediction results demonstrate that the data-based model can be an alternative to 

complex CFD models during product development to determine thermal management, cooling 

system design,  regeneration strategies, and onboard diagnostics. 

This study has demonstrated the pertinency of data-based models in a real-world scenario 

to predict the fuel cell-battery hybrid system dynamics by using drive cycle data at a vehicle level. 

When the ANN is trained on the data derived from various drive cycles, the model accurately 

predicts the system dynamics, including the electrical and thermal attributes. The model identifies 

the zones of battery regeneration and fuel cell-battery power split along with thermal derate and 

minimum cell voltages across different operating conditions without any objective functions or 

manual optimizations, thereby demonstrating the viability of such models in the future for field 

applications. 
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9.2 Future Work 

 

The modeling work presented in this thesis can further be expanded by developing 

advanced time series-based prediction models based on long short-term memory networks and 

transformers. A comparative study of improvement in accuracy, robustness, and computational 

time between various models can provide a unique perspective on understanding each modeling 

technique's pros and cons. Similarly, the data-based models can further be used to solve new 

challenges in the space of clean energy that aids in rapid commercialization and improves the 

safety of new electrochemical and thermal systems such as: 

1. Develop data-based models to predict the LIB's heat release rate during fast charging (3C-5C) 

and optimize real-time battery fast charging and thermal management. This model would help us 

understand the impact of fast charging on LIB thermal behavior and provide insights into the 

associated thermal runaway and aging factors. 

2. Development of a machine learning model to predict the internal temperature and current 

gradients in a PEMFC. Accurately predicting the cell's internal temperature and current 

distribution will help us determine the long-term aging gradients and flooding/reactant starvation 

zones inside the membrane electrode assembly. 

3. Develop advanced hybrid data-based models such as physics-informed neural networks to solve 

advanced electrochemical and thermal problems. Integrating the physics-based CFD, empirical 

models with ANN, or other time series-based machine learning algorithms can help predict 

PEMFC internal states such as state of health, electrode catalyst surface area, membrane hydration, 

and resistance more accurately. This type of modeling can play a critical role in developing next-

generation system controls as it brings the best of both worlds with the advantages of governing 

equations that determine the boundary conditions and the computational speed of black box 

modeling. 
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Appendices 

Appendix A 

Numerical example:  

Consider a network with input layer (𝑘 − 1) with two neurons, hidden layer (𝑘) with two neurons 

and sigmoid activation and output layer (𝑘 + 1) with 1 neuron and sigmoid activation. 

Numerical example:  

Consider a network with input layer (𝑘 − 1) with two neurons, hidden layer (𝑘) with two neurons 

and sigmoid activation and output layer (𝑘 + 1) with 1 neuron and sigmoid activation. Initially, 

the weights and biases for the neurons in the hidden and output layers are chosen at random. 

Network Input: 

𝐚(𝑘−1) = [0.6, 0.8] 

Network desired value (Target): 𝑦 = 1.0 

For hidden layer (𝑘): 

𝑊(𝑘) = [
0.1 −0.2
0.3 0.4

] 

 

𝑏(𝑘) = [
0.05

−0.05
] 

For output layer (𝑘 + 1): 

𝑊(𝑘+1) = [0.5, −0.6] 

 

𝑏(𝑘+1) = 0.1. 

 

Sigmoid function (𝜎) :     𝑓(𝑥) =
1

𝑒−𝑥+1
 

Sigmoid function derivative (𝜎′):   𝑓′(𝑥) =
𝑒−𝑥

(𝑒−𝑥+1)2  

𝑓′(𝑥) =
1

𝑒−𝑥+1
(1 −

1

𝑒−𝑥+1
)  
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𝑓′(𝑥) = 𝜎(1 − 𝜎) 

Forward Propagation: 

Hidden Layer Pre-Activation (𝑧(𝑘)): 

Compute the pre-activation for the hidden layer: 

𝑧(𝑘) = 𝑊(𝑘) ⋅ 𝑎(𝑘−1) + 𝑏(𝑘)
 

𝑧(𝑘) = [
0.1 −0.2
0.3 0.4

] ⋅ [
0.6
0.8

] + [
0.05

−0.05
] 

Calculating the dot product: 

[
(0.1)(0.6) + (−0.2)(0.8)
(0.3)(0.6) + (0.4)(0.8)

] = [
0.06 − 0.16
0.18 + 0.32

] = [
−0.1
0.5

] 

Add biases: 

𝑧(𝑘) = [
−0.1
0.5

] + [
0.05

−0.05
] = [

−0.05
0.45

] 

 

Hidden Layer Activation ( 𝑎(𝑘) ) : 

Apply the sigmoid activation function: 

𝑎(𝑘) = 𝜎(𝑧(𝑘)) =
1

1 + 𝑒−𝑧(𝑘) 

Compute for each element: 

𝑎1
(𝑘)

=
1

1 + 𝑒0.05
= 0.4875, 𝑎2

(𝑘)
=

1

1 + 𝑒−0.45
= 0.6106 

Thus: 
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𝑎(𝑘) = [
0.4875
0.6106

] 

 

Output Layer Pre-Activation (𝑧(𝑘+1)) : 

Calculate the pre-activation output for the output layer: 

𝑧(𝑘+1) = 𝑊(𝑘+1) ⋅ 𝑎(𝑘) + 𝑏(𝑘+1)
 

𝑧(𝑘+1) = [0.5 −0.6] ⋅ [
0.4875
0.6106

] + 0.1 

Calculate the dot product: 

𝑧(𝑘+1) = (0.5)(0.4875) + (−0.6)(0.6106) + 0.1 

𝑧(𝑘+1) = 0.2438 − 0.3664 + 0.1 = −0.0226 

Output Layer Activation ( 𝑎(𝑘+1) ): 

Apply the sigmoid activation: 

𝑎(𝑘+1) = 𝜎(𝑧(𝑘+1)) =
1

1 + 𝑒−𝑧(𝑘+1)

𝑎(𝑘+1) =
1

1 + 𝑒0.0226
≈ 0.4943

 

The predicted output is: 

𝑦̂ = 0.4943 

Error Calculation: 

The error is calculated using squared error loss: 

𝐸 =
1

2
(𝑦 − 𝑦̂)2
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𝐸 =
1

2
(1.0 − 0.4943)2 ≈

1

2
(0.5057)2 ≈ 0.1278 

 Error Signal calculation for output layer ( 𝛿(𝑘+1))  : 

𝛿(𝑘+1) = (𝑎(𝑘+1) − 𝑦) ⋅ 𝜎′(𝑧(𝑘+1)) 

The derivative of sigmoid: 

𝜎′(𝑧(𝑘+1)) = 𝑎(𝑘+1)(1 − 𝑎(𝑘+1))
 

𝜎′(𝑧(𝑘+1)) = 0.4943(1 − 0.4943) = 0.24997 

Calculating the output layer error signal ( 𝛿(𝑘+1) ) : 

𝛿(𝑘+1) = (0.4943 − 1.0) ⋅ 0.24997 = −0.1264 

 

Hidden Layer Error Signal ( 𝛿(𝑘) ): 

𝛿(𝑘) = 𝜎′(𝑧(𝑘)) ⋅ (𝑊(𝑘+1))
𝑇

𝛿(𝑘+1) 

Calculate 𝜎′(𝑧(𝑘)) : 

𝜎′(𝑧(𝑘)) = 𝑎(𝑘) ⋅ (1 − 𝑎(𝑘))
 

𝜎′(𝑧(𝑘)) = [
0.4875(1 − 0.4875)

0.6106(1 − 0.6106)
] = [

0.24985
0.23776

] 

Calculate (𝑊(𝑘+1))
𝑇

𝛿(𝑘+1); 

(𝑊(𝑘+1))
𝑇

𝛿(𝑘+1) = [
0.5

−0.6
] ⋅ (−0.1264) = [

−0.0632
0.0758

] 

Calculate dot product: 
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𝛿(𝑘) = [
0.24985
0.23776

] ⋅ [
−0.0632
0.0758

] = [
−0.0158
0.0180

] 

Determine new weight  𝑾(𝑘+1) : 

𝑊(𝑘+1) =  𝑊(𝑘+1) − 𝜂
𝜕𝐸

𝜕𝑊(𝑘+1)

𝜂
𝜕𝐸

𝜕𝑊(𝑘+1)
= 𝜂𝛿(𝑘+1) ⋅ (𝑎(𝑘))

𝑇
 

For 𝜂 = 0.1 : 

𝜂
𝜕𝐸

𝜕𝑊(𝑘+1)
= 0.1 ⋅ (−0.1264) ⋅ [0.4875 0.6106] =  [−0.0062 −0.0077] 

Updated weights: 

𝑊(𝑘+1) = [0.5 − 0.6] − [−0.0062 − 0.0077]  

𝑊(𝑘+1) = [0.4938 −0.6077] 
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Flow chart: Working of a shallow neural network: 
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Optimizers for neural networks  

1. SGD (Stochastic Gradient Descent) 

The weight update rule for SGD is: 

𝑊 = 𝑊 − 𝜂 ⋅ ∇𝐽(𝑊) 

Where: 

• 𝑊 is the weight vector. 

• 𝜂 is the learning rate. 

• ∇𝐽(𝑊) is the gradient of the loss function 𝐽(𝑊) with respect to the weights. 

 

Momentum: To accelerate convergence, Momentum adds a fraction of the previous update to the 

current update: 

 

𝑣𝑡 = 𝛽𝑣𝑡−1 + (1 − 𝛽)∇𝐽(𝑊)
 

𝑊 = 𝑊 − 𝜂𝑣𝑡 

Where: 

• 𝛽 is the momentum factor (typically 0.9). 

• 𝑣𝑡 is the velocity (momentum term). 

 

Preferable for small or moderate-size datasets requiring a simple, classical optimization technique, 

the Momentum can also help accelerate convergence.It is preferable for deep networks or when 

the loss landscape is complex with lots of local minima. 
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2. RMSprop (Root Mean Squared Propagation) 

RMSprop adjusts the learning rate based on the recent magnitudes of the gradients for each weight, 

where it divides the learning rate by the moving average of the recent squared gradients: 

𝑣𝑡 = 𝛽𝑣𝑡−1 + (1 − 𝛽)∇𝐽(𝑊)2

 

𝑊 = 𝑊 −
𝜂

√𝑣𝑡 + 𝜖
∇𝐽(𝑊) 

Where: 

• 𝑣𝑡 is the moving average of squared gradients. 

• 𝜂 is the learning rate. 

• 𝛽 is the decay factor (usually 0.9 or 0.99). 

• 𝜖 is a small constant (e.g., 10−8
 ). 

 

RMSprop is suitable for maintaining stability in the optimization process when the dataset has 

noisy gradients and works well for recurrent neural networks (RNNs) with high variance in the 

gradients (e.g., time-series analysis). 

3. Adam (Adaptive Moment Estimation) 

Adam combines the benefits of RMSProp and Momentum as it adjusts the learning rate for each 

parameter based on the gradients' first moment (mean) and second moment (variance). 

1. First Moment (mean of gradients): 

𝑚𝑡 = 𝛽1𝑚𝑡−1 + (1 − 𝛽1)∇𝐽(𝑊) 

2. Second Moment (variance of gradients): 

𝑣𝑡 = 𝛽2𝑣𝑡−1 + (1 − 𝛽2)∇𝐽(𝑊)2
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3. Bias Correction: 

𝑚̂𝑡 =
𝑚𝑡

1 − 𝛽1
𝑡 , 𝑣̂𝑡 =

𝑣𝑡

1 − 𝛽2
𝑡  

4. Weight Update: 

𝑊 = 𝑊 − 𝜂
𝑚̂𝑡

√𝑣̂𝑡 + 𝜖
 

Where: 

• 𝜂 is the learning rate. 

• 𝜖 is a small constant (e.g., 10−8
 ) to prevent division by zero. 

• 𝛽1 and 𝛽2 are the decay rates for the first and second moment estimates (typically 0.9 and 

0.999). 

 

When the dataset is significant, Adam is recommended to avoid manually tuning the learning rate, 

which is very efficient and generally requires less hyperparameter tuning, especially for deep 

networks, complex loss landscapes, and tasks like NLP, computer vision, and reinforcement 

learning. 
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Appendix B 

Physics-based semi-empirical PEMFC equations were used to generate Dataset1: 

1. 𝑣𝑓𝑐 = 𝐸 − 𝑣𝑎𝑐𝑡 − 𝑣𝑜ℎ𝑚 − 𝑣𝑐𝑜𝑛𝑐          (𝐵1.1) 

 

2. 𝐸 = 1.229 − 0.85 × 10−3(𝑇𝑓𝑐 − 298.15) + 4.3085 × 10−5𝑇𝑓𝑐 [ln (𝑝𝐻2
) +

1

2
ln (𝑝𝑂2

)]   (𝐵1.2) 

 

3. 𝑣𝑜ℎ𝑚 = 𝑖 ⋅ 𝑅𝑜ℎ𝑚;    𝑣𝑎𝑐𝑡 = 𝑣0 + 𝑣𝑎(1 − 𝑒−𝑐1𝑖); 𝑣𝑐𝑜𝑛𝑐 = 𝑖 (𝑐2
𝑖

𝑖𝑚𝑎𝑥
)

𝑐3

         (𝐵1.3) 

 

4. 𝑣0 = 0.279 − 8.5 × 10−4(𝑇𝑓𝑐 − 298.15) + 4.308 × 10−5𝑇𝑓𝑐 [ln (
𝑝𝑐𝑎−𝑝𝑠𝑎𝑡

1.01325
) +

1

2
ln (

0.1173(𝑝𝑐𝑎−𝑝𝑠𝑎𝑡)

1.01325
)]  (𝐵1.4) 

 

5. 𝑣𝑎 = (−1.618 × 10−5𝑇𝑓𝑐 + 1.618 × 10−2) (
𝑝𝑂2

0.1173
+ 𝑝𝑠𝑎𝑡)

2
+ (1.8 × 10−4𝑇𝑓𝑐 − 0.166) (

𝑝𝑂2

0.1173
+ 𝑝𝑠𝑎𝑡) +

(−5.8 × 10−4𝑇𝑓𝑐 + 0.5736)          (𝐵1.5) 

 

6. 

𝑣𝑓𝑐  = 𝐸 − 𝑣𝑎𝑐𝑡 − 𝑣𝑜ℎ𝑚 − 𝑣𝑐𝑜𝑛𝑐

 = 𝐸 − [𝑣0 + 𝑣𝑎(1 − 𝑒−𝑐1𝑖)] − [𝑖𝑅𝑜ℎ𝑚] − [𝑖 (𝑐2
𝑖

𝑖max
)

𝑐3
]
      (𝐵1.6) 

where 𝑣𝑓𝑐 is the final fuel cell output voltage, 𝐸 is the fuel cell, 𝑣𝑎𝑐𝑡 ,  𝑣𝑜ℎ𝑚  , 𝑣𝑐𝑜𝑛𝑐 refers to the 

fuel cell activation overpotential, ohmic overpotential, and concentration overpotential, 

respectively. 𝑖 is the fuel cell output current, 𝑅𝑜ℎ𝑚 is the membrane ohmic resistance, 𝑇𝑓𝑐 is the 

temperature of the fuel cell, 𝑝𝐻2
, 𝑝𝑂2

, and 𝑝𝑠𝑎𝑡 represents the partial pressures of water vapor's 

hydrogen, oxygen, and saturation pressure. 𝑐1, 𝑐2,  and 𝑐3 are the empirical coefficients. Further, 

the equations given above are described below: 

1. The net output of the fuel cell or terminal voltage is defined as the sum of reversible voltage, 

activation overpotential, ohmic overpotential, and concentration overpotential potentials; 

2. Reversible voltage E is calculated by using the Nerst equation, adapting the thermodynamic 

values of the standard entropy change; 

3. All the relevant overpotentials are defined  by correlating operational current, resistance, and 

empirical constants which are determined by regressions based on the experimental data; 

4 and 5.  𝑣0 and 𝑣𝑎 are dependent on the partial pressure of oxygen (slow cathode ORR rate), 

cathode operating pressure, saturation pressure, and fuel cell temperature. Saturation pressure is 

determined as a function of temperature  

6. Equation B1.6 is achieved by substituting equations B1.2, B1.3,B1.4, B1.5, into B1.1  



203 

 

Dataset 1 (physics-based semi-empirical data): 

 

Figure B.1: Raw data distribution and cross plots of Dataset 1 
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Dataset 2 (1-D CFD data) [31]: 

 

Figure B.1: Raw data distribution and cross plots of Dataset 2 
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