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Abstract 

 

Hybrid Neural Net and Physics Based Model of a  

Lithium Ion battery 

 

 

 

 

Rehan Refai, M.S.E 

The University of Texas at Austin, 2011 

 

Supervisor:  Dongmei Chen 

 

Lithium ion batteries have become one of the most popular types of battery in 

consumer electronics as well as aerospace and automotive applications. The efficient use 

of Li-ion batteries in automotive applications requires well designed battery management 

systems. Low order Li-ion battery models that are fast and accurate are key to well- 

designed BMS. The control oriented low order physics based model developed 

previously cannot predict the temperature and predicts inaccurate voltage dynamics. This 

thesis focuses on two things: (1) the development of a thermal component to the 

isothermal model and (2) the development of a hybrid neural net and physics based 

battery model that corrects the output of the physics based model.  

A simple first law based thermal component to predict the temperature model is 

implemented. The thermal model offers a reasonable approximation of the temperature 
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dynamics of the battery discharge over a wide operating range, for both a well-ventilated 

battery as well as an insulated battery. The model gives an accurate prediction of 

temperature at higher SOC, but the accuracy drops sharply at lower SOCs. This possibly 

is due to a local heat generation term that dominates heat generation at lower SOCs.  

A neural net based modeling approach is used to compensate for the lack of 

knowledge of material parameters of the battery cell in the existing physics based model. 

This model implements a neural net that corrects the voltage output of the model and 

adds a temperature prediction sub-network. Given the knowledge of the physics of the 

battery, sparse neural nets are used. Multiple types of standalone neural nets as well as 

hybrid neural net and physics based battery models are developed and tested to determine 

the appropriate configuration for optimal performance. The prediction of the neural nets 

in ventilated, insulated and stressed conditions was compared to the actual outputs of the 

batteries. The modeling approach presented here is able to accurately predict voltage 

output of the battery for multiple current profiles. The temperature prediction of the 

neural nets in the case of the ventilated batteries was harder to predict since the 

environment of the battery was not controlled. The temperature predictions in the 

insulated cases were quite accurate. The neural nets are trained, tested and validated 

using test data from a 4.4Ah Boston Power lithium ion battery cell. 
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Chapter 1: Introduction 

1.1.BACKGROUND 

A growing dependence on imported oil and increased awareness and concern 

about the impact of fossil fuel on the environment has spurred many automakers to focus 

on sustainable transport.  

General Motors launched the EV1 in 1996 which was the first mass produced 

electrical vehicle from a major automaker [1]. Powered by a 533kg Lead acid battery, the 

car was received with enthusiasm but poor range and long recharge time led to its 

cancellation in 1999. Today, battery powered vehicles, whether all electric, PHEV (Plug 

in hybrid electric Vehicle) or HEV (Hybrid Electric Vehicle) have far better performance 

and offer the consumer a green alternative to traditional internal combustion engine 

vehicles. One of the major factors promoting the use of battery powered or battery 

assisted vehicle propulsion is the use of better battery technology. Lithium ion batteries 

offer an excellent solution to this problem. 

Over the past decade, lithium ion batteries have become one of the most popular 

types of battery in consumer electronics as well as aerospace and automotive 

applications. Lithium ion batteries provide a high energy density and a high power 

density source for use in many current PHEV (Plug in hybrid electric Vehicle) and HEV 
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(Hybrid Electric Vehicle) designs. In such applications, these batteries are often under 

high stress, with transitions between low and high discharge rates in quick successions. 

The performance and life of the battery is highly affected by the control strategy for 

transient power management, which requires accurately knowledge of the battery state of 

charge as well as the lithium ion concentrations at the electrodes. Since these cannot be 

directly measured, an accurate model of the battery dynamics is needed. This model is 

also required to be simple and computationally efficient enough so that it could be 

implemented in a real time electronic powertrain control unit. 

1.2.A BRIEF OVERVIEW OF SECONDARY CELLS  

A battery is composed of one or more cells. Each cell has a positive electrode and 

a negative electrode immersed in a conductive electrolyte that allows the free transport of 

ions between the two electrodes. When the cell is connected to a load, a current of 

electrons flow through the external circuit, while a proportional amount of positive ions 

travel from the negative to the positive electrode. Thus an electrochemical reaction 

occurs. In a primary cell, this electrochemical reaction cannot be reversed. In other 

words, the battery cannot be recharged. Secondary cells however can be recharged by 

running a current through them to reverse their electrochemical reactions. Thus secondary 

cells can be reused hundreds or thousands of times. Four major battery chemistries 

dominate the market: lead acid, nickel cadmium, nickel metal hydride and Lithium Ion. 
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1.2.1. Lead Acid Batteries 

Lead Acid batteries are the oldest type of secondary cells, invented in 1859. The 

cells have a high power to weight ratio, but low energy to weight and energy to volume 

ratios. The electrodes are made of lead with a sulfuric acid electrolyte. The positive and 

negative electrodes are designated during the initial charge. During the initial charge, one 

electrode is oxidized to Lead Oxide (    ) becoming the positive electrode. The 

negative electrode is still Lead (Pb). Being inexpensive to manufacture and easy to 

maintain, lead acid batteries are widely used in cars as a starter, in small EVs such as golf 

carts, as well as long term storage solutions. Lead acid batteries however have poor cycle 

life and lower gravimetric energy density [2]. 

1.2.2. Nickel Cadmium 

Nickel Cadmium cells were invented in 1899 and were used in situations where 

more energy was needed. These batteries use nickel oxide hydroxide ( 𝑖     ) and 

Cadmium (  ) as electrodes, and an alkaline electrolyte, usually potassium hydroxide 

(   ) [2]. They have a nominal voltage of 1.2 V which is lower than the 1.5 V of 

primary cells. The voltage output is nearly constant which makes reading the state of 

charge difficult. NiCad batteries are highly tolerant to deep discharges and can be stored 

fully discharged. However, cadmium is an environmental hazard and highly toxic, 

rendering the battery environmentally unfriendly. NiCad batteries also typically cost 

more to manufacture than other battery types [2]. 
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1.2.3. Nickel Metal Hydride Batteries 

Having double the energy density of lead acid batteries, these batteries evolved 

from the nickel hydrogen batteries used in satellites. NiMH batteries use a hydrogen 

absorbing alloy for the negative electrode instead of cadmium, but the same positive 

electrode as NiCad batteries [2]. NiMH batteries have an operating voltage of 1.2 V, an 

energy density of 80 Wh/kg and an energy efficiency of 65% [2]. NiMH cells also 

demonstrate high cycle life and can operate without the same charge and discharge 

limitations of NiCd cells. NiMH batteries do not use cadmium rendering them more 

environmentally friendly than NiCd. Introduced in 2005, low self-discharge (LSD) NiMH 

batteries offer increased shelf life, and are ideal for high energy requirement applications, 

such as photography, as well as long term intermittent use applications, such as remote 

controls and video game controllers. However, over the life of the battery, NiMH 

batteries steadily increase in self-discharge over the life of the battery.  NiMH batteries 

also suffer from patent encumbrances that prevent smaller companies from using the 

technology as well as restrict the availability of these batteries. [4] 

1.2.4. Lithium Ion Batteries 

Lithium Ion batteries use a carbon anode, and a metal oxide cathode and a lithium 

salt in an organic solvent electrolyte [5]. The anode material is usually graphite. The 

cathode chemistries are varied and include lithium cobalt oxide, iron phosphate, and 

manganese dioxide spinel. Each battery cathode configuration allows for slightly 

different battery performance, and the choice of cathode chemistry is application specific. 
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Most configurations offer a nominal voltage of 3.7 V and energy densities of 80-150 

Wh/kg.  They have high energy density, no memory effect and lose charge slowly when 

not in use. Li-ion batteries are extremely sensitive to operation outside the safe operating 

area and require a Battery management system to prevent damage to the cell. They can 

also explode, or ignite when exposed to high temperature [5]. 

There are three major driving requirements for the power system of an 

automobile: Long driving range capability, fast charge or discharge, and long system life. 

Long driving range requires high energy density power sources. High power density 

supplies are capable of high discharge rates as well as high charge rates. A long system 

life that is capable of sustaining vehicle range and performance over the standard 10 year 

operational window without critical maintenance or replacement is required [5]. 

Of the various battery chemistries presented, Li-ion and NiMH are the most 

viable for the automotive market since they offer high energy and power density for their 

weight NiMH batteries offer long operating life. For example, over 50% of Toyota RAV4 

EVs released between 1997-2003 using NiMH batteries are still in use today [6]. New Li-

ion batteries in development today offer unsurpassed longevity as well. An Audi A2 

utilizing a Lithium Polymer battery set a world record 600 km distance travelled on a 

single charge on October 26 2010 [7]. 

1.3. MOTIVATION 

The safe operation and durability of EVs and its derivative vehicles depend on 

efficient Battery Management Systems (BMS). These systems allow batteries to be 
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managed properly to ensure reliability and minimize the risk of failure while maximizing 

life of the battery. BMS monitors the state of the battery, usually the State of Charge, or 

Depth of Discharge, voltage output, temperature and the current in to out of the battery. 

The BMS may also include circuitry to optimize the battery capacity and usage, either by 

current management, protection from operating outside its safe operating area or 

environment control (for example, heating or cooling the battery as required). SOC 

estimation is extremely important in determining overall vehicle power management 

strategy [8]. Temperature is also extremely important for safety and efficient operation of 

Li-ion cells.  

Dynamic physics based models of Lithium ion batteries are important for the 

design and implementation of efficient battery management systems. To obtain a fast and 

accurate control-oriented model, a low order coupled thermal and electrochemical model 

needs to be developed. In order to fully capture the behavior of a lithium-ion cell, 

thermodynamic effects must be considered. It is well known that thermal runaway is the 

most dangerous failure condition in lithium-ion cells. This phenomenon can result in the 

ignition of the cell causing damage to the cell (and surrounding cells in the case of a large 

multi-cell battery pack). Most existing battery management systems implement 

temperature measurements in order to ensure all cells are operating within the acceptable 

range. However, proper modeling of the battery to effectively simulate the thermal 

dynamics during charge and discharge can help prevent such failures 
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During the course of modeling the physics of the battery, accurate information 

about many physical parameters of the battery may be unavailable due to the proprietary 

nature of most batteries. Thus it would be hard to build a physics based model to describe 

the electrochemistry as well as the output behavior of the battery accurately.  In addition, 

if a different battery of similar type but different configuration is used, the battery model 

configuration is different, and the physics based model must be updated with new 

information about the physical parameters of the battery, which, as stated before, can 

often be extremely difficult to obtain. 

Neural nets enable us to use a black box based modeling approach to address 

these problems. A well designed neural net model can give us reasonably accurate 

approximation of battery discharge behavior because of its powerful mapping 

capabilities. A standalone neural net can be trained using data from the battery, and can 

simulate the output of a battery to reasonable accuracy. Any changes in the actual battery 

or the operating conditions of the battery can be easily incorporated into the battery by 

simply training the neural net with information from the actual battery obtained in the 

new operating conditions. 

If we have a partially correct model that is well known, we can compensate for 

the lack of information about battery parameters. A hybrid model allows us to build a 

model that combines the well-known part of the physics based model with a neural net 

model that would act as a corrective influence [5, 9, 10]. The following lists the salient 

features of neural nets: 
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1. An accurate low order model for one battery may be extended to provide 

information about the behavior of another battery using a corrective neural net 

albeit for similar battery chemistries. For example, if a battery with a certain 

electrolyte is exchanged in use for a battery with a different electrolyte, the 

battery model can be easily trained with test data from the new battery to 

predict the behavior of the new battery. 

2. Changes in any battery parameter can be easily implemented by retraining the 

neural net to be consistent with the new output. 

3. The model can be tuned to mimic the actual behavior of the battery accurately 

even in the face of changing battery behavior. For example, if the battery 

capacity is fading due to age or repeated cycling, the model can be trained to 

mimic the new battery behavior. 

A standalone neural net can reasonably approximate battery behavior if it is 

trained with information that is sufficiently diverse, encompassing a wide variety of 

battery behavior. However, if presented with an input that is significantly different from 

the training set, the output of the standalone neural net will not be accurate. The 

significant change of the input could be handled by the physics-based model. The 

inaccuracy of the physics-based model can be compensated by the neural net model in a 

hybrid structure.  

This approach to modeling can be used for any type of battery. The complexity of 

the neural net determines the accuracy of the model.  
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1.4. NOMENCLATURE   

𝑎𝑠  Active surface area per electrode unit volume 

𝐴  Electrode plate area 

   Bias 

𝑐  Average concentration of lithium in a phase 

𝑗
 

  
  Average exchange current density of an electrode reaction 

𝑗
  

  Average reaction current resulting in consumption or production of Li 

𝑄  Capacity 

𝑅  Universal Gas Constant 

𝑅𝑓  Film resistance on an electrode surface 

𝑡  Time 

𝑈  Open Circuit Potential of an electrode reaction 

𝑇   Electrode solid phase stoichiometry 

𝑤   Weight of connection (neural net) 

𝑋   Inputs to the Neural net 

𝑥  Neuron signal input 
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𝑌  Output of the Neural Net 

𝑦  Neuron signal output 

       Anodic and cathodic electrode reaction charge coefficients 

𝛿  Layer thickness 

𝜖  Volume fraction or porosity of a phase 

   Surface overpotential of an electrode reaction 

   Conductivity of an electrolyte 

  Conductivity of solid active materials in an electrode  

   Volume-averaged electrical potential in a phase 

  Activation Function 

Subscripts: 

𝑒  Electrolyte phase 

𝑠   Solid phase 

𝑠𝑒   Solid phase at solid/electrolyte interface 

𝑠𝑚 𝑥 Solid phase theoretical maximum limit 

𝑛  Negative electrode region 

𝑝  Positive electrode region 
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𝑒𝑓𝑓   Effective 

𝐿𝑖   Lithium Species 

   Neural Net 

𝑥  Denotes place holder for either 𝑛 or 𝑝  

 

1.5.THE STATE OF THE ART 

1.5.1. Physics Based Battery Modeling 

Basic Background 

A Li-ion cell consists of two porous electrodes and an electrolyte suspended in an 

insulating separator that. The porous electrodes are usually modeled as a set of spherical 

particles. Lithium Ions diffuse from the bulk of the solid active material to the solid 

electrolyte interface (SEI). Here the lithium is transferred to the electrolyte phase via an 

oxidation reaction. The electrode half reaction is  

 𝐿𝑖𝑥    𝑥𝐿𝑖  𝑥𝑒     (1.1) 

 

The ion moves through the separator towards the positive electrode where it reacts 

with the SEI in a reduction equation. The half reaction here is: 

 𝐿𝑖  𝑥  𝑥𝐿𝑖  𝑥𝑒   𝐿𝑖  (1.2) 
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Figure 1.1: Lithium Ion Battery during charging and discharging 

Electrochemical Models 

Electrochemical models are based on the electrochemical processes taking place 

in a battery during charge, discharge, or shelf time [11]. The primary formulation in 

literature for lithium ion battery models comes from two major works by Doyle, Fuller 

and Newman in [12] and [13]. In these papers, the electrochemical process describing the 

battery process is developed as a set of six nonlinear differential equations. These 
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equations can be solved simultaneously to determine battery voltage and current as 

functions of time as well as electrode and electrolyte phase potentials, salt concentration, 

reaction rate, and current density in the electrolyte. All of them are functions of both 

spatial position and time in the electrode [11]. These equations are complex and not 

suitable for fast simulation and model based control, however, they do provide highly 

accurate battery dynamics given the appropriate physical material parameters [11]. 

Thermal = Electrochemical Coupled models 

Pals and Newman [14] implement an energy balance in the model by Doyle et al 

[14.]. In this case insertion electrodes are modeled using porous electrode theory 

assuming a constant diffusion coefficient in the solid phase. However, Rao and Newman 

[16] showed that this approach is only accurate at low discharge rates, described as 

conditions of uniform reactions distribution. Botte et al. [17] extend the model to include 

a side reaction that describes the heat generated by the negative electrode decomposition. 

The model developed by Pals and Newman was augmented by Gomadam et al. 

[18] and Gu et al [19] to calculate local heat generation instead of using a lumped model. 

This approach was validated using cylindrical 18650 cells. The voltage-time predictions 

of the model agreed well qualitatively and quantitatively with the experimental data; 

however, the temperature-time outputs were not consistent with the experimental data. 
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1.5.2. The Simulink Model 

This model was built in Simulink
®
 by and is fully documented in [5]. The model 

is modified in this research to take into account the thermal dynamics of the system in 

accordance with [20]. The model takes the current demand, the initial temperature of the 

battery and the initial state of charge as inputs and outputs the voltage, temperature and 

state of charge of the battery during runtime.  

Figure 1.2 shows the top level schematic of the physics based battery model. The 

model developed for this research is based on an averaging approach similar to [21] 

ignoring spatial and temporal gradients across the cell.  

 

Figure 1.2: Top Level Simulink model Schematic 

State of Charge Estimation 

The state of charge (SOC) for this model is a direct function of the maximum 

rated charge capacity 𝑄𝑚 𝑥  and the current demanded from the battery. The SOC is 
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equal to 1 at maximum charge and 0 when the cell is depleted. The SOC in this modeling 

approach is fully determined by the time history of the current demand and the 

assumption is that the cell is capable of utilizing the full rated capacity with no efficiency 

loss. Equation 1.3 shows the calculation of the state of charge: 

 
𝑆   𝑡  𝑆          

 

𝑄𝑚 𝑥 
∫ �̇� 𝑡

 

 

 
(1.3) 

Terminal Voltage 

Terminal voltage of the battery is of primary interest to us and can be written as a 

function of the overpotential  , electrolyte potential , thermodynamic potential U, and 

ohmic potential due to film resistance on the electrode. This equation forms the high level 

structure of the battery model. All of the terms are based on the assumption that spatial 

gradients of the field variables are ignored. Equation 1.4 illustrates the terminal voltage 

calculation. 

 
𝑉 𝑡      

 
  

 
    

  
  

  
  (𝑈 (𝑐𝑠  

)   𝑈 (𝑐𝑠  
))  𝑅𝑓   

(1.4) 

Overpotential  

The overpotential (or sometimes known as overvoltage) is caused by the 

electrochemical reactions and concentration deviations in a lithium ion cell. This drop in 

overall cell voltage is required to provide a driving force to move electrons and ions from 

one electrode to another [10]. Equation 1.5, calculates the overpotential terms: 
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(1.5) 

where 𝑥 can be either the negative or the positive electrode. The exchange current density 

𝑗  for each electrode can be calculated from Eq 1.6, using the Lithium ion concentrations 

at the electrodes. 

 𝑗 𝑥
 𝑐 𝑥

   (𝑐𝑠𝑚 𝑥𝑥
 𝑐𝑠 𝑥

)
  

𝑐𝑠 𝑥
    

(1.6) 

 

We can calculate the solid concentration of lithium at the electrode-electrolyte 

interface as a direct function of the SOC and the reference stoichiometry of each 

electrode in Eq 1.7. 

 𝑐𝑠 𝑥
 𝑡  [𝑆   𝑡  (      

     
)     𝑥

]  𝑐𝑠𝑚 𝑥𝑥
 (1.7) 

 

  The average reaction current 𝑗
𝑥

  
 is calculated by Eq 1.8. The Butler Volmer 

Equation normally gives the current distribution along the electrode, but this distribution 

is ignored and an average value for solid concentration is assumed instead. 

 
𝑗
𝑥

  
 

 

𝐴𝛿𝑥
 

(1.8) 

Electrolyte Potential 

The potential in the electrolyte for the averaged model neglects concentration 

distributions and therefore represents the potential drop due to uniform conductivity 
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losses in the electrolyte phase. The equation for the electrolyte potential based on the 

averaging approach is a direct function of the current demand and the material properties. 

 
   

    
   

 

 𝐴
 

𝛿 

𝑘 
 𝑓𝑓

 
 𝛿𝑠  

𝑘𝑠  
 𝑓𝑓

 
𝛿 

𝑘 
 𝑓𝑓

  
(1.9) 

Thermodynamic Potential  

The total thermodynamic potential 𝑈 of a lithium ion cell is the maximum energy 

potential of the battery defined by its chemical composition and the available solid 

concentrations at the solid-electrolyte interface. The relationship between this potential 

and the available lithium concentration at the negative electrode is determined 

empirically from half-cell reaction test data based on a lithium-graphite electrode. The 

equation for the negative electrode is taken from [22] and can be expressed as shown in 

1.10. 

 𝑈                              
     

 
                               

 
  

(1.10) 

         𝑒                    𝑒                  

 

The relation for the positive electrode is as described in [23] and is shown below 

(Equation 1.11) 

 𝑈 (  )           
         

          
   

           
          

            (1.11) 
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                 𝑒        
   

  

 

The variables   and    represent a ratio of the solid concentration at the solid 

electrolyte interface to the maximum solid concentration available at each of the 

electrodes. This ratio is demonstrated as 

 
 𝑥  

𝑐𝑠 𝑥

𝑐𝑠𝑚 𝑥𝑥

 
(1.12) 

Ohmic Potential  

The last term in Eq 1.4 is the potential drop due to the voltage drop caused by 

lithium-cell film resistance. Lithium ion battery cells usually form a thin Solid-

Electrolyte interface film during the first few charge and discharge cycles of the battery 

cell [24]. This resistive term contributes to a loss in cell potential while passing current. 

Equation 11 describes the terminal voltage drop due to the film resistance. 

 𝑉𝑓  𝑅𝑓  (1.13) 

 

1.5.3. Neural Nets 

Artificial Neural Networks (ANNs) attempt to emulate information processing 

capabilities of biological nervous systems. ANNs can be used to model complex input-

output relationships, working well with imprecise and noisy data while exhibiting 
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nonlinearity, adaptivity and fault tolerance. This makes them a powerful tool for 

information processing [9, 25].   

Neural nets comprise a number of interconnected neurons. These connections 

have weights associated with them. These weights are either pre-determined or 

determined via training. Connections between neurons can be feed-forward or feedback 

(recurrent). The latter allows for better modeling of dynamic systems because they can 

take into account information from the previous time steps [6]. The output of each layer 

of neurons is given by  

 

   𝑦   (∑𝑤 𝑥   

 

   

) 

(1.14) 

where   is the total number of neurons in the layer, 𝑥  is the input to each neuron, 

and 𝑤  is the weight associated with the neuron. The bias   is added to the neuron after 

the summation of the products of the input and the weights, and the resulting term is 

passed through an activation function     to obtain the output of the layer. Popular 

activation functions include the radial basis function, the tangential sigmoid and the 

logistic sigmoid.  

There are two major types of neural nets being considered – Feed forward and 

feedback/recurrent neural nets. In a feed forward neural net, the connections between 

units do not form cycles.   Feed forward Neural Nets usually produce a response to an 

input quickly. Most feed forward neural nets s can be trained using a wide variety of 
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efficient conventional numerical methods. Feed forward nets include linear nets, 

multilayer perceptrons, radial basis networks, classification problems and regression nets. 

In a feedback or recurrent neural net, there are cycles in the connections. In some 

feedback neural nets s, each time an input is presented, the NN must iterate multiple 

times before it produces a response. Feedback neural nets  are usually more difficult to 

train than feed forward NNs. Common Recurrent neural nets include Boltzmann 

Machines, time delay neural nets, Elman neural nets  and recurrent time neural nets. 

1.5.3.1.Activation functions 

Activation functions define the output of each neuron in a neural net [25]. In its 

simplest form, activation functions form a binary on-off switch. Activation functions for 

the hidden layers introduce nonlinearity into the network. It is the capability to represent 

nonlinear functions that makes multilayer networks powerful. Almost any nonlinear 

function is effective, except for polynomials. For Back-propagation learning, the 

activation function must be differentiable, and it helps if the function is bounded; the 

sigmoidal functions such as logistic and tangential sigmoid as well as the Gaussian 

function are the most common choices [25]. Functions such as tanh or arctan that produce 

both positive and negative values tend to yield faster training than functions that produce 

only positive values such as logistic, because of better numerical conditioning. Some 

common activation functions are discussed here. This overview is taken from a textbook 

by Rojas [25]. 
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1. Linear Activation function: This is a transfer function that outputs the weighted 

sum of the input. This essentially acts as ‗no activation function‘ and transfers the 

input directly to the output. This is used for continuously valued targets with no 

known bounds. In other words:  

 𝑓 𝑎  𝑎 (1.15) 

 

 

Figure 1.3: Linear activation function 

 

2. Logistic sigmoid: Sigmoid functions are very similar to the input-output 

relationships of biological neurons. Since the derivatives of sigmoids are easy to 

calculate, training algorithms applied to sigmoid networks are highly efficient. 

The logistic sigmoid is defined as 

 
𝑦  

 

  𝑒  𝑥
 

(1.16) 
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where x is the input and a is the slope parameter [25]. This activation function is 

highly versatile and is very good for continuous targets with a bounded range as 

well as binary targets.  

       

Figure 1.4: Logistic Sigmoid activation function 

3. Tangential Sigmoid: The tangential sigmoid is similar to the logistic sigmoid, but 

the bounds of its output are -1 and 1. The common equation for a tangential 

sigmoid is:  

 
𝑓 𝑥  

 

  𝑒  𝑥
 

(1.17) 
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Figure 1.5: Tangential Sigmoid activation function 

4. Radial Basis function: The value of a radial basis function depends only on its 

distance from the center. The radial basis function has a maximum of 1 when its 

input is 0. A radial basis neuron acts as a detector that produces 1 whenever the 

input p is identical to its weight vector w. Many forms of the radial basis function 

may be implemented. One of the most common is the Gaussian function  

 

 𝑓 𝑥  𝑒       (1.18) 

 

Figure 1.6: Radial Basis Activation Function 
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5. Step function: The output of a step function is 0 until the weighted input sum hits 

a certain threshold. After this, the output is a constant, usually1. Step functions 

are normally used for classification. A combination of step functions can be used 

for solving complicated clustering and classification problems. However it is not 

relevant to our problem. 

6. Exponential Activation functions: used for positive target values which have no 

upper bounds. This was not considered and is not relevant to this thesis. 

For hidden units, sigmoid activation functions are preferable to threshold 

activation functions. Networks with threshold units are difficult to train because the error 

function is stepwise constant, hence the gradient either does not exist or is zero, making it 

impossible to use back-propagation or similar efficient gradient-based training methods. 

Even for training methods that do not use gradients--such as simulated annealing and 

genetic algorithms--sigmoid units are easier to train than threshold units. With sigmoid 

units, a small change in the weights will usually produce a change in the outputs, which 

makes it possible to tell determine the effect of any change in the weights. With threshold 

units, changes in the weights often produce no change in the outputs, 

1.5.3.2.Training the Neural Net 

To obtain suitable outputs from the neural net, it is required that we train the 

neural network to approximate the system that we are trying to model. There are three 

major ways of training neural nets: 
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1. Supervised Learning: In supervised learning, neural nets are trained using known 

and accurate output values from either the system being approximated or a model 

of the system. A cost function is used to minimize the output error while the 

network is being trained.  A supervised training method that is used in training 

Multilayer perceptrons as well as sparse neural networks is the Back-propagation 

algorithm. This algorithm is discussed in detail later. Supervised learning is 

commonly used for pattern recognition and function approximation.  

2. Unsupervised learning: Here, the output of the system is not known, but the inputs 

to the system are known. A cost function is used to minimize error. Unsupervised 

learning is effective in training systems that are estimation problems. 

3. Reinforcement Learning: In this case, the input of the system is not known, but 

generated by the system based on its interaction with the environment. The aim of 

using reinforcement learning is to determine a decision making process for the 

system in its interactions with the environment. This type of learning is used for 

sequential decision making problems, such as dynamic programming and control 

problems. A problem that is commonly solved using reinforcement based learning 

is the training of a robot to solve a maze.  

 

1.5.3.3.The Back Propagation Algorithm 

The back-propagation algorithm for training of ANNs was popularized by 

Rumelhart et al. in 1986 [26]. Back-propagation is the generalization of the Widrow-Hoff 
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learning rule for multiple-layer networks and applicable to nonlinear differentiable 

transfer functions. Input data and the corresponding target data are used to train a 

network until it can accomplish a training goal.  

Since it is a supervised training algorithm, it requires both inputs and outputs of 

the system to be known. It is most useful for feed-forward networks. The learning 

(training) process adjusts the unknown network parameters such as weights or biases in 

order to minimize a performance index such as least mean square error function. 

These adjustments are accomplished by the back propagation of error in the 

network. This training happens in two phases: A forward propagation and a weight 

update through the back propagation of error.   

1.5.3.4.Dynamic Neural Nets 

Recurrent Neural Nets (RNNs) are used effectively to simulate recurrent dynamic 

neural nets. RNNs can store the state of a system from a previous step and use it in 

calculations. This allows for modeling dynamic systems accurately. The output of a 

dynamic network depends on both the current state of the system, as well as the previous 

inputs to and the previous state of the system. 

1.6.EXPERIMENTAL SETUP  

Figure 1.7 provides a brief overview of the test set up used for all the experiments 

in this thesis. The test setup is discussed in detail by Yayathi in [5]. 
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Charging the battery is performed by an Amrel SPS 420 power supply. An Amrel 

PLW 420 eLoad was used to perform the discharge tests.  The system is capable of 

testing 5.5 Ah at the 20C discharge. Data Acquisition is performed by a National 

Instruments CompactRio. The system includes voltage measurement and temperature 

measurement modules as well as a digital I/O module.  The system is connected to a Dell 

Workstation PC which serves as a communication hub over LAN. The experiment is 

controlled using LabView as well as proprietary Amrel software.  

Boston Power Swing 4400 [27] batteries were used to perform all battery tests. 

These batteries at 4400 mAh Lithium ion cells with a nominal voltage of 3.7 V, a 

maximum voltage of 4.2 V. It has 11A continuous discharge and 22A pulse discharge 

capabilities [5].  
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Figure 7: Experimental Setup [4] 
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1.7.PROPOSED WORK 

1.7.1. Thesis Overview 

Chapter 1 presents the background for the project, as well as the specifics of the 

problem that we are working on. Chapter 2 describes a method to augment the existing 

battery model with thermal dynamics. Chapter 3 presents a novel hybrid neural net and 

physics based battery modeling technique. It also outlines the design and validation of 

standalone as well as hybrid neural net models of the battery.  

1.7.2. Objectives 

1. Add thermal dynamics to the existing battery model 

2. Create a purely neural net based model 

3. Create a hybrid neural net and physics based model 

4. Simulate and validate the above models 
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Chapter 2:  Thermal Modeling 

2.1. THERMAL AND ELECTROCHEMICAL COUPLING:  

Temperature dependent properties are needed to couple the thermal model of the 

battery with the electrochemical model. The dependence of these properties can be 

described by the Arrhenius equation (Equation 2.1): 

 
     𝑓    [

      

𝑅
 

 

𝑇  𝑓
 

 

𝑇
 ] 

(2.1) 

where   is a general variable representing the diffusion coefficient of a species, exchange 

current density of an electrode reaction, etc. and the subscript 𝑟𝑒𝑓 indicates a value at a 

reference temperature, normally room temperature.        is the activation energy of the 

property   that represents the temperature sensitivity of that property. 

2.2. FULL CELL LUMPED THERMAL MODELS 

Two types of lumped thermal models were studied. One model used a lumped 

Heat Generation term. This was the simplest and the easiest to implement. The other 

model calculated localized heat generation. 

2.2.1. Lumped Heat Generation 

As discussed before, Pals and Newman [15] implemented an energy balance in 

the model by Doyle et al [15]. This approach was studied and implemented in the model.  

The assumptions used here are:  



31 

 

1. The temperature is uniform throughout the cell at any given instant of time 

2. The heat capacity of the cell is calculated as the weighted average of all the 

components of the cell and is assumed to be a constant evaluated at 𝑇       

3. Enthalpy of mixing, and phase change terms are neglected.  

The energy balance is of the form given by Bernardi et al. [28] and is given by 

Equation 2.2 in its simplified form below: 

 
𝑄   (𝑉   𝑉  𝑇

 𝑉  

 𝑇
  )   𝑇  𝑇𝑠      

 𝑇

 𝑡
   

(2.2) 

where 𝑉   is given by the following relationship 

 𝑉    𝑠     (2.3) 

where  𝑠 and    are the local potentials of the solid and electrolyte respectively.   

The term   𝑉   𝑉  is the heat produced due to cell polarization and the term 

  𝑇
  

  
 is the heat produced due to reversible entropy changes in the cell. 𝑉   is the 

equilibrium cell voltage and 𝑉 is the actual cell voltage. The latter term is set to zero 

often in the simulations of the cell when the open circuit potential as a function of 

temperature is not available.  The right hand side of the equation refers to the sum of the 

heat transferred out of the cell by convection (the  𝑇  𝑇   term) and the heat retained 

by the cell (the     
  

  
 term). In Equation 2.2   is the mass of the cell per unit area and 

   is the equivalent heat capacity of the cell. 

However, Rao and Newman [16] show that this equation is only accurate at low 

discharge rates, described as conditions of uniform reactions distribution. Botte et al. [17] 
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extend the model to include a side reaction that describes the heat generated by the 

negative electrode decomposition. At elevated temperatures, a variety of side reactions 

may occur, such as: 

1. The positive electrode may decompose  

2. The electrolyte may decompose 

3. The negative electrolyte may decompose 

Botte [28] only considers the decomposition of the negative electrode in the 

overall energy balance. This is because the positive electrode decomposition and the 

electrolyte decomposition occur at much higher temperatures than the negative electrode 

reaction. The chemical reaction is shown in Eq 2.4. 

  𝐿𝑖𝑥   𝛿       𝛿𝐿𝑖     𝛿      𝐿𝑖𝑥     (2.4) 

where 𝛿 represents the extent of reaction. This reaction is exothermic with a heat of 

reaction of    𝑥        𝑘  𝑚𝑜𝑙 of Lithium reacted [28].  

The left hand side of Eq. 2.2 can be described by Eq. 2.5. 

 
𝑄   (𝑈  𝑉  𝑇

 𝑈

 𝑡
 )     𝑥   

(2.5) 

 

The final term (    𝑥  ) describes the energy liberated from the reaction.   

describes the reaction rate for the first order reaction from the chemical equation in 

equation 2.4 and can be defined by equation 2.6 below: 

 
  𝑘 𝑐𝑠      

  

𝑅𝑇
 

(2.6) 
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where 𝑘  is the reaction rate constant, 𝑐𝑠   is the local surface average concentration of 

lithium ions at the surface of each of the particles in the negative electrode,    is the 

activation energy for the chemical reaction. In the absence of the side reaction the 

temperature would increase only due to the heat generated by the electrochemical charge 

and mass transport. Once the temperature of the cell reaches the melting point of the 

separator, the cell would shut down. The side reactions would ensure that the cell 

temperature would rise beyond the melting point of the separator. 

2.2.2. Localized Heat Generation Models  

The model developed by Pals and Newman was augmented by Gomadam et al. 

[18] and Gu et al [19] to calculate local heat generation instead of using a lumped model. 

This approach was validated using cylindrical 18650 cells. The voltage-time predictions 

of the model agreed well qualitatively and quantitatively with the experimental data, 

however, the temperature-time outputs were not consistent with the experimental data. 

They found that for non-zero values of h, as discharge proceeds, the bottom part of the 

cell lost heat and hence became more resistive while the top part became hotter and more 

conductive. This makes the current distribution and, consequently, the heat generation 

even more non-uniform. More current flows through the top and thus the top part gets 

progressively hotter. 

Gu et al. [19] use the following approach to obtain a more accurate lumped 

temperature model. The thermal energy differential equation according to Gu et al. has 

the following form: 
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   (

 𝑇

 𝑡
  𝑣    𝑇)      𝑇  𝑞 

(2.7) 

𝑎𝑐𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛  𝑐𝑜𝑛𝑣𝑒𝑐𝑡𝑖𝑜𝑛  𝑐𝑜𝑛 𝑢𝑐𝑡𝑖𝑜𝑛  𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛 

where    and 𝑐  are the volume averaged density, heat conductivity and specific heat of 

the cell and 𝑣 is the velocity vector of the electrolyte. Note that the convection here refers 

to the convection within the electrolyte. The     and    can be anisotropic due to 

impurities or nonhomogeneity of the battery components. In the absence of convection 

(which our model ignores) this equation reduces to the following form: 

 
   

 𝑇

 𝑡
     𝑇  𝑞 

(2.8) 

 

The heat capacity term      and the effective thermal conductivity   can be 

calculated using weighted average of the individual component values. The heat 

generation term is given by Eq 2.9: 

 
𝑞   𝑖 ( 𝑠   𝑠  𝑈  𝑇

 𝑈

 𝑇
 )    𝑓𝑓  𝑠    𝑠 

 

     𝑓𝑓         𝑓𝑓   𝑐       (2.9) 

The first term represents the heat generated by electrode reactions. The second 

and third terms represent the joule heating in the solid material and the electrolyte phase 

respectively.  

Smith and Wang [29] offer a simplified equation for the generated heat 𝑞 as 

shown in Eq 2.10. 
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 𝑞  𝑞  𝑞  𝑞  (2.10) 

where 𝑞  represents the total heat generated by the reaction. This is calculated by 

integrating the local volume specific heat across the 1D cell domain and multiplying 

them by the plate area. This is demonstrated in Eq 2.11. 

 
𝑞  𝐴 ∫ 𝑗    𝑠     𝑈  𝑥

 

 

 
(2.11) 

The second term in equation 2.10 refers to the heat due to resistance in each finite 

control volume. This is expressed in terms of potential gradients. Integrating the local 

volume specific heats across the 1D cell domain gives Eq 2.12. 
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 𝑥
  𝑥 

(2.12) 

The first term on the right hand side refers to the ohmic heat of the solid phase, 

the second and third terms represent the ohmic heat generated in the electrolyte phase. If 

electrolyte depletion is not considered, the last term can be ignored.  

The third term 𝑞  in equation 2.10 represents the ohmic heat due to a contact 

resistance between the contact resistance and the electrodes. The total heat generated due 

to contact resistance is given in Eq 2.13. 

 
𝑞  

  𝑅𝑓

𝐴
 

(2.13) 

Aside from the contact resistance term, the approach of Smith and Wang [29] is 

identical to that of Gu and Wang [19].  
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2.3. IMPLEMENTING THE DIFFERENTIAL EQUATIONS FOR THE MODEL 

2.3.1. Lumped Heat Generation Model 

Since the original model was built in Simulink®, Simulink was used to solve the 

lumped thermal model for most of our tests. Simulink can be used to solve the ODE 

based approach of the simple lumped thermal model described by Pals and Newman [] 

very efficiently. Implementing the energy balance led to results that followed the basic 

temperature dynamic of the battery. This energy balance can be implemented in Simulink 

as shown in Eq 2.14 below: 

  𝑇

 𝑡
 

 

    
( (𝑈  𝑉  𝑇

 𝑈

 𝑇
 𝑅       

 )  𝑠 𝑇  𝑇  ) 
(2.14) 

This equation can be solved by Simulink at each time step.  

2.3.2. Localized Heat Generation Models 

The Partial Differential Equation based approach of the non-uniform heat 

generation models needs to be solved numerically. This would require the conversion of 

the battery model from an averaged approach used by Yayathi [5] to a model that has 

gradients throughout the domain. A simplified modeling approach was attempted, where 

in gradients were simplified to averages to better fit the model available. This approach 

led to highly inaccurate output.  

To obtain better outputs, conversion of the battery model to a model that solved 

PDEs could be undertaken. This approach has been taken by Di Domenico et al. [30]. 
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The partial differential equations would be solved numerically at each time step. 

Implementing PDEs could be attempted concurrently with the 1D lumped thermal model 

in conjunction with the hybrid neural nets to provide a more accurate modeling 

technique. 

2.4. SIMULATION 

2.4.1. Ventilated Battery Simulation 

The model was simulated with various current demands to study the temperature 

response. One such current demand is shown in Fig 2.1. 

 

Figure 2.1: Current Profile 1: Initial ventilated battery model simulation 

The temperature output is shown below in Figure 2.2: 
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Figure 2.2: Temperature Output for profile 1, ventilated battery 

It is clear that the temperature output of the model is accurate to a point, even if 

the general dynamic of the temperature variation is preserved. At lower SOCs the model 

does not adequately capture the behavior of the battery temperature.
 
 The model predicts 

that at lower SOCs the battery will cool down as it shifts from a higher current demand to 

a lower current demand. The battery however displays an increase in temperature at this 

point, although the rate of increase decreases. This implies that at lower states of charge, 

the battery has other dynamics that the model does not capture. For higher accuracy, we 

need to apply localized heat generation terms to the model. To qualitatively analyze the 

error, the relative error was calculated and plotted. Relative error is defined below: 

 
𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑒𝑟𝑟𝑜𝑟  | 

𝑇𝑚     𝑇      

𝑇      
| 

(2.15) 

 

where 𝑇 is the temperature. Figure 2.3 shows the relative error in temperature during the 

discharge. Figure 2.4 shows the relative error in discharge compared to the SOC. We see 
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clearly that at lower SOC the temperature estimation of the battery shows far more 

inaccuracy. At higher SOC values, the relative error is less than 0.025 (or 2.5%).  

    

         Figure 2.3: Error plot for initial run of Current Profile 1 (Ventilated Battery) 

 

 

Figure 2.4: Error vs. SOC for Current Profile 1 (initial run, ventilated battery) 

Modifying the heat transfer coefficient and the heat capacity of the battery, we see 

that a slightly more accurate model may be found, but the dynamic at lower SOC cannot 

be replicated. Figure 2.5 shows the output of the simulation with the modified terms. 

There exists a local heat generation term that cannot be implemented. This term is not 

proportional to the current drawn. When we have a lot of charge in the battery, the effect 
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of the term seems to be small. However, at low SOC, the effect of this term is much 

larger, leading to the larger error.  

 

Figure 2.5: Temperature output for Profile 1(modified model, with Ventilation) 

 

Figure 2.6: Relative Error plot for Profile 1 (modified model, with ventilation) 
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Figure 2.7: Relative Error VS. SOC for Current Profile 1 

The model was tested with another current profile (Fig. 2.8). The result of the 

simulation is shown in Fig 2.9. The output follows the same trend as the initial test. The 

model simulates the battery accurately till the battery hits a low state of charge. In fact 

the model is within a relative error of 0.02 (2% error) for most of the simulation. The 

accuracy drastically drops to 10% at 0% state of charge. 

 

Figure 2.8: Current Demand Profile 2 
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Figure 2.9: Simulation Results for Profile 2 (Ventilated Battery) 

Figure 2.10 shows the Relative error v. time plot.  

 

Figure 2.10: Error vs. time for profile 2 (Ventilated battery) 

The relative error v. SOC plot shows that the models accuracy drops drastically at 

battery states of charge lower than 0.3. 
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Figure 2.11: Error VS. SOC for Profile 2 (Ventilated Battery) 

2.4.2. Insulated Model Simulations 

To check the validity of the model without the effect of convective cooling, the 

following experiment was designed. The battery was encased in a Styrofoam shell. To 

simulate the effect of conduction in the Styrofoam, the model was modified to have a 

very small conduction heat transfer term. Figure 2.12 shows the current demand used for 

the simulation. 

 

Figure 2.12: Current profile 3 (Insulated model) 
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Figure 2.13 shows the output of the simulation. As before there is an error at 

lower SOC values.  

 

Figure 2.13: Temperature output of the insulated battery model (Profile 3) 

The test was run again using more current profiles. One of the outputs is selected 

for inclusion here. The current demand is shown in Figure 2.14. 

 

Figure 2.14: Current Demand Profile 4 (Insulated Battery) 
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The output of the simulation is shown in Figure 2.15. As in the previous tests, the 

model demonstrates good accuracy at high SOC values and shows unexpected increase in 

error at lower SOC values.  

 

Figure 2.15: Simulation output for current profile 4 

Stressed Battery Simulation 

Data was collected from a test performed on battery that was stressed to simulate 

the operation of an unduly stressed battery. The battery was stressed by discharging the 

battery below its safe 0% SOC for a period of time. The current demand used is shown in 

Figure 2.16.   
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Figure 2.16: Current Demand Profile 5 (Stressed battery) 

The unmodified battery model follows the dynamic of temperature increase as 

shown in Figure 2.17, but the response seems to be delayed in time, as if the battery in 

the model absorbs more heat than the actual battery does. Since the convection term is 

turned off, the heat loss from t = 0.6 hours to t = 1.1 hours is much higher than the model 

predicts.  

 

Figure 2.17: Battery Model output (uncorrected for stresses) 
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The model was modified to have a higher heat capacity. The output of the new 

model is below. The temperature output follows the measured temperature except for the 

period of high current draw. 

 

Figure 2.18: Battery Model output (corrected heat transfer coefficient) 

 A small convection term was added to see if the accuracy of the model could be 

improved. Figure 2.19 shows the output of the new model. It is clear that additional heat 

generation terms are needed to accurately simulate the temperature dynamics of the 

battery discharge. 
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Figure 2.19: Output of corrected model with convection term 

2.5. SUMMARY 

 The thermal model offers a reasonable approximation of the temperature 

dynamics of the battery discharge over a wide operating range, for both a well-ventilated 

battery as well as an insulated battery. At low current demands and lower SOC, a local 

heat generation term could be added to increase the battery model accuracy. This is left 

for future work. However the model cannot capture the battery dynamics of a stressed 

battery accurately. The capacity fade of a stressed battery is the main cause that degrades 

the battery dynamic performance. The modeling of the capacity fade under dynamic 

operation is still a challenge and renders its own attention. While research is intensely 

conducted on understanding the mechanism of battery capacity fading, we will take the 

system identification approach to solve the problem. It is hoped that the neural net based 

approach in the following chapter will allow us to address the need for obtaining an 
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accurate battery model when the system has inaccurate system parameters or the system 

degrades. 
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Chapter 3: Neural Net Design 

The output of the physics based model does not capture the dynamics of the 

battery. This inaccuracy is shown in the following figure. Thus a neural net was designed 

to (1) correct the voltage output and (2) predict the temperature of the battery. 

 

Figure 3.1: Difference between Actual voltage output of the battery and the Output of the 

model 

Two types of neural nets were designed: A hybrid neural net and a standalone 

neural net. Both ANNs are sparse neural nets. Both recurrent and feed-forward models 

were built. The design was chosen to eliminate unnecessary neurons and layers, as well 

as to enable fast computation. Knowledge about the dynamics of the system allows us to 

predict the behavior of the neural net and design the system accordingly. The design of 

the neural nets was done in MATLAB using the neural net toolbox. The neural nets were 

designed using the network data object with all parameters manually defined.  
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3.1. DATA PREPARATION 

Multiple sets of current demand were devised for obtaining data for training. The 

actual data for training the ANNs and the models was obtained from discharge tests 

conducted on Boston Power Swing 4400 lithium ion cell. The battery is rated at 4.4 Ah. 

More information about the battery may be found in [27]. Information about the 

experimental setup has been covered in the introduction. All testing was conducted 

within a range of 295-298K. In addition to actual data from the battery, the same tests 

were conducted on the physics model. Separate data sets were used for training and 

testing the neural nets. The data was collected using LabView™.  

The following constraints were kept in mind while choosing training and test data, 

as well as designing the current demand. 

1. The initial current draw for the neural net should be chosen to be higher than 

the possible highest initial current draw of the battery model during testing 

and validation. This was done so that the neural net would not predict a higher 

voltage than allowed by the physical constraints of the battery.  

2. The magnitude of the currents must be varied enough to account for high and 

low current draws. 

3. The length a certain current is being drawn must also be varied 

4. The current demand should account for a wide range of State of Charge.  
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An example of a current demand used for training the neural net is shown in Fig 

3.2. This current demand was found to be able to train the neural nets to adequate 

accuracy in most cases.  

 

Figure 3.2: Current demand for training Neural Nets (Same as current profile 1 from 

Chapter 2) 

This training set can be designed to be application specific. Simulating the battery 

of an electric vehicle where the current demand can switch from low draw to high and 

back in a matter of seconds requires a different type of training data set than simulation 

for a battery in an application where the current demand does not show as much 

variation. The simulation need not be step inputs. Theoretically, the neural nets designed 

here can handle any variation of input current draw, including ramps or pulse inputs. The 

neural nets may be fine-tuned to the application using different activation functions in 

each layer. However given the limitations in our test set up, we can only test accurately 

for step inputs. Validation of the claim is left for future work.  Figure 3.3 shows an 

example set used for testing.   
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Figure 3.3: Sample current demand for testing 

Training and testing has been performed with the battery insulated as well as in an 

area of well ventilation. The neural net has to be retrained for each case. 

3.2.TESTING PROCEDURE 

 The following procedure was used in the design and validation of the different 

neural nets: 

1. Experimental Data was gathered and processed as described.  

2. A neural net was designed and implemented in Matlab using the neural net 

toolbox.  

3. The neural net was trained in open loop feed-forward manner with a set of 

training data. 

4. The open loop was closed, turning the neural net into a recurrent dynamic neural 

net or left open loop (as required) 

5. The output of the trained neural net with the training input  is compared to the 

original data to verify accuracy of the training 
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6. The neural net is tested using a set of testing inputs that is different from the 

training data.  

7. This output is compared to the original  

8. If the output of step 7 was found to be less than satisfactory, the neural net is 

trained again to improve accuracy, and tested with yet another testing set. 

3.3.TOPOLOGY DESIGN 

 Multiple configurations of the hybrid as well as standalone neural nets 

were designed and tested. The optimal hybrid and standalone nets were used to simulate 

the battery performance and compared to the actual model. This section elaborates on the 

process of picking the optimal configuration and presents a discussion of the performance 

of these nets compared to the actual test data. 

3.4.USING RECURRENT NETWORKS IN STATE OF CHARGE DESIGN 

Recurrent networks have much higher training simulation time than feed-forward 

networks. In fact, many of the outputs generated here took significantly longer to 

generate than to train the neural net. Many of the performance evaluations for various 

feed-forward neural nets were done in open loop, like the training. A common way to 

calculate the SOC of a battery given the current demand is shown in equation 3.1. 

 
𝑆   𝑡  𝑆          

 

𝑄𝑚 𝑥 
∫ �̇� 𝑡

 

 

 
(3.1) 
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If the current demand of the battery is known beforehand, we can use this in a 

simple feed-forward neural net as we did in the training phase of the RNN design. We 

can run into problems with incorrect estimation of the initial SOC of the battery, 

especially batteries that have been cycled multiple times.  

 Another method of eliminating recurrence in the net would be to use a neural net 

layer to generate the SOC of the battery in the net using the current demand and the 

initial SOC of the battery as inputs into the neural net. This is shown in Fig 3.3. This 

option would be ideal for the standalone neural nets, and easy to implement in the hybrid 

neural nets as well.  

Figure 3.4: Neural net modification to prevent recurrence 

For the hybrid models, eliminating recurrence is easier. The SOC output of the 

model can be used to compensate for the missing SOC input. It is desirable to train the 

neural net to correct an inaccurate model. Hence, to deliberately introduce an inaccurate 

battery model output for the input to the hybrid model, the battery model output is taken 

from the battery described in [5] with the physical parameters of the FreedomCar Lithium 

Ion Battery [31] and not the battery the training and testing data was collected from. A 
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more accurate battery model gives us the correct SOC before the data is run through the 

neural net. Further improvement in accuracy for the non-recurrent hybrid model is 

possible, but it was not pursued and is left to future work. The basic structure of the 

neural net topologies would not need to be changed in this case. 

3.4.1. Training the Neural Net 

Training adjusts the weights between the neurons. This can happen after each 

input sample (incremental training) or after processing all inputs (batch training). ANNs 

may be trained either with supervision or without. Since the target values of the output of 

the neural net is known in the training phase, supervised training was performed. In other 

words, every input vector used to train the battery has an associated output vector.  Given 

our knowledge of the battery SOC during training, we simply disconnected the recurrent 

connection between the SOC input and outputs of the neural nets. The neural nets were 

trained as a feed-forward neural net and the recurrent connection was reconnected during 

the testing phase. The weights associated with the neural connections were adjusted 

during the training of the network by the back propagation of error [25]. Care must be 

taken not to overtrain the network, or else the error during the testing phase would be 

large. The effects of overtraining can be seen in Tab. 1, where increasing the number of 

training epochs can decrease prediction performance.  

An acceptable number of epochs for training (for the first stage of learning for 

most of the neural nets) was found to be 150. Subsequent training is unnecessary if the 

data used for training encompasses a wide range of dynamic behavior. The training was 
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performed using the training tool (nntraintool) in the MATLAB toolbox. This tool trains 

the network using the MATLAB function trainlm, a training function that updates weight 

and bias values according to Levenberg-Marquardt optimization. The number of epochs 

was determined by trial and error. 

3.5.TEMPERATURE SUB NETWORK DESIGN  

The only major modification to the original hybrid neural net model to accurately 

track the temperature of the battery was to add two layers to the original model. The 

inputs of the neural net form the inputs to this layer. The first layer in this subnet has a 

sigmoid activation function and the output is passed through a linear layer that scales the 

output. The schematic of this neural net is shown in Fig 3.4 

 

Figure 3.5: Temperature Sub-network 

Design and testing of various network topologies that include a temperature sub 

network is discussed in this section. 
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3.6.STANDALONE NEURAL NET DESIGN 

Before creating a hybrid model that takes into account the output of the actual 

model, various standalone neural nets were designed to evaluate the performance of 

various topologies.  

3.6.1. Neural Net Topologies 

All ANNs have a sub net that computes the battery SOC and one that calculates 

the terminal voltage output of the battery. This is because the SOC calculation does not 

require many layers to simulate and a high degree of accuracy can be achieved with just a 

simple map. The voltage calculation network is different to account for the differences in 

inputs. The number of layers and neurons required can affect quality of the output. The 

optimal configuration that takes into account performance and accuracy was determined 

using trial and error.  The standalone neural nets do not use any information obtained 

from the physics model. The proposed topologies of neural net are discussed below. The 

inputs are the current demand and the initial SOC. The outputs are the voltage of the cell 

and the SOC. Before designing the hybrid neural nets, different topologies for the 

standalone neural nets were designed.  

The method of design was to start with the simplest model possible. In this case, 

the design process started with the design of two simple two layer nets to represent the 

system dynamics. The performance of the neural net was evaluated, and a more complex 

net was considered if the performance was deemed improvable.  
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Four different designs were considered and tested. In all topologies, the SOC 

calculation block remains unchanged.  

1. Net A is the simplest topology, with two layers each (with a sigmoid and a 

linear activation function for each layer) for the SOC and voltage calculation. 

The SOC calculation subnet accepts the current demand and the SOC of the 

current state to generate the SOC at the next time step.  The SOC output is fed 

into the third layer with a sigmoid activation function along with the input 

current demand. The output of the sigmoid layer is passed through the linear 

activation function to give the voltage output. 

 

Figure 3.6: Net A Topology 

2. Net B has almost the same topology as Net A. The only change is the addition 

of a connection that feeds the current into the linear activation function in the 

voltage.  
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Figure 3.7: Net B Topology 

3. Net C uses three sigmoid layers in parallel with each other connected to a 

linear layer to calculate the voltage. All three layers of the Voltage calculation 

subnet  take the SOC output signal from the SOC subnet as well as the current 

demand signal as inputs 
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Figure 3.8: Net C Topology 

4. Net D uses a series-parallel architecture. The net has two sigmoid calculation 

blocks in parallel, which is connected in series with a sigmoid block and a 

linear block which provides the output. This net is shown in Fig 3.9. A more 

detailed diagram of Net D is shown in Fig 3.10. 
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Figure 3.9: Net D Topology 

Other topologies were studied as well, but the topologies presented above will be 

discussed in detail here, since these topologies offer the most diversity in terms of design, 

performance and execution. 

 

Figure 3.10: Net D topology 
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3.6.2. Choosing the Optimal Standalone Neural Net 

The same training and testing data was applied to all the neural nets being 

considered. Figure 3.11 shows the testing outputs for each of the neural nets.  

 

Figure 3.11: Standalone Neural Net Simulation output (Clockwise from top right: Net A, 

Net B, Net C, Net D) 

It is clear that the SOC outputs are all accurate. To pick an optimal neural net we 

need to consider the terminal voltage output. The performance index used for choosing 
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the optimal design is the sum of the absolute value of errors in terminal voltage rounded 

to the nearest integer. The neural nets are tested for accuracy of training and for 

accurately approximating battery output for current demand used for testing. The result of 

the performance testing is shown in Tab. 1.  

Table 1 clearly shows that while the simplest net, net A has the worst training 

score, it has the best score in testing. Net A scores consistently no matter how many 

epochs are used to train it. The most complex net, Net D, has a very good training score, 

but the low testing score indicated that it is prone to overtraining. The most accurate 

testing score for a particular number of training epochs is Net C at 100 training epochs. 

Net A is clearly the most consistent option for a standalone model that approximates the 

performance of a battery under a given current demand.  

Table 1: Performance comparison of standalone neural nets 

 Performance (lower is better) 

 

Training 

Epochs 

150 100 200 300 

Net A 

Training 87 88 87 87 

Testing 164 165 164 164 

Net B Training 75 80 46 45 
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Testing 180 162 200 203 

Net C 

Training 77 83 44 43 

Testing 177 156 205 205 

Net D 

Training 30 35 26 18 

Testing 208 218 190 209 

 

However, looking at the voltage output of the nets, it can be seen that while Net A 

performs well overall, the dynamic of Net D is the most accurate at earlier time. The 

accuracy of Net D diminishes as time progresses. Thus, the choice of topology will be 

application specific. After testing both network topologies, we chose Net A because of its 

better overall accuracy for the simulation.  

3.7.1. Standalone Neural Net Temperature design 

A simple 2 layer perceptron was used to model the temperature dynamics. First, 

Net A was trained with the modifications. The schematic of Net A when it is trained is 

shown in Figure 3.12. 
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Figure 3.12: Standalone net A with Temperature output modification 

Net D was also modified in the same fashion. The modified Net D is shown below 

in Figure 3.13. 

 

Figure 3.13: Standalone Net D with temperature output 
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The trained set was then simulated. The results of the simulation using the test 

data are shown below. 

 

Figure 3.14: Simulation Results of Standalone Net A with Temperature subnet 

Next, Net D was simulated with the same information. The results of this 

simulation can be seen in Figure 3.15. It is clear that while both neural nets follow the 

output of the system closely, the simpler Net A shows a far better output with the testing 
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set than the more complex net D. This is remarkable considering how much more 

accurately Net D can be trained than Net A. 

 

Figure 3.15: Simulation Results of Standalone Net D with temperature Subnet 

3.8.3. Standalone Neural Net Simulations 

Standalone Neural Net A and Standalone Neural Net D were studied to determine 

the validity of the outputs. Figure 3.16 and Figure 3.17 show the outputs of neural net A 

and Net D, respectively. The current demands used for testing and simulation are shown 
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in Figures 3.2 and 3.3, respectively. Both neural nets give a reasonably accurate 

prediction of the battery output, which validates our first claim in the case of the 

standalone neural nets. 

 

Figure 3.16: Standalone Net A output 

It is clear that the simpler standalone Net A has superior performance to Net D 

from these figures. The temperature output of Net D is especially inaccurate. This leads 
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us to conclude that the topology of this net is not optimal and is hence must be revised. 

This is left for future work. 

Net D with the modification discussed gives the following output (Figure 3.17).  

 

Figure 3.17: Standalone Net D output 

Both nets can be re-trained with multiple training sets to give more accurate 

output.  
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Efficiency of the Neural Nets with changing battery conditions 

To test how the neural nets can handle changes in battery conditions, the 

standalone Net A is trained with data for an insulated battery and then tested with data 

from a well-ventilated battery. Figure 3.18 shows the output of the simulation.  

 

Figure 3.18: Net A performance with change in battery conditions 
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The temperature output is very poor, even if the SOC and voltage outputs are 

similar. It is clear that the output can be trained to follow the actual output if retrained 

with just 30 epochs of different training data. The green lines show the retrained neural 

net. The retrained neural net is far more accurate.  

Net D has been tested in a similar manner and has been found to corroborate the 

output of the above neural net. 

Testing the ability of the Standalone Neural Nets to predict Stressed Battery Behavior 

Both Neural nets were tested to study their ability to predict the behavior of a 

battery that is stressed. The battery is stressed by discharging it for a period of time 

beyond its acceptable limits of its depth of discharge. In the following example, Net D 

trained with data from a well-ventilated healthy battery and then tested with a data from a 

stressed battery. The output of this simulation is shown in Figure 3.19.  
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Figure 3.19: Simulation of Net D with inconsistent data 

This simulation displays a lot of error as well. The voltage output shows a lot of 

undesirable errors, even when retrained. It is hoped that using a hybrid neural net the 

error involved with running the neural net with data that it was not trained for will be 

reduced to manageable levels. 
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3.7.HYBRID NEURAL NET 

A hybrid model allows us to combine a physics based model of the battery that 

captures the battery dynamics but does not have accurate outputs (limited accuracy) with 

a neural net based ―black box‖ model of the system that is accurate. The hybrid model is 

intended to reduce the error associated with the output of a neural net when it is presented 

with an input that is drastically different from the type of inputs that it was trained with. 

3.7.1. Modeling Approaches 

Three methods of creating a hybrid model were considered: additive model [9], 

multiplicative model [9] and corrective model.  

The Multiplicative Model 

Equation 3.2 describes the multiplicative model.  

 𝑌𝑚              𝑌           𝑋  𝑌   𝑋  (3.2) 

 

In the above equation, 𝑋   𝑥  𝑥    𝑥   is a vector representing the various 

inputs and design variables of the system. In this case we will only be considering the 

controllable inputs of the system, and not the other design variables. The three types of 

models are easily extensible to include design variables in the future. 𝑌           𝑋  

represents the physics based model that takes X as an input.  The model schematic lies in 

Figure 3.20. 



75 

 

 

Figure 3.20: Multiplicative model schematic 

The function 𝑌   𝑋  is an artificial neural net that uses the input X to 

approximate the parts of the system that are not modeled. 𝑌𝑚              is the overall 

output of the system, combining the outputs of 𝑌           𝑋  and 𝑌   𝑋 . 

The Additive Model 

The additive model can be described by equation 3.3 

 𝑌          𝑌           𝑋  𝑌   𝑋  (3.3) 

𝑌         is a function that gives the output of the system based on the addition of 

𝑌   𝑋  and 𝑌           𝑋 . The model schematic is shown in Fig 3.21.  
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Figure 3.21: Additive Model Schematic 

The Corrective Model 

The third modeling scheme considered was creating an ANN to accept outputs of 

the physics model as addition inputs to the system. The target data would be the results of 

the battery testing. The neural net would effectively correct the output of the overall 

model. Figure 3.22 describes this approach.  

The third model is ideal for the physics based model that is currently available to 

us. Thus, this thesis will limit discussion of hybrid neural nets to the third model.  

 

Figure 3.22: Analytical Model Schematic 
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While obtaining data for the training and testing of the neural nets, the physical 

constants of the physics based battery model were deliberately chosen not to be the same 

as the physical constants of battery that the test data was gathered from. It is hoped that 

the neural net, once trained, would be fully capable of compensating for the error in 

battery dynamics.  The physical constants of the battery used in the simulation of the 

physics model were taken from the FreedomCar Lithium Ion Battery [31]. 

3.7.2. Hybrid network topologies 

Once an optimal configuration of the standalone neural net is chosen, it will be 

integrated into a hybrid model and tested against other configurations of standalone 

neural nets integrated into the hybrid model. An optimal configuration will be chosen 

based on the accuracy of its tracking performance under simulation with different 

operating scenarios. 

The hybrid neural net accepts the current demand, and the voltage and SOC 

outputs of the physics model. The hybrid model outputs voltage and SOC. The different 

topologies of the hybrid neural nets that were considered are discussed below.  

1. Hybrid net A is simply the Standalone Net A with inputs from the physics 

model. The voltage and SOC outputs of the model are routed to the SOC 

calculation subnet in addition to the existing model inputs from net A. The 

voltage calculation subnet takes as inputs the SOC subnet output, as well as 

the current demand and the model voltage output signal. This subnet consists 

of one layer with a sigmoid activation function and a linear activation function 
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layer. The model output SOC signal was eliminated as an input because its 

presence did not increase or decrease the accuracy of the voltage output of the 

model at all. In fact, in certain training scenarios the presence of this signal 

impacted the output negatively. Figure 3.23 shows a basic schematic of this 

topology. 

 

Figure 3.23: Hybrid Net A Topology 

2. Hybrid net B is the same as Net C with inputs from the physics model. The 

SOC calculation sub network is retained as in the other models. The voltage 

calculation sub network consists of 3 sigmoid layers in parallel with each 

other, connected to a single linear activation function layer. It takes as inputs 

the SOC subnet output, as well as the current demand and the model voltage 

output signal.  The final layer is linear and hence outputs scales the outputs of 

each of the sigmoid layers. The Model output SOC is eliminated in this case 
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as well for the same reasons as before. A schematic of this topology can be 

seen in Figure 3.24. 

 

Figure 3.24: Hybrid Net B Schematic 

3. Hybrid Net C is a modification of Net D. The series parallel architecture idea 

was retained, but after the SOC calculations, two layers in parallel with each 

other accepting current demand and SOC inputs is combined in parallel with 2 

parallel layers. One of the latter layers accepts current demand and model 

voltage as inputs, and the other layer accepts current demand and SOC. A 

linear activation function combines the outputs of the series layer in parallel 

with the two other layers to scale the output. The accuracy and speed of 
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training this topology was discovered accidentally. While setting up the neural 

net for 2 parallel layers in series with each other, a programming error allowed 

the development of this topology. As will be shown later, this topology allows 

for low training time requirement and a much higher accuracy in the testing 

set. Fig 3.25 shows a basic schematic of this topology. 

 

Figure 3.25: Hybrid Net C topology 

Standalone Net B was not considered for conversion to a hybrid net because of its 

poor performance in the initial design phase of the conversion.  

If these nets were to be used as recurrent nets, these neural nets would be first 

trained and tested in the open loop configuration. Once trained, the SOC loop would be 

closed and the SOC input signal would be eliminated. If the output of the net was deemed 
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unsatisfactory, the closed loop system would have to be re-trained. Typically, training the 

closed loop system took significantly longer than training the open loop (feed-forward 

system). However, recurrence was eliminated in the configurations for training and 

testing as described before. 

3.6.3. Choosing the Optimal Hybrid Neural Net 

We used the performance of the standalone neural nets to determine the 

configuration of the hybrid neural nets. Since Net B shows results that are not noteworthy 

compared to the other three ANNs, we eliminated it from consideration in the design of 

the hybrid neural nets. We integrated Net A with the outputs of the physics model to give 

Hybrid Net A. Hybrid Net B comprises the topology of Net C modified to accommodate 

the outputs of the battery model.  Hybrid Net C is a modification of the topology of Net 

D combined with the physics model outputs. An extra layer was added to Hybrid Net D 

to eliminate poor training scores observed during the performance comparison at lower 

training epochs 

The hybrid nets are tested using the same method for the standalone neural nets. 

Hybrid Net C performs optimally at 200 iterations, and consistently provides better 

outputs than the other two neural nets for both training and testing sets. Figure 3.26 

shows the output of the Hybrid Net A. Hybrid Net A performs poorly compared to 

Hybrid Net C, despite Net A performing better in the standalone tests before it was 

integrated with the physics model. Thus we picked Net C for simulations.  
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Figure 3.26: Hybrid Net A simulation 

The performance indices for the training data are much lower than the standalone 

sets. The performance indices for the testing data are higher. However a much better 

tolerance to error is present in the hybrid nets.  

Table 2: Performance comparison of Hybrid Neural Nets 

 Performance (lower is better) 

 Training Epochs 150 100 200 

Hybrid Net A Training 45 49 28 

Testing 496 481 658 

Hybrid Net B Training 39 34 33 

Testing 372 369 386 
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Hybrid Net C Training 35 36 33 

Testing 254 251 231 

 

The topology of the chosen Hybrid Net C is fleshed out in Figure 3.27.  

 

Figure 3.27: Hybrid Net D Topology 

3.6.4. Standalone Neural Nets v. Hybrid Neural Nets 

As shown later, hybrid neural net uses the extra information from the battery 

model to give a better prediction of the voltage, SOC and the temperature of the battery. 

The hybrid model is less susceptible to bad data, especially for the voltage and SOC 

calculations. For some testing sets the performance of the hybrid net maybe inferior to 

that of the standalone neural net. However the hybrid net performs more consistently with 

variations in the condition of the batteries, including batteries tested at higher 

temperatures and with testing data that is significantly different from the training data. 
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Figure 3.28: Error Comparison of standalone Net D and Hybrid Net C 

Standalone Net D and Hybrid Net C are selected for comparison here. Figure 3.28 

shows the relative error distribution in voltage with time. The results are consistent for 

other nets as well.  

Figure 3.29 superimposes the outputs of the optimal hybrid neural net, the physics 

based model, the optimal standalone neural net, the retrained hybrid neural net as well as 

the actual battery test data on one figure. The outputs of the hybrid neural net and the 

standalone neural net is very close to the output of the actual system. The SOC prediction 

is very close to the actual SOC of the battery. The accuracy of the terminal voltage 

diminishes as time progresses. The physics based model shows an inaccurate SOC, 

because the model is based on a cell rated at 7.2 Ah, while the batteries that we used for 

testing only have 4.4 Ah. 
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Figure 3.29: Hybrid Net C output comparison 

 

Figure 3.30: Hybrid Net C output (zoomed in) 

An overshoot occurs in the retrained net as well as the hybrid and standalone 

neural net at points when the input current is zero. It might be the result of overtraining 

the system. As we zoom in (Fig 3.30) we see that the overshoot is less than 4% and 

should not cause concerns for the overall system performance. 
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3.6.5. Hybrid Neural Net Temperature Design 

Two topologies were designed and studied. The logical step was to extend the 

capabilities of hybrid Net D with two layers that calculated temperatures. The inputs to 

the new layers are the same as the inputs to the original neural net without the two 

temperature layers. The schematic of the modifications is shown in Figure 3.31. 

 

Figure 3.31: Hybrid Net C with temperature calculation output 

However, the output of the training set was quite inaccurate. As shown in fig 3.32, 

the output of the SOC layer and the temperature layers are quite inaccurate, and show 
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dynamics that should not be there. This indicates that during training of this topology 

inaccuracies arise that the training algorithm cannot rectify.  

 

Figure 3.32: Hybrid Net C with Bad temperature output (Training) 

The effects are worse in the testing sets as shown in Figure 3.33. To compensate 

for this lack of accuracy, the neural net was redesigned with different input signals and a 

slightly modified topology for the output. Inputting the SOC signals from both the model 
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and the experimental data to parts of the voltage calculations seemed to allow for better 

back propagation of error 

 

Figure 3.33: Testing output with poorly designed Hybrid Net C topology 

Figure 3.34 shows the topology of the neural net as modified. The redesigned 

neural net output is of acceptable accuracy. This can be seen clearly in Figure 3.35 which 

shows the output of the testing set. 

0 0.5 1 1.5
3

3.5

4

4.5

Time (hours)

V
o
lt
a
g
e
 (

V
)

Voltage v. Time

 

 

0 0.5 1 1.5
0

0.5

1

Time (hours)

S
O

C

SOC v. Time

 

 

0 0.5 1 1.5
20

25

30

35

Time (hours)

T
e
m

p
e
ra

tu
re

Temperature v. Time

 

 

Hybrid

Actual

Retrained

Hybrid

Actual

Retrained

Hybrid

Actual

Retrained



89 

 

 

Figure 3. 34: Neural Net Topology with temperature calculation 

 

Figure 3.35: Output of Redesigned Hybrid Net C with Temperature output (testing) 
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3.8.  HYBRID BATTERY SIMULATION AND VALIDATION 

3.8.1. Overview 

The hybrid battery model was trained and simulated with multiple current draw 

profiles, under several different conditions, which include: 

1. Low variance in training set: An example will be provided of the output of a 

neural net which has been trained with training data that is not sufficiently 

varied in both the current demand and the duration for which it is applied. 

2. Insulated batteries: The batteries were insulated and training and testing data 

was gathered.  

3. Stressed batteries: batteries that were consistently discharged below their 

acceptable depth of discharge. 

The neural net trained and simulated with insulated conditions had outputs that 

had very similar characteristics to the neural nets that were trained and simulated in well 

ventilated conditions and will not be discussed here. Instead a discussion of the error in 

using a neural net trained under conditions that are different from the simulation 

conditions will be presented. 

3.8.2. Claims 

The following discussion will address both Standalone as well as Hybrid Neural 

Nets. The following points will be addressed: 
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1. The neural nets can provide a good prediction of battery behavior if trained 

with data from a system that has the same conditions as the prediction  

2. Hybrid neural nets can provide a more accurate prediction than the standalone 

nets in the event of different training and testing conditions 

3. Both types neural nets can be retrained to correct their prediction for the new 

conditions 

3.8.3. Well Ventilated Battery Output 

 The following figure is an example of running the battery with the input current 

demand from Figure 3.3. The voltage and SOC graphs are both highly accurate. However 

the temperature graph retains some inconsistencies. This however has to do with the 

training data set. As before, training the neural net with new and different data allows us 

to obtain a much more accurate output. Thus the first claim is validated. 

The model does increase in error as at lower SOCs as well. This inaccuracy is not 

displayed in the neural nets that did not include temperature calculations. This error is 

especially pronounced in the Temperature graphs. The increase in error can be attributed 

to one of two things: faulty training data or increased dependence on the output of the 

thermal model. It is also very hard to replicate the ambient temperature that the battery is 

exposed to. 

It is clear from this figure that the temperature output of this set is much more 

accurate and shows more of the dynamics of the testing set than the output of the 

standalone net. However, the electrochemical and thermodynamics loops are coupled. 
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Our topology may need to be modified for better output. More investigation will be 

conducted in the future to find the topology that best represents the coupling phenomenon 

and leads to a more accurate temperature prediction. 

 

Figure 3.36: Hybrid Net C simulation output 

3.8.4. Insulated battery output prediction 

The battery was insulated and data was gathered for a number of input scenarios. 

The neural net was trained with this data and was simulated to predict the output of a 
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battery used in such a scenario. The following figure shows an example of the output of 

the neural net in these conditions. 

 

Figure 3.37: Insulated Battery Prediction 

Voltage and SOC outputs are very accurate. However, the temperature output 

diverges from the actual battery temperature at lower SOC values. This is likely because 

of the same reasons listed before.  
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3.8.5. Using a Hybrid Net with changing battery conditions 

The Hybrid net was trained using data from a battery that has adequate 

ventilation. The battery was then insulated and data was gathered for the test set. The 

hybrid neural net trained for predicting behavior of the non-insulated battery was then 

used to predict the behavior of the insulated battery. The following figure shows the 

difference in prediction.  

 

Figure 3.38: Hybrid Net C output with inconsistent training and test data 
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The temperature and the voltage output are highly coupled. Since the temperature 

output of the physics based model was not used as an input, the hybrid neural net is not 

aware of the temperature – voltage coupling beyond a certain point, nor is it sensitive to 

changes in the battery environment. Any change in environment or battery usage would 

require retraining the neural net to help it better predict battery behavior.  

3.8.6. Training a Net with Limited Diversity in current input 

Many issues arise when the training data has insufficient variation. The following 

is an example of the output of a training set that has very little variation in current values. 

The current demand is shown in Figure 3.39. and the output is shown in Figure 3.40.  

 

Figure 3.39: Limited diversity training current demand 

Figure 3.40 shows that while the output of the simulation for the voltage and SOC 

is reasonably accurate, the temperature output is quite poor. Retraining the neural net 

raises its accuracy to some extent but the output retains some elements that are not 

desirable. 
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Figure 3.40: Hybrid Net output for a neural net trained with insufficient current demand 

diversity 

3.8.7. Stressed Battery Testing 

A battery that was consistently discharged below its minimum safe operating state 

of charge was used to gather data to train a neural net. This was trained to simulate a 
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not stressed. Figure 3.41 shows the neural net trained with a heavily stressed battery 

being applied to predict a neural net that is healthy. Both batteries are insulated.  

 

Figure 3.41: output of a neural net trained with stressed battery data 

The neural net predicts a higher state of charge, but a lower output voltage. The 

temperature prediction is also significantly higher than expected. The training from the 
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profile of the battery shows a lower voltage output than a new battery. However, the new 

0 0.2 0.4 0.6 0.8 1 1.2 1.4
2

3

4

5
Voltage v. Time

V
ol

ta
ge

 (
V

)

 

 

0 0.2 0.4 0.6 0.8 1 1.2 1.4
0

0.5

1

1.5
SOC v. Time

S
O

C

 

 

0 0.2 0.4 0.6 0.8 1 1.2 1.4
20

30

40

50

60
Temperature v. Time

Time (hours)

T
em

pe
ra

tu
re

 

 

Hybrid

Actual

Retrained

Hybrid

Actual

Retrained

Hybrid

Actual

Retrained



98 

 

net can be retrained to give a better approximation with just 30 training epochs. This 

validates the third and fourth claims. Retraining of the hybrid battery model will 

compensate for the modeling errors caused by system degradation. 

3.9. SUMMARY 

The following points summarize Chapter 3: 

 

1. This approach to solving battery modeling problems is highly application specific 

and the approach is extremely adaptive to different situations.  

2. Poorly designed training algorithms can lead to inconsistent output. 

3. Changes in the internal chemistry of the battery (stress, aging, etc.) can cause the 

battery prediction to become inconsistent. A system can be developed to 

periodically retrain the battery model to make its prediction consistent throughout 

the battery‘s operating life. A well designed algorithm to retrain the hybrid neural 

net would be able to keep the battery model in the powertrain unit updated. This 

could have application in predicting the capacity fade of the battery. This can also 

be useful in predicting the effect of excessive discharge of the battery on battery 

voltage output as well as temperature. 

4. Adding a temperature input to the neural net model will allow for a more accurate 

Temperature prediction. The temperature output can also be improved by 

changing the topology of the battery. This has been left for future work. 
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5. The physics based model (with a capacity of 7.2Ah in conjunction with the neural 

net effectively simulates the output of a 4.4 Ah battery. The neural net 

compensates for the power difference in the two models. Thus the physics based 

model brings the simulation results close to the ballpark of the actual battery, and 

the neural net greatly improves the accuracy of the battery dynamics. The hybrid 

model technique will result in 

a. Having a more accurate model than the physics based electrochemical 

modeling approach. 

b. Using fewer training epochs than standalone neural net model that is 

desirable for real time control design. 
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Chapter 4: Conclusion 

Lithium ion batteries offer much promise for energy storage in the automotive 

industry. With good battery management systems augmented with well-designed battery 

models the efficiency of use of these batteries can be improved considerably.  

4.1. SUMMARY OF THE THESIS 

This thesis presents the integration of the thermal electrochemical coupling as 

well as a thermal dynamics component to the existing isothermal battery model. The 

model was tested with three cases: a well-ventilated battery, an insulated battery as well 

as a stressed battery. The outputs of the models for the well ventilated battery and the 

insulated battery were found to be reasonably accurate for a majority of the time tested. 

There are anomalies with the resulting model that can be explained by a missing local 

heat generation term that shows greater effects at lower battery state of charge. Inclusion 

of these local terms will be conducted in the future. 

A Neural Net modeling approach was applied to the physics based model to 

create a hybrid neural net model. This model as well as a standalone neural net model 

was compared with data measured from a battery to determine if this approach is 

effective. Many different standalone and hybrid neural net topologies were designed and 

compared. An optimal configuration was selected and simulated. A temperature predictor 

was added to the neural net and its performance was tested for multiple battery states. 

This approach may be used to study the effects of any battery parameter as well as with a 

battery pack as long as sufficient data is available. A hybrid and standalone neural net 
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that incorporates physics based model has been designed and verified to predict a lithium 

ion battery behavior accurately. Despite the overall accuracy of the standalone neural net, 

the hybrid nets provide better output approximation at a higher battery state of charge. 

However, the developed model requires that during the testing phase, we obtain the 

outputs of the physics model before the hybrid neural net can be used. 

4.2.FUTURE WORK 

4.2.1. Temperature model 

Obtaining accurate material parameters for the battery from the manufacturer will 

allow us to design a better battery model. Comparatively testing this battery with other 

batteries with well-defined material parameters may enable us to isolate the incorrect 

battery parameters. 

A local heat generation term needs to be added to the equation. More research 

must be conducted to understand the reasons for the drop in accurate temperature 

prediction at lower SOCs.  It is hoped that improving the model to include local lithium 

ion concentration and diffusion effects will help resolve these issues. This will enable 

more accurate calculations, not just for temperature, but also voltage and SOC output. 

Existing discrepancies in the model (identified by Yayathi [5]) need to be 

addressed.  
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4.2.2. Neural Net modeling 

In the future, the models can be modified to run concurrently with each other. 

Implementation into a real time controller may also be pursued. The neural nets can be 

modified to better approximate the dynamic behavior of the battery. Future training and 

testing data will also include ramp inputs in current demand and utilize a transient current 

demand profile that mimics the real time battery operation. More neural net topologies 

must be investigated to obtain a more accurate temperature output.  
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