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Abstract 

In this paper we develop physics informed neural network model to solve battery technology. The first model uses physics from 

the theory. The voltage of the battery is related to the charge carrier, frequency term and power. The theory is used to obtain 15 

different voltages. The parameters charge carrier, frequency term, power and voltage are our 15 training data. The training data is 

trained using Recurrent Neural Network (RNN) Long Short-Term Memory (LSTM). The algorithm determines the weight based 

on the training data. We study for 50, 100, 150, 200 and 500 epoch. We predict for 15 test cases. The predict file has variables 

[charge carrier given, frequency given, voltage not given and power given]. We obtain huge error when the training set is given 

as one file with 15 rows of 4 variables in each row. However the physics from the theory matches with the predict answer for the 

voltage when the training file has one row of 4 variables that is repeated to study multiple times. We have 15 different training 

files. We study for 50, 100, 150, 200 and 500 epoch. The dependency on the epoch is visible until 200. The accuracy is 95% for 

few predict test case results. The predict voltage correlates with the theory. Thus, the model is physics from theory included in the 

neural network for the first time. Next, we study the physics informed partial differential equation with the neural network. We 

use 15 training sets. Each training set have 10 rows with variables [grid location, concentration, voltage distribution, frequency 

term and current]. We use our model to test for one case. The test variables are [same grid location, 1 new concentration, predict 

the voltage distribution, same frequency term and same current]. We obtain good output matching the actual and the physics. The 

accuracy is 80%. We study for epoch 50. 

Keywords 

Physics Informed, Neural Network, Artificial Intelligence, Machine Learning, Battery Technology 

 

1. Introduction 

Neural networks are a class of machine learning algorithm 

to obtain parameters set for given sensors. The neural network 

is a computational program that is inspired from the human 

brain to process the learning parameters and optimize them. In 

the model during the learning we obtain weights. The weights 

are related to learning from the data. Machine learning is 

neural network to learn the data [1]. Data driven science is 

availability of data in the field of engineering. This pertains to 

sensor measurements. The sensor is either purchased or 

manufactured with modification. 

Artificial intelligence is a book plethora of algorithms that 

includes neural network, data driven science, machine learn-
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ing, deep learning to provide a suitable algorithm to a given 

problem. The problem is dependent on the sensor. The sensor 

is used in engineering and technology [2]. 

Deep Learning is optimization neural network model to 

learn. We learn the data, their numbers, pattern and depth of 

information quickly [3]. In the recent years python has in built 

neural network models to learn the data. The weights are 

optimized for the given set of data. Rectified Linear Unit 

(ReLU) is a function in neural network that is available in 

python [4]. 

The types of neural networks are artificial neural network 

(ANN), convolutional neural network (CNN), recurrent neu-

ral network and Long Short-Term Memory. Each of these 

neural networks have common objectives, learn the data, 

process the data, optimize the weights for the given set of data. 

The learning, processing and optimizing weights for the given 

set of data is called training. The least squares method is used 

to obtain optimal weights for the given set of data. The epoch 

is a number that specifies the number of iterations used to 

minimize the error while obtaining the weights. The next 

objective is predict for new set of data. The data is obtained 

from sensor measurements. 

In recent studies the Artificial intelligence regression model 

is used to understand the tensile strength, yield stress and 

elongation at fraction of steel coils [5]. Here Random Forest 

Regression is used. The algorithm provides insights on the 

important features or properties and their relation with other 

features. Extreme Gradient Boost is used to minimize the 

error in entry of the data. The extreme gradient boost uses 

gradient descent algorithm. Support Vector Regression (SVR) 

is used to ensure the data is continuous. SVR gives the best 

fitting function for the data. Artificial Neural Networks are 

used for the training and accurately predict the steel properties. 

The machine learning is used to model interatomic potential 

of graphene [6]. The computational cost of the machine 

learning based potential is many orders of magnitude lower 

than the density functional theory (DFT). Further, the ma-

chine learning modelling efforts are on going to understand 

and predict the lithium ion battery (LIB) characteristics from 

the battery technology process chemical industry parameters 

[7-12]. Furthermore, machine learning is used as computa-

tional sensing to design sensors [13-15]. Advancements from 

machine learning to deep learning are discussed. Graphene 

properties are researched at the nanoscale using image science 

and deep learning [16]. In battery technology the cell condi-

tions are predicted using Recurrent Neural Network with 

Long Short Term Memory (LSTM) [17]. Deep learning with 

sensor readings are researched to obtain precision measure-

ments and devices [18]. 

2. Theory 

We consider cuboid geometry battery. We develop gener-

alized model that has the convection term, noise term, charge 

carrier and charge migration term for the battery. The volume 

of the cuboid is given in Eq (1). 

v = LBH                  (1) 

where v is the volume, L is the length, B is the breadth and H 

is the height of the battery. 

q = cvzF                  (2) 

where q is the charge, c is the concentration, v is the volume, z 

is the valence and F is Faraday’s constant. 

M = cvm                   (3) 

where M is the mass of the battery, m is the atomic mass of 

electrolyte element in the battery. 

  
 

 
                   (4) 

where u is the velocity,   is the acceleration of electrolyte 

and t is the time. 

The current (I) is given in Eq (5). 

  
  

 
 
   

 
 √                  (5) 

where   is the voltage,   is Boltzmann constant, G is the 

conductance, T is the temperature,    is the bandwidth,    

is the charge carrier and    is the frequency term. The square 

root is the thermal noise term. The conductance is given in Eq 

(6). 

  
 

 
                 (6) 

The power (P) is given in Eq (7) 

                       (7) 

In this study we assume the electrolyte does not move. We 

assume velocity     and acceleration    . Further, we 

assume no thermal noise in the device. Using Eq (5) and Eq 

(7), the voltage in the battery is given in Eq (8). 

   
 

    
                 (8) 

Eq (8) is our physics informed by the theory. 

Physics Informed from Theory and Distributed Artificial 

Neural Network Model 

In this section we explain the combined physics informed 

from theory that is included in the distributed artificial neural 

network (DANN). In the first step, the data from the battery is 

given in the model. The procedure is given in Figure 1. The 

data can be designed or obtained from sensor technology for 

battery technology. The computer model is necessary. We 

have to ensure the voltage for the new designed battery are 
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predicted by the neural network. Further, we have to obtain 

the same voltage given in the theory section. Furthermore, the 

output voltage is obtained in the same fashion for many design 

requirements. 

In this section we discuss two approaches. We inform early 

that approach 1 does not work. However the approach 2 is 

new that works using our physics informed from theory and 

neural network. 

In the approach 1 we perform the calculations as follows. 

Here the 15 training sets are given. Each training set has input 

variables. In this paper we use four variables. They are charge 

carrier, frequency term, power and voltage. The input varia-

bles are related to the theory to obtain voltage. The deep 

learning neural network is then introduced. In approach 1 the 

training file has 15 rows. Each row has 4 variables. The 

training file is just one file. The training file with 15 rows are 

sent to Distributed Artificial neural network (DANN) to learn. 

The weights for 15 sets are obtained. ReLU activation func-

tion is used along with our DANN model. 

First theoretical approach - Approach 1 

Table 1 shows the 15 training set. The data set is provided 

as 15 rows where each row has 4 variables. The variables are 

charge carrier, frequency term, voltage and power. We pro-

vide in one file. The voltage is obtained from the theory. We 

use approach 1 with the training set of data. 

Table 1. The 15 training set are given. Each row has 4 variables. The variables are charge carrier, frequency term, voltage and power. Var-

iables to calculate the voltage. We provide in one file. 

Charge carrier (C) Frequency term (Hz) Voltage (V) Power (W) 

3000 0.000278 119.9041 100 

4000 0.000556 13.48921 30 

800 0.000833 30.012 20 

750 0.00167 7.984032 10 

1500 0.0033 10.10101 50 

300 0.0167 15.16966 76 

40 0.033 36.36364 48 

50 0.1 16.8 84 

20 1 1.6 32 

120 10 0.1 120 

4 20 0.4 32 

1 33.3 0.840841 28 

0.2 50 0.4 4 

0.05 100 7 35 

0.04 1000 1.95 78 

 

3. Results and Discussion 

Figure 2 (a) shows the comparison between the actual and 

predict voltage. The epoch used is 50 and loss function is 

provided.. Figure 2 (b) to 2 (e) shows the comparison between 

the actual and predict voltage. The epoch in (b) 100, (c) 150, 

(d) 200 and (e) 500. The loss function are provided. The error 

is huge. The results are based on Approach 1. 

Figure 3 shows the mayavi python plot from approach 1. 

The plot uses points3d function. The plot variables are charge, 

frequency, voltage and power. The epoch is 50. We further 

need to understand the ray method for the result. 

Second theoretical approach - Approach 2 

In this model instead of one train set with 15 rows and each 

row having 4 variables. We use different technique. We create 

15 training files. Each file has only one row of 4 variables. 

The variables are charge carrier, frequency, voltage and 

power. In each file that is the training file we give 14 other 

rows that is copy of row 1 making it 15 rows in each training 

file. We name the training files as [Train 1, Train 2, Train 3, 

Train 4, …, Train 15]. The repeat rows method works. We can 

use our algorithm to learn properly. Then we create minimum 

training sets for computational gain. The train data is sent to 
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the ReLU network DANN model. The test set has 15 rows as 

given in Table 2. Table 2 shows the new design variables for 

the battery. The column 1 shows the charge carrier, column 2 

shows the frequency term and column 3 shows the power term. 

We provide as a single file. We call them test predict file. Now 

we have to predict the voltage. 

Table 2. Test parameters of 15. We have to predict the voltage for the given variables. We have to use approach 1 and approach 2 to provide 

the predicted voltage. 

Charge carrier (C) Frequency term (Hz) Power (W) 

5000 0.000278 80 

2500 0.000556 42 

1000 0.000833 94 

900 0.00167 56 

1700 0.0033 130 

500 0.0167 37 

45 0.033 21 

58 0.1 220 

68 1 31 

184 10 71 

5 20 150 

2 33.3 75 

0.4 50 60 

0.06 100 140 

0.08 1000 12 

 

Figure 4 (a) shows the comparison between the actual and 

predict voltage. The epoch used is 50 and loss function is 

provided.. Figure 4 (b) to 4 (e) shows the comparison between 

the actual and predict voltage. The epoch in (b) 100, (c) 150, 

(d) 200 and (e) 500. The loss function are provided. The ac-

curacy for the predict voltage is 95%. We could predict many 

voltages for new test variables. The test variables are charge 

carrier, frequency term and power. The results are based on 

approach 2. The predicted voltage follows the theory. The 

simulation run time is few seconds. The epoch number need 

not be increased. It has less significance. 

Figure 5 shows the mayavi python plot from approach 2. 

We could see big circles closer to each other. The plot uses 

points3d function. The plot variables are charge, frequency, 

voltage and power. The epoch is 50. We further need to un-

derstand the ray method for the result. 

Figure 6 gives the detailed algorithm for approach 2. Fig-

ure 7 shows the GUI to use for approach 1 and approach 2. 

4. Physics Informed from Partial 

Differential Equation and Distributed 

Artificial Neural Network Model 

In this section we provide generalized partial differential 

equation (PDE) for solid-liquid, electrical, instrument noise 

with physical noise terms for the first time. PDEs are used to 

model various transport phenomena in engineering. The par-

tial differential equation is obtained from the theory discussed 

in the earlier section. Under such conditions the physics of 

transport phenomena for electrolytes are given by Eq (9). 

  

  
(
   

 
)       √                (9) 

where   is the electric potential,    is the velocity gradient. 

The current is calculated by integrating the flux ( ) over the 

cross-sectional area given in Eq (10). 
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   ∫      
 

              (10) 

Where S is the cross-sectional area of the battery geometry. 

The flux ( ) of the electrolyte is contributed by the potential 

gradient given by Eq (11). 

  
 

  
                     (11) 

where D is the diffusion coefficient of electrolyte, R is gas 

constant, T is temperature, z is valence (equal to 1), F is 

Faraday’s constant and c is the concentration of the electrolyte. 

We assume no velocity in our model. We consider steady state. 

We assume no square root noise term. We solve the PDE 

using finite volume method. 

4.1. Simulation Details 

In our PDE we vary only the concentration. The concen-

tration varies from 1 mM to 1000 mM. We consider fixed 

geometry length = 500 m. We consider Area (S) = 1 m2. First 

we divide the number of length points to 10. The charge car-

rier is 760 C. Frequency term is 0.28 mHz. This corresponds 

to time 1 hour. The current from the charge carrier and fre-

quency term is 0.21 A. 

Physics informed PDE and neural network details 

Table 3 shows the parameters that includes the grid location, 

concentration, voltage for each grid point, frequency and 

current. Table 3 is just one of the training set. 

Table 3. Parameters with 5 columns. Column 1 has finite grid points, column 2 has the concentration, column 3 has voltage corresponding to 

each grid point, column 4 has frequency and column 5 has current. 

   (m) c (mM)   (V) frequency (mHz) I (A) 

50 1000 1.41 0.28 0.21 

100 1000 2.83 0.28 0.21 

150 1000 4.24 0.28 0.21 

200 1000 5.66 0.28 0.21 

250 1000 7.07 0.28 0.21 

300 1000 8.48 0.28 0.21 

350 1000 9.90 0.28 0.21 

400 1000 11.30 0.28 0.21 

450 1000 12.70 0.28 0.21 

500 1000 14.10 0.28 0.21 

 

The training set we call Train 1 having 10 rows. We create 

15 Training sets having 10 rows. The column 2 in each of the 

training set are the concentration of the electrolyte that are 

varied. It is given here. [concentration (mM) = 1000, 1, 2, 5, 

10, 50, 80, 100, 200, 300, 400, 500, 700, 800, 900]. The 1D 

PDE given in section 4 are then discretized to obtain the 

voltage. The voltage is in training for each input concentra-

tion. 

4.2. Discretization 

The coupled equations from Eq. 9, Eq. 10 and Eq. 11 are 

discretized using finite volume to obtain the 1D potential 

(voltage) distribution given in Eq (12). 

      (
   

       
)             (12) 

The 15 training files are given. Each file has details given in 

Table 3. The ReLU neural network DANN model is used. The 

weight is obtained from the learning. The test is performed on 

one concentration = 1200 mM to obtain voltage. Figure 8 

shows the comparison of predict voltage and actual voltage. 

We use physics informed from partial differential equation 

and the neural network. Here we use epoch = 50. The accu-

racy is 80%. The test is carried out for only one set. The other 

variables that includes grid location, frequency and current 

are same as Table 3. The obtained voltage matches the 1D 

PDE Eq. 12 for the first time. 

Figures 
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Figure 1. Schematic of the need for physics informed neural network deep learning algorithm in battery technology based sensor devices. 
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Figure 2. Approach 1 physics informed theory and neural network results for (a) epoch 50, result, loss (b) epoch 100, result, loss (c) epoch 150, 

result, loss (d) epoch 200, result, loss and (e) epoch 500, result, loss. 
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Figure 3. Approach 1 shows the plot in mayavi. The plot is mlab. points3d for 4 variables, charge, frequency, voltage and power. Epoch = 50. 

The plot shows the color and size of the points to be understood further. 
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Figure 4. Approach 2 physics informed theory and neural network results for (a) epoch 50, result, loss (b) epoch 100, result, loss (c) epoch 150, 

result, loss (d) epoch 200, result, loss and (e) epoch 500, result, loss. 

The physics informed theory included in the neural network lowers epoch dependency in the accuracy of the predict answers. 
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Figure 5. Approach 2 shows the plot in mayavi. The plot is mlab. points3d for 4 variables, charge, frequency, voltage and power. Epoch = 50. 

The plot shows the color and size of the points to be understood further. 

 
Figure 6. Training of data obtained from physics informed theory approach 2 and neural network algorithm. 

 
Figure 7. GUI for the Physics informed from theory and neural network. 
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Figure 8. Comparison of physics informed from partial differential equation neural network and the only partial differential equation. In both 

models we obtain the 1D voltage distribution along the length. Here we use epoch = 50. 

5. Conclusions 

In this study we develop generalized theory and partial 

differential equation. We consider battery technology exam-

ple. We develop physics informed neural network. The 

physics is included in theory and 1D PDE in the neural net-

work. In our theory we implemented two approaches. The 

Approach 1 the error is huge. The approach 2 in the physics 

based from theory included in the neural network the accuracy 

is 95%. In physics informed from PDE that are included in the 

neural network the accuracy is 80%. The output voltage is 

verified with the theory and PDE equations. 
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LSTM Long Short-Term Memory 
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ANN Artificial Neural Network 
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DANN Distributed Artificial Neural Network 

PDE Partial Differential Equation 
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