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Abstract 

Accurately predicting thermal behavior is critically important in the real-world thermal 

management of supercapacitor modules with ultrahigh power and discharging current. In this 

work, a artificial intelligence (AI)  approach based on the improved multiscale coupled 

electro-thermal model is employed for the first time to accurately predict the thermal behavior 

of a 350 F supercapacitor module under air-cooling conditions. Different from previous work 

which used commercial cells, the 350 F supercapacitors are fabricated from our proprietary 

pilot-scale production line. This approach provides a platform to precisely measure the 

structural parameters, electrical and thermal properties of electrodes and electrolytes (e.g., the 
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temperature/current dependent equivalent series resistance and axial/radial thermal 

characteristics), which can improve the model for characterizing the irreversible heat 

generation and thermal transport processes. In particular, coupled with molecular dynamics 

simulations, the molecular origin of entropy is revealed via probing the atomic-level 

information (e.g., 1D/2D electric double-layer structure, electrical field/potential distributions, 

areal capacitance and diffusion kinetics) to accurately predict the reversible heat generation. 

As a consequence, the deviation between our improved model and experimental results is 

substantially reduced to below 3%. Deep neural network based on the long short-term memory 

(LSTM) approach is trained to build a temperature database for practical supercapacitor 

modules under different operating conditions (including charging/discharging currents, cooling 

airflow rates and cycle duration). This work demonstrates the potential of LSTM deep neural 

networks in predicting the thermal behavior, which can be broadly used for industry-relevant 

thermal management applications. 

 

Keywords: Multiscale coupled electro-thermal model; Long Short Term Memory approach; 

Rrreversible and reversible heat; Entropy; Thermal management; 350 F supercapacitor 

modules. 
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1. Introduction  

Supercapacitors that store electric energy via rapid ion adsorption and separation at the 

solid/liquid interface [1, 2] have shown major advantages over rechargeable batteries in terms 

of high power density (> 10 kW/kg), ultrafast charge/discharge rates and wide operational 

temperature window (-40~60 °C) [3, 4]. These beneficial features make supercapacitors a 

prime candidate for high-power demanding applications, such as uninterruptable power supply, 

braking energy regeneration (e.g., gantry cranes in maritime port terminals), emergency power 

support (e.g., emergency exits of commercial airplanes) and aerospace systems. In these typical 

commercial applications, ultrahigh discharging current (e.g., 200-2000 A) and power (e.g., 50-

200 kW) are usually needed, which inevitably result in substantial heat generation and even 

overheating, seriously threatening the service life time and reliability of supercapacitors. For 

example, the life cycle of a typical commercial supercapacitor is halved for every 10 °C 

increment in the working temperature [5]. Thus, precise prediction of the thermal behavior (e.g., 

temperature rise and distributions) of supercapacitors is becoming particularly important, 

which is indispensable for thermal management and temperature control. 

The heat generation of supercapacitors mainly arises from both irreversible heat and 

reversible heat [6, 7]. The irreversible heat is generated from Joule effects, while the reversible 

heat is closely related to the changes of electrolyte entropy, leading to a temperature rise and 

temperature oscillations, respectively [8-15]. A variety of electro-thermal models combining 

electrical and thermal models have been developed to predict the heat generation during the 

charging/discharging process. For example, Li et al. [16] established the electrochemical-

thermal coupling model of rectangular stacked-type supercapacitors; the model put forward by 

Gualous et al. described the temperature distribution inside and outside supercapacitors as a 

function of the position and time [17]; the electrical and thermal models proposed by Berrueta 

et al. are based on the equivalent circuits to characterize the voltage and operating temperature 

of supercapacitors [18]. 

Unfortunately, significant deviations between experimental observations and theoretical 

predictions are always observed, because most of the electro-thermal models are based on 

continuum theory, and the atomic-level information is usually neglected. For example, the 
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widely used heat generation model by Julia Schiffer et al. [8] ignores the variation of equivalent 

series resistance (ESR) during the charging/discharging processes, and the volumes of the 

Helmholtz layer and bulk electrolyte do not take into account molecular-level information. 

These assumptions make it impossible to accurately describe the entropy change and the shape 

of temperature wave profile. In order to overcome these limitations, other models mostly 

focused on the microscopic electric double layer (EDL) structure within the interfacial few 

nanometer thickness areas. As a prime example, Pilon et al. [19-21] derived first principles 

models by considering ion diffusion, steric effects and entropy changes of mixing associated 

with the activity and temperature gradients. However, it is difficult to deduce the practical 

process parameters from this model. Some attempts to model thermal behaviour were also 

made via classical density functional theory (DFT) [22]; however, the use of free energy 

functional is not justifiable when the spatial variations in the diffusion coefficient and 

temperature become non-negligible. 

In addition to individual supercapacitor cells, accurately predicting the thermal behavior 

of the overall modules is also critically important in the real-world thermal management. A 

common approach is to experimentally monitor the temperature rise within the modules via 

thermocouples [14, 17] or calorimeters [6, 23, 24], while it is rather time-consuming and 

complicated to accurately obtain three-dimensional (3D) temperature distribution and heat 

generation. With recent advances in artificial intelligence (AI), many AI techniques such as 

deep neural networks have been used to resolve complex engineering problems [25, 26]. A 

number of different architectures of neural networks have been evaluated for predicting thermal 

behavior in supercapacitors, such as standard deep neural networks (DNN) [27, 28], deep 

recurrent neural networks (RNN) [29], conditional generative adversarial neural networks 

(cGAN) [30], and deep feedforward neural networks (DFNN) [31]. In comparison with the 

conventional methods, these AI approaches provide a computationally efficient way for 

building non-linear, high dimensional mapping with connections between neurons to predict 

the thermal load and heat transfer characteristics [32-34]. These unique features have led to 

successful applications of intelligent methods in the design and thermal performance prediction 

of Li-ion batteries [35-37]. However, this promising route has not yet been applied in the 
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thermal management of high-power supercapacitors. 

In this work, a long short-term memory (LSTM) approach based on the improved 

multiscale electro-thermal models is for the first time employed to accurately predict the 

thermal behaviors of a 350 F supercapacitor module under air-cooling conditions. Different 

from previous work which used commercial cells, 350 F supercapacitors are fabricated using 

our proprietary pilot-scale production line. As such, the structural parameters, electrical and 

thermal properties of electrodes and electrolytes can be precisely measured to improve the 

model for irreversible heat generation and transport. In particular, molecular dynamics 

simulation (MD) is employed to reveal the atomic-level information of entropy for more 

accurate prediction of the reversible heat generation. As a result, the deviation between the 

results of our model and from our experiments is substantially decreased. Finally, deep neural 

network based on the LSTM approach is trained for predicting the temperatures of 

supercapacitor modules under different operating conditions.  
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2. Model Formulation 

350 F supercapacitors are fabricated from our supercapacitor assembly production line. 

The appearance and core region of the 350 F supercapacitor are shown in Fig. 1(a). The 

modeling approach is based on a one dimensional (1D) electrochemical model and a three 

dimensional (3D) thermal model. 

 

 

Figure 1. Illustration of (a) 350 F supercapacitor cell and core structure; (b) 1D electrochemical 

model and (c) 3D thermal model. 

 

2.1 1D Electrochemical Model 

Computational domain 

A typical supercapacitor cell is composed of a negative electrode, a positive electrode, 

electrolyte, a separator, and two current collectors as shown in Fig.1(b). Considering the 

significantly higher electrical conductivity of current collectors, the electrical potential 

difference in current collectors is negligible which is eliminated in the computational domain 
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of electrochemical model. In this work, it is assumed that: 1) porous electrode theory is applied; 

2) the unit is completely symmetrical; 3) the Faraday reaction does not exist; 4) the weak 

electrolyte flow is ignored because of the complete infiltration in porous electrodes and 

separator; 5) self-discharge and charge redistribution effects are neglected. 

Governing equations and Boundary conditions 

1) Charge conservation 

From the concept of current continuity, a charge conservation equation can be obtained as 

[61]: 
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, where is and il are the solid phase current density and liquid phase current density (A/m2), 

respectively; ϕs and ϕl are the solid electrical potential and liquid electrical potential, 

respectively; Cdl is the capacitance per interfacial area, and δ is the surface area per unit volume 

of electrode. 

2) Solid charge conservation 

The solid current density in electrodes follows Ohm’s Law: 
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In consideration of the porous electrodes, the electronic conductivity can be modified as: 

  1
elecelec s


   

 
(4) 

, where σs is the solid phase conductivity, εelec is the porosity of electrodes,and β is the 

Bruggeman porosity exponent. 
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, where iapp is the applied current density.  

3) Liquid charge conservation 

The flux of ions Ni is governed by the dilute solution theory, which is closely correlated 

to the ion migration, diffusion and fluid flow in the electrolyte solution, and the fluid flow is 

negligible. Based on the Nernst-Planck equation, Ni can be expressed by the following equation: 
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, where F is the Faraday's constant, ei is the charge, R is the universal gas constant, ci is the ion 

concentration, Di is the diffusion coefficient (Einstein-Smoluchowski equation, i
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is the migration rate, for a binary electrolyte and i = 1, 2. 

The relation between liquid current density and ion flux can be described by: 
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Considering the porosity of electrodes and separator, the electrolyte diffusion coefficient 

within electrodes and separator can be corrected by the following equations: 

 , eleci elec iD D   , , sepi sep iD D    (8) 

, where εsep is the porosity of separator. 

Boundary conditions are given by: 
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4) Mass conservation 
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The mass balance in the electrolyte phase is described as follows: 
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, where Ri is the source term (here Ri = 0 without chemical reactions). 

Boundary conditions are given as below: 
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Structral Parameters and Properties  

The structural parameters of electrodes and electrolytes measured for the 1D 

electrochemical modeling are shown in Table 1. 

 

Table 1 Parameters used in the electrochemical model. 

Parameter Notation Value 

Volume fraction for porous electrode εelec 44% 

Volume fraction for separator εsep 70% 

Particle radius of positive electrode rpos 5 µm 

Particle radius of negative electrode rneg 5 µm 

Solid phase conductivity σs 135 S/cm2 

Initial electrolyte concentration c0 1000 mol/m3 

Thickness of separator lsep 30 µm 

Thickness of negative electrode lneg 100 µm 

Thickness of positive electrode lpos 100 µm 

Thickness of collector lc 10 µm 

Thickness of aluminum shell la 88 µm 

Bruggeman porosity exponent β 1.5 

Specific areal capacitance Cdl 25.66 F/m2 

Surface area per unit volume of electrode δ 1800 m2/g 

Minimum stop voltage Vmin 0 V 
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Maximum stop voltage Vmax 2.7 V 

 

2.2 3D Thermal Model 

Computational domain 

The 3D thermal model is shown in Fig. 1(c). The following assumptions are made to 

simplify the mathematical analysis: 1) thermal conduction is assumed to be the dominated 

mechanism of heat transfer in the supercapacitor; 2) the heat generation is uniform during the 

charging and discharging processes; 3) thermal interface resistances at electrode/current 

collector interface and electrode/electrolyte interface are neglected; 4) the heat transfer of cover 

plate is considered as adiabatic because its thermal conductivity is rather low compared with 

other components. 

Governing equations and Boundary conditions 

Since the structure is symmetrical in 3D cylindrical coordinates, the transient 3D equation 

can be written as below: 
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The heat source consists of irreversible and reversible heat generation: Qgeneration = Qirrev + 

Qrev. The irreversible heat is Joule heat while the reversible heat is due to the entropy change. 

The irreversible heat generation is given by the following equation: 

 2
irrevQ I ESR   (13) 

, where ESR is the equivalent serial resistance and I is the current load. 

The reversible heat generation is expressed as follows: 

 revdQ dS
T

dt dt


 
(14) 

Boundary conditions are: 
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, where htotal = hconv + hrad. 

For natural convection, 

  Pr
nnconv o
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h d
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(16) 

, when 104 ≤ Ra ≤ 109, C = 0.53 and n = 1/4; when 109  ≤ Ra ≤ 1013, C = 0.13 and n = 1/3; d0 

is the outside diameter, and λair is the thermal conductivity of air. 

For the radiation part, 

 
   4 4

s amb rad s ambT T h T T     

  2 2
rad s amb s ambh T T T T    

(17) 

, where ε is the surface emissivity and σ is the Stefan-Boltzmann constant. 

Parameters and Properties 

The related parameters and properties of materials are listed in Table 2. 

 

Table 2 Material properties. 

Material Property Symbol Value 

Activated carbon 
Density ρe 843 kg/m3 

Specific heat capacity Cpe Fig. 3(a) 
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Thermal conductivity λe Fig. 3(a) 

Cellulose 

Density ρs 415 kg/m3 

Specific heat capacity Cps 
Fig. 3(b) 

Thermal conductivity λs 

Aluminum 

Density ρa/ρc 2700 kg/m3 

Specific heat capacity Cpa/Cpc 898.15 J/(kg·K) 

Thermal conductivity λa/λc 237 W/(m·K) 

 

2.3 Artificial Neural Networks 

Artificial neural networks (ANN) are a type of deep learning algorithms that model the 

non-linear relationship between the input and output vectors through multi-layered neurons. 

Fig. 2(a) presents the ANN model structure consisting of one input layer, some hidden layers 

and one output layer. The deep learning algorithm implemented in this study is LSTM, which 

is a special form of gated recurrent neural network (RNN) for dealing with sequential data. 

Compared with the basic RNN, LSTM aims to solve the problem of vanishing or exploding 

gradients by introducing three additional gates and a memory cell [38]. A schematic of the 

LSTM unit is presented in Fig. 2(b). It contains a forget gate, an external input gate, an output 

gate and a memory cell. Two gates are designed to control the amount of information in the 

memory cell state (Eq. (18)). One is the forget gate (Eq. (19)) that determines the amount of 

information at the previous moment needs to be passed to the next time step; the other is the 

external input gate (Eq. (20)), which determines the amount of input at the current moment 

saved to the cell state. The LSTM unit also designs an output gate (Eq. (21)) to control the 

exported information. The final output on the time series is determined by the combined cell 

state and output gate (Eq. (22)) [39, 40]. 
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Figure 2. Schematic diagram of (a) multi-layered deep neural network and (b) LSTM cell. 
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 ; Ct is the memory cell value, x(t) is the 

input, C
~

t is the candidate value and h(t) is the activation value of hidden layers at time step t. 

Wf, Wi, Wo, WC are the weight matrices to calculate the forget gate, input gate, output gate, and 

memory candidate, respectively; bf, bi, bo, bC are the bias vectors to calculate the forget gate, 

input gate, output gate, and memory candidate, respectively. [ht-1,c] denotes concatenate ht-1 

and xt vertically, ft, it, ot are the forget gate, input gate and output gate, respectively. 

The algorithm to solve the network is the Adam optimization algorithm. The initial 

learning rate is 0.01. The approach is developed using the Keras API in Python 3 on a 

Tensorflow backend. To prevent the over-fitting, the LSTM approach is regularized using 

weight decay regularization and early-stopping. 

 

2.4 MD Simulation 

MD simulations are performed using the Large-scale Atomic/Molecular Massively 
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Parallel Simulator (LAMMPS) program. The temperature of electrolyte is maintained at 300 

K, controlled by the Nose-Hoover thermostat with a damping parameter of 0.10 ps. The 

Coulombic and van der Waals forces in the real space are calculated with a cutoff of 12.0 Å. 

The long-range Coulombic interactions are handled by the particle-particle particle-mesh 

(PPPM) algorithm with an accuracy of 10-5. All MD simulations are equilibrated for 10 ns with 

a time step of 1 fs, followed by 5 ns to save the trajectories every 1 ps. 
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3. Results and Discussions 

3.1 Improved Electro-Thermal Model 

3.1.1 Correlation of ESR and thermal characteristics 

In the conventional irreversible heat model, the ESR of supercapacitors is considered as a 

constant value during the charging/discharging processes, while it is practically dependent on 

the operating temperature and conditions (e.g., discharging current) [14, 41]. In this work, we 

have been able to measure in real-time the change of the ESR during the 350 F supercapacitor 

operation period. On the basis of experimental results, we have been able to correlate ESR to 

the operating temperature T (K) and current I (A) and we have consequently produced an 

analytical expression derived from a fitting procedure: 

0.05035 0.002151 0.000126 0.000006304ESR I T T I         (23) 

Based on this, the irreversible heat generation can be calculated as: 

2

2 3 2 3

(0.05035 0.002151 0.000126 0.000006304 )

        =0.05035 0.002151 0.000126 0.000006304

irrevQ I I T T I

I I I T I T

        

  
, (24) 

which is to be used in our 3D model in replacement of equation 13. 

In addition, thermal properties also play a key role in determining the thermal model. In 

this paper, the thermal characteristics (including thermal conductivity and specific heat 

capacity) of electrodes (Fig. 3(a)) and separator (Fig. 3(b)) are measured by a flash method via 

Netzsch LFA457 instrument. The axial thermal conductivity for the entire calculation domain 

is calculated as:  
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, and the radial thermal conductivity of whole computational domain can be determined as:  
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, where λ’
z and λ’

r are the axial thermal conductivity and radial thermal conductivity for the 

active zoon, respectively. The detailed calculation of λ’
z and λ’

r is available in the Supporting 
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Information. 

 

 

Figure 3. Thermal characteristics of (a) electrodes and (b) separator at the different temperature. 

 

3.1.2 Interfacial EDL structure 

In the reversible heat model, the entropy is determined by the probability of ion particles 

located in a sub-volume (i.e., close to the interfacial electrode-electrolyte area) of the total 

electrolyte volume and the Boltzmann constant. The entropy of supercapacitor can be described 

as: 

0 0 0 0
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B B
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(27) 

, where VC is the EDL volume, V0 is the total electrolyte volume, N is the number of ions, kB is 

the Boltzmann constant, and C is the capacitance. 

The conventional hypothesis is that the EDL structure is solely composed of Helmholtz 

layer arising from the counter-ion adsorption, and V0 and VC can be predicted based on the 

molecular size of ions and solvents, which is thus uesed for calculating entropy. This 

assumption is proved to be valid for dilute electrolytes (e.g., 0.01 M aqueous solutions), which 

has been widely used for the electro-thermal models. However, the employed commercial 

organic electrolytes (i.e., 1 M SBP-BF4/ACN) have considerably high concentration, strong 

cation-anion correlations and complex ion-solvent interactions (e.g., hydrogen bond and 

specific adsorption), which probably invalidates the traditional assumptions.  

Herein MD simulation is carried out to reveal the microscopic information of organic 
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electrolytes at the solid/liquid interface for accurately calculating the electrolyte entropy. 

Electrode carbon atoms are held fixed and rigid during the simulations, defined as Lennard-

Jones (L-J) spheres with the parameters proposed by Cheng et al. [42]. The partial charges and 

force fields for electrolyte ions (SBP+ and BF4−) are from Monteiro et al.’s work [43]. The 

parameters for ACN molecules are chosen from Wu et al.’s work [44]. The interactions between 

particles (i.e., atoms or ions) can be expressed as a sum of bonded interactions, Coulombic and 

L-J 12-6 potentials: 

     2 2
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(28) 

, where r0 and θ0 represent the equilibrium bond distance and bond angle; Kr, Kθ and Kφ denote 

the bond, angle, and dihedral interaction coefficient; qi, rij, εij and σij present the charge of i 

atom, the distance between i atom and j atom, the minimum energy and the zero energy 

separation distance, respectively. The LJ parameters for εij and σij are calculated using the 

Lorentz-Berthelot mixing rules. 

Fig. 4(a) shows a representative snapshot of MD simulation model for SBP-BF4/ACN 

electrolyte near the charged electrodes. The EDL structure is firstly characterized by the 

number density distributions. The ion number density n(z) at the position of z perpendicular to 

electrode surface can be obtained as [45]: 

   1
i i

x y

n z z z
L L z

 
 

 
(29) 

, where Lx and Ly present the electrode dimension along the X and Y axes; ∑iδ(z-zi) shows the 

particle number within a layer of thickness ∆z. 

Fig 4(b) and (c) show the 1D number density profiles of electrolyte ions near the negative 

and positive electrodes, respectively. Multilayer electrolyte structring including Helmholtz and 

diffusion layer is recognized, indicating that conventional model based on the sole Helmholtz 

region probably cannot describe the entropy accurately. Upon the negative polarization, 

remarkably high density of SBP+ ions (0.00685 # A-3) with a small second peak (0.00186 # A-
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3) are developed near the charged surface, while BF4
− ions without obvious peaks are repelled 

from the interfacial region due to the strong electrostatic interactions. Especially, ACN solvents 

accumulate at the buffer region between SBP+ ions and graphene surface, indicating the full 

solvention state of SBP+ ions. As for the positive electrodes, the packing position of the first 

BF4
− ion peak (0.00499 # A-3) is much closer to the charged surface than that of SBP+ ion due 

to the smaller ion size and weak solvent interactions. Moreover, BF4
− ions and ACN molecules 

almost gather at the identical position, revealing that partial solvent shells are stripped. Similar 

results can be observed from the 2D number density distributions in Fig. 4(d) and (e). Obvious 

layer structres are observed for the SBP+ ions/ACN molecules near the negative polarization 

and BF4
− ions/ACN molecules near the positive polarization. 

 

 

Figure 4. (a) Representative snapshot of MD system. 1D number density profiles near the (b) 

negative and (c) positive electrodes. 2D number density profiles near the (d) negative and (e) 

positive electrodes. 

 

3.1.3 Electrical field and capacitive performance 
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On the basis of the number density, the electrical field and electrical potential distributions 

can be obtained via the Poisson equation: 

0 ( ( )) ( )zz
z z         (30) 

With integrating the Poisson equation, the electrical potential ϕtotal(z) at the position of z 

can be expressed as: 

00 0

1
( ) ( ) ( )

z

total
z z z z z dz


  

    
 

(31) 

, where z = 0 is the electrode position; σ denotes the electrode charge density, and ρ(z) is the 

electrolyte charge density. 

The electrical field exhibits oscillatory curves within the interfacial EDL area (Fig. 5(a)), 

which is consistent with the multilayer density manners. Especially, the electrical field is 

rapidly shileded by the electrolytes and decays to zero within the nanometer thickness EDL 

area. It is noted that the negative value of electric field can be attributed to the overscreening 

effect stemming from the charge density ρ(z). Similar trend is observed for the electrical 

potential distributions (Fig. 5(b)). The electrode capacitance can be obtained as the ratio 

between the electrode charge density and electrode potential. The areal capacitance of Cnegative, 

Cpositive and Ctotal is calculated to be 4.04, 5.30 and 2.20 µF/cm2, respectively (Fig. 5(c)). The 

cathode-anode asymmetry can be resonably intepreted by the size asymmetry and dipolar 

charge distribution of ions as well as the different ion-solvent and ion-electrode interactions. 

Moreover, the self-diffusion coefficients are calculated based on the mean square displacement 

method to further evaluate the dynamic properties via the following equation: 

1

1

1
( ) (0)

3

N

i i
i

MSD r t r
N





 
   

(32) 

, where 
→
ri (t) and 

→
ri (0) represent the position of atoms at time t and time 0, respectively; N is 

the atom number, and the broken bracket denotes the ensemble average. The self-diffusion 

coefficients for SBP+ ion, BF4
− ion, and ACN solvent are calculated to be 10.1, 14.7 and 23.9 

× 10−10 m2/s (Fig. 5(d)). 
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Figure 5. (a) Electrical field and (b) electrical potential distributions near the charged surface. 

(c) Areal capacitance of Cnegative, Cpositive and Ctotal. (d) Diffusion coefficient D for cation, anion 

and solven molecules. 

Based on these results, the effective EDL thickness can be calculated as [46]: 
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(33) 

, where z0 is the location of electrode and ρ(z) is the space charge density. The effective EDL 

thicknesses are 0.810 and 0.771 nm for the negative and positive electrode, respectively. And 

the EDL volume can be calculated by the following equation: 

 1 2C EDLV d M    , 1 2C EDLV d M     (34) 

, where M is the mass of activated carbon. 

The total electrolyte volume V0 is predicted from the data of geometric surface, total 

number of wound layers and thickness of electrodes (aluminum plus activated carbon). Based 
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on the above results, the improved reversible heat can be described in high fidelity via the 

following equation: 

1 1

0 0

1 1

0 0

0 0

0 0

0 0

1 2 1 2
ln ln

( ) ( ) ( ) ( )
1 2 1 2

( ) ( )
         ln ln

rev B EDL EDL

z zN N

z z

z zN N

z zB

dQ Ck d M d M dU
T

dt e V V dt

z z z z dz z z z z dz
M M

z z dz z z dzTk

e V V

 

 
 

 

 

 

 

 

 

       
      

     

     
  
  

    
  
  
  
  

 
 

I

 
 
 
 
 
 
 
 

 

 

(35) 

 

3.2 Mesh Selection 

Based on the improved electro-thermal models, finite element method (FEM) simulation 

is carried out using COMSOL Multiphysics 5.5. A grid independence test is conducted to 

choose the proper grid size for ensuring high-precise results at low computational costs. 

Structured hexahedral mesh and unstructured tetrahedral mesh are applied in our computational 

domain as shown in Fig. 6(a), in which five different sizes of mesh are chosen. The applied 

current is 10 A, and the initial temperature of supercapacitor is 20 °C with an adiabatic ambient 

condition. After 5 cycles of constant-current charging and discharging, the temperatures on the 

supercapacitor at six points under five different grid sizes are presented in Fig. 6(b). A mesh 

size of 0.00229 mm is chosen in this work in consideration of the high calculation precision 

and low computational costs. 
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Figure 6. (a) FEM mesh model and distribution of six channels; (b) temperature evolutions of 

six channels with different mesh sizes. 

 

3.3 Numerical Model Validation 

To validate the improved electro-thermal models, two experiments monitoring the 

temperature variations under thermal insulation and natural convection conditions are 

conducted. The adiabatic temperature of supercapacitor during the cycling was obtained by the 

accelerated rate calorimetric (ARC) techniques as shown in Fig. 7(a). The supercapacitor cell 

under test was placed into a sample pool (diameter of ~9 mm) connected to the Galvanostat-

Potentiostat. There are two heaters on each side of the furnace to keep the temperature of tested 

sample and furnace. As presented in Fig. 7(b), the experimental setup is composed of an 

electrochemical workstation, a 350 F supercapacitor cell, thermocouples and a multiplex 

temperature recorder. T type thermocouples (with a tolerance of 0.5  °C) were pasted onto the 

surface of the supercapacitor cell to measure the temperature variations in natural convection 

condition.  

The mean temperature evolution of the supercapacitor cell under thermal insulation and 

natural convection conditions is shown in Fig. 7(c) and (d). It is noted that the simulation results 

from the conventional model by Schiffer et al. [8] are also provided for comparison. The 

temperature rises in a wave profile manner during the charging/discharging cycle, which is 

consistent with the irreversible and reversible heat generation. Compared with the conventional 

model, the improved electro-thermal model is able to describe the temperature oscillations 

more accurately. Details of the temperature evolutions of supercapacitors under thermal 

insulation and natural convection conditions (Fig. S1) are available in the Supporting 

Information. 

 



 

23 

 

 

Figure 7. Schematic of experimental setup for supercapacitor temperature measurements under 

the (a) adiabatic condition and (b) natural convection condition. Comparisons between 

experiments and simulation results under the (c) thermal insulation and (d) natural convection 

conditions. 

The mean absolute error (MAE) is introduced to quantify the performance of the improved 

electro-thermal model: 
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(36) 

The maximum MAE between the improved model and experimental temperature in the 

adiabatic condition and natural convection condition are calculated to be 2.80% and 1.31% 

respectively, which is superior to the conventional model. Therefore, these results demonstrate 

the reliability and precision of our improved model for describing the thermal behaviors of 350 

F supercapacitors. 

 

3.4 Data Preparation for LSTM Approach 

In these remaining sections, an LSTM RNN is trained to predict the thermal management 
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performance of supercapacitor modules. The generated heat is removed by an airflow through 

forced convection due to its advantages of compact structure, cost-effectiveness and 

environmental-friendly features [47-50]. According to previous work by Gualous et al. [47], a 

staggered arrangement of supercapacitor cell is chosen in the air cooling system as depicted in 

Fig. 8. A repeating unit is chosen as the computational domain in consideration of its periodicity, 

in which the inlet air temperature is set to 20 °C, and supercapacitor cells are labeled as 1-8. 

A large amount of high-quality training data is indispensable to ensure the accuracy and 

generality of deep neural network. The as-obtained simulation results are employed to train and 

test the LSTM approach based on the CFD simulations. The input and output features for deep 

learning approach are presented in Table 3. 70% of the 29,000 simulation data for temperature 

are grouped for training, and 30% are used for evaluating the model structure of LSTM. 

 

 

Figure 8. Staggered configuration of supercapacitor cell. 

 

Table 3 The input and output features for deep learning approach. 

  Feature Value 

Input 

Current rate 50-100 A 

Inlet velocity 0-1 m/s 

Time steps 0-2000 s 
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Output 

Temperature of each 

supercapacitor cell 

(1, 2, 3, …, 8) 

 

 

3.5 Optimization of LSTM Approach 

In an ANN, the number of neurons in the input layer is equal to the number of input 

variables, and the number of neurons in the output layer is equal to the number of required 

output values. Therefore, the appropriate number of hidden layer and neurons plays an 

important role in the performance of neural network. In this work, three hidden layers are 

applied and the number of neurons in the hidden layer is determined by trial and error before 

the ANN training processes. 

Fig. 9 shows the results of the unit independence study of LSTM. To determine the number 

of neurons in the hidden layer, MAE is plotted against the number of neurons in the first hidden 

layer. Generally, a lower value of MAE indicates a good match between the predicted data and 

the numerical results. The value of MAE decreases rapidly and converges with the increment 

of epochs. The network with 25, 26 and 28 neurons in the first hidden layer has relative lower 

MAEs. After 300 epochs, MAE value of training and testing database reaches below 0.00875 

and 0.00684, respectively. Therefore, the optimal number of neurons in the first hidden layer 

is chosen as 25. 
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Figure 9. MAE of the (a) training and (b) testing data with different neurons in the first layer 

as a function of epochs; MAE of the (c) training and (d) testing data as a function of epochs 

with different hyperparameters. 

Moreover, the effect of other hyperparameters (e.g., number of neurons and batch size) on 

the performance of deep learning approach is further investigated to get optimal results from 

the LSTM approach. Fig. 9(c) and (d) suggest that the hyperparameters have significant 

influences on the LSTM performance. It is found that less neurons will have worse 

generalization performance on the training and testing data, and the most suitable number of 

neurons is 64; on the other hand, large batch size is more computationally efficient on GPU, 

but cannot produce better performance. Therefore, the batch size around 4-8 produces quite 

similar results. 

 

3.6 Forecasting Temperature of Supercapacitor Modules 

The performance of the trained LSTM approach can be examined through the scatter plots 

of LSTM predictions on the testing dataset against the original simulation results. Fig. 10 shows 

a comparison between ANN predictions and simulation results for a random testing data of 8 
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supercapacitors. The applied current is 84 A and the inlet velocity is 0.82 m/s. The solid 45° 

angle line stands for the ideal situation where LSTM predictions perfectly match the simulation 

results. As shown in Fig. 10(a) - (h), the temperature of 1-8 supercapacitors rises by ~10 K 

within 2000 s and reaches equilibrium after ~500 s. It is clear that the results of trained network 

agree well with the numerical simulation data. Fig. 10(i) shows the MAE of all testing data, 

where the values of MAE are between 0.0003 and 0.0022 for 1-8 supercapacitors. As a result, 

these training tests demonstrate the generalization of the LSTM approach, which can be used 

to surrogate the CFD simulations without extensive computational costs. 

 

 

Figure 10. (a-h) Comparison of temperature between the LSTM predictions and simulation 

results for 1-8 supercapacitors; (i) MAE statistics of overall testing data. 

Based on this deep learning approach, the temperature database of supercapacitor module 

under air cooling is built. Fig. 11 shows the temperature variations of supercapacitors under 

different operating conditions. This database provides a possibility to quickly estimate the 

temperature of supercapacitors under different charging-discharging currents, cooling airflow 

rates and cycle time at computational costs. 
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Figure 11. Predicted temperature of supercapacitor module using LSTM at (a) the air inlet 

velocity of 0.4 m/s, (b) the current rate of 75 A and (c) the cycle time of 100 s. 

 

4. Conclusions  

In summery, an LSTM approach with the multiscale coupled electro-thermal model is 

developed for the first time in predicting the temperature behaviour of supercapacitor modules 

with air cooling system. A 350 F supercapacitor is fabricated from our proprietary pilot-scale 

production line. The structural parameters, electrical and thermal properties of electrodes and 

electrolytes are comprehensively measured to improve the electro-thermal model. Especially, 

MD is employed to reveal the molecular origin of entropy (e.g., EDL structure, electrical 

potential distributions, capacitance and diffusion coefficient) for more accurately predicting 

the reversible heat generation. As a result, the deviation of temperature curves between our 

improved model and experimentals is obviously decreased (< 2.80% for adiabatic conditions 

and < 1.31% for natural convection conditions). 

Deep neural network based on the LSTM approach is trained and developed for the 

prediction of heat transfer characteristics within supercapacitor module. The data-driven 

approach takes the current rate, the air inlet velocity, and the cycle time as input features, and 

temperature of each supercapacitor is set as the output features. The optimal structure of 

network is determined by trial and error, in which 70% of simulation data are grouped for 

training, and 30% are used for evaluating the LSTM structure. This enbles LSTM predictions 

with good generalization, high fidelity and well matchment with the simulation results. In the 

end, deep neural network based on the LSTM approach is trained to build the temperature 



 

29 

 

database for supercapacitor modules under different operating conditions. This work 

demonstrates the predictive capability and effectiveness of artificial neural networks in the 

practical thermal management of energy storage devices. 
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