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An ensemble approach-based machine learning modeling is used in the current study for unveiling the effect
of various electrode parameters on the electrochemical performance of hetero-atom doped nanocarbons. This is
achieved using three meta-classifiers in combination with traditional Multi-Layer Perceptron and Random Forest
models. The three meta-classifiers used are namely (i) bagging, (ii) classification via regression (CVR) and (iii)
multi class classifier (MCC). Amongst these three models, bagging and classification via regression provided
greater accuracy in terms of correctly classified instances (%) and area under region of convergence values. The
designed models are used to predict class of specific capacitance values. 94.5 % of the considered dataset is classi-
fied correctly proving a better accuracy of the designed models. Lowest root mean square value of 0.1787 was
obtained for RF model. Compared to the models defined in the literature, the suggested models in this work provide
best fit of the experiment and predicted values with highest accuracy and lowest error performance values. The
lowest error value for RF and MLP models are 0.18 and 0.19 respectively.
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1. INTRODUCTION

The current era of electrification and global connec-
tivity has attributed to the energy crisis aroused due to
the imbalance between the world’s energy supply and de-
mand. This expanding gap urges the implementation of
various renewable energy resources for maintaining un-
interrupted energy supply. But, the intermittent nature
of these renewable energy sources demands energy stor-
age systems which ensure continuity and security in en-
ergy supply. The trending lithium-ion battery technology
does not satisfy the need for high-power applications [1].

Electrochemical capacitors, preferable known as super-
capacitors exhibiting some inimitable properties like high
charge capacitance retention rate (i.e. > 89 %), high power
density (~ 5 kW/kg), excellent cyclic stability (> half a mil-
lion cycles) and rapid charge/discharge (in milliseconds)
bridges the gap between the conventional electrostatic ca-
pacitors and electrochemical batteries [1]. However, the
low energy density restricts their current application. Elec-
trode material being an integral and essential part of SC-
related research has been extensively explored. Hence, op-
timum combination of nanocarbons, dopants and electro-
lytes is essential for broadening the scope of application and
materializing the wide application potential of electro-
chemical capacitors [2].

Data driven modeling has emerged as the method of
choice for various applications [3-4]. In contrast to the
theoretical modeling, data driven machine learning ap-
proach allows establishment of quantitative correlation
between the different important parameters of nanocar-
bons based electrode materials and their performance
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[5-6]. While the research in the area of heteroatom ef-
fects on the properties of nanocarbons based electrode
materials has been done intensively however, some as-
pects require in-depth discussion and exhaustive cover-
age. In this work, we deploy three meta-classifiers in
combination with traditional MLLP and RF models for
unveiling the effect hetero-atom doped on the electro-
chemical performance of nanocarbons based on exten-
sive literature driven data.

2. DATA COLLECTION AND MODEL
EVALUATION

For this research, a data driven approach was carried
out to predict specific capacity, energy density and power
density of heteroatom doped nanocarbons. Datasets used in
this work were structured by collecting the data’s from the
literature [6-8]. A total of 16 parameters were considered
based on proximate component analysis (PCA). Initially all
the datasets were categorized into four classes/ grades
namely: Class A: < 120 F/g, Class B: 120 F/g-200 F/g, Class
C: 200 F/g-230 F/g and Class D: 230 F/g-290 F/g. Table 1
presents the set of input and output features employed for
this work.

Once the datasets were extracted, PCC was imple-
mented for deriving the linear relation between the two
considered factors and corresponding equation is given
asin (1)
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cov(A, B) — Covariance between A and B
o4, o — Standard deviation of A and B respectively
r — Pearson correlation coefficient

Table 1 — Statistics of different considered parameters

Parameter Mini- | Maxi- Mean SD
mum mum
ED 1.09 11.33 6.922 2.369
PD 0.06 11.7 1.404 2.081
MISA 160 2316 1093.5 473.82
MESA 16 764 362 262.869
Oxygen 4.94 17.19 9.457 3.51
Pyrollic 0.13 3.66 1.43 0.978
Pyridinic 0.18 3.32 1.3 0.885
Quaternary |0.12 6.58 1.06 1.024
Others 0.16 2.36 0.876 0.626
Capacitance |5.72 286.41 |[176.88 71.32

* SD — Standard Deviation

The success of the ML models relies on the appropriate
selection of parameters. For materializing the full poten-
tial of developed supercapacitor, the proper combination
of electrolyte, nanocarbons and dopants is essential.

Different ML models were trained and optimized for
predicting the specific capacitance and energy density
via WEKA (Waikato Environment for Knowledge Anal-
ysis) [9]. For implementation of any ML model the entire
dataset was randomly distributed into 80:20 ratios for
training and test set. Using trial-and-error method, the
hyper parameters were tuned.

The performance of the developed models was as-
sessed on the basis of error performance parameter i.e.
RMSE and is expressed as:

(anzl‘xn - yn‘2)
N

RMSE = 2

3. RESULTS AND DISCUSSION
3.1 Algorithms Used

For the preparation of prediction model based on het-
eroatom doped nanocarbons mainly, two different algo-
rithms are used: (i) random forest (RF) and (i) multi
layer perceptron (MLP) [10]. RF is an ensemble learning
method which makes predictions based on multiple
trees. It improves accuracy and avoids the overfitting
problems. It is considered a fast classifier as its imple-
mentation in multicore processor enables concurrent use
of processor core thereby reducing the time required to
build the model.

3.2 Prediction Model

For studying the significance of precise control of ox-
ygen functionality on graphene based network, we have
considered tunable C/O ratio reported in literature [7].

In comparison with the pristine graphene, 49.2 %
increase in capacitance value under optimized condi-
tions was achieved as shown in Fig. 2 (A-B). As observed,
RF provides a good fit of the predicted values with the
experimental.
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Fig. 1 - Pearson Correlation Coefficient matrix
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Fig. 2 - (A) Experiment values for Hydrothermally reduced gra-
phene oxide ( HGO) and Functionalized Graphene (FG) (B)
ANN predicted results for the same. “FG potential” represents
the apex potential at which the sample was cycling. Experiment
datas were collected from ref. [7]

Table 2 — Sensitivity and specificity parameters of models

2 TPR FPR Precision |AUROC
®

& |RF |MLP|RF |MLP |RF |MLP |RF |MLP
A [0.8 |08 |0.1|0.1 [0.8|0.7 0.9 (0.8
B 0.7 |0.6 [0.0 0.1 |0.6|0.5 0.9 (0.8
C 0.3 (0.3 |0.1 (0.1 0.50.4 0.7 10.6
D 0.5 (0.6 |0.0]0.0 0.510.7 0.7 10.8
WA|[0.6 |06 |0.1 |0.1 0.6 |0.6 0.8 10.8
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CVR with
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MCC with
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1. CONCLUSION

An ensemble data driven approach in combination
with two traditional ML models namely: Random Tree
and Multiple layer perceptron were prepared using
WEKA 3.9.5 software. The electrochemical performance
of hetero atom doped nano-carbon electrode material-
based supercapacitor was predicted based on collected
data from the literature. A total of 16 parameters were
selected. Initially, all the datasets were sub divided into
four classes. Of all the models considered, RF model pro-
vides the best fit of the experiment and predicted values.
94.5 % of the considered dataset is classified correctly
proving a better accuracy of the designed models. Re-
sults show the superiority of designed models with
higher AUROC values.
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MopesroBaHHs MAIIIMHHOTO HABYAHHS HA OCHOB1 aHCAMOJIEBOTO IIIXOY BUKOPUCTOBYETHCSI B IIOTOYHOMY
JIOCJITKEHH] JJIsi BUABJIEHHS BILUIUBY PI3HMX IIAPAMETPIB €JIEKTPOIIB Ha eJIEKTPOXIMIUHI XapaKTepUCTHKHN
HAHOBYIJIEI[IB, JIETOBAHUX reTepoaToMamu. Lle qocsiraeTsest 3a I0IIOMOro0 TPHOX METAKRJIACU(IKATOPIB Y II0-
€HAHHI 3 TPAIUIIHHIMA MOJIeJIAMA 0araTopiBHEBOTO IIEPCEIITPOHA Ta BHUIIAIKOBOTO Jicy. Bukopucrasi Tpu
MeTarsacudikaropu, a came (1) maxerysanus, (i) kinacudikarris sa monomoromo perpecii (CVR) 1 (iil) myasTu-
ryacosuit kiaacudirkarop (MCC). Cepen mux TphOX Mofesell TAKeTYBAHHSA Ta KJIACH(IKAIlA 34 JOIIOMOTOM0
perpecii 3a6e3mevYnIi O1IBITY TOYHICTD 3 TOYKH 30PY TPABUIBHO KIACH(MIKOBAHUX eKk3eMILIAPIB (%) 1 mIorm
i 3HAYeHHSIMH 00J1acTi koHBepreHii. Po3pobeH] Moiesi BUKOPUCTOBYIOThCS JIJIS MIPOTHO3YBAHHS KJIACIB
TUTOMHUX 3HAYEHb EMHOCTI. 94,5 % PO3TIITHYTOT0 HAOOPY JAHUX KJIACHU(IKOBAHO IPABUIIHHO, 10 I ITBEPIKYE
Kpallly TOYHICTH po3pobsienux mozesei. Hatimenre cepenapokBampatryune 3Haverus 0,1787 Gysio orpuMaHo
IUIS PAmiouacToTHOL Mofesti. Y IMOPIBHAHHI 3 MOAEJIIMY, BUSHAUEHUMH B JIITepaTypl, 3aIIPOIIOHOBAHI MOIEJT1
B I[iT po6OTI 3a0€3MMeuyoTh HaNKpAallly BiAIIOBIIHICTh €KCIIEPUMEHTY Ta IIPOrHO30BAHKMX 3HAUEHD 3 HAWBHUIIIO
TOYHICTIO TA HANHUIKYNMA 3HAYEHHSIMHU IIPOAYKTUBHOCTI oxnbok. HalimerIe sHaveHHsT TOXUOKY 1 MOJIe-
neit RF 1 MLP cranosuts 0,18 1 0,19 Bigmosigmo.

Komouogi cimosa: Enexrpon Ha ocHoBI KapOoHy, 36epiranus eHeprii, JleryBauusa rerepoaromamu, Mammaae
HaBuauHs, Jlerysanus azorom, CymeproHIeHCATOD
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