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1. Introduction

Triboelectric nanogenerators (TENGs) are widely
employed for energy harvesting from sources such as
rain, wind, ocean waves, and human body motion[l,
2]. They convert mechanical or vibrational energy
into electrical energy through coupled contact electri-
fication and electrostatic induction processes, offer-
ing a promising pathway toward self-powered sens-
ing electronics[3, 4]. A typical contact-separation
TENG structure (as shown in Fig. 1) consists of a pair
of active layers (generally fabricated from polymer
nanocomposites that either generate or trap electri-
cal charge) and conductive electrodes. When sub-
jected to external mechanical stimuli, the electrical
output of these devices exhibits pronounced sensi-
tivity as a result of interactions between dissimilar
materials and their surface characteristics. This sen-
sitivity is governed by a range of factors, including the
selection of materials for the active layers and elec-
trodes, the micro- and nanostructures of the active
layer surfaces, the effective contact area and sepa-
ration distance between interacting layers, the fre-
quency and amplitude of the applied mechanical ex-
citation, environmental conditions such as humidity,
and the load impedance[4, 5]. These nonlinear, multi-
physics interactions render first-principles modeling
and brute-force experimental approaches costly and
time-consuming, thereby hindering rapid design iter-
ation and application-specific optimization. Recently,
machine learning (ML)-based surrogate models have
been developed to describe the behavior of TENG
devices[6, 7, 8]. However, these models typically con-
sider only a limited set of parameters, often assum-
ing nearly constant material compositions, which re-
stricts their applicability.

To address these challenges, we propose a ma-
chine learning-based framework that predicts TENG
performance by linking atomic-scale material proper-
ties to device-level behavior. The framework is built
on a curated literature dataset comprising composi-
tion of active layer and electrode materials, few de-
vice features, and operating conditions. It also in-
corporates atomic-level properties from databases
such as Materials Project [9] and Polymer Genome
[10]. By integrating atomic-scale descriptors with de-
vice and operation-level variables, the model learns
cross-scale relationships governing key performance
metrics, such as open-circuit voltage,and hence, en-
abling rapid design screening and accelerated devel-
opment of next generation TENG devices.
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Fig. 1: Structure and components of a TENG device

2. Methodology

Our framework consisted of a typical ML workflow
(as depicted in Fig. 2) where we first curated a dataset
from the literature, followed by featurization of data
and finally ML models were developed and validated
over the featurized dataset.

2.1 Data extraction and curation

We manually extracted data from the literature
related to TENG devices and their experimental char-
acterisation. Data related to composition of active
layers and electrodes, surface area, thickness, sur-
face roughness and distance between active layers,
the amplitude and frequency of external stimulus,
external humidity and open-circuit voltage were ex-
tracted from text and plots of these research articles.
A total of 403 data points were extracted from 30 re-
search articles, with open-circuit voltages ranging
from 0 to 1700 V.

2.2 Data processing and feature engineering

The dataset was pre-processed to get machine
readable features for all the factors. Descriptors for
the active materials, reflecting the chemical compo-
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Fig. 2: Workflow of the ML-based prediction frame-
work
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sition of the layers, were decomposed into matrix
and filler identities along with their loading percent-
ages. The matrix and filler identities were further
featurised to include their band gap/HOMO-LUMO
gap values. These values were obtained from the Ma-
terials Project[9] for inorganic materials and from the
Polymer Genome[10] tool for polymers. Similarly, we
obtained resistivity values for corresonding electrode
materials from the resistivity dataset[11]. We selected
these particular electronic descriptors for the active
layer and electrode components because prior stud-
ies have shown that they significantly influence tribo-
electric nanogenerator (TENG) performance[5]. Fi-
nally, the featurized dataset comprised of 20 key fea-
tures categorizing all material, device, operational
and performance parameters.

2.3 Model building and validation

Following dataset featurization, ML-based surro-
gate models were constructed to learn a mapping
from 19 material, device, and operation related input
features to the output performance metric, namely
the open-circuit voltage. Three explainable gradi-
ent boosting algorithms—XGBoost, LightGBM, and
CatBoost were employed for model development us-
ing identical hyperparameter settings. Model perfor-
mance was evaluated using the coefficient of deter-
mination (R?), root mean squared error (RMSE), and
mean absolute error (MAE). To assess generalization
capability and mitigate overfitting, a rigorous 5-fold
cross-validation strategy was adopted, augmented
with a bootstrap ensemble approach to enable uncer-
tainty quantification and robust performance estima-
tion across 25 models per algorithm.

3. Results

Table 1 presents a comparison of the predictive
performance of all the evaluated models. Overall,
the models demonstrate comparable accuracy, with
R?, MAE, and RMSE values ranging from 0.85-0.86,
63.10-65.93, and 123.52-128.83, respectively. Given
that the dataset was curated from diverse literature
sources with inherent variability in materials, device
configurations, and testing conditions, this level of
agreement indicates that the selected features effec-
tively capture the dominant factors governing the
open-circuit voltage.

Further, the CatBoost model shows stable and con-

Table 1: Model comparison on various metrices.

Algo- R? MAE (V) RMSE (V)

rithm

XgBoost 0.85 + 65.21 + 128.83 +
0.04 9.38 18.57

LightGBM 0.86 + 65.93 + 126.08 +
0.02 7.97 14.58

CatBoost 0.86 + 63.10 = 123.52 +
0.03 7.23 22.54
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Fig. 3: Parity plot showing predicted versus experi-
mental open-circuit voltage for the CatBoost model.
Point colors indicate prediction uncertainty esti-
mated using a bootstrap ensemble, with darker col-
ors representing higher confidence and lighter col-
ors indicating greater uncertainty.

sistent behavior, and its parity plot (Fig.3) demon-
strates strong agreement between predicted and re-
ported values across the full voltage range. Impor-
tantly, the parity plot is augmented with uncertainty
estimates obtained using a bootstrap ensemble ap-
proach, where the color distribution of data points
reflects prediction confidence. Lower uncertainty
is observed for densely sampled regions of the data
space (output voltage < 700 V), while higher uncer-
tainty appears in sparsely populated regimes (output
voltage >700 V), providing valuable insight into model
reliability and highlighting areas where additional
data would be most beneficial. This behavior sug-
gests that the model is able to generalize well across
a broad range of operating conditions and voltage
magnitudes.

4. Conclusion

In this work, we present a ML-based framework
that predicts output performance of TENG by linking
atomic-scale material descriptors with device-level
behavior. By integrating curated experimental data
with features from open-source materials databases
and predictors, the multiscale approach captures the
key factors governing output of TENG devices. The
models achieved consistent R? values around 0.85,
demonstrating robustness across variable experimen-
tal conditions. Future work will expand the dataset
and explore additional material descriptors to further
improve accuracy and applicability for data-driven
TENG design.
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