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ABSTRACT

In this thesis, health prognosis of commercial 18650 lithium-ion batteries (LiBs) which
includes estimation of state of health (SoH) and prediction of remaining useful life (RUL)
in mobility applications is investigated through lifetime testing and modelling. The lifetime
tests investigate the impact of temperature, C-Rate, depth of discharge (DoD) state of

charge (SoC) and dynamic loading profiles.

Results from the lifetime test and other battery datasets are used in the health indicator
(HI) extraction that are more practical as compared to already existing HIs such as battery
capacity or internal resistance in dynamic operating conditions. The results showed that
the HIs resonates with the ageing process and can be easily measured using battery external

variables without additional testing.

The extracted Hls after the data pre-processing are used for the development of the white-
box ageing model. The HI based neural network (NN) combines system a priori knowledge
with the non-linear approximation capability suitable for dynamic on-board driving con-
ditions. In white-box model architecture, each circuit element of the electrical equivalent
circuit model (ECM) is replaced with a dedicated NN that provides computational intelli-

gence for flexible system identification.

The white-box model results are used as guidance for the RUL prediction using radial
basis function finite Gaussian sum particle filter (RBF-FGSPF). The model virtually predicts
the end of discharge voltage to extract an HI ‘Discharge pulse power (DPP)’ and is correlated

to battery RUL. Finally, RUL is estimated as a function of DPP and cycle number.

The model is implemented with an Industrial Internet of Things (IIoT) based digital
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twin (DT) via Microsoft Azure Services, encompassing data collecting, time synchronisa-
tion, data processing, and model updating features. The DT approach utilises an enhanced
domain adaption technique of transfer learning to mitigate the distribution discrepancies be-
tween the training and testing datasets. Three application programming interfaces (APIs),
specifically Google Directions, Google Elevation, and OpenWeatherMap, are utilised for
online implementation to gather data for modelling historical driving patterns of the refer-
ence electric vehicle (EV) model that accurately reflects real-time driving scenarios. The
proposed model demonstrates commendable accuracy across various validation scenarios in-
volving different temperatures and driving profiles for three distinct realistic routes, thereby
providing significant insights into its relevance for battery health monitoring in industrial

applications.
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HRTA
S AT Yo A arfoifoaeh 18650 forfAreT-31mreT STRAT T Tareey 981quT, [or s Taeed
oh1 Y T 37T 3R TfcrRiTereT reoratai # Q5 ST Sfaet T qalelATT M &,

Shraetenrer TieToT 3R ATSTAT & ATEIH T AT 3T §| SdedehTel T&TON H drg#HTT, C-

Rate, f3&areT Fr T8, TTer ST AT 3R aifaelier ds Twiser &1 I371d Sirdm I3 g
SiTdsTehlel TRTETOT 3R 37 deT ST JeH o IRUMAT ol IUAET TARLT Hehdehl (HI)
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ST 8, it ool f&Ees ggare & foIT I0TeTcae JefOaT Jele il | dd-sied Aol
& IROTAT &1 39T T 1w T fharse aaas G urfiésd fhee i 3uAter
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TEAT & Th Belel & & H AT fohar SITaT &1 T8 Alsel Microsoft Azure T3t &
HIEIH T Teh 3T Seele 3% f289d (110T) 3meana f3foee cfaa & arg seifeaa
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UCoilohelel FITTHIT Sehd (APIs), faW & & Google Directions, Google Elevation, 3iX
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Auto-regressive integrated moving average model
Recurrent Neural Network

Long-Short Term Memory

Particle Swarm Optimization

Empirical mode decomposition

Health indicator

Gradient Boosting Decision Tree

Random Forest

Explainable Machine Learning

Interpretable Machine Learning

Shapley values

Multi-layer perceptron

Convolutional Neural Network

Gated Recurrent Unit

Quantile Forest Regression

Open-circuit voltage

Transfer Learning

Deep Learning

Xx1



MMD
MK-MMD
CORAL
TATN
IIoT

PI
NEDC
WEgNN
Ethp
FLNN
ELM
MSE
GDBP
ReLu
CB

CP

CT

Ccu

CEI
DVRT
BCT
BTL
SR-UKF
PHM
RBFN
FGSPF
DPP
RSD
FPGA
TADT
API
GPS
RoE
RKHS
FC layer
MCU
BP
MAPE

xXxii

Maximum Mean Discrepancy
Multi-kernal Maximum Mean Discrepancy
Correlation Alignment

Temperature Adaptive Transfer Network
Industrial Internet of Things
Proportional Integral

New European Drive Cycle
White-box equivalent Neural Network
Energy-throughput

Functional Link Neural Network
Extreme Learning Machine

Mean squared error

Gradient descent back-propogation
Rectified Linear Unit

Cross-battery

Cross-profile

Cross-temperature

Check-ups

Cathode-Electrolyte Interphase
Deviational Voltage over Relaxation Time
Box-Cox Transformation

Battery testing lab

Square-root Unscented Kalman Filter
Prognostics and Health Management
Radial Basis Function Neural Network
Finite Gaussian Sum Particle Filter
Discharge Pulse Power

Remaining SoC to be discharged

Field Programmable Gate Array
Transfer adaptive digital twin
Application Programming Interface
Global Positioning System

Region of extraction

Reproducing Kernal Hilbert Space
fully-connected layer

Micro-controller Unit

Battery pack

Maximum Available Percentage Error



